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ON THE ASYMPTOTICS OF EXTREMAL /-BLOCKS
CLUSTER INFERENCE

GLORIA BURITICA AND OLIVIER WINTENBERGER

ABSTRACT. Extremes occur in stationary regularly varying time series
as short periods with several large observations, known as extremal
blocks. We study cluster statistics summarizing the behavior of func-
tions acting on these extremal blocks. Examples of cluster statistics are
the extremal index, cluster size probabilities, and other cluster indices.
The purpose of our work is twofold. First, we state the asymptotic
normality of block estimators for cluster inference based on consecu-
tive observations with large ¢-norms, for p > 0. The case p = «, where
a > 0 is the tail index of the time series, has specific nice properties thus
we analyze the asymptotic of blocks estimators when approximating o
using the Hill estimator. Second, we verify the conditions we require
on classical models such as linear models and solutions of stochastic
recurrence equations. Regarding linear models, we prove that the as-
ymptotic variance of classical index cluster-based estimators is null as
first conjectured in [28]. We illustrate our findings on simulations.

1. INTRODUCTION

We study stationary heavy-tailed time series (X;) in (R%, |-|), with regu-
larly varying distributions, and tail index « > 0; cf. [5], a formal definition
is conferred to Section 2.2. In this framework, extremal observations cluster:
an extreme value triggers a short period with numerous large observations.
This behavior is known to perturb classical inference procedures tailored for
independent observations like high quantile inference; see [22]. This cluster-
ing effect can be summarized with the extremal index, initially introduced
in [38] and [39]. We can interpret it as the inverse of the mean number of
consecutive exceedances above a high threshold in a short period of time.
In this article, we aim to infer statistics of the clustering effect by letting
functionals act on consecutive observations with extremal behavior. For ex-
ample, we can recover the extremal index from this setting and also other
important indices of the extremes of the series.

For extremal cluster inference, we consider a sample Xy, together with
a sequence (by,), and we define the sample of disjoint blocks (B;)j=1,....m, as
blocks of consecutive observations:

(1.1) Bi = (X(-1)battr- s Xjbn) = X(Go1)bn+[1,bn]s
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2 G. BURITICA AND O. WINTENBERGER

such that b, — oo, m, = n/b, — oo, as n — oco. Following the p-clusters
theory developed in [12], the extremal behavior of the series is modeled by
the p-clusters which we can recover form the conditional behavior of a block
Bj given that its /P —norm is large:

P(By/zy, € Al|Bill, > 21,) — PYQ®P e A), n — oo,

such that Y is independent of Q® e ¢7, P(Y >y) =y ¢ for y > 1, and
1Q®)|, = 1 as., for p € (0,00]. The weak convergence holds for a family
of shift-invariant continuity sets A C (P, and (z,) is a suitable sequence
satisfying P(||B1]|p, > p,) — 0, as n — oo.

In this article we study inference of p-cluster statistics of the form

(1.2) f%p) = EFrQ®),
for suitable fP-continuity functions f : /# — R which are invariant to the

shift operator of sequences. To infer the cluster statistic (1.2), we use the
disjoint blocks estimators proposed in [12], and defined as

ey 1 2n
1.3)  fQp) = %Zf(Bt/HBHp,(k-&-l))]l(HBtHp > [|IBllp,k+1))
t=1
where [|B|l, 1) = [1Bllp,2) = - -+ = |1Bllp,mn)> denotes the sequence of order

statistics of the #?—norms of blocks defined in (1.1). Examples of cluster
statistics are the extremal index, and other important cluster indices.

The case p = « is particularly relevant for two reasons. First, the £*-
norm’s tail P(|| By || > s, ) is equivalent to b,P(|X1| > 3, ), which is the tail
of any /P—norm of blocks in the iid case. Thus the choice p = « is ideal for
tuning the parameters in the blocks estimator as it is less susceptible to local
serial dependencies; see [12] for a discussion on that topic. Second, under
mixing and anti-clustering conditions, choosing (a,) satisfying nP(|X;| >
ap) — 1 as n — oo, [13] prove that

n o0 oo
d
(1.4) Esaglxt — g E EFi—l/aQij, n — 0o,
t=1

i=1 j=—00
where (I';) are the points of an homogeneous Poisson process, (Q;j); are
independent copies of the a—cluster process Q := Q@ independent of (Ty).
Thus the extremal cluster dependencies of the series are fully modeled using
the spectral cluster process Q, and from it one can recover the distribution
of Q). for every p € (0, 00] using the change-of-norms equation given by
[12] and recalled in (2.12). This means in general we can estimate p-cluster
statistics using /“—blocks estimators.

The main goal of this article is to establish the asymptotic normality
of the blocks estimators from Equation (1.3), tailored for cluster inference.
We state moment, mixing and bias assumptions yielding the existence of a
sequence (k, ), satisfying k = k,, — oo, my,,/k, — oo such that

(1.5) VE(fR(p) - %)) 4 N(0,Var(f(YQP))), n— oo,



ON THE ASYMPTOTICS OF EXTREMAL ¢P-BLOCKS CLUSTER INFERENCE 3

and the limit is a centered Gaussian distribution. Our inference methodology
can be viewed as a Peak Over Threshold over order statistics of blocks.
Moreover, for p = a, fixing k and letting first n — oo in (1.3), we see from
(1.4)

k

% Z FUT3 /Do) (Qie)e) -

=1

Q

Q(a)

Then, the simple expression of the asymptotic variance follows as (I'; /T'x.+1) 4

(Ug,;) where Uy 1 < --- < Uy, are the ordered statistics of iid uniformly dis-

tributed Uj, 1 < j < k, and U~ Ly This heuristic is extended to any

p—cluster Q@) p € (0, 00], via the change-of-norms in (2.12).

In general for p-cluster inference, the function f(p) can involve the tail-
index « in its expression, meaning f(p) = fo(p). Furthermore, we already
mentioned that the choice of p = « has some advantages, thus to implement
these procedures we need to replace o with an estimate a. We then show
the asymptotic normality of p—cluster estimators of fz(p) when we let 1/a
equal the classical Hill estimator, and we extend the analysis to cover a-—
cluster inference. Furthermore, we conduct simulations to illustrate that
(@ Dblock estimators are competitive both in terms of bias and variance for
finite sample sizes.

Our asymptotic results highlight how introducing #P—norm block order
statistics in (1.3), instead of order statistics of the sample (|X¢|) as in [20,
14], can lead to a better asymptotic variance for cluster inference. We
give examples of variance reduction in the case of linear models with short-
range dependence, for inference of classical indices. In our examples, the
asymptotic variance of linear models Var(f(Y Q®)) is null because of the
deterministic properties of the spectral p-cluster process of linear models.
For linear models, the advantage of replacing thresholds with block maxima
records was previously investigated in [28]. Existing works [18, 20, 14, 37]
following [28] focus on cluster of exceedances inference such that p = co. Our
asymptotic result comforts and extends the heuristics presented in [28] for
p = oo and linear models to the case p < co and general models. To prove the
asymptotic normality of block estimators, we rely on the theory of empirical
processes [53], but adapted to block estimators. For this purpose, we build
on the previous work of [18], and the modern overview in [37]. To handle the
asymptotics of extremal ¢P-blocks, we build on the large deviation principles
studied in [12], and appeal to the p-cluster processes theory therein.

The article is organized as follows. Preliminaries on mixing coefficients,
regular variation, and the p-cluster theory of stationary time series are com-
piled in Section 2. In Section 3 we present our main result in Theorem 3.1,
stating the asymptotic normality of the block estimators introduced in Equa-
tion (1.3). We work under mixing, moment, and bias conditions on the series
that we also present in Section 3. Section 4 studies examples of extremal
cluster inference such as estimation of the extremal index, the cluster size



4 G. BURITICA AND O. WINTENBERGER

probabilities, and the cluster index for sums. We conclude by verifying
our conditions on classical models such as linear processes and stochastic
recurrence equations in Section 5. In the case of linear models with short-
range dependence, Theorem 5.6 states that the ¢P-block estimators of all
the aforementioned quantities have null-asymptotic variance. Thereby, they
are super-efficient for cluster inference of important indices as conjectured
by [28] for p = oco. We illustrate the finite-sample performances of our
estimators in Section 6. All proofs are deferred to Apendices A, B, C.

1.1. Notation. We consider stationary time series (X;) taking values in

RY, that we endow with a norm |- |. Let p > 0, and (x;) € (R%)Z. Define
the p-modulus function || - |, : (RY)%Z — [0, 0] as
IOl = > el
teZ

and define the sequential space /P as 7 := {(x;) € (RH)Z : ||(x¢)||h < oo},
with the convention that, for p = oo, the space £*° refers to sequences with
finite supremum norm. For any p € (0, co], the p-modulus functions induce a
distance d,, in /7, and for p € [1,00), it defines a norm. Abusing notation, we
call them all fP-norms. Let P = ¢P / ~ be the shift-invariant quotient space
where: (x;) ~ (y¢) if and only if there exists k € Z such that x;_ = yy,
t € Z. We also consider the metric space (f?,d,) such that for [x], [y] € /7,

G ) = IOk v0), (x0) € [ (30) € [y

and without loss of generality, we write an element [x] in /7 also as (x;).
Further details on the shift-invariant spaces are deferred to [12, 4].

The operator norm for d x d matrices, A € R¥? is defined as |A|,, :=
sup|x|=1 |Ax[. The truncation operations of (x;) at the level ¢, for € > 0, are
defined by

(ii) = (Xt]l|Xt\<€) ) (ﬁe) = (xt]]'|xt|>€) .

The notation aAb denotes the minimum between two constants a,b € Z, and
a V b denotes its maximum. We write log™ (z) := log(z) V 0, for z € (0, 00).
We sometimes write x for the sequence x := (x;) € (R?)%. Furthermore, for
a,b, € R, and a < b, we write as X, the vector (x¢);=q,...» taking values in
(RE)b=a+1 We write X[a,p] € P, which means we take the natural embedding
of X[y in P defined by assigning zeros to undefined coefficients. It will be
convenient to write g+(z7p) for the continuous non-negative functions on
(¢7,d,,) which vanish in a neighborhood of the origin.

2. PRELIMINARIES

2.1. Mixing coefficients. Let (X;) be an R%valued strictly stationary
time series defined over a probability space ((R?)%, A,P). The properties
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of stationary sequences are usually studied through mixing coefficients. De-
note the past and future o—algebras by

Fico = o((X¢)<0)s Fizhn = 0((X¢)e=n), h>1,

=

respectively. We recall the definition of the mixing coefficients (5;) below

Bn = drv(PreFiun Pre @ Pry, ),
where dry (-, -) is the total variation distance between two probability mea-
sures: ((RY)Z, A, P1), (RY)Z, A, Py), and P; @ Po(A x B) := P1(A)Py(B),
for A, B € A. For a summary on mixing conditions see [8, 17, 46].

Remark 2.1. A detailed interpretation of the S—mixing coefficients (54)
in terms of the total variation distance can be found in Chapter 1.2 in
[17]. These mixing coefficients are well adapted while working with Markov
processes. Indeed, a strictly stationary Harris recurrent Markov chain (X),
satisfies By — 0 exponentially fast as t — oo; see Theorem 3.5 in [§].

2.2. Regular variation. We consider stationary time series (X;) taking
values in (R?, | -|) and regularly varying with tail index o > 0: all its finite-
dimensional vectors are multivariate regularly varying of the same index.
In this case we write (X;) satisfies RV,. Borrowing the ideas in [5], (X4)
satisfies RV, if and only if, for all A > 0, there exists a vector (©4))y<n,

taking values in (R?)2"*+! such that

(2.6) P(a " (Xe)p<n € - | [ Xo| > ) at P(Y(©)<h € ), = — o0,

where Y is independent of (©)j<; and P(Y > y) = y~ %,y > 1. We call
the sequence (6;), taking values in (R%)%, the spectral tail process.

The time series (0;) does not inherit the stationarity property of the
series. Instead, the time-change formula of [5] holds: for any s,t € Z,s <
0 < t and for any measurable bounded function f : (R%)!=5+1 — R,

(2.7)
Elf(@s—i,...,0:-)1(|0;| # 0)] = E[|6;|* f(©,/|6],...,0:/[6:])].

2.3. (P-cluster processes. Let (X;) be a stationary time series satisfying
RV,. For p > 0, we say the series admits a p-cluster process Q® ¢ P if
there exists a sequence (x,), satisfying

(2.8) P Xn)llp > @)~ ne@P(Xa] > 2n), n— oo,

with ¢(p) € (0,00), nP(|X1]| > z,) — 0, and

(2.9) P(X /20 €| I Xpnlly >2a) = PYQP e-), n— oo,

where Y is independent of Q) € 2, P(Y > y) =y~ @, fory > 1, ||Q(p)||p =1
a.s., and the limit in (2.9) holds in (¢,d,). We study below the anti-
clustering and vanishing-small values conditions denoted AC, CS,, respec-

tively, which guarantee the existence of /’—clusters. We rephrase next the
Theorem 2.1. of [12].
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Proposition 2.2. Let (X;) be a stationary time series satisfying RV . Let
(zn,) be a sequence such that nP(|Xy| > z,) — 0, as n — oo, and p > 0.
For all § > 0, assume

AC: lims o0 limsup,, o0 P(||X (s ) lloc > €75 || X1] > €z) =0, €e>0,

. . P(IX 1 /Zn ||2>6
CS,: lim, g limsup,,_, (HTLH[DI(’D](/lT>LB|7|LP) ) — ¢
Then, if p > «, Equation (2.8) holds with ¢(c0) < ¢(p) < c(a) =1, and (Xy)
admits a p— cluster process Q®) in the sense of (2.9). If p < «, existence of
the p—cluster process holds if IE[HQ(O‘)HI‘;‘] < 0. In this case, Equation (2.8)

holds with c(p) = E[|Q(®||2].

We see from Proposition 2.2 assuming AC and CS, implies the time
series (X;) admits an a-cluster Q@) where o > 0, denotes the tail index.
In this case, appealing to Proposition 3.1. in [12], we have
(2.10) Q = Q@ 2 6/6|. €,
where (©;) is the spectral tail process from Equation (2.6). Moreover, if
CS,, CSy, and E[[| Q7] + E[||Qll;/] < oo also hold, then the p, p’-clusters
exist and are related by the change-of-norms formula below

P(Q® € )
(2.11) = ) ENQINQ/IQl € )
(2.12) — (I 131Q /1], < )

Since |Q®||, = 1 a.s. for any p > 0, then c(a) = 1, and E[HQ(p')Hg‘] =
c(p)/c(p'), where c(p),c(p’), are as in Equation (2.8). In the following we
denote by Q the a-cluster as in (2.10).

Remark 2.3. Using the monotonicty of norms, we see CS,, implies CS,,,
forp" >p>0. If p > «, condition CS, is always satisfied for sequences
() such that nP(|Xy| > x,) = 0, asn — oo. If /2 < p < «, CS,, still
holds for short-range dependence models and sequences (x,) such that there
exists k > 0, satisfying n/xﬁ/\(afﬁ) — 0, as n — oo (see remarks 5.1. and
5.2. in [12]). We wverify this condition for classical models in Section 5.

2.4. Tail-index estimation. To estimate the tail-index « of the series, we
use the Hill estimator:

1 1 1 <
(2.13) P = > log(1X¢|/ X rr+1));
t=1

an (k)

where | X[y = [X]2) = - = [X|), and &' = k'(n) is a tuning sequence for
(2.13) satisfying ¥ — oo, n/k’ — oo, as n — oo. To study the asymptotic
properties of the Hill estimator, we write it as a cluster statistic and consider
the functional h : P — R>g given by
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(2.14) hx) = 3 log(xi) (x| > 1).

teZ
It is easy to see h(x:) = h(x¢)1(||x¢||, > 1) for every p > 0, and

W p) = /OOOE[Ztezlog(y!Qt\)ll(y!Qt\ > D]d(—y ™) = é

With this interpretation p > 0 is arbitrary and can be chosen as p = «
for convenience. We also introduce the counts of exceedances functional
e: P — (0,00) given by
(2.15) e(xe) = Y (x| >1),

JEZ
which also satisfies e(x;) = e(x¢)1(||x¢]|, > 1) and

Q) = [ E[Siattll > -y = 1

3. ASYMPTOTIC NORMALITY

3.1. Blocks estimation. Let (X;) be an R%valued stationary time series
satisfying RV,. We fix p € (0,00], and assume the conditions of Proposi-
tion 2.2 hold for p, thus the series admits a p-cluster process Q®) P , and
(2.9) holds for a sequence of high levels (z,,) satisfying P(|[ X[ njllp > ) —
0, as n — oo. Given a functional f(p) : /% — R, recall the block estimator in
(1.3) is tuned with the block lengths (b,,), and the number (k,,) of extremal
blocks. The total number of disjoint blocks in a sample is denoted (m,)
with m,, = |n/b,|. We assume the relation between (k,), (z,) and (by):

ko= kalp) = [maP(|Billp > s,)]
(3.16) ~ nc(p)P(|X1]| > xp,), n— o0,

holds, where ¢(p) € (0,00) are as in (2.8), and ¢(a) = 1. The relation (3.16)
is key to derive the asymptotics of the blocks estimator.

In what follows, if the sequences (x,,), (by), (kn), (my), appear then they
coincide with the ones mentioned here. ~

It will be useful to consider the functional 1(p) : /£ — R defined by

(3.17) 1p)(xe) = L(llxellp > 1),

which satisfies 12(p) = P(Y||Q®||, > 1) = 1. In numerous examples, the
function f(p) might depend on « on its expression, meaning f(p) = fuo(p)-
Hence, it will also be useful to consider the family of functions f,(p) : P R,
indexed by ¢, and we take ¢ in a neighbourhood of a.

3.2. Main result. Our main result is presented in Theorem 3.1 stating the
asymptotic normality of the ¢P-blocks estimator in (1.3) under the Linde-
berg, bias and mixing assumptions below. We cover the implementation of
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¢P-blocks estimators for functionals f,(p) where we replace a with an esti-
mate a. We extend the result to a-cluster inference and choose extremal
blocks as those with the largest ¢*—norm where 1/a is the Hill estima-
tor. We consider below additional moment and smoothness assumptions for
studying the asymptotics of these inference procedures.

L: Fix ¢ > 0, and let f = f(p) € G+ (fP), such that u — f((x)/u) is a
non-increasing, and there exists 6 > 0 such that, for all © > 0, the following
Lindeberg-type condition holds

RO/ 020) * E Ky > )
(3.18)  Jm, (Xl > 7n)

and SUPge[a—e,a+€] E[(f(YQ(q)))Q] < 0.

B(ky,) : Fix e > 0, consider f satisfying L, and assume the bias condition:

| Ef 51/ (umn)I(By/znlp > 0] o g
lin Vi swp | E(Bill, > s, A
(3.19) _—_—

holds where fQ(p) is as in (1.2).

n—oo

B, (ky): Fix € > 0, consider f satisfying L, and assume the bias condition:

: E[f(B1/(uzp,))L([|B1/xp,llq >w)]  _, .q
lim vk, sup z z —u" Y f=(q
VS0 B([Blly > o,) @]

gelo—zarte]
(3.20) _—_—

MX3: Consider f satisfying L, and let § be such that (3.18) hold. Assume
that the mixing coefficients (8;) satisfy for some sequence (¢,,) satisfying
ln, — o0, and £, /b, — 0, my, By, [kn — 0, /by, — 0, as n — oo,

o, 5
(3.21) JL%ZQ(mnﬁtbn/kn)%—a = 0.
t=

If f is bounded, assume » ;"% my B, /kn — 0 instead of (3.21).
M: Fix € > 0, and assume that the moment condition below holds

E[Ql5%E] < o,
which implies ¢ — ¢(q) is a continuous function at «.

S: Consider f satisfying L. If f has « on its expression, i.e., f = f, then
the function obtained by substituting a by ¢, denoted f,, admits the Taylor
development:

(322) fy(x) = fal3)+ (0~ )2 |pma(®) + (¢ — 0?5 h e (x),
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where { = £(x) is a real value in [a — €, a+€]. Moreover, assume 0 f,/0q|q=
and 02 f;/0q?|,—y are {“—continuous, and there exists § > 0 such that

0 0? 146
E[Supq/e[a—e,a-i—e] (%;‘QZQ’ + WJ;”QZQ’) (X[l,n}/xn)]l(HX[l,n}Hq’ > wn)}
P(IXp1,n)lla > n)

< 00.

We state in Theorem 3.1 below our main result on the asymptotic normality
of the blocks estimator following the notation from equations (1.2) and (1.3).
We defer its proof to Section A.

Theorem 3.1. Let (X¢) be a stationary time series satisfying RV,. As-
sume the conditions of Proposition 2.2 hold and the series admits a p-cluster
process QW) e (7. Consider f = f(p) : /# — R, and assume f(p) and 1(p)
satisfy B(ky), and h, e, in (2.14), (2.15) satisfy B(k],). Assume MXg holds.
If f(p) = fa(p), assume M and S hold. Then,

Vi (F20) - 120))
(3.23) 4 N(O,Var(fa(YQ(p))) + K2 (8fq/8q|8)2a203> , N — 00,
with 02 := E[(ah(YQ) — e(YQ))?], and k, /k!, — k, with k > 0, Y indepen-
dent of Q®), and P(Y >y) =y~ 2, fory > 1. Moreover, for p = «, assume
f(a) and 1(«) satisfy Bo(ky), and assume M holds. Then, (3.23) continues
to hold replacing p by @ in the estimator.

The choice of ky, kI, are subject to the bias conditions B(k,) and B(k],).
Actually, it is common practice to choose k/, larger than k,, and the numer-
ical results from Section 6 support this practice. When we use fewer blocks
k,, for p-cluster inference, compared to the number of records k!, we use to
tune the Hill estimator, precisely if k,/k, — 0, as n — oo, the variance
term simplifies to

VE(120) - 120) S N Var(fa(yQ®))), 5o

This expression also holds when the functional f doesn’t include « on its
expression.

Remark 3.2. To plug-in a in the place of « for p-cluster inference we
require the bias condition B(k]) for h,e. To do so, the Hill estimator is
seen as a block estimator as in (1.3) that evaluates the block functional h on
(Bi/xy, ), t = 1,...,mp, replacing the high threshold level (x), ) by k'-order
statistic from the sample (|X¢|) where

kp(a) ~ nP(|Xi]>a), ), n— oc.
Then the bias condition B(k.) can be rewritten as

lim \/@

Bllog(1X1l/ (g, DUIXa| > wap ) 1)
n—00 P(‘Xl‘ > [IJgn) o ’

u€[l—e,14¢|
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which is no longer a condition on blocks, but on |Xy|. This type of condi-
tion was considered in [19, 15]. Notice that the dependence of the threshold
:Egn with by, is an artifact of our notation for B which is common for (k)
extremal blocks or (k) extremal components.

Remark 3.3. The mixing condition MXjg is comparable to the classical
mixing conditions for central limit theory for block estimators, notably, (B1)
and (B2) in [18]. In our notation we can write ky, = nvy, by, = 1y /kn, and
in both cases we can take £, = o(b,). Then, their assumption reads as
npy, [(knbn) = 0, as n — oo, which is the first part of MXg. Actually, in
the models we consider in Section 5, this is the leading term of our mizing
assumption. Instead, our gain comes from the way we deal with the entropy
of the cluster functionals, which is novel here. In [18], the authors require
additionally (D2) or (D2). In this case, for example, to deal with the ex-
tremal index (see e.g. [20]), the authors also require by\/kn, — 0, as n — oo,
which is no longer an assumption in our theory. Instead, we show in Sec-
tion 5 that in the classical model, we can take ky as in (5.36), provided that
the bias assumptions are met.

4. CLUSTER STATISTICS

In view of Theorem 3.1, we derive asymptotic normality of the classical
cluster index estimators in extreme value theory.

4.1. The extremal index. Let (X;) be a stationary time series in (R%, |-|)
satisfying RV,. The extremal index x| of the series (|X;[) is a measure of
serial clustering introduced in [38] and [39]. We recall the extremal index
estimator proposed in [13], based on extremal ¢*—blocks.

Corollary 4.1. Consider f, : {* — R to be the function x — ||x||% /[x]|2.
Assume the conditions of Theorem 3.1 hold for p = «, and k/k' — 0, as
n — co. Let Ox| = E[[|Q| %], hence we deduce an estimator

w2ty O = Z 11805 > 1B1s 00

such that
VE(Bx —0x) % N0, Var(|QI%)), 1 — oo,

Proof. The proof of Corollary 4.1 follows directly as fo, € G4({%) is a
bounded continuous function satisfying L. ([l

For comparison, we also review the blocks estimator based on extremal
¢>—blocks proposed in [27]:

1 <&
(4.25) 9|X| = gzl(HBtlloo > [ X|kg1)) -
t=1
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Direct computations from Example 10.4.2 in [37] yield
=~ d
\/E(ng _0\X|) — N(O,Ug), n — oo,

where o7 € [0,00), and

of = 0% Y_E[6;|* A1) —bx
JEZ
(4.26) = |X| ZZE 1Qj+t|* A Q] — 0%
JEZ teZ

The last equality follows appealing to the time-change formula in (2.7) and
Equatlon (2 10). As a result, we can compare the asymptotic variances of

9|x‘ and 9| X| in the cases where Q is known. This is the topic of Section 5.

Remark 4.2. An alternative a-cluster estimator of the extremal index cor-
responds to the block functional f'(x) = 1(||x|lec > 1). A similar asymptotic
normality result applies but with an asymptotic variance Var(f' (Y Q)) larger
than Var(fo(YQ)). It motivates the use of é|X| although it requires the es-
timation of . The latter using Hill’s estimator is harmless choosing k'
sufficiently large with respect to k, which is always the case in practice.

Remark 4.3. To check condition S for the functional f,(x) = ||x[|% /%%,
note the Taylor expansions:

I1x[1g = lIxlla

= (g—0a) > _ x| log(x:|) + (g — a)* Y [xe|* log?(|xu]),

teZ teZ
[1x[15 =[5

= (¢ - ) [x]1%10g(lIx]lo0) + (g — @) x[|% log?([Ix[|o),
hold for some ¢',q" € [ A g,V q]. Hence, f, satisfies

1403 = fal)
= (=) o S P o/ i)
xllz 2= xlg
':afq/a‘ﬂq*a
1 50
g - ) I S B B e o )
Ixl &2 2 Il I

=02 fq /aq2|q:ql

As mentioned, this expansion is helpful to verify condition S on the models
from Section 5.

4.2. The cluster index for sums. Let (X;) be a stationary time series
with values in (R?, | - |) satisfying RV,. We recall [43] coined the constant
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¢(1) in (2.8) as the cluster index for sums. We review a cluster-based esti-
mator of it, introduced in [12], based on extremal ¢*-blocks.

Corollary 4.4. Consider f, : {* — R to be the function x — ||x||$/]x]|2.
Assume the conditions of Theorem 3.1 hold for p = a A1, and a < 2, and
k/K' — 0, as n — oo. Let ¢(1) = E[|Q||}] < oo, hence one deduces an
estimator

(4.27) = %Z

such that

|l3'tia
1Btl1&

L(IBtlla > lI1Blla,k+1)),

VE(E1) —c(1)) S N, Var(|QII), n— oo,
and ¢(1) is as in (2.8) with p = 1.

Proof. The proof of Corollary 4.4 follows directly from Theorem 3.1 as f, €
G+ (%) is a bounded continuous function satisfying L. O

Another sums index cluster-based estimator we can consider is the one
proposed in [37] based on extremal ¢*°-blocks:

" 1 &
(4.28) P(1) = HZH(HB?&Hl > X (kt1))-
=1

Then, relying on Example 10.4.2 in [37],
VEE® —c(1)) 5 N(0,0%), n— o,

for a constant 02(1) € [0, 00) defined by

(4.29) o2 D2 S E[Qy ] A QY] — (D).
JEZ teZ

Similarly as in Example 4.1, whenever Q is known, we can directly compare
the asymptotic variances relative to the estimators ¢(1) and ¢(1). Section 5
covers this topic for classical models where the cluster process is known.

Moreover, we can use the computations in Remark 4.3 to verify condi-
tion S holds. In this case it suffices to replace [|x|o by [|x|/1 in all its
appearances.

4.3. The cluster sizes. In general, a classical approach to model serial
exceedances is using point processes as in [39] and [28]. For the levels (a,),
satisfying nP(|X1| > a,,) — 1, as n — oo, and for every fixed z > 0 consider
the point process of exceedances with state space (0, 1]:

Ma() = Nao({y:ly] >z} x") Zsz/n 1(1X;| > zan) .
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Under mixing and anti-clustering conditions, for fixed x > 0, we can express
the limiting point process in [28] such as

Mw() % m() = N({y:ly| >z} x")

oo
= 3@ VQul > @) ew, (),

i=1 jeZ
where the points (U;) are iid uniformly distributed on (0, 1), (I';) are the
points of a standard homogeneous Poisson process, and (Q.;) are iid copies of
the cluster process Q. Using the independence among these three processes,
one can easily rewrite the limit as

Ne(t)

(4.30) ne(0,2) = > &, 0<t<l,
=1

where

e N, is a homogeneous Poisson process on (0, 1] with intensity x~%,

e for an iid sequence (Y;) of Pareto(«)-distributed random variables
which is also independent of (Q;),

> 1Y |Qyl > 1),
JEZ
e N, (&) are independent.
Relying on the point process of exceedances representation in (4.30), the
random variables (;) can be interpreted as counts of serial exceedances from
one cluster. Furthermore, we deduce the relation P(§; > 0) = E[|Q[|%] =
0%, and also get an expression for the cluster size probabilities
IX|

(431) P& =7 = ElQ[})—-1Q[yl= m, =1
The statistic 7; can be understood as the probability of recording a clus-
ter of length j. The blocks estimators provide natural estimators of these
quantities

Ol

~ 1 " | t‘ 1)
(432) 7 = %Z Bl = Bt 3 13 150 )
t=1 |BtHa

IBil(1y = [Bil2) = - .- = |Bi|m) are the order statistics of By, the ¢-th block.

Corollary 4.5. Consider the function m; : ® — R defined by mj(x) =
(|x|€‘j) - ]x|‘é+1))/\|ng, where |x|q) = |x|@) = .... Assume the conditions
of Theorem 3.1 hold for p = « and k/k' — 0, as n — oo. Then, for all
7 =1 we have
(4.33) V(7 —m) 5 N, Var(n(Q))), n— oo,

Corollary 4.5 provides a novel procedure for estimating cluster size prob-
abilities based on extremal £“—blocks. As in the previous examples, the
asymptotic variance can be computed as long as Q is known. This allows
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for comparison with the other cluster-based inference procedures provided
in [27, 23, 49]. One advantage of our methodology is that we can straight-
forwardly infer the asymptotic variances of cluster sizes since we express
them as cluster statistics in (4.33). Moreover, inference through extremal
¢“-blocks has already proven to be useful in [12] for fine-tuning the hyper-
parameters of the estimators, see also the discussion in Section 6.

As before, we can use the computations in Remark 4.3 to very Condition
S, it suffices to replace ||x||c by (||%[|(j)—[I%[|(j+1)) in the equations therein.

5. MODELS

5.1. Linear moy—dependent sequences. We consider (X;) to be a mg—
dependent time series with values in (R%, |- |) satisfying RV .

Example 5.1. The time series (Xy) is a linear moving average of order
mo = 1 if it satisfies

(5.34) X; = Zi+ 901th1 + -+ meozt,mo, teZ,

with R¥-variate iid innovations (Z;) satisfying RV, and (p;) € R™0.
Alternatively, the maz-moving average of order mgy > 1 satisfies

(5.35) X = max{Z, 0121, PmoLt-mo}, tE L,

with R -variate iid innovations (Z;) satisfying RV, and (¢;) € R, Then
both moving averages satisfy RV, with |Q| admitting the same deterministic
expression (|ot] /|| (9)||a) in €%, see for instance Proposition 3.1. in [12] and
Chapter 5 of [37].

Let p > «/2. For all K > 0, a sequence satisfying x,, = O(bzﬂ/(pm))
verifies AC and CS,. This is a consequence of Remark 2.3. Choosing (zy,)
in this way implies there exist x’ > 0, and (k;,) satisfying

(5.36) k, = O(n b;n’—a/(pm))’

such that Equation (3.16) holds from an application of Potter’s bound. Since
k can be chosen arbitrarily small, x’ can also be arbitrarily close to zero.

Keeping this in mind, we can state the Proposition below. The proof is
postponed to Section C.

Proposition 5.2. Consider (X;) to be an mo-dependent time series with
values in (R%,|-]). Consider p > /2, and sequence (k) and (k.,) satisfying
(5.36), such that k = ky, — oo, my/ky, — o0, and k' = k], — oo, k/k' — 0.
Consider fq(p) : ? - R, and assume L, S hold. Then,

d

VE(Q(p) - 120) S N0, Var( fo(YQP))), n - oo,

under the bias conditions B, (k), B(K'), and the result extends to a-cluster
inference. In particular the a-cluster based estimators from Section 4 in
(4.24) (4.27), and (4.32) are asymptotically normally distributed, and in the
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case of the moving averages of Example 5.1
VE(F2@) - f2() S 0, n o0,

5.2. Linear processes. In this section we consider stationary linear pro-
cesses (X;) with values in (R?, | - |) satisfying RV,,.

Example 5.3. Consider (X;) to be an R¢—wvariate sequence satisfying

(5.37) X, = Y ¢z, teL,

tez
for a sequence of iid innovations (Z;) satisfying RV, and a sequence (¢;)
in RZ. Moreover, assume there exists k > 0 such that (@)l (a—r)r2 < 00.

In the setting of Example 5.3, a stationary solution (X;) exists and sat-
isfles RV, (c.f. [16, 41, 30]). Proposition 5.4 below demonstrates condi-
tions AC, CS,, hold for p > «/2, and a suitable sequence (z,) such that
nP(|Xi| > z,) — 0 as n — oo. Therefore, the time series (X;) admits
an a—cluster process Q, which we can compute in terms of the filter (¢;),
and the spectral measure of the random variable Zg, denoted by 6%, with
|6§| =1 a.s. We obtain the expression, cf. Chapter 5 of [37],

(5.38) Q £ (oi/lp)la)©F, €i=

Note again that the norm of the a—cluster process, i.e., |Q], is deterministic
in £¢. Assuming ||(¢;)|lp < 0o, we can compute the indices c(p) in (2.8) by

(5.39) cp) = E[lQI] = l@nly/l(eilla < oo

Classic examples of these heavy-tailed linear models are auto-regressive mov-
ing averages, i.e., ARMA processes, with iid regularly varying noise; cf. [10].

The proposition below guarantees that the assumptions of Proposition 2.2
hold. We defer its proof to Section C.1.

Proposition 5.4. Consider (X;) to be a linear process with values in (R, |-

|), as in Ezample 5.5. Consider p > «/2, and a sequence (xy) such that
pA(a—K)

n/xy — 0, n — oo, for some k > 0. Then it holds for all § > 0
P(IX 1) /20 — X fallf > 6)

5.40 lim limsu d ik = 0,

( ) 5—00 n_mop nIP’(\Xl\ > .Q?n)

where ng) = ngs p;jZi—j. Thus AC and CS, are satisfied.

We now review the mixing properties of a linear process. We recall below
the statement in Theorem 2.1. in [45] (see Lemma 15.3.1. in [37]).

Proposition 5.5. Consider (X;) to be a causal linear process with values in
(R%,|-]), as in Ezample 5.3 with p; = 0, for j < 0. Assume the distribution
of Zo is absolutely continuous with respect to the Lebesque measure in RY,
and has a density gz satisfying

i) [lg(x—y)—gXx)|dx = O(lyl), for all y € R?,
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i) ¢ = O(t_?), fort >0, and p>2+1/a,
i) > 720 wjx! #0, for allx € R? with |x| < 1,

Then, for all 0 < & < a, the mixing coefficients (B;) satisfy

(p-1)(a—2)
(5.41) 8 = O(tl_ oz )

Combining Propositions 5.4 and 5.5, we state below the asymptotic nor-
mality of the p-cluster based estimators for linear processes in Theorem 5.6.
We defer its proof to Section C.2.

Theorem 5.6. Consider (X;) to be a causal linear process with values in
(R4, |- |), as in Evample 5.3. Let p > 0, and assume the conditions of
Proposition 5.5 hold with ¢ = O(t™"), for t > 0. Consider p > «/2, and
sequence (ky) and (kl,) satisfying (5.36), such that k = k, — oo, my/k, —
0o, and k' = k!, = 0o, k/K' — 0. Consider fo(p) : 7 — R, and assume L,
S hold. Assume that for 6 >0 as in (3.18),

(5.42) p > 3+2+32(1+1).

«

If fo(p) is bounded, condition (5.42) can be replaced by p > 3+ 2/a. Then,
d

VESE®) — f20) 5 NOVar(fo(YQ™))), 1= o,
under the bias conditions B, (k), B(K'), and the result extends to a-cluster
inference. In particular the a-cluster based estimators from Section 4 in
(4.24) (4.27), and (4.32), satisfy

\/E(@(a)—f;}(a)) 50 nooo

Regarding cluster inference in the case of linear models, the a-cluster
approach has an optimal asymptotic variance for shift-invariant function-
als since we use the /*—norm order statistics. For this reason, it compares
favourably with state-of-the-art blocks estimator. For example, for the ex-
tremal index, the super-efficient estimator in (4.24) has a lower asymptotic
variance than the blocks estimator in (4.25). Indeed the asymptotic variance
o3 of the latter, computed in (4.26), is not necessarily null. For example,
for the autoregressive process of order one AR(1) one has o3 = 1 — 0% > 0.

5.3. Affine stochastic recurrence equation solution under Kesten’s
conditions. In this section we focus on the causal solution to the affine
stochastic recurrence equation SRE under Kesten’s conditions. To guarantee
the existence of a solution (X;), with values in (R, |-|) as in (5.43) satisfying
RV, we rely on Theorem 2.1. and Theorem 2.4 in [2]. For an overview, we
refer to [11]. In what follows, we study time series (X;) as in the Example 5.7
below.

Example 5.7. Consider (X;) to be a sequence with values in R? satisfying
(543) X; = AX; 1+ By, tez,
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where ((A¢,By)) is an iid sequence of non-negative random d x d matri-
ces with generic element A, and non-negative random vectors with generic
element B taking values in R%. For the existence of a causal stationary
solution, we assume

i) Ellog™ |Al,p] + Ellogt |B|] < oo,

i1) under i), assume the Lyapunov exponent of (Ay), denoted vy, satisfies

Pyp— 1 _1 ...
voi= nh_}ngon log|A---Aqlgp < 0, a.s.

To guarantee the heavy-tailedness condition RV, we also assume

ii1) B # 0 a.s., and A has no zero rows a.s.
iv) there exists k > 0 such that E[|A[5,] <1,
v) the set T from Equation (5.44) generates a dense group on R,

I' = {loglay---ailepp:n>1,a,---a; >0,
(5.44) ay,...,a1 are in the support of A’s distribution },

vi) there exists k1 > 0 such that E[(min;—; 4 Zle Aij)f] > d1/2 and
IEHA[’O% log® |A],p] < .
vii) under i) — vi), there exists a unique o > 0 such that

(5.45) nli%n;onfllogIEUAn...Al o] =0,

and E[|B|?] < co. If d > 1 assume « is not an even integer.

The Ré-variate series (X;), satisfying (5.43) and i) — vii), admits a causal
stationary solution and satisfies RV o, with a > 0 as in Equation (5.45).

The previous example is motivated by the seminal Kesten’s paper [35].
We follow Theorem 2.1. in [2] to state conditions i) — ii) of Example 5.7.
Under the conditions i) — ii), the unique solution (X;) of (5.43) has the a.s.
causal representation

(5.46) X, = > A ABy,  tEZ,

>0
where the first summand is By for ¢ = 0 by convention; for an overview see
[11].

One of the main reasons why the solutions to SRE as in Example 5.7 have
received strong interest, is because (X;) satisfies RV, even when the innova-
tions ((A¢, B;)) are light-tailed. This feature was first noticed in [35] where
the original Kesten’s assumptions were introduced. In Kesten’s framework,
a causal stationary solution to the SRE exists as in (5.46), and the extremes
of the series occur due to the sums of infinitely many terms of growing length
products appearing in (5.46); see [6] for a review. Further, the community
adopted the simplified Kesten’s conditions stated by Goldie in [24] for uni-
variate SRE. These conditions also aim to capture the heavy-tailed feature
under lighter-tailed innovations. In Example 5.7, we borrow the conditions
ii1) — vii) established for the multivariate setting from Theorem 2.4 and
Corollary 2.7. in [2]. Then, a solution (X;) as in Example 5.7 satisfies RV,
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for « > 0, and the index of regular variation « is the unique solution to
the Equation (5.45). We are also interested in Example 5.7 because it mod-
els classic econometric time series such as the squared ARCH(p), and the
volatility of GARCH(p, q) processes; see [11].

Concerning the extremes of (X;) in Example 5.7, the forward spectral tail
process satisfies the relation

6, = A;--A1Qy, t>0,

where (A;) is an iid sequence distributed as A; see [34]. The backward
spectral tail process has a cumbersome representation that we omit here;
c.f. [34]. We state in Proposition 5.8 sufficient conditions on (A, B) yielding
assumptions AC, CS,, hold for p > a/2, and a suitable sequence (z,) such
that nlP(|X1| > z,,) — 0 as n — oco. In this case the time series (X;) admits
an a—cluster process Q. We recall the identity from Equation (8.6) of [12]:
e(p) = E[|QI2] = E[|(®)rs0]l2 — |©0)rs1]2], for c(p) as in (2.8). Then,
letting p = «/2, a straightforward computation yields

c(p) < 2E[[(®)izolly; 7] = 2E[D ,50Ar- - A160[’]
< QSZtgo(EHAS'”AI gp])ta

and E[|As---Aq[5y] < 1, for p < a and s > 1 fixed sufficiently large in the
setting of Example 5.7. Hence, for p € (a/2, @), ¢(p) < oo in (2.8), and then
the series admits a p—cluster process Q).

We state now Proposition 5.8 which verifies conditions AC, CS,, for the
SRE equation. The proof is postponed to Section C.3.

Proposition 5.8. Let (X;) be a stationary time series with values in (R?, | -
|), as in Example 5.7. Let p > «/2, and consider (xy,) such that there exists
Kk > 0 satisfying n/:cﬁ/\(afﬁ) — 0, asn — 0o. Then, (xy) satisfies conditions

AC and CS,,.

In the setting of SRE equations, condition AC has been shown in Theorem
4.17 in [42]. In [42], the authors already considered a condition similar to
CS,,. Parallel to their setting, we propose a proof of Proposition 5.8 which
shows CS, holds over uniform regions A,, = (z,,,00) such that n/zh — 0,
as n — 00, in the sense of (C.86). Thereby, our proof extends Theorem 4.17
in [42] to uniform regions A, not having an upper bound.

Concerning the mixing properties of (X;);>0 as in Example 5.7, we use
that it is a Markov chain and that X has the stationary distribution. As
mentioned in Remark 2.1, we can then use Markov chain’s theory to compute
its mixing coefficients; cf. [40]. We review Theorem 2.8. in [2], yielding an
exponential decay of the mixing-coefficients (/3;) of the series. For a general
treatment see Chapter 4.2 in [11].

Proposition 5.9. Consider a time series (X;) with values in (R%,|-|), as
in Example 5.7. Assume there exists a Borel measure u on (R, |- |), such
that the Markov chain (X¢)¢so is p-irreducible, i.e., for all C C R? with
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n(C) >0,

oo
(5.47) Y P(X;€C|Xg=x)>0, x€R.

t=0
Then (Xt) has mizing coefficients (B;) satisfying B; = O(p') for some p €
(0,1), and we say it is strongly mizing with geometric rate. Moreover,
(X¢)e=0 is irreducible with respect to the Lebesque measure if (A, B) admits
a density.

We can now state the asymptotic normality of cluster-based estimator for
SRE solutions in Theorem 5.10 below. The proof is postponed to Section
CA4.

Theorem 5.10. Consider (X;) to be the causal solution to the SRE in
(5.43) with values in (R%,| - |), as in Example 5.7. Assume the conditions
of Proposition 5.9 hold. Consider p > «/2, and sequence (k) and (k)
satisfying (5.36), such that k = k, — 0o, my/k, — 00, and k' = k], — oo,
k/k — 0. Consider fo(p) : P — R, and assume L, S hold. Then,

VE(2(p) - 1) L N, Var(fa(yQ®P))), oo,

under the bias conditions By (k), B(K'), and the result extends to a-cluster
inference. In particular, the a-cluster based estimators from Section 4 in
(4.24) (4.27), and (4.32), are asymptotically normally distributed.

Remark 5.11. In this example, the asymptotic variances of the a-cluster
based estimators from Section 4 in (4.24) (4.27), and (4.32) are non-null.
The limiting variances in Theorem 5.10 are difficult to compare with the
existing ones in the literature because of the complexity of the distribution
of Q®). However, we provide simple ¢*-block estimators of the asymptotic
variances in Section 6.

6. NUMERICAL EXPERIMENTS

This section aims to illustrate the finite-sample performance of the a-
cluster estimators on time series (X;) with tail-index o > 0. In all the
models we consider in Section 5, we work under the assumption that the
tuning parameters of the a-cluster satisfy (5.36). We take v’ = 1 in (5.36)
which yields b = \/n/k. In this case, the implementation of our estimators
can be written solely as a function of k and k’. Recall k = k,, must satisfy
k — oo, m/k — oo with m = [n/b], n/k’ — oo, and k/k" — 0. Numerical
comparisons of our a-cluster based approach with other existing estimators
for the extremal index and the cluster index are at the advantage of our ap-
proach; see [13] and [12]. The code of all numerical experiments is available
at: https://github.com/GBuritica/cluster_functionals.git.

6.1. Tuning the Hill estimator. We recommend choosing the tuning se-
quence of the tail-index and of the cluster estimators as (k},), (ky), respec-
tively, such that k/k’ — 0. Roughly speaking, the cluster statistics capture
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Standard deviations

kL

FIGURE 1. Heatmap with contour curves of standard devia-
tions and mean squared errors for estimates of the extremal
index k1 = k — Ox(k) in (4.24), using a Hill-type estima-
tor k2 = k' — a(k’). We simulate 500 samples (X¢)i=1,..n
of an AR(¢) model with absolute value student(«) noise for
n = 12000, ¢ = 0.5, a = 1, such that 0x = 0.5.

the block extremal behavior whereas the tail-index recovers an extremal
property of margins. In this section, we illustrate that the a—cluster-based
estimators perform well in simulation when we use the Hill estimator 1/a/(k’)
with &’ larger than k. To illustrate this point, we simulate 500 samples
(Xt)t=1,...n of an AR(p) model with absolute value student(c) noise for
n = 12000, o = 1 and ¢ € {0.5,0.7}, and for samples of Example 5.7. We
estimate the extremal index Ax (k) as in (4.24) where we replace @ by a(k').
Recall that for an AR(yp) model the asymptotic variances of the extremal
index estimator are asymptotically null when k/k" — 0. We see in Figures 1,
2 and 3 that in practice we have to choose k small to reduce the bias of the
estimator. Moreover, the estimation procedure is robust with respect to &’
therefore we recommend taking k' large to reduce variance. Similar results
were found for n = 3000, n = 5000, and n = 8000 and these are available
upon request. To conclude, we see in Figures 1, 2 and 3 that standard de-
viations are small, and thus the error of cluster inference is mainly due to
bias. For this reason, we recommend choosing k small and &’ larger in all
settings.

6.2. Cluster size probabilities. We reviewed in Section 4.3 how cluster
sizes play a key role to model the serial behavior of exceedances. In this
section, we implement the cluster size probabilites estimation procedure
from Equation (4.32) in an example of a solution to the SRE under Kesten’s
conditions.

Example 6.1. Consider the non-negative univariate random variables A,
B, defined by log A = N—0.5, where N denotes a standard Gaussian random
variable, and B is uniformly distributed in [0,1]. Let (X;) be the solution
to the SRE in (5.43). Then, (X;) satisfies RV, with o = 1. If (4;) is a
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Standard deviations

k1

FIGURE 2. Heatmap with contour curves as in Figure 1.
Here we simulate 500 samples (X;);=1,... » of an AR(¢) model
with absolute value student(«) noise for n = 12000, ¢ = 0.7,
« =1, such that 0x = 0.3.

Standard deviations

Ficure 3. Heatmap with contour curves as in Figure 1.
Here we simulate 500 samples (X¢);=1,.. n of Example (6.1)
for n = 12000 such that 8x ~ 0.2792.

sequence of iid random variables with generic element A, then

Qr = Ht/”(Hj)HOH tez,

with
A A if t>1,
m £ A AL if t< -1,
1 if t=0.

This follows by Ezample 6.1 in [34], and Proposition 3.1 in [12]. Then,
for p > «/2, the p-cluster based estimators (4.24) (4.27), and (4.32) are
asymptotically normally distributed.
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Recall the cluster sizes my, o, ..., defined in (4.31). We infer the clus-
ter sizes of Example 6.1 using a-cluster estimates. To illustrate Theo-
rem 5.10, we run a Monte—Carlo simulation experiment based on 1000 sam-
ples (X¢)i=1,..n of length n = 12000 from Example 6.1. For each sampled
trajectory, we obtain estimates 71,72, ..., letting & = 10 and b = 38 in
(4.32). For the implementation we use Hill-based estimates of the tail-index
a(k’) with k' = 1000. We also estimate the extremal index fx of the series
from Equation (4.24). Theorem 5.10 yields, for j > 0,

(6.48) Var(Vk (7 — 7%)) = Var(n}(Q)), n — oo,

where 77? are the cluster functional yielding the cluster sizes m; with the

notation in (4.33). Notice that the asymptotic variance of our cluster sizes
estimate is again a cluster statistic that we can infer. We compute an es-
timate of the asymptotic variance in (6.48) using cluster-based estimates,
and compare this estimate with the empirical variance obtained from the
Monte-Carlo simulation study. Figure 4 plots the profile of the limit Gauss-
ian distribution where the asymptotic variance is computed in these two
ways. As expected from Equation (6.48), the curves overlap, even if k is
small. In our simulation, a clear bias appears when we choose k larger.

In the case of SRE equations, the cluster sizes were studied in detail in
[26]. The authors proposed a method to approximate the true values when
the tail-index «, and the random variable A are known. We approximate
true values using Equation 3.5 in [26], and a Monte-Carlo study with 10000
samples of length 500000. The obtained values are pointed out in red in
Figure 4. We see that this choice of k yields estimates centered around the
true value.

6.3. Conclusion. Our main theoretical result in Theorem 3.1 states asymp-
totic normality of a-cluster-based disjoint blocks estimators fo(?(k), based on
k extremal ¢%-blocks, where @ is an estimate of the tail index of the series.
The advantage of a-cluster-based methods is that the choice of & is robust to
time dependencies; see [12]. Equation (3.23) characterizes their asymptotic
variance in terms of a cluster statistic that we can also infer. We further show
in Section 4 that many important indices in extremes can be written in terms
of an a-cluster statistic, e.g., the extremal index and cluster sizes. Section 5
verifies that our assumptions hold for numerous models like causal linear
models and SRE solutions under Kesten’s conditions. For linear models, we
obtain super-efficient estimators with null asymptotic variance for classical
indices. In the examples we considered, our estimators have a small variance
that can also be estimated. To illustrate the performance of our a-cluster
inference methodology, we run finite-sample simulations in Section 6. Our
simulations support that replacing « by a(k’) as in Section 6.1 does not have
a big impact on the asymptotic variance. This is because in practice k needs
to be chosen small to obtain unbiased estimates, whereas k' can be chosen
larger. Then, even if we choose k small, the uncertainty of our procedure
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FIGURE 4. Histogram of estimates gx of the extremal in-
dex using (4.24), and the cluster size probability 71, T2, 73,
using (4.31). We simulate 1000 samples (X¢);—1,. n of Ex-
ample 6.1 with n = 12000. The Gaussian density curves are
centered in the median of the estimators. Their variances are
estimated by Monte-Carlo (dotted curve) or using the aver-
age of the cluster-based estimate of the asymptotic variance
defined in (6.48) (solid curve). The red lines point to the
Monte-Carlo approximation of the real values with standard
deviation. These were computed using Equation 3.5 in [26],
and a simulation study with 10 000 samples of length 500 000.

is well quantified by plugging an estimate of the asymptotic variance in the
Gaussian limit. Finally, a complete study of the tuning parameters k, k’
requires a careful analysis of the bias conditions for blocks: B,, B, as we
pointed out in Remark 3.2, which we see as a road for future research.
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APPENDIX A. PROOF OF THE MAIN RESULT

In the following proofs, we assume the conditions of Proposition 2.2 hold.
In this setting, the time series (X;) admits a p-cluster Q®) e /7 and (2.8),
(2.9), hold for (x,). For inference purposes, we fix the value of p. The
sequence of block lengths (b,), and we write m,, = |n/b, |, such that b, —
00, my, — 00. We assume that the relation

(A.49) k= knlp) = Lmnp(”81||p>$bn)J
(A.50) ~ nc(p)P(|X1] > xp,), n— o0,

holds, where ¢(p) € (0,00) are as in (2.8). We can verify m,,/k,, — oo using
the relation nP(|X;| > z,,) — 0. Moreover, it will be useful to consider the
deterministic threshold estimator defined by

(ABTRna) = 1 falB/wan NU(Bly > (wzs,)), 0> 0,
" og=1

where f,(p) : /P — R is a cluster functional that can depend on « in its
expression. The sequences (x,,), (by), (my,), (k,), that we consider, defining
the oracle estimator in (A.51), are the ones fixed above.

With this notation, Section A.1 states mixing rates for consistency of the
blocks estimators in (1.3). Next, we show a uniform central limit theorem
for the family of oracle estimators in (A.51). Section A.2 discusses the
uniform entropy theory. The proof of Theorem 3.1 is deferred to Section A.3.
In this section, we also compute the covariance structure of the family of
oracle estimators in (A.51). The auxiliary propositions here stated are shown
in Sections A.4 and A.5. The proofs of auxiliary lemmas are deferred to
Appendix B.

A.1. Consistency of p—cluster based blocks estimators. The follow-
ing Lemma is proven in Section B.2.

Lemma A.1. Let (X;) be an Ré-valued stationary time series satisfying
RV,. Let p > 0, and assume the conditions of Proposition 2.2 hold such
that (X;) admits a p—cluster process QW) e 7. Let f = f(p) € G, (P)
be a bounded Lipschitz continuous function. If there exists a sequence (€y),
satisfying £, — 0o, as n — oo, such that the B—mixing coefficients satisfy

lim my,fB, /kn, = lim ¢,/b, = 0,
n—oo n—oo
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then the sequences (x,,) and (by) satisfy the relation

}E[e—kfl 2o f(fv;let)l(||Bt||p>zbn)] — E[e—kflf(xngl)l(lllﬁ‘l|Ip>wbn)]m] ‘ — 0,
(A.52) n — 00,

where (k) is chosen as in (A.50).

Corollary A.2. Assume the conditions in Lemma A.1 hold. Consider a
function f € G (P), not necessarily bounded, and assume E[f(YQP)] <
oo, and

E[(f(Xppn/2n)) 10X agllp > 20)]
(4.53) P Xnlly > ) <o

Then, the p-cluster based blocks estimator in (1.3) satisfies
0 P
Rp) = ), n— oo

Proof of Corollary A.2. If the function f is bounded, then we can apply
Theorem 4.1 in [12]. The mixing assumption therein is verified in Lemma A.1
stated above. Therefore, we deduce the consistency of the blocks estimators,
and this concludes the proof. We now consider the case where f is not
necessarily bounded. Then, notice for all > 0,

E[f(Be/xp, )L([Billp > x,,)]
= E[(f(B1/ay, ) 1(1Billp > 2,)) L(f (Br/20,)L(|Billp > x,,) < 1)]
+E[(f(By/2, ) 1(I1B1llp > v,)) L(f (B1/zp, ) 1(|Bullp > 2,,) > )]
(A54) I+ 11.
The first term [ is a bounded function, and thus I/(P(||Bi|l, > x,)) con-

verges to the p—cluster functional E[f(Y Q®) An]. Moreover, by monotone
convergence, this term converges to f@(p), as n — oo. It remans to show

II
A.55 li 1i = 0.
(A.55) 2 BB, > o)

Indeed,
E[(f(B1/xb,)L(|[Billp > xv,)) L(f (B1 /2, )L(|1B1llp > a1,) > n)]
< E[(fB1/ay, ) 1(IBrllp > 2,)) IR (f(By /s, )1 (|Bully > av,) > 77)1%“

— 1+46
< 0 PEBl(f(Bi/w,)L(1Bullp > 75,)) )
Finally, provided (A.53) holds, we see (A.55) holds, and this concludes the
proof. O

A.2. Uniform entropy theory. Theorem 3.1 states asymptotic normality
of £%-blocks estimators in (1.3). Our proof considers a family of oracle esti-
mators indexed by g, for ¢ in a neighborhood of «, and relies on Lemma A.3
below showing this family has low complexity in terms of entropy numbers;
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cf [53]. We review the classical results of the theory of Vapnik-Cervonenkis
below to measure the complexity of classes of functions.

The dimension of a VC-class of sets V is the number d such that for every
set containing d elements, we can find a subset that is not picked out by
the class V. A VC-class of functions F is such that the collections of all the
subgraphs {(x,u) € R% x (0,00) : ¢(x) > u} of functions ¢ € F is a VC-
class. The entropy number of a VC-class has a polynomial expression on the
VC-dimension (see Theorem 2.6.7. in [53]). Moreover, given a VC-class of
functions F, the VC-Hull of F is the collection of functions G such that for
every g € G there exists a symmetric convex combination fn,, = > /", a;fi,
with > |a;| < 1, f; € F, such that g is the pointwise limit of the sequence
(fm)men. Moreover, by Corollary 2.6.12 in [53] the entropy number of a VC-
hull also has a polynomial expression on the VC-dimension of the underlying
VC-class.

Moreover, it is often easier to check that the class F is a VC-major of func-
tions F, i.e., that {x € R?: ¢(x) > u} is a VC-class. We can construct new
VC-major classes using classical operations: addition, products. Moreover,
if F is a VC-major, then the class of function ho ¢, with h ranging over the
monotone functions i : R — R, with ¢ € F, is a VC-major. This is Lemma
2.6.19 in [53]. One example are functions x — f(x/u)lL(p(x) > u), where
u +— f(x/u) is a non-increasing function. Moreover, a bounded VC-major
class satisfies the uniform entropy condition by Lemma 2.6.13 in [53].

In particular, we show that ¢?9-norms form a VC-major. This is the pur-
pose of the next Lemma whose proof is postponed to Section B.1.

Lemma A.3. Consider the class containing all sets of the form {(x;) €
RHZ N 0P ||x|lg > u}, where ¢ € (qo,qh), and uw > 0. Then, this is a
VC-class of dimension 3.

A.3. Proof of Theorem 3.1. Let F C G, () be the set including the
functions: (x¢) — fa(x¢), (x¢) — 1, (x¢) — h(x;) and (x;) — e(x;) as
in (3.17), (2.14), (2.15). Recall the deterministic threshold estimators in
(A.51), and define, for € > 0, the family

(A56) T = {gQ(uv Q)}{g(~/u):gE]—',ue[l—e,l—l—e],qe[a—e,a—‘re}}'
Note this family is indexed by four functions f,, 1, h,e, and the values of
u,q. Here

(A.57) (u,q) —~ ¢%u,q), geF

is a stochastic process taking values in D([1 — ¢,1 + ¢]) x D([av — €, +
€]) endowed with the product Ji-topology of the metric space of cadlag
functions.

To show a central limit theorem on this family note we need to control
the complexity of the family 7 in (A.56), together with its covariance struc-
ture. We use for now the working assumption C’ below, and show uniform
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asymptotic normality of the family 7 in Proposition A.4. We come back to
showing C’ in Proposition A.5.

We focus on showing the asymptotic result for the blocks estimator im-
plemented with p = @. The general result on p-cluster inference, for p > 0,
follows the same lines of this proof by fixing ¢ = p during the proof, instead
of considering ¢ in a neighbourhood of a.

(C): Assume the asymptotic normality of the finite-dimensional parts of
(A.56), ie.,

—~ a fi.di. —~
(A5(R () — @ 9%) L% Gylgl/u), Qg €T,

as n — oo, where gQ(q) is a g—cluster statistic given by

9% = E[g(yQ)],
and the limit is a centered Gaussian process satisfying
Cov (G4 (g(-/u)), G (h(-/)))
(A59) = clg)u “Elg(YQ)h(YQWu/v) (Y QVu/vlly > 1),

for u,v € [1—¢,1+€|, ¢,¢' € [x—€,a+¢], and g, h € F, such that Q@) & 0,
is the g-cluster process of the series. To simplify notation, we write in the
remaining of the article

9% = ¢%a).

The next Proposition shows the uniform central limit theorem on the
family 7 holds, and its proof is deferred to Section A.4.

Proposition A.4. Let (X;) be a stationary time series satisfying RVy.
Assume the conditions of Theorem 3.1 hold, and assume C' holds. Then,

—~

VE(f2@) - [R())

& N0, Var(fo(Y Q@) + k(%21Q)?

o?02), n— oo,

with 02 = E[(ah(YQ®) — e(YQ(®)))?] such that VF (@ — a) % N(0,02),
and \/k/k' — Kk, with k > 0, and Y 1is independent of QW and P(Y >
y) =y~ %, fory > 1. Moreover, uniform asymptotic normality of the family
T holds.

To complete the proof of Theorem 3.1, we must verify C’ holds under the
mixing condition MXjg. For this purpose, we require the next lemma whose
proof is postponed to Section A.5.

Proposition A.5. Let (X;) be an R¥*-valued stationary time series satis-
fying RV,,. Assume the conditions of Proposition 2.2 hold such that (X;)

admits an a—cluster process Q € 0. Consider g,h : ™ = R such that L
holds. Assume By (k),B(k'), and condition MXg hold. Then,

k Cov(g®(u, q)),hR(v,¢)) — Cov(Gy(g(-/u)), Gy (h(-/v))),



30 G. BURITICA AND O. WINTENBERGER

as n — o0.

Relying on Proposition A.5 and Proposition A.4 we can now write the
proof of Theorem 3.1.

Proof of Theorem 3.1. Consider the assumptions in Proposition A.5, and
assume condition MXjg holds. Consider a function f, : £* — R satisfy-
ing L. Recall the family 7 in (A.56). Asymptotic normality of the finite-
dimensional parts of 7 hold by Proposition A.5. Indeed, by the Wold device
it is enough to check that every linear combination of deterministic thresh-
old estimators in (A.51) is asymptotically normal with Gaussian limit G and
covariance structure as in (A.59). This holds since linear combinations of es-
timators in (A.51) are again a deterministic threshold estimator as in (A.51).
Finally, this shows that C’ holds. Thus, we can apply Proposition A.4 and
this concludes the proof. [l

A.4. Proof of Proposition A.4. Recall the set F C G (f*) of functions:
(x¢) = fa(xe), (x¢) = 1, (x¢) — h(x¢) and (x;) — e(x¢) (see (3.17), (2.14),
(2.15)), and the family 7 in (A.56).

We separate the proof of Proposition A.4 in two steps. In Section A.4.1
we show (3.23) holds assuming the uniform asymptotic normality of the
Gaussian family indexed by 7. Then, in Section A.4.2 we show the uniform
central limit theorem holds. Then, for now, assume

— B J —
VE(gQ(u,q) — c(g)u™9%@) = Gylg(-/u)), ¢%u,q) €T,
as n — 0o, holds uniformly, and the limit is a Gaussian process with covari-
ance as in (A.59), for g,h € F, and u,v € [1 —€,1 + €.
The following auxiliary lemmas will be useful, and their proofs are post-
poned to Appendix B. The following Lemma is shown in Section B.3.

Lemma A.6 (Asymptotics of the Hill estimator 1/a). Recall the Hill esti-
mator 1/& in (2.13), and the functionals h,e, in (2.14) and (2.15). Assume

O d

(gQ(u))ue[l—e,l—‘re},ge{h,e} — Ga(g('/u))a n — o0,
uniformly where the limit on the right-hand side is a Gaussian process in
(A.59), here indexed by u,g. Then,

(A.60) VE (@ —a) % aGalah(-/1) — e(-/1)).
The next lemma is shown in Section B.4

Lemma A.7 (Continuity of the function ¢ — ¢(q)). Assume condition
M holds, then the function q — c(q) is continuous for q € [a — €, + €.
Moreover, under the assumptions of Lemma A.G,

VE(1—c(@) & avQ@Galh(-/1) —a le(-/1), n - oo,
where S = E[1ho (Q)], with o (x;) = > jezlxj|* log (1/]x5])-



ON THE ASYMPTOTICS OF EXTREMAL ¢P-BLOCKS CLUSTER INFERENCE 31

Lemma A.8 below states that we can replace in the oracle estimator the
values of xp, by the random threshold ||Bi||a,x). We defer the Proof of this
Lemma to Section B.5.

Lemma A.8 (Asymptotics of the random threshold ||Bi||5,x)). Under the
assumptions of Theorem 3.1,

VE(f2@) — 1Q) & f9Gu(ful/1)/ 12— 1(-/1)).

as n — 0o, where « is fized here.

A.4.1. Variance calculations. We now focus on establishing the asymptotic
variance in (3.23). Recall that when f depends on a, ie., f = f,, we
impose a smoothness assumption S on the function ¢ — f,. More precisely,
we assume

fox) = fa(x)+ (- ) fo(x) + (¢ — @)*Ra(x),

9fq

where f/, is the derivative of f, with respect to a, i.e., f), = Tq‘q:a’ and
0?f,
R, (x ma; 9 (x ’
( ) qE(a—e,)c(H-e) 36_[2 ( )
Recall we denote
fR(@) qu B/ ||1Blla,k+1) L([[Bella > [1Blla,k+1)):

By an application of Lemma A.6 and Lemma A.8 we see, that if f/, R,
admit consistent /“—cluster estimates, then

VE(f2@) - 12)

= VR(7R@) - 1)+ YEVF - ) T%@)

Y06 R3(@)

% Gal(fal-/1) = F21C/D) + fien o® (@h(-/1) = e(-/1)),

where &’ is the tuning parameter for the Hill estimator whereas k is used to

tune the extremal cluster estimator such thaty/k/k’ — x > 0. We recognize
here the variance term in (3.23).

A.4.2. Uniform central limit theorem. Fix g € F. In this section, we show

V(g9 q) = c()u"9%@)) S Gylg(-/w))
uniformly on ¢ and u, as n — oo where G is the Gaussian limit defined
by (A.59). We can replace the expectation of gQ(u, q) directly by the limit
c(q)u~*gQ(q) thanks to the bias assumptions B, and B. Assuming C’ we
know convergence of the finite-dimensional parts of 7 holds as in (A.58).
Then, it remains to check the asymptotic equicontinuity of the family of
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empirical processes indexed by 7. Actually, since the family F contains only
a finite number of functions, it is enough to check separately equicontinuity
on the family

(A.61) {\/%(éé (u,q) — C(Q)U_QQQ (Q))}ue[uo,SO],qG[qo,q(’)]’

foreachg € F,withug=1—e<1l<l+e=spand g =a—e< a < a+te=
qi- Fixing g, we obtain a class of functions indexed by [ug, so] X [qo, ¢p], and
we can equip it with the a semi-metric d(-,-) given by

(A.62) d((u,q),(v,q)) = |u—v[+]g—d],

for v,u,q,q" > 0. Note that (¢Q(u, q))ucfu,
bounded family for this semi-metric.

To see this, we consider a coupling argument. We design recursively
coupled blocks (B} )i<t<m,, as follows: for every ¢t =1,...,my, we apply the
maximal coupling Theorem 5.1 in [46] to create the block (B;}) independent
of the past blocks (B;, B}‘)j<t, distributed as Bi, and such that

(A.63) P(Bt’g %+ Bf,z) =P, t=1,2,....mp,
with the notation By ¢ = X1 (141)p). Then, notice
P s Vhalg®wa) — 9%(,q)| > )
u,v€[ug,S0]

4,9’ €[q0,4))
d((u,q),(v,q"))<d

a6t) < P( s VEo2(wa) - o20.0)| > 5/2)
u’v7q’q
d((u,q),(v,q')) <6

(A.65) +2P(sup ki |99 (u. ) — 92 (w, )| > 6/4).

u?q

sola€lao.q)] 1S separable and totally

where for the first upper-bound, we have simplified notation, but we keep
in mind that u,v € [ug, so], and ¢, ¢" € [qo, ¢], and we denote

Blna) = > o8 /)5y > (wm)).
=1

We focus now on the second term (A.65) of the previous bound. We apply
Markov of order 2, which yields

P((supv/ku 99 (u,0) — 92(u, )| > 3/4)
u,q

kl—?SQ]E[sup (Z(Q(Bt/(uxb))ll(HBth > (uxp))
" W=

N

2
—g(B; /(wn) (1B 4 > (wan)))) |-
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We develop the square and obtain a diagonal term
Mn * *
5 | sup(g(Br/(uze)) L([IBillg > (wze)) — g(By/(uay))L(|Billg > (uap)))?
n u,q
Note that, denoting G the envelop function,
(A.66) G(Bi/zp) = sup 9(B1/ (uxp))L([[Billq > (uzs))
u€[uo,s0],9€[q0,4;]
= 9(By/(uoxs))L([|Billg > (uoxs))-
Then, by a similar argument as in the proof of Lemma A.9, we can assume

the function ¢ is non-negative bounded and thus we can truncate g to g..
This means we now need to control

B [sup(-(B1/ () U151y > ()

g (Bi/(wa))1(|1Bi g > (um))?]

= %E[Sup(gs(Bl,K/(’LLl‘b))]l(HBl,ZHq > (up))
n u,q

—9e(B1 o/ (wy))1([[By fllg > (U$b)))2} +o(1)
m *
= BlG(Bye/m) 1By # B )]+ o1),
n
here the second to-last relation holds with the notation B y = X}, again
relying on the calculation of Lemma A.9. In the last equation, G, is again
the envelope function in (A.66), but for the function g.. The gap of length

¢ allows to use the maximal coupling theorem, notably, Equation (A.63).
Thus

E[G.(B1/2)*1(Bue # By )]

My, .
< BBy fay) P CTIR(BL # B )7 O

My
< EB(IB| >, )T (i By k) O,

if G satisfies the assumption L.
We now focus on the crossed terms in the development of the square. Note
we assume without loss of generality that g is non-negative by considering
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separately the positive and negative parts. Then note that for j # ¢,
E [ sup (9(B./ () L(1Billy > (uey)) — 957/ (g )L(|B; g > (ua)))

% (9(8;/ (wap)1(IBylly > (uas)) = g(B; /(was) L (IBlly > (ua))]
sup (9(Be/ (o)) (1Bl > () g(By/ (w1 (1B, > (uas)) )

+ (987 (wo) WAIB g > (ue))g(B;/ (was) ) L(IB; g > (uas))) ]
E| sup (g(Be/(wo) 1(I1Bellg > (uw))g(B; / (wo) 1B} g > () )|

u7q

N
=

where the last equality follows by the independence of blocks B; and B} for
j # t. Finally, the remaining term of the development on the crossed-terms
is of the form

> E[supg(Be/(wa)1(IBilly > (um)

"agtEtem W

X supg(Bj/(uxb))ll(HBqu > (uy))

< ZE (By/3)G(By /)] -

This term is a bounded by 37" (M B, /kn)® ?+%) in a similar way as the
covariance term is handled in the proof of Proposition A.5.

Then, to sum up, provided MXg holds, the term in Equation (A.65)
satisfies

(sup\ﬁ|gQuq (u q)\>5/4)—>0 n — oo.

We now turn to the term in (A.64). To simplify notation, we denote

9(B [ (wap, ))L(IB;llg > (wap,)) = g(Bi/wp,)(u,q),

and
Mn

B = 13 gl /) 115y > ()

and we consider the family 7 of stochastic processes defined by the oracle
estimators in (A.61), but built with blocks (B;), namely,

* Q
7; = (9,*(%Q))ue[uo,SO],qE[qo,%}'
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As we mentioned, this process is indexed by [ug, So] X [qo, ¢)]- Define the
random metric d,,(-,-) on this family by

(dn((u,0), (v.4)))°
A6T) = > (0B ), a) — (B [, )0,V
™ t=1

In the remaining of the proof, we verify the sequence of processes 7 satisfies
the Lindeberg condition (i), continuity condition (ii), and entropy condition
(iii) from Theorem C.4.5 in [37] hold.

A.4.3. Lindeberg condition (i). Since u — g((x¢)/u) is a non-increasing
function, then we it suffices to verify, for every n > 0, q € [qo, ¢)],u € [uo, So],

I = ZL—:E [(Q(Bl/xbn)(U,Q))zH(Q(Bl/xbn)(u,q)> nkzn)]
— 0, n—oo.

Indeed, we have
5

I < %E [(Q(Bl/l’bn)(u’ q))2+5} 55 P (9(31/$bn)(u,q) S 77kn> 245

< (nka) 2R [(9(By /2, ) (s )]

n

where § here follows the notation in (3.18). Then, appealing to assumption
L, and by an application of Lemma A.5, we deduce I — 0, as n — oo.

A.4.4. Continuity condition (ii). Recall we assumed convergence of the finite-
dimensional distributions of 7. Similarly, for independent blocks, for s > wu,
q,q', by an application of Proposition A.5,

E[(dn((u,0), (5,4)))’]
= UE (01 /m,)(w0) 9B /21, (s5,4))’]
— C(ua Q) + C(Sa q,) - 26((“7 Q)a (87 q,))
= (q)g”*%q) + 57 e(d)9* )
—2uc(q)E[g(YQ)g(Y QW u/v)1(|[Y QW u/vl|y > 1)].
We now use the fact that v — g,(-/v) is a non-increasing function, for v > v,
c(u,q) + c(s,q') — 2¢((u, ), (s, "))
< () + 5 (g
—2u"¢(q)E[g(Y QV)*1(|[Y Q|4 > 1)].
= 5 %(¢)g*Ud) —ue(0)9q)
+2u™%c(q)Elg(Y Q(q (Y QY| < 1))
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We now focus on the last term. Notice that for ¢ > ¢, the last term
equals zero. We consider the case ¢’ < g,

Elg(YQ)*1(|Y Qs < 1)]
< E[g(y QW) ERIp(|ly QW |, < 1)),
Furthermore,
PY[Q?]y <1)
< PYI(IQWL ~ (g~ ) e Q|7 log 1/1QEV]) < 1)
= POY'(1- (- ) Tez|Q” 105 1/1Q”]) < 1)
1= E[(1 - (g ¢)T1ez/Q1" |7 log 1/1Q4" )/
(6 —d)aq " B[Sz |Q" " log 1/1Q4",
Moreover, appealing to condition M we have that
E[1hg(Q)] = E[Y,c,|Q1” 7 1og 1/|Q(”] < oo,
Therefore,
c(u,q) + c(s,q') = 2¢((u, ), (s,4))
< s7%(d)g*Uq) — ue(9)g*%q) + (g — ¢)agq e(q)E[1g(Q)].

Finally, an application of Lemma A.7 entails g — ¢(q) is a continuous func-
tion, and this implies

lim lim sup sup E[(dn((u, q), (s, q')))Q] =0.

MO0 n—oo u,s€[uo,s0],

4,9’ €[q90,95)
d((u,9),(s,9"))<n

From this we conclude that (ii) holds.

N

N

A.4.5. Entropy condition (iii). Recall F is the set with four functions: (x¢) —
f(xe), (x¢) — 1, (x¢) — h(x¢) and (x¢) — e(xq) (see (3.17), (2.14), (2.15)).
We can assume without loss of generality that g takes non-negative values.
Denote 7, the class of functions

((xei),wq) = g(xe/uw) (][ (x0)llg > ),
indexed by [ug, so] X [qo, q)]- It is sufficient to show that for each g € F, the
class T, satisfies the entropy condition in (iii) with respect to the random
metric introduced in (A.67). We argue separately for each function g € F.
In what follows we denote the envelope of the class 7, as

Gy(x) = sup |g(x¢/u) L([|x¢]lg > w)
(u,q)e[uo,so]x[qo,q{)]

= 9(xs/uo) L([|%t[lgo > wo)-
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Moreover, notice we can apply Lemma C.4.8 in [37]. Indeed, we can verify
condition C.4.8 using Proposition A.5 as
My

(98 /21,)(w,0) — 9By /a1,)(5,0)

- C(U, Q) + C(Sa q/) - 26((“7 Q)v (87 q/)) < 0.

This means that it is enough to check that 7, is a VC-hull class, as introduced
in Section A.2, and then apply Corollary 2.6.12 in [53] giving a satisfactory
bound on the entropy. In the following we treat separately the case g equal
to fo or 1 and the case g equal to h or e.

Case g = fo and g = 1. Consider the class of functions ||x¢[|q : (x¢) — ||x¢||,
for elements (x;) € (%, and ¢ € [qo,q)]. By Lemma A.3, this class of
functions is a VC-major class, as the sets {(x¢) : ||x¢||q > t}, for g € [qo, (],
and t > 0, forms a VC-class of dimension 3. Finally, applying Lemma 2.6.19
for the monotone functions ¢, : R — R defined by:

w o= g /u)I([[(xe)llg > w),

indexed by u, we see that 74 is a VC-major. Finally, Lemma 2.6.13 states
that bounded VC-major classes are VC-hull classes and this yields the de-
sired result.

Case g = h,e. This case has been studied previously, for example, we can
borrow the results in [37]. Here by an applications of Lemma C.4.18 in [37]
and Lemma c.4.19 we conclude the entropy condition is satisfied.

To sum up, we have verified the sequence of processes 7 satisfies the
Lindeberg condition (i), the continuity condition (ii), and the entropy con-
dition (7i7) from Theorem C.4.5. in [37]. Therefore, we conclude the uniform
asymptotic normality of the estimators indexed by 7 and this concludes the
proof of Theorem 3.23.

A.5. Proof of Proposition A.5. The proof of Proposition A.5 relies on
the following lemma.

Lemma A.9. Let (X;) be an R-valued stationary time series satisfying
RV,. Consider p > 0, and assume the conditions of Proposition 2.2 hold
such that (X;) admits a p—cluster process QW) e 7. Consider functions
g,h + P — R satisfying L. Assume that there exists a sequences (4y),
satisfying £, — oo, and

lim m,fB, /kn, = lim ¢,/b, = 0.
n—oo n—oo
Then, for allt = 2,3, ..., the relation below holds
. m _ _
(A.68) nh_)ngo ?Cov(g(xb 'B1), h(z,'By)) = 0.

Proof of Lemma A.9. We assume with no loss of generality that the func-
tions g, h : /P — R satisfying L take non-negative values. Notice that for all
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t>0
(A.69)%Cov(g(:vb_lBl)h(xb_lBt)) - %E[g(xgll’)’l)h(xgll’)’t)] +o(1),

since mE[h?(z, 'B1)]/k — E[h?(YQ®)], as n — oo, by the moment as-
sumption in (3.18). Moreover,

= Ml Bl B > nha; B)

< TElg(y B L(g(x, ' By) > )] PElh(x; ' By)*) 2

m
< -

k
We deduce from Equation (3.18) that I = O(n~%2), thus this term is neg-
ligible letting n — oo, and then 1 — co. Therefore,

. m _ _
nlLH;O ?E[g(xb 1Bl)h(xb 1B))]

1 _6
(1) 22 Blg(x;  B1)* )T Elg(a;, B> 2R Bl B1) )2

= lim_ lim ZEl(g An)(z; ' By)(h An)(x; By,

n—00 N—+00

We conclude that it suffices to establish (A.68) for continuous bounded func-
tions. We consider Lipschitz-continuous bounded functions f, f’ : - Rin
G (P). The extension to continuous bounded functions then holds following
a Portmanteau argument. Now notice

E[f(a; BU)f (w; By
= By By ) (Bl + TE[f(ay " Br) — flay Bu ) (' By)

For the second term, we rely on condition CS, since f, f' are bounded
Lipschitz-continuous functions. In this case, the second term is negligeable
letting first n — oo and then e | 0. Similarly, we deduce from condition
CS, that for t = 2,3,..., and for all € > 0,

m _ _ m _ _
(A.70) EE[f(xb 181)f,($b 181?)] ~ EE[f(xb 181)]0/(1‘1) lBt‘)}a
if we let n — oo and then € | 0. Thus it suffices to show that

. m _ _
nh_)n;o ?Cov(fe(acb 'B1), fi(z,'By) = 0, t=2,3,....

Consider the sequence (¢,,) satisfying the condition of Lemma A.9, and recall
the notation By = X(;_1)p4[1,5—¢- We can use similar steps as in the proof
of Lemma A.1 and replace By by By, inside the covariance term. For this
step we require £, /b, — 0 as n — oo. Moreover,

m _ _ m
= Covlfe(ay ' Buo), iy ' Br)) < 2l fllooll £ lloo 7-Beste—2p-

Finally, this concludes the proof since m,, 3y, /kn — 0, as n — oco. O
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Proof of Proposition A.5. Let g,h : /7 — R, be two functions verifying L.
Then,

kcov(%zgilg(wb_llgt)a %Z;n:lh(l'b_lBt))

m _ _ 2 _ -
= ?Cov[g(xb 'B1), h(z, 'B1)] + %ZKKKmCov(g(m’b 'By), h(z;, ' B;))

= I+1II
A direct corollary of Theorem 1.1. in [46], directly stated in equation (1.12b)
therein, yields for j = 3,4,..., and § > 0,
2 Cov(g(a; Bi)h(a; ' By)
)

_1 1
< 2287 Blg(a; B2 TR Eh(x; ' By)* )T,
)

= O((%FBi—2p,) *).
The last equality holds by condition (3.18). Actually, the above inequality
can be extended to bounded random variables letting § 1 co. Finally, for
j = 2 we use the result in Lemma A.9. To sum up, we have also shown that
if S (M Bi, /kn ) ?19) — 0 then IT — 0 as n — oo.
Therefore this shows

I = %Var(g(a:ngl)h(xb_lBl))

S elgh) = /0 g QP)h(yQP )d(—y ),

To conclude, we now consider the functions g(x) = g(x¢/u)1(||x¢|lq > u)
and h(x) = g(x¢/v)1(||x¢|lq¢ > v). Then, an application of the change-of-
norms formula in Equation (2.11) yields the limit covariance in Equation
(A.59). O

APPENDIX B. PROOFS OF AUXILIARY RESULTS

B.1. Proof Lemma A.3.

Proof Lemma A.3. An application of Riesz-Thorin Theorem implies that for
all (x¢) € £9, the map

(B.71) 1/q = log|(x)llg:  a € (0,90)-

is convex. Denote (x¢) + 4(x¢) the derivative of the function 1/q —
log ||(x¢)||q which is defined by

%9 log(|x;|7)

wq(xt) = log(H(Xt)Hg)_Z ”(Xt)Hg

JEZ

_ ;1% log (Il xo) 14/ 1%51)
> 1Gx0)llg ’

JEZ
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which corresponds to the derivative of the log £¢—norm function as in (B.71).
It is easy to see that ¢4(x;) > 0. Moreover, 1/q — (1)) is a non-decreasing
function. To verify this, it is enough to compute the derivative of the func-
tion 1/q + (1)4). Moreover, the convexity of the mapping in (B.71) implies,
for all g1, g2 € (qo0,9p),

log[|(x)llgn > logll(xe)llge + (a7 — a2~ ) (xe).
Then, rewriting this previous relation yields

(B.72) Ix)lla = I(xe)llge exp{(a™" — g2 ™)ty (x0)}-

It is easy to see that the VC-dimension of our class is larger than two.
For example, we can take the point with #} = 1, only if t = 0, and the point
x? =1/m, only if t = 0,1, and 21/40 < m < 21/9' Then, we check readily
that ||(x})||; = 1 for all ¢ € R, and [|(x?)4 > 1 > ||(x?)||q- Therefore, we
conclude that our class of sets separates these two points.

We now show that our class of sets can’t shatter three different points.
Consider the points (x}), (x?), and (x}) with values in (R%)% N ¢%. As-
sume that there exists qi,q2 € [qo,q)] such that ||(x})|lq > [|(x7)]l and
1(x2)lge > I|(x})]lgo- This means our class picks out the sets {(x;)} and
{(x2?)}. Assume also, without loss of generality, ¢1 < go. Actually, this
means that for all ¢ such that ¢1 < g2 < ¢, then [|(x2)|ly > ||(x})]l4- Indeed,
for ¢ > g2 Equation (B.72) implies

Ixlle = NG llgy exp{(a™ — a1 v, (xi)}
> (1) lly exp{(a™ — a1 g, (x0)}
> [IG)llgexp{(a™ — a1 ) (g (x¢) — vg(xi)}
> () llg exp{(a7" — @171 (W (x1) — ¥q (x7))}

where the last equality holds since 1/q +— 1), is a non-decreasing function
and ¢1 < g2 < ¢. In particular, letting ¢ = g2 then the relation ||(x?)|4 >

1(x}) g, implies
(a: (x}) = Ve (x7)) > 0,

Moreover, we also have

IE)llg = 110¢) o exp{(a™" — a2 ™ g (x7)}
> [l(xt)llgs exp{(a™" — g2 g (x7)}
> [lx)llgexp{(a7" — @27 1) (vg, (x7) — vq(x1))}
> [l llg exp{(a7" — @27 1) (v (x7) — g (x0))}

but this implies [|(x7)|; > ||(x})|l4, for all q satisfying ¢1 < ¢2 < ¢. Similarly
1(x2) g < [I(xH)|lq, for all ¢ satisfying ¢ < ¢1 < g2. Assume we can shatter
the points (x}), (x?), and (x}). Then there exist ¢; > 0 satisfying

1) g > mas{[|(cf) g 1) lgi 1 5 # i},
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for every permutation {i,l,j} = {1,2,3}. Then, eventually renaming the
points, we can suppose without loss of generality q1 < g2 < ¢3. In this case,
we claim we can’t pick out the set {(x}), (x})}. Indeed, for ¢ > go > q1 then
1(xf)llq < 1(xF)lq and for ¢ < g2 < g3 then [|(x7)[l4 < [[(x?)llq- 0

B.2. Proof of Lemma A.1. We start by denoting disjoint blocks as

(B.73) By = X(t—l)b+[1,b}a Bf = X?t—1)b+[1,b]a

t=1,...,m,such that (B});=1,.. m is a sequence of iid blocks, distributed as
B, independent of (B;)i=1,.. m. We also denote ¢ := ¢, — oo. and disjoint
blocks as

Bie = X@-1)br[Lo-1: t=1,...,m.

such that for £ = 0 we keep the notation in (B.73). Notice that for all § >
0,e > 0, and for every bounded Lipschitz-continuous function f € G (¢P) it
holds

[Blexp { = X0 f (2, "B Y] — Elexp { = £3211F (B )} |
< E[[FXf (' B) - kX0 f (2 B )]
E[3 210 [ f (' Be) = f(ay ' By )]
= o(mP(|Bi/xy|l, > 6)/k)
This term vanishes by condition CS,. Moreover, define

I=[E[exp { = 200 felw, 'Bi)}] — E[exp { — g X2 fel, Bro ],

where fc(x¢) := f(x¢_). Then, there exists a constant ¢ > 0 such that

N

1
I < c¢—-P( max max |X S ex
= k' (1<J<m1<z<£| (] l)b Z+1| b)

< C?P(Hlﬁ tlloo > €p)

< C%KP(|X0| > exb) = O(ﬁ/b)

Thus, we conclude that lim,—, . ¢, /b, = 0 is a sufficient condition yielding
I — 0asn — oco. Furthermore, recall the definition of the mixing coeflicients
(Br) in Section 2.1. Then, the mean value theorem entails |[e™ — e Y| <
| — yl|, thus

[E[exp { = £320 fe(wy Bo) Y] = Elexp { — 5 300, ol ' B ]|

m

< E DU E[|feay B — felay B

t=

N

1flloc2dry (L(Bry) @ L(X1) @ -~ @ L(X1), L(B))

£ times

N
=3 =|3

| flloc 2B, — 0, n — 0.
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We use first the definition of the total variation distance, and second a
reformulation of the distance in terms of the mixing coefficients (). Hence
we proved (A.52) under the conditions of Lemma A.1.

B.3. Proof Lemma A.6. Uniform convergence of the oracle estimators
towards the Gaussian process entails

N — . p
VE((h(u),eQ(1)) — (u=*h?,1)) = (Gal(h(-/u)),Gale(-/1))),
as n — 0o. Now notice
VE (1X/@, () —w )
= VE(eQu)" - (u ™)), uell—elte,
where [X/z) |1y = [X/z}, |2) = -+ = |X/z}, |(n), are the order statistics of
the sample (|X;/x}, |). Then, by an application of Vervaat’s lemma,

V(X2 ey —1) % —a ' Gale(-/1)),

as n — oo, in particular, [X/zp, | LN Furthermore, denoting & the
Hill estimator in Equation (2.13),

\/y(%_é) - \/?é(af;é(|X|Lk’J/$Zn)—1)
= VEa T (ahQ(X/ah, | jp)) — (K[, k) ™)
+VE o (X g, /25, D)7 = 1)
d

S a'Ga(ah(-/1) —e(-/1)), n — oco.

Finally, an application of the Delta method yields Equation (A.60) allow us
to conclude.
O

B.4. Proof Lemma A.7. To show continuity of the function ¢ — ¢(q), we
start by writing

clg) = E[IQWIs) = (E[1/IQY ),
then, for all (x;) € 9, such that ||x|; = 1, a Taylor expansion yields
lxolls = IxOlE = (@ = @)X enlxe|* log(x]) + (o — q)* Ry
where Rq(x¢) < 3 ycplx¢|* log?(|x.|). Hence,
E[1/1Q 2] -1
< E[IQY)E - 119 1/1Q4]
< la = qlB[Y,ez1Q)" 17 1og(1/1Q:” N/ 1Q 2]

() 1gAa ()
= o —qE [ 1QW 3" Sicagrmyeelos (1) | /e
t

-~

3:¢4(Q(Q))
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Note g +— |[(x¢)||4 is a decreasing function in ¢, thus if E[the_(Q®)] < oo
we conclude ¢ — ¢(q) is a continuous function at a.. Indeed, this condition is
guaranteed by assumption M. In a similar manner we conclude that ¢ — ¢(q)

is continuous for ¢ € [o — €, a + €.

Moreover, a second-order development of the function ¢ — 1/¢(q) yields

(1/e(q) = 1)
(¢ — )E[¢

a(Q)]/cg) +

+(q—a)?
Q|7 Q|7

1Qlls, 1l

Qi 55

HQHq teZ jeL

<o(E[ Qs

QI Il

log (15 1) log (1541) )

‘Qt‘ ’Qj’

(g — )E[a(Q)]/c(q) + (g
for ¢ € [V a,qAa]. Under Assumpti

oo for ¢ and ¢’ close to a. First note t
it is enough to check that

|Ql? 1Q17 |

1:1/1;#/((2)

— @)*O(E[ (Q))]/c(a)),

on M we verify that E[sup, . [¢}

hat [¢] | is non-increasing in g. Thus
HQHa—e |Qt|

21 <

IE[ HQHH&’ZZ

Q7 | & < Qi

for £ > 0 sufficiently small. Moreover

S Qe

t=—o00

g€la—c,ate]

t=—o00

N

t=—o00

Thus QL < [QUAIQIU, oy /qse-

( i |Qt’q>(a—€)/(q+

aiy ' (o) ez (gl <=

Hoélder’s inequality provides

Z |Qt|(a—6)q/(q+a),Qt|(a—6)a/(q+a)

a)< i IQt\<a—a>a/(q+e)> (a+e)/(a+a)

t=—00

For every chosen 0 < § < 1 we have

|log z| = log(1/z) = 1/8log(1/2°) < 1/627°, 0<z<1,
assuming that every |Q;| < 1 a.s. Thus
Q| |Qi|"°
Z q|10g |Qt‘)| < Z q
2 Qs 2 qf
_ (ZteZ |Qt’q)q/(q_6)
Q7
6/(q—6
< (Z Q| )

teZ
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Squaring both sides of the last inequality we obtain an upper bound

(X ggesi@nt)” < (DQt) o

teZ

< HQHqZ‘S/q ?
< HQH Oé+€ 25/ a—E— 6)

This upper bound is also valid for |log(||Q||4)|, ¢ —¢ < g+¢, up to constant.
Combining this inequalities we conclude to the sufficient condition

« 20 oz )
E[IQIIZ,ora /g 1QICH? ] < 0.

Since ¢ and § can be taken arbltrarlly small this follows from M. Then,

relying on the previous development and Equation (A.60) we obtain under
M

V(1 —e@) & avQGa(h(-/1) — a~te(-/1)),

where 1S = E[t)o(Q(®)]. We notice in particular c(@) 51, a8 n— .
(]

B.5. Proof Lemma A.8. An application Lemma A.6 implies & LN o, as
n — 0o0. Moreover, recall we endowed the Gaussian limit indexed by u, ¢
with the metric in (A.62). This implies

VEAQ(u,d) —uc(@)) L Ga(l(-/u), n— occ.
Furthermore,
VEAR(u, @) — u™®)
= VEA®u,a) — u%@)) — u*VE(1 — ¢(@))
% Ga(1(-/w) = w0 Q@Ga((h(-/1) — a~te(-/1)).

In addition, recall the sequence (z3,) satisfies the assumptions of Proposi-
tion 2.2, and (k) satisfies k = k() ~ b,P(|X1| > xp,). Then,

VEAQ(u, @) — (u)%)
= VE(IB1/zb, la (k) —u ), n— o0,
for u € [1 —¢,1 + ¢]. Then, by an application of Vervaat’s lemma,
Vi ( a (k) — 1)
5 - a*Ga( (/1)) = (@¥Q)*Ga(h(-/1) — a~ e(-/1))),

as n — oo, in particular, ||B1l|g,(|x))/Tb, 51
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Moreover, since f, is a continuous non-increasing function, and c(a@) LN 1,
similar calculations entail
VE(f @) —u " fQ)
d _ _
(B74) = Galfal/v)) = fRua@Ga(h(-/1) —a " e(-/1))),

Hence,
VE(f&@) - Q)
= VE(f2UBa k) /26, Q) /fE — 1)

= \/%fo(?(§(||Bl||a,(tkj)/xbn’a)/fa(?_(HBIH&,(LkJ)/xbn)_a)
+VEFL ((1Bla k) /z6,) = 1)
d

= fR@Ga(fal/D/fE =1(/1)),
and this yields the desired result. O

APPENDIX C. PROOFS OF THE RESULTS OF SECTION 5

Proof of Proposition 5.2. From the discussion in Section 5.1, we can see that
all assumptions in Theorem 3.1 are satisfied. Note that if p = «, then |Q(O‘)|
has a deterministic expression in the shift-invariant space. Moreover, Q;
has at most mg non-zero coordinates. Thereby, condition M is satisfied.
Moreover, the index estimators in (4.24), (4.27), and (4.32), with f, : x —
xS /1xlG: fo @ x = [IX[7/lIx[5, and fo = x = ([x|¢;) = [xIF0)/ %3,
respectively, satisfy Var(fo(YQ®)) = 0. In addition, appealing to Re-
mark 4.3, 9fq/0q|g=a and supP c(qa—c.atq 0% f,/0¢*| ;= are bounded continu-
ous functions in G4 (¢%), and this proves S holds. Finally, using the change
of norms formula in (2.11), we can also show Var(f,(YQ®)) = 0, for any
p > 0, and this concludes the proof. O

C.1. Proof of Proposition 5.4. We start by noticing that Equation (5.40)
rewrites as: for all 6 > 0,
P31 [ 25 ©3Zt—j /TP > 0)

5 .
©7) gt nB(Xa] > 7) ’

Assuming (5.40) holds, AC and CS,, follow straightforwardly since for all
s > 0, the series (XES) ) is a linear mo—dependent sequence with mg = 2s+1,
such that ng) = ZIJ’KS ¢;Zi—j. The former satisfies AC, CS,, for p > a/2,
as in Example 5.1.

We now turn to the verification of Equation (C.75). Actually, by mono-
tonicity of the fP-norms, if (C.75) holds for o/2 < p < a, then it also holds

for p > a. In the following we assume a/2 < p < a.
For p < 1, the subadditivity property yields

2 gms0ie—l” S Xjjssleile—sl” = Ine.
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That the partial sums of ([;;) satisfy (C.75) for 0 < a < 1 follows from
standard arguments, see for instance Section 6.1 of [31]. We provide an
alternative prove below, also valid for every a > 0.

For p > 1, a Taylor decomposition of functional |- |P : R — R entails, for
all a,b, € R,

(p—1)

la+bP = [a’ +psign(a)lal’~'b+ =E— [aP "2 + - + Ry(a.b),

where the remaining term satisfies

pp—1)---(p—1[p)
[p]!

for one ¢ € [0,1]. To simplify notation, in the remaining lines of the proof
we denote (|Z|) by (Z;). Then, the Taylor expression above yields

122115505 Lt—j /Tl

< psZi—s/zalP + p |908Zt—8/$n’p_l(Z\j\>s|‘Pth—j/xn|)
J#s

R[p} = R[p](a,b) < |b_§a|P—[P]b[P]’

+- -+ Ry
Moreover, to handle the remaining term Rjp,, we use subadditivity of the
real function z — 2P~ P!, Hence,

’Z|j|>s¢jzt—j/xn’p

< psZi—s/xnl’ + C|SDSZt—S/xn|p_1 (le|>s|¢j|Zt—j/$n)
J#s

Foo ot ClpsZis TP P (E];s’@jzt—j/xn)[p]
j#s

e Y5195 Zi—i f2n PP (S sl 251 Zi f2n) P
j#s j#s

< clog+Tig+ -+ Iy + i)

where ¢ > 0 is a constant of no interest, only depending on p. Relying on the
bound above, we require to control the previous [p]+2 terms. We argue using
a truncation argument. Our goal is to prove that for all [ = 0,...,[p] + 1,
for all ,6 > 0

P T, > 6)  POCi L, > 0)

C.76 lim limsu + = 0,
( ) 5—»00 n_mop n]P’(\X1| > xn) nP(|X1| > l’n)
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where the truncated terms are defined as follows: for [ =0, ..., [p]
—€ — 7 €|p— T T 6\!
Ly = lpsZt—s/zn [P l(Z\j\}st‘thj/fEn ) )
J#s
7 €,,__ T ;€
Tfrie = Lyissl9iZisfon PP (S yissleil Zesfza’) P,
J#s i#s
_ !
Lo, = esZi-s/en P~ (T )jizsl0il Zej/zn ),
J#s
Il = Z|j|>5|gpjzt,j/xne|1’—[l’](Z‘j‘>s|¢j|zt,j/xn€)“’].
- J#s J#s
To study each term, we write for ¢ € N, J C N, (¢;) € RV,
(C.77) (Xjes¥i)? = DirigWin Wiy
;€T

We start by analyzing the terms corresponding to the truncation from
below. An application of Markov’s inequality together with Equation (C.77)
yield

P>, I[p]+1,1t6 > 0)
< 5_1”E[I[p]+1,t6]

< 6Ty [P gy |Pi P17l
lij|>s
XEHMWFJ o ’Z_i[P] /CU” -1 HZ_i[p]ﬂ /wn -1 ‘pi[p]]-
i1 P -

“[p] ‘[Pl +1

Moreover, recall the noise sequence (Z;) are iid random variables satis-
fying RV,. Therefore, for the expectation we can factor the independent
noise terms as the product of at most [p] +1 terms. For each term, the noise
random variable Z_;, will be raised to the power at most p. As p < a, we
can use Karamata’s theorem on each of these terms.

Finally, an application of Karamata’s theorem and Potter’s bound yield
there exists x > 0, such that for all ¢,§ > 0

PO g1t > 0) o
i R < -1 _—(a—k) ' |a—r\DY
nP(|Z1| > zy) S —p0(6 ¢ (X)j1=sl2dl*7)F)

We conclude that this term is negligible by letting first n — co, and then
s — 00.

We can follow similar steps as before to study the truncation from below
terms I;;, I = 0,...,[p]. An application of Markov’s inequality entails there
exists k > 0 such that

P(Z?:lhe > 5) < 71E[|(pszl/xn€|pil]E[(z ‘ ‘Z / )l]

< — osloi| Zii
nP(|Z1] > ) P(|Z1] > ) e B
@

- = -1 a—k , —(a—kK) Ja—r\l
N oa—erlO((S [s|" e izl 7)),
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where the last relation holds by Karamata’s theorem and an application of
Potter’s bound. Hence, for | = 0,...,[p], [p] + 1, we conclude letting first
n — 00, and then s — co. To sum up we have shown that

B, e, > )

lim lim su =

We now turn to the terms relative to the truncation from above. In
this case, the assumption n/x}, — 0, entails nE[Ilvte] — 0, as n — oo, for
[l =0,...,[p],[p] +1. Therefore, to establish Equation (C.76), it suffices to
check the following relation holds:

P> Dy —E[L,] > 0)

. lim 1i _—
(C.78) 5 I T B (X [ > ) 0

We apply Chebychev’s inequality, which together with the stationarity of
the series (Z;), yields
P Iy —E[L]>6) < 267 n)) Cov(Tio' Iiy")

As in the arguments for the truncation from above, we start by showing that
the term in (C.78) is negligible for [ = [p] + 1. This reasoning can again be
extended for I = 0,...,[p]. Computation of the covariances then yields

COV(I[p]—‘rLOcv I[p]—i—l,tt)

= Zil’..- pl1 Zﬁly... Lp+1 |g011 to Qoi[p] ngi[p]+1 |p—[p} |§0€1 T @Z[p] | |90€[p]+1 |p—[p}
lij|Zsij#s  |€5|>s,07#s

- .71 c ‘,1
XCOV(\Z,il/;pnwn "‘Z—i[p] zn iy 1z

-1
€P; _
i[P]+1/xn i+t |p [p]’

1 -1 1
< ap v _
Zetyfon " e Zggy [0 | Dy, [ W P,

Actually, all but a finite number of terms vanish in the previous double sum
because the noise sequence (Z;) are independent random variables. More
precisely,

Cov(I[pHLot, I[p}+1,tt)
= Zi1,---,i[p]+1z L1y s lpp)4a

|ij|2s,ij7és Eje{ilft,...,i[p]ﬂft}

X |94+ Pigy | @ity PP oty - oy 10y [P

1
xCov(|Z_ i\ [an " -+ Z i, [Tn

;! il e
[p] HZ_Z»[p]_H /xn [p]+1 ‘P [P]’

—1 —1 -1
o €p ® _
Zy—o, Jan 0 - - Zy g,y [ Tn ‘o] | Ze—e) 1 /70 ‘ol [P IP]Y,
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Moreover, regarding the last covariance term, we notice that it is sufficient
to bound the expectation of the product as
1

Cov(|Z_i, Jan 1 - Z_iy, [ Tn

1 -1
€p; €P; —

[p] ||Zfi[p]+1 /gjn [p]+1 |P [Ph
-1

—1 —1
——cp €p @ _
Zo_g, [z o Zityy/Tn ‘[pJHZt_z[pm/:xn ‘i1 [P IP]y,

—1 —1 -1
- €y, €p; €p; —
< E[‘Z—il /l.n 1 ... Z—i[p] /xn [p] HZ—Z'[p]H /xn [p]+1 |P [p]

_1 -1 -1
€p » > _
X|Zy_g, [ < Z g [Tn Z[P]HZt—e[le/wn ‘el [PIP]),

Since (Z;) are iid random variable, the expectation term above can be writ-
ten as the product of expectations as follows

‘(707:1 R @1[17] H('loi[p]_irl |p_ [p] ‘SOZI cte @é[p] ‘ |g06[p]+1 |p_ [p]

! 76%—1 7€¢;1 B
E(|Z_;, Jan |- Z iy fan P Z iy, PP [p]

-1 -1 -1
—€p €p 4 —
X|Zgy [on T | Zmgyy [T PN Zigy, fn W [P,

—1 —1
[T+ tr=p, [0, 7 |<Piyj—t|’y§.E[|ZO/$ne‘pwj 9| Zofan 5],
i+l =p
where 7]'77;‘ € {0717"'7[17]}7 'Yraﬂ)’:»/ € {O,p - [p]’p - [p] + 17""p} and
1 < r,r" < [p]+ 1. The product above is a factorization with respect to
independent noise terms. We have also used the stationarity of (Z;). The
new indices 71, ...,7, are defined recursively in terms of the sequence (it).
Similarly, we define ~{,...~. from (¢;). To define v, first we count the
number of times the index i1 appears in Z = {i1,...,ip}. If i1 # i,
we put 71 equal to this count, otherwise, we set v; equal to this count plus
p — [p]. Then, we look for the next index different than i, say i;, and set
Y2 as the number of repetitions of 4; in Z plus p — [p] if ij # dj)41. We
continue in this way until the indices ¢, and ~, are defined as previously.
We stop as we recognize that all the indices iy, ir41,- - , 441 have already
been considered. Therefore, 1 + --- 4 7, = p. In an identical fashion, we
define ~/,...~., from (¢;). Moreover, notice that for every v € {y1,...,%}

and 7' € {1,..., 7}

-1 -1
0iy || 0i,—t| VEl ZoJ x0T [\ Zo ]

’ — et — et /
< (il lei, Bl Zo/xn " PN Zo /P2,
- _—1 - _—1 ,
< (e Zo /w0 PP (I0i, 4| PR Zo /w0 PP])7 /2P
The key property v1 + -+ 4+ +71 + -+ + 7. = 2p yields

P(Zo > zn) = [[n++v=p P(Zo > a:n))(”””’)/?p.
Vit =P
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In this case, we can apply Karamata’s Theorem to each one of the expecta-
tion terms. Readily,

Z?:lcOV(I[pH-l,Otv I[p]+1,tt)/P(ZO > xp)

n
< Zt:lzily'”ﬂ:[p]+1 Z L1y lp 1 H’Y/1+"'+’Y/r:P
|ij|>s,ij;£s ZjE{ilft,...,i[p]+17t} 71+"’+7T/:p

— ¢ 71 _— ‘—1 ,
(i [PEl Zo/zn ™ [2P1)V/2P (|05, —o|PE[[ Zofan " [2P])7/2P
(P(Zy > xy,))r+7)/2p
< CZi1,~-',i[p]+1 > L1, Lp 41 >t
|z']-|>s,i]-;£s ij{il—t,...,i[pH_l—t}

p(a*ff) s _t’“/(a*/f).
vy

[Tn++v=p |<Pz‘7
Vit =P

= Czn,...,z‘[p]“ Z O Z?leij’(a—n)hpej_t‘(a_,i).
lij|>s,i57s  €€{in—t . ipp)p1—t}

c(p+ 1)(Z|i|>s "Pi|(a_m))p(2jez|¢j|(a_n))p-

where ¢ > 0, is a constant of no interest. We conclude by letting s — oo
that (C.78) holds for [ = [p] + 1. Similarly, this arguments can be extended
for I = 1,...,[p]. Overall, this shows (C.76) holds, and this concludes the
proof. O

N

C.2. Proof of Theorem 5.6. For p > /2, we aim to apply Theorem 3.1.
First, notice condition (5.42) yields ||¢¢||, < oco. For all kK > 0, consider
a sequence (z,) such that z, € (n*TY/® ) 4o0). Proposition 5.4 implies
then that conditions AC, CS,, hold, and nP(|Xo| > z,) — 0, as n — oo.
Fix & > 0, and x,, = O(nT1/(PAra)),

Furthermore, since there exists e such that ||(¢;)||a—e < 00, then condition
M is automatically satisfied by definition of Q. In addition, for the a-cluster
based estimators from Section 4 in (4.24) (4.27), and (4.32) we need to check
S holds. For this we verify the conditions of Lemma 3.1. Actually, Equation
(3.89) has already been demonstrated in Proposition 5.4; and it suffices to
follow the lines of the proof of Equation (C.78). We can therefore conclude
that S holds for the a-cluster based estimators from Section 4 in (4.24)
(4.27), and (4.32).

Finally, to apply Theorem 3.1 it suffices to verify the S-mixing conditions
MXj holds. Next, we show MXg also holds. Choose (k) as in (A.49).
Then, there exists €, ¢ > 0, and a constant ¢ > 0, such that

(C.79) mp/kn = 1/(c(p)bnP(|Xo| > 4,))
14+ =% S k(ate
< cal™I b, = cby oAt
_1+p7\éa+6/

N

cby,
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This follows using Potter’s bounds. Let £, = b%l_e) such that ¢,/b, — 0.
Finally, applying Proposition 5.5, we can find ¢ > 0 such that the relation
below holds

_leDa a .,
maBe, Jkn = O(b, T P,

Then, taking p > 1+ % + e yields m, 5, /k, — 0. In this argument, we
can choose ¢ > 0 to be arbitrarily small. Then, assuming (5.42) entails
mnﬁgn / kn — 0.

Moreover, let § > 0 be as in (3.18). Since p > 2(1+1)+3+ 2

o
tion (5.41) yields > ;2 Bf/<2+5) < o0o. In this case, there exist ¢ > 0 such
that

equa-

< (p—Da  « 5
- o (- A

g (mn By, [kn)2t0 = O(by Tta Tarp T9210) )

t=1

Furthermore, for p > «/2, notice p > 3+2/a > 1+ (1+ «)/(a A p). Sim-
ilarly as before, notice ¢ > 0 can be made arbitrarily small. Putting ev-
erything together, we conclude that (3.21) holds. This completes the proof
that M X3 holds. Since MXg holds we can apply Theorem 3.1. Finally, in
our setting notice that the sequence (k) satisfies

kn ~ c(p)nP(|Xo| > zp,) = o(nby, ™).

This follows using Potter’s bounds. This concludes the proof of Theorem 5.6.
O

C.3. Proof of Proposition 5.8. Let (X;) be the stationary solution to
the SRE (5.43) as in Example 5.7, satisfying RV, for a« > 0. Then, (X;)
admits the causal representation in (5.46), where ((A¢, B;)) is a sequence of
iid innovations. Then, backward computations yield

(C.80) X, = ILXg+R, t>1,

where for 1 <7 <¢

t
(081) Hit = Az ce At, Rt = ZHjJrl’tBj,
j=1

with the conventions: Il ; = IlI;, and II; ;s = Id. Notice that the remaining
term Ry is measurable with respect to O‘((Ai, Bi)lgigt), and is independent
of the sigma-field o ((X¢)i<0)-

Condition AC has been shown for Theorem 4.17 in [42]. We focus on
showing CS, holds for p € (a/2, cv).

To begin, note condition CS,, was borrowed from Equation (5.2) in [12].
For p € (0,a), and sequences (z,,) such that n/x}, — 0, as n — oo, we
have nE[|X/x,|P] — 0, thus our condition CS, and Equation (5.2) in [12]
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coincide. More precisely, we show

P X/ 1 = EUX /2 1] > 0)
(C.82) lim lim nP(IX1| > @) -

For this reason, we focus on showing (C.82) holds. Actually, we show be-
low that, for (x,) as in Proposition 5.8, condition CS, holds over uniform
regions A, = (x,,00) in the sense of (C.87). Further, for the purposes of
completeness, we show (C.87) holds generally for sequences (x,) such that
nlP(|Xo| > z,) = 0, as n — oo in the setting of Example 5.7.

Let p € (a/2, ), and consider a sequence (x,,) satisfying the assumptions
of Proposition 5.8. Consider the region A, = (z,,0), and consider x € A,,.
An application of Chebychev’s inequality yields

(C.83) P(|IXpn/a 1B — El X1 /2 2] >6) < 2n62) I,
t=0

such that we denote I; = Cov(|Xo/x [P, |X:/z |P).
Let (II;) and (R;) be as in (C.81) such that (X;) satisfies Equation (5.46).
We define a new Markov chain (X}):>¢ satisfying

with X, independent of (X;) and identically distributed as Xy. We can
see (X}) as the solution of the SRE (5.43) for the sequence of innovations
((A},Bj)) where (A}, B)) = (A, By) for ¢ < 0 and (A}, B});> is an iid
sequence independent of (A, By), distributed as the generic element (A, B).
Then, following the notation in (C.83), we can rewrite I; as

I = E[Xo/a'[P[Xi/z "] — E[[Xo/a [P|X] /2" |P]
< E[Xo/z P (|Xe/x [P = X} /x P) ]
E[[Xo/z"[7 (|X¢/al? — [Xi/al?) | 1(|Xe /2] < )U(1X} /2] < €)]
FE[[Xo/zn [P [Xe/2 [PL(XG /2| > €)]
= i1+ Iio.

We show that I; ; is negligible letting first n — oo, and then € | 0. For this,
we consider two cases. First, assume p > 1. Then, for the first term I; 1, a
Taylor decomposition yields

Iiq
€ 2 € 2 _
< pE[[Xo/z PIX o — Xe /x| X Ja" + (X[ [z — X /z™ )P
€ 2
= pE[[Xo/z PILX}/z — I Xo/z |

€ 2 _
x| X} /" 4+ € (LX) /o — X[z )P,

/A
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for some random variable £ € (0,1) a.s. In the last equality, we have used
the definition of (X’) in (C.84). Moreover, we can bound I;; by

_ € 2 Cip—
Ly < p2VPVE[Xo /" PILX] /o — X/ || X, /2 P71
+p2V D R (X /2P XG Jx — 1 Xo/z |7

Now, an application of Jenssen’s inequality, Potter’s bounds, and Kara-
mata’s theorem, yield

Ly < cE[[Xo/z 2R [ X,/ 2]/
¢ (B[ | Xo/z" [PIE[|TL|S, °|P(1Xo| > 2))
= O((P B[ ) PP Xo| > 2)), @0 > a0,

for constants ¢ > 0, g > 0. Moreover, under the assumptions of Example 5.7
we have E[|TI;|5," %] < 1 for t sufficiently large. Thereby, we conclude

1/2

N

el0 np—oo

(C.85) limlimsup » 1,1 /P(|Xo| > z) = 0.
t=1

We now come back to the case where p < 1. In this case we can use
a subadditivity argument and we conclude by similar steps that relation

(C.85) holds for all p € (a/2, ).
Now, concerning the second term I; o we have

Lp = E[Xo/a'’ [Xe/a [PL(X}/2| > €)]
< E[[Xo/a [P Xo/z [PL(X}/2| > )]
+E[Xo/z' |7 | Re/a [PL(X] /2] > €)]
+E[|Xo/z' [ L(|TLXo /x| > €)L(|X}/2| > ¢)]
= O(E[Xo/z [P|E[|R;/z [PL(X]/z] > €)]).

Therefore we have,

S La/P(Xol > 1) = O(mE[Xo/a'"]).

Assume (z,) is such that there exists £ > 0 satisfying n/azﬁ/\(afn) — 0, as

n — oo. Then,
P([|[ X0 /2 1 — B[ X1/ 5] > )

C.86) lim li = 0.
(C.86) lim lim_sup nP(Xy| > o)

Moreover, if n/zh — 0 then E[HX[Ln]/wEHg] — 0 for p € (a/2,a). In this
case, CS,, holds uniformly over the region A,.
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On the other hand, note that we also have I; = O(S;). Therefore, if we
consider a sequence (£,) such that ¢,, — oo, n — oo, then we can have

(C8N)P(|1X 1,0 /n" Hp E{|X1,0/n 5] > ) /nP(|Xo| > )
< 2né2 th+ > L)/nP(|Xo| > ).

t=Cln+1
n

< OUnE[Xo/z, [P]+ Y L/P(1Xo| > 2n))
t=Cn+1

n
(C.88) < OUnE[Xo/z, [Pl + Y B/P(Xo| > ) = Ji+ Jo.
t=Cn+1

where in the last bound we use the covariance inequality for the (f;) mixing
coefficients. Furthermore, the bound in (C.87) consists of two terms as
(C 87) < J1+ Jo. If we want J; to go to zero as n — oo we can choose £, :=
xb™°, for some § > 0. Now, for the second term Jo, we first note that it is
null 1f £, > n by convention. Otherwise we recall that the mixing-coefficients
(B¢) have a geometric decaying rate. Thereby, there exists p € (0,1) such
that we can bound the second term Js by

T2 = Oty 10" /P(1Xo| > zn))
O(p" /P(|Xo| > zn))
< O(p x(a+6))
Therefore, Jo — 0 as n — oo by plugging in the value we set for £,,. Overall,
we conclude that for all sequences (z,) such that nP(|X,| > z,) — 0,

then lim,,_,~ (C.87) = 0 and this shows (C.82). Moreover, we also saw this

convergence holds over uniform regions A,, = (x5, 0), in the sense (C.86),
PA(a—K)

if we assume in addition n/zy — 0, as n — oo. Finally, this shows
that CS, holds and this concludes the proof of Proposition 5.8.

C.4. Proof of Theorem 5.10. Our goal it to verify that we can apply
Theorem 3.1 as we combine Proposition 5.8 and 5.9. First, notice for all
k> 0, if we consider a sequence (z,,) such that z,, € (n"+1/ (A0 4 0), then
conditions AC, CS, hold thanks to Proposition 5.8. Since ¢(p) < oo in
(2.8), Proposition 2.2 holds and the time series admits a p—cluster process
Q). Fix k > 0, and z,, = O(n"t1/ P ),

We focus now on the verification of the mixing condition MXg in The-
orem 3.1. Applying Proposition 5.9, there exists p € (0,1) such that the
coefficients (3;) satisfy 8; = O(p'). Moreover, if we choose (k) according to
(A.49) as in the linear model case then there exists €, ¢’ > 0, and a constant
¢ > 0, such that

— 14—
/\a
mn/kn < cby P 5
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and thus Y277 (m, By, /kn ) 2+0) = O(pn9/(2+9)(b,,)¢), which goes to zero as
n — oo. Moreover, for all n € (0, 1), choosing ¢,, = by, we have m,,S3, /kn —
0, b,/t, — 0, as n — 0. Therefore, we have verified MXg holds. This
concludes the proof of Theorem 5.10 since all assumptions of Theorem 3.1

are verified.
It remains to verify that M and S hold. To verify M we check E[||Q[|2"¢] <

a—e
00. We use the definition of Q, a telescoping sum argument and the time-

change formula to obtain
E[IIQII5*E]

ok [ (ZteZ ’et‘a—e)(a—i-e)/(a—s) ]
1ela*s

B . (S |9, o) (ate)/(a=e) _ (it 19, o) (ate)/(a=e)
- 27 ela™ }

JEZ

= ZE[\@ | (Zt>0 \etla_a)(aJrs)/(a_e) _ (Zt>1 ‘et|a—s)(cx+5)/(a_e)}
J |elate

JEZ

(X0 1042 5) 0¥/ (0=2) — (57, ’et|a_a)(a+6)/(a_6)}
1Bl

e @)/ (0me) oo (o) /(a—e)
< E[(;w ) (;eﬂ ) |-

By convexity of the function g(z) = z(*t)/(2~¢) we obtain

(1+Z|et|a75><a+a)/(a—a> - (Z| et’H)(aﬁ)/(a_a)

:E[

t>1 t>1
a+¢e .\ 2¢/(a—e)
< o (Xer)
o g =1
a+e
< LY e
o — &
t>1

The latter expression is integrable because E[|Al5] < 1 and E[|©,*] =

E[JA;--- AZ] < E[|A|’§p]t/“ for every ¢ < 2x. Thus M holds in Exam-
ple 5.7.

Finally, to verify S we rely on Lemma 3.1. Actually, Equation (3.89) has
already been demonstrated in Proposition 5.8; and it suffices to follow the
lines of the proof of Equation (C.83). We can therefore conclude that S
holds for the a-cluster based estimators from Section 4 in (4.24) (4.27), and
(4.32). O

Lemma 3.1. Consider (X;) to be a time series with values in (R%,|-|), and
consider the a-cluster based estimators from Section 4 in (4.24) (4.27), and
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(4.32). Assume there exists n > 0 such that « —e —n > €/2 and

— 0 — 0
E[(11X[1,0)/%n llazt = E[IX,n)/2a [2Z)°]
3.89 li . :
(389)  Jim nP(IX1] > )
Then, condition S holds.

< 00

Proof. Proof Lemma 3.1 For this we appeal to Remark 4.3, which shows
the functionals 0f;/0q|q=a and supgcia—ca+d 0% f,/0¢*| 4=y are continuous
functions in G4 (¢%). Moreover, we take the example of the extremal index
in (4.24) with f(x) = ||x||%/]|x[|&, as for (4.27), and (4.32) similar calcu-

lations yield the desired result. Then, to verify S note that on the event
X nllgy > @6, } We have, for ¢’ > a —,

Ofe(Xi1,m) |
dq q=q

||X[1n]|!goz": X, |7
= — 7 log (|| X1y lloo /1K)
X mlly = 1%l

n

’Xt’afﬁ

< L K

=1 [Ln]llg
1 X1, /%m0

= ———=—— < | Xpu/zallat
HX[Ln]/ﬂSnHZ‘fe 1 X[1,n] /Tl

Similar calculations yield

O fo(X1m))
) 0q? |q:‘1'

0

||X[1 n]”go ii ‘Xt‘ql |Xj|q,
= — ; 7 log (1 X p1n)lloo /X ) [ 1og (1X1 /1 Xe])|
Xl = 5= X G 1K a1

n n /
|Xt|q |X4|a—e
<2 7 o e [og (% /1)
=1 =1 I X lly X1l
< X qun)/#nlla=¢

n n /
’Xt’q |X.|afe
-2 o log (XXX /Xl < 1),
t=1 j=1 HX[l,n}Hq/ H [lm,]Hq/

= [IXpn/onlla_c + R
(3.90)
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To study (3.90) , we handle separately the two remaining terms. Regarding
the remaining term R in (3.90), note,

0 < R

n n

B D . L <l

/ —
t=1 j=1 HXu,n]HZ/ ”X[l,n]”; ‘

n n ! €
X7 IXGTT 1X
7 X ST x| L(1X5]/1Xe| > 1)
t=1 j=1 ||X[1,n]||q’ | [1771]”q’ J

log(|X¢|/[X;)L(1Xe|/1X 5] > 1)

N

Xpimllase g~ Dl
HX[LR}HZATE t=1 ||X[1,n]||g/

Then, by an application of Holder’s inequality, we obtain

1/
IXpagll2758 [~ Xy

p n
Pl (32 ) (S
— 7 t
HX[L”]”?’ ‘ j=1 HX[l,n}HZ? j=1

1/p'
R

N

Pl Rl
X g g 1% 11 e
Xunlase o
Xl e

for p > 1, and 1/p+ 1/p’ = 1. Then, we see it is enough to show that for
n<e<l,

a—2¢ e\ 1+
B[ /7R X /) LK > )]
n—00 P(HX[l,n]Hq’ > xn)
Moreover, by an application of Holder’s inequality,
a—2¢ e\ 1+
E (11X /2l 561 XK g /2nll) "L X g > 20)]
a—e\1+
< E[(HX[I,n]/‘Z'nHa—E) 77]

< EIX/zalla”c],

< Q.

where the last inequality follow by subadditivity when 7 < 1. Therefore, it
is enough to show there exists ¢, > 0 such that o — e —n > €/2,
E[||X Tpl|SZC0(||IX —een > X
o tim EIPK0a /o Kl > 20)]
n—oo P(HX[l,n} la—e > Tn)

We verify that for all €, > 0 such that & — e — n > €/2, and (3.91) holds
and an application of Lemma 3.1 yields the desired result. Indeed, notice
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for all 6 > 0,
El| X n/znllaZe L1 X nlla—e—n > n)]
P> X1 n)lla—e > zn)
E[||W6||Zi§]1(\|x[1,n]||afe—n > Tp)]
P(IXpmlla—e > 22)
Ell1Xpn)/2n o=l (X n)lla—e—y > n)]
P(IXp mlla—e > 22)

(3.92) = I+1I,

6 6 §
and here we recall the notation Xy ,)/zn = (X1/zn ..., Xp/zn ), and

Xin)/Tn, = (X1/$n5,~.-,Xn/$n5)- Next, we treat I and II separately.
For I it is easy to see

E[| Xy /an "] nP(|Xq| > 2,)  ElXa/2n|*]

n = .
P([[X 1) la—e > 2n) P X nilla—e > ) P(Xa] > @)

Then, by an application of Karamata’s theorem we see lim,,_, I < oc.
Now to treat I, recall E[||X[17n]/a:n6||g:§] — 0, as n — oo since E[|X1]|*¢] <

oo and n/z%"¢ — 0, as n — oo. Hence, by Equation (3.89), we conclude
lim,, oo (I + I1) < o0, following the notation in (3.92), and this completes
the proof. O
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