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Abstract

We consider a stationary regularly varying time series which can be expressed
as a function of a geometrically ergodic Markov chain. We obtain practical con-
ditions for the weak convergence of the tail array sums and feasible estimators of
cluster statistics. These conditions include the so-called geometric drift or Foster-
Lyapunov condition and can be easily checked for most usual time series models with
a Markovian structure. We illustrate these conditions on several models and statis-
tical applications. A counterexample is given to show a different limiting behavior
when the geometric drift condition is not fulfilled.

1 Introduction

Let {X,,j € Z} be a stationary, regularly varying univariate time series with marginal
distribution function F' and tail index o > 0. This means that for each integer h > 0,

. —h —h
there exists a non zero Radon measure vqj on R ! \ {0} such that v (R ! \ R =0
and

L P(Xo, o, X) € 2A)

ELA eres GO (1)

for all relatively compact sets A C R \ {0} satisfying vy ,(0A) = 0. The measure
Vo, called the exponent measure of (Xo,...,X}), is homogeneous with index —a, i.e.

*Department of Mathematics and Statistics, University of Ottawa, KIN 6N5 Ottawa, Ontario Canada

tUniversité Paris Nanterre, Département de mathématique et informatique, Laboratoire MODAL’X,
200 avenue de la République, 92000 Nanterre, France

fSorbonne Universités, LSTA, 4 place Jussieu, BP 158 75005 Paris, FRANCE



von(tA) =t~ *vou(A). The choice of the denominator P(Xy > x) entails that v ,((1, 00) x
R") = 1 i.e. that the right tail of the stationary distribution is not trivial and that X,
satisfies the so-called balanced tail condition.

Many statistical methods for extreme value characteristics of a time series are based on
tail array sums of the form

M(0) = s D 0y Xyaa) ). (1.2

for a ﬁxedinon negative integer h, a non decreasing sequence {u,} such that lim,,_,. u, =
lim,, oo nF(u,) = oo and a measurable function ¢ on R"** such that E[|¢((Xo, . .., Xp)/u,)|] <
oo for all n. An important example is the tail empirical distribution function, defined by

To(s) = ﬁ Zl{Xj > Upst, (1.3)

J=1

which is used for the estimation of univariate extremal characteristics such as the tail index.
We are interested in the weak convergence of the centered and renormalized process

M, (¢) = /nF (un) {My(¢) — E[Mn(¢)]} - (1.4)

There is a huge literature on this problem. Essential references are Rootzén et al. (1998)
which investigate weak convergence of tail array sums, Drees (1998, 2000, 2002, 2003) who
developed techniques to study tail empirical and tail quantile processes for S-mixing time
series, Rootzén (2009) which reviews the results for the functional convergence of the tail
empirical process in the case of i.i.d. and weakly dependent (strong or S-mixing) univariate
time series. Recently, Drees and Rootzén (2010) investigated the weak convergence of
{M,,(¢), p € G} as a sequence of random elements in the space (- (G), where G is a class of
functions. Drees et al. (2014) applied the latter reference to the estimation of the empirical
distribution function of the spectral tail process (see definition in Example 2.10).

In all these references, results are proved under strong or S-mixing conditions and under
additional assumptions guaranteeing the existence of the limiting variances and tightness in
the case of functional convergence. These additional conditions are notably hard to check
and have been verified for a handful of particular models such as solutions of stochastic
recurrence equations (including some GARCH processes) and certain linear processes such
as AR(1) processes. See e.g. Drees (2000, 2003) and Davis and Mikosch (2009).

The main purpose of this paper is to show that for time series which can be expressed
as functions of an underlying Markov chain, these results can be proved under essentially
a single, easily checked condition, namely the geometric or Foster-Lyapunov drift condi-
tion. See (Meyn and Tweedie, 2009, Chapter 15). In order to use it in the context of
extreme value theory, the drift function must have an additional homogeneity property.



This geometric drift condition was first used in the context of extreme value theory by
Roberts et al. (2006) who used it to prove that the extremal index is positive. It was later
used by Mikosch and Wintenberger (2013) to obtain large deviations and weak convergence
to stable laws for heavy tailed functions of a Markov chain.

The main result of this paper is Theorem 2.3 in Section 2.1 which proves the joint
asymptotic normality of tail array sums of the form (1.2) for functions of irreducible Markov
chains which satisfy the geometric drift condition. In the first place, irreducibility and the
drift condition imply that the time series is [-mixing with geometric decay of the (-
mixing coefficients. Then, it is possible to use the regenerative properties of irreducible
Markov chains to obtain the bounds and other ingredients needed to prove the central
limit theorem, such as the existence of the limiting variance and asymptotic negligibility.
The link between this condition and those used in the literature will be discussed at the
end of Section 2.1. In Section 2.2, we will strengthen the finite dimensional convergence
to functional convergence over classes of functions. Such a strengthening is needed for
statistical applications.

The geometric drift condition is well known and has been established for many models
in the Markov chain literature, but in order to be useful for extreme value problems, the
drift function must have some homogeneity properties. In Section 2.3, we will provide a
practical method to obtain a suitable drift function.

The geometric decay of the S-mixing coefficient is actually not an essential ingredient
of the proof of our results. However, as illustrated in Section 2.4, there are examples
of non geometrically ergodic Markov chains for which the centered and normalized tail
empirical process has a non Gaussian limit, the normalization being different from the
usual \/nF(u,). Thus the geometric drift condition cannot be relaxed easily and it is
the subject of further research to find practical sufficient conditions for non geometrically
ergodic Markov chains.

The rest of the paper is organized as follows. Section 2 contains our main results on
functions of Markov chains, examples and the aforementioned counterexample. Section 3
contains a central limit theorem for tail array sums and Section 4 contains the proof of the
results of Section 2.

2 Main results for functions of Markov chains

Our context is a slight extension of the one in Mikosch and Wintenberger (2013). We now
assume that {X;,j € N} is a function of a stationary Markov chain {Y;, j € N}, defined
on a probability space (€2, F,P), with values in a measurable space (F,£). That is, there
exists a measurable real valued function g : £ — R such that X; = g(Y;).

Assumption 2.1. (i) The Markov chain {Y;,j € Z} is strictly stationary under P.



(11) The sequence {X; = g(Y;),j € Z} is reqularly varying with tail index o > 0.

(i1i) There exist a measurable function V : E — [1,00), v € (0,1) and b > 0 such that for
ally € F,

EV(Y1) [ Yo=y] <V (y)+b. (2.1)

(iv) There exist an integer m > 1 and xo > 1 such that for all © > xq, there exists
a probability measure v on (E,E) and € > 0 such that, for all y € {V < z} and all
measurable sets B € £,

P(Y,, € B|Yo=y)> ev(B). (2.2)

(v) There ezist qo € (0,a) and a constant ¢ > 0 such that

| < V. (2.3)
(vi) For every s > 0,
E[V(Yo)i{lg(Yo)| > uns}] < o0 (2.4)

i 1
1msup —(—=-——
n—>oop U%OF( n)

Under Assumption 2.1, it is well known that the chain {Y;} is irreducible and geomet-
rically ergodic and E[V(Y)] < oo. This implies that the chain {Y;} and the sequence
{X;} are f-mixing and there exists ¢ > 0 such that £, = O(e™“"), where {f,,n > 1}
is the [-mixing coefficients sequence; see (Bradley, 2005, Theorem 3.7). This is a very
strong requirement. However, it is satisfied by many time series models. We will provide
in Section 2.3 a fairly general methodology to check Assumption 2.1.

2.1 Convergence of tail arrays sums

Throughout the paper we will write @, for (z4,...,2), a < b € Z, for any sequence
x = (2j)jez. For ¢ > 0, let £, be the space of measurable functions ¢ defined on R"*!
such that

(i) there exists a constant € > 0 such that |¢(x)] < e 1(|x|?V 1)1{|z| > €} for x € R*FL;

(ii) for all 7 > 0, the function @ j1, — ¢(x; ;4+4) is almost surely continuous with respect
to Vo j+h-

Note that £, C L, if ¢ < ¢’. As an important example, the continuity condition is satisfied
for functions of the form @ — ¥(2)1(_ooujc(z), for u € [0, 00)" ™\ {0} and a continuous
function v, because of the homogeneity of the exponent measures.
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Lemma 2.2. Under Assumption 2.1, for ¢ € Ly,

o*(x)von(dz) + Z/ d(xon)o(x) )| Vo j+n(dx) < 00 . (2.5)

Rh+1 J+h+1

This lemma will be proved in Section 3.1. Therefore, for ¢, ¢’ € L, /2, we can define

6)= [ Slawonlda) +2Z / O(@0) (@ Wogn(dz) . (26)

C(6,6) = 510*(6+ ) — *(6) ~ (&)} 2.7

Let M be a Gaussian process indexed by Ly, /2 with covariance function C'. Our main result
is the finite dimensional convergence of the sequence of the processes M, defined in (1.4)
and indexed by L, for ¢ < go/2. The proof is given in Section 4.2.

Theorem 2.3. Let Assumption 2.1 hold and let {u,} be an increasing sequence such that

lim u, = lim nF(u,) = +oo (2.8)

n— o0 n—oo

and there exists 7 > 0 such that

lim log'*"(n)F(u,) =0 . (2.9)

n—oo

Assume moreover that either ¢ = 0 or there exists § > 0 such that q(2 + 9) < qo and

. log'™(n)
lim —& Y __q. 2.10
s {nF ()} (2.10)

Then M,, =% M on L,.

Comments on the assumptions

Theorem 2.3 is obtained under Assumption 2.1 and the very mild restrictions (2.8), (2.9)
and (2.10) on the choice of the sequence w,. This simplicity is due to the Markovian
assumption. In the literature on the fidi convergence of tail array sums for general mixing
time series, assumptions are usually more involved. We briefly review some of them.

In the first place note that the geometric drift condition implies that the [-mixing
coefficients decay geometrically fast. This allows to apply the blocking method for the
proof with blocks of size r, of order log”"(n). Even though [-mixing is restrictive, it is
a commonly made assumption and conditions which ensure for § mixing are well known.
Geometric ergodicity may also be considered restrictive since it excludes many Markov
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chains, but as will be illustrated in Section 2.4, non geometrically ergodic Markov chains
may have a non standard extremal behaviour and in particular may have a vanishing
extremal index. See e.g. Roberts et al. (2000).

In the literature, the convergence of the variance of the sum within one block is often
assumed: e.g. (Rootzén et al.,; 1998, Theorem 4.1) or Rootzén (2009). For the tail empirical
process (1.3) and other bounded functions which vanish in a neighborhood of zero, the
following condition, introduced by Smith (1992), has been used:

Tn

lim lim sup ZIP’(Xj > ups | Xo > ups) =0. (2.11)
M= pooco
j=m

See for instance Drees et al. (2014) whose Condition C is equivalent to (2.11). For sums
of unbounded functions (which vanish in a neighborhood of zero), ad hoc conditions are
usually assumed to ensure convergence of the block variance and the Lindeberg asymptotic
negligibility condition for the central limit theorem; see for instance (Leadbetter et al.,
1988, Condition 4.2) and (Drees and Rootzén, 2010, Condition 3.15). In this paper, we
consider an extension of (2.11) to unbounded functions. We will prove in Lemma 4.3 that
if o € L, for ¢ < qo/2, then Assumption 2.1 yields

i sy 3 BN S O Kolful (g

This property in turn will allow to prove convergence of the variance and also some technical
conditions related to tightness in the functional central limit theorem. Again, this is a
consequence of geometric ergodicity which may seem to be a high price to pay, but on the
other hand the condition (2.11) does not hold for the example of Section 2.4.

2.2 Statistical applications

For statistical purposes, we will consider the process M, indexed by a class G of func-
tions and convergence of M, to M must be strengthened to weak convergence in /. (G),
in particular in order to replace the deterministic threshold w,, by an appropriate sequence
of order statistics. The general theory of weak convergence in (. (G) is developed in
van der Vaart and Wellner (1996) and Giné and Nickl (2016) and was adapted in full gen-
erality in the context of cluster statistics in Drees and Rootzén (2010). We give here an
illustration adapted from (van der Vaart and Wellner, 1996, Theorem 2.11.1). We state it
under the simplifying assumption of linear ordering since it is sufficient for the forthcom-
ing examples. More sophisticated examples can be treated as in Drees and Rootzén (2010)
using entropy conditions but are beyond the scope of this paper.

We say that a class G of functions is pointwise separable (cf. (van der Vaart and Wellner,
1996, Section 2.3.3)) if there exists a countable subclass Gy C G such that every g € G is
the pointwise limit of a sequence in G.



Let pj, be the pseudometric defined on £, by

P (0,0) = vou((¢—1)?) .
Note that pj is well defined under the assumptions of Theorem 2.3 which imply ¢ < /2.

Theorem 2.4. Let the assumptions of Theorem 2.5 hold and let G C L,. Assume moreover
that

(i) G is pointwise separable and linearly ordered;
(ii) the envelope function ®g = supyeg |9| is in Ly;
(iii) (G, pr) is totally bounded;

(iv) for every sequence {8, } which decreases to zero,

E{¢(u, Xon) — ¥(u, Xon)}?]

lim su su Z =0. 2.13
Ph(,9)<én

Then M, = M in (o (G).

The proof is in Section 4.3.

In order to obtain convenient expressions for the limiting variances, we consider the
tail process {Y}, j € Z}, introduced in Basrak and Segers (2009) and defined as the weak
limit (in the sense of finite dimensional distributions) of the sequence {X;/x,j € Z} given
that | Xo| >z, as v — oo: for i < j € Z,

P((Yi,...,Y;) €)= lim P(z7(X;,..., X;) € - | | Xo| > 7). (2.14)

T—00

Then |Yp| is a Pareto random variable with tail index «. The spectral tail process {©;,j €
Z} is then defined as ©; = |Yp|~'Y}.

As a first corollary of Theorem 2.4, we obtain functional convergence of the univariate
tail empirical process. Note that contrary to most of the related literature, we do not have
additional conditions to ensure existence of the limiting variance or tightness. Geometric
ergodicity of the underlying Markov chain is sufficient.

Corollary 2.5. Let the assumptions of Theorem 2.3 hold. Let 0 < so < 1 < ty and assume

moreover that

F(up
()

lim \/nF(u,) sup
n—00 s0<s<to

=0. (2.15)




Then,

nk(uy,) {ﬁ Z H{X; > ups} — S_O‘} =W, (2.16)

in Loo([S0,to]), where W is a Gaussian process with covariance function

cov(W(s), W(t)) = (s Vi)~ +ZE 0;/t) AN (1/8)}5 +{(0;/5) A (1/1)}5 [ G0 = 1] .

Assume that F' is continuous and let & = k(n) be an intermediate sequence of integers,
that is lim, .o k = lim, . n/k = 0o. Assume that the sequence w, is such that k =
nF(u,). Let X,; < -+ < X,., be the increasing order statistics. Consequently, by
Vervaat’s lemma (Resnick (2007, Proposition 3.3)) we obtain that X,,.,,_x/u, — 1. For
statistical applications, the deterministic threshold u, will be replaced by X,.,_x. Define
the processes M,, and M on £, by

Mn {k‘z¢ nn—=k Jj+h>_V0,h(¢>} ’

M(¢) = M(¢) — vo,n(¢)M(1(1 00)xrr) -

Corollary 2.6. Let the assumptions of Theorem 2.3 and (2.15) hold. Let 0 < s < 1 < tg
and let Gy C L,. Define G = {¢s, ¢ € Go, s € [s0,to]} with ¢5(x) = ¢p(x/s). If G satisfies
the assumptions of Theorem 2./ and

EW(J{o,h/(UnS))]

lim V& sup sup

=00 s0<s<to ¢p€G

— s_o‘uoﬁ((ﬁ)‘ =0, (2.17)

then M,, = M on (o (Gy).

Remark 2.7. The term vq,(¢)M(1(1 ojxrn) is an effect of the random threshold. Condi-
tions (2.15) and (2.17) allow to get rid of the bias terms. These conditions are certainly
fulfilled for some choices of k but they might be in conflict with (2.10) if the convergence
in the definition of regular variation is very slow. However, conditions (2.15) and (2.17)
are generally obtained by means of so-called second order conditions which yield polyno-
mial rates of convergence. We do not pursue in this direction, nor in the very important
practical issue of a data-driven choice of k, both problems being largely beyond the scope
of this paper.

The proof of Corollaries 2.5 and 2.6 is in Section 4.4. We now give several examples.

Ezample 2.8 (Estimation of the (cluster) large deviation index). Assume for simplicity that
the random variables X; are nonnegative. For A, = {zo+ -+ x5, > 1} we consider the
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following quantity which exists by regular variation:

1 . PXo+--+ X, >2) 1 1

= ! > = Ap) = — da) .
Bt 1o F(z) o) = Ah”"”‘( 7)

b+7h

If {X,} is a sequence of i.i.d. regularly varying nonnegative random variables, then b, ;, =1
for all k. In general, regular variation implies that (h+1)"' < b, ; < (h+1). It is shown
in Mikosch and Wintenberger (2014) that the drift condition (2.1) implies that

by = lim by, € [0,00) .
h—o00

The quantity b, thus defined is called the cluster index and is related to the large devi-
ation behavior of the partial sums 37, Xj; see Mikosch and Wintenberger (2014). No
estimators of b, have been provided yet in the literature. Here we consider an estimator
of by . Define

n

Z 1{Xj + -+ Xj+h > Xn:n—k} .

Jj=1

oo
T k(h + 1)

With the notation of Corollary 2.6, by j, = v (¢) with ¢(x) = (h+1)"'1{zo + - + x5 > 1}.
The class Gy consists of the single function ¢ and G = {¢s, s € [so,to]}. The class G is
pointwise separable, linearly ordered and its envelope function is ¢, which belongs to L.
Conditions (iii) and (iv) of Theorem 2.4 are checked in Section 4.4.1, while (2.17) becomes
P(Xo+: -+ X, >u,
lim VEsup | L0 T X > wns) o g g (2.18)

n—00 5>50 F(uy)

Therefore, under the assumptions of Theorem 2.3 with ¢ = 0 and (2.18), we can ap-
ply Corollary 2.6 and we obtain

A~

\/E(bnrl-,h —byin) = N(0, U—2i-,h> )
with

U—2i-,h = b+7h{b+’h — 1/(h + 1)} + Qi {Z(h + 1)_a_2X

i=0
PY_; <1,....Y<LY, i+ - +Yy>h+ 1Y, i+ +Y i >h+1)

j=1

b
- hihl {POYj+ -+ Yien > 1)+ P(Yoj 4+ Yojup > 1)} + (b p)*P(Y; > 1)} :

Ezample 2.9 (Conditional tail expectation). We assume for simplicity that the time series
{X,} is non negative and has tail index o > 1. Then the following limit exists:

OzE[@h]
a—1

1 [ee]
lim —E[Xh | XO > SL’] = / / T u07h(dw) = E[Yh] = = CTEh . (219)
zo=1JRY

r—00 I



Indeed, regular variation implies that the distribution of z7!(Xj, ..., X},) conditionally on
Xy > x converges weakly to the probability measure equal to v, restricted to [1,00) x R"
and if o > 1, Potter’s bounds ensure that !X, is uniformly integrable conditionally on
Xy > z. Define

~ 1o~ X
Con=-=Y —2 91X > X, x}.
h kZ_;Xnn—k { ! ’ k}

]_
The bias condition (2.17) becomes

E [X)1{Xo > )]

lim vk sup ()

n—00 s0<s<to

— CTE,s' ™| =0. (2.20)

In order to apply Corollary 2.6, we assume that o > 2. We set ¢(x) = zp1{xg > 1},
Go = {¢} and G = {¢s, s € [s0,t0]} with 0 < sp < 1 < to. The class G is pointwise
separable, linearly ordered and its envelop function is sy x,1{zo > s¢} which belongs to
Lo; it is totally bounded for the metric p, and Condition (2.13) holds (see Section 4.4.2
for a proof of the latter two points).

Thus we obtain, under the assumptions of Theorem 2.3 with ¢ = 2,
VE{Cup = CTE,} % N(0,03) .
with
or = E[(Y;, — CTE,)?] + 2 f:IE[(Yh — CTE)(Yj4n — CTE,)1{Y; > 1}].
j=1

Ezample 2.10 (Estimation of the distribution of the spectral tail process). For h > 0, let
Ly, be the distribution function of the spectral tail process Oy, at lag h,

P([Xo| > 2, Xy < [Xo|y)

L =l R.
An estimator En,h of Ly, is defined by
~ 1 <&
Ln,h(y) = E Z 1{|X]| > Xn:n—k}l{Xj-‘rh S |X]|y} ) (221)
i=1

where k is a non decreasing sequence. For y € R, define the function J, on R"*! by
Jy(®) = H{|zo| > 1}1{z), < [aoly}

and set Ly (y) = M(Jy) — Lu(y)M(1(1 o] xr" )-

10



Theorem 2.11. Let the assumptions of Theorem 2.3 with ¢ =0 and (2.15) hold. Assume
that the distribution function Ly, of ©y, is continuous on |a,b] with a < b € R and for each
y € la,0],
P(|Xo| > s, Xy < |X )
lim VE sup |LUR0l> s Xn S [Xoly) oy o0l g (2.22)

n=—ro0 s50<s<to F(un)

where u, is such that k = nF(u,). Then \/E(Enh — L) =5 Ly, on [a,b].

The proof is in Section 4.4.3. We only consider fidi convergence since a proof of tight-
ness for a two-parameter process would be much more technical since the linearly ordered
property of the class of functions would fail to hold. Under additional assumptions on
the distribution of the spectral tail process and if the bias condition (2.22) holds uni-
formly on [a, b], tightness with respect to y could be proved by the same techniques as in
(Drees and Rootzén, 2010, Example 4.4) for a plausibly slower rate of convergence.

Consider a univariate non negative Markov chain which in addition to Assumption 2.1
satisfies ©;41 = A;110;, j > 0 where {A;,7 > 1} is a sequence of i.i.d. random variables
with the same distribution as ©. This is the case for most usual Markovian time series,
see Janssen and Segers (2014). For h = 1, we can calculate

var(Li(y)) = P(61 < y)P(01 > y) .

This is the same as the variance found in (Drees et al.; 2014, Corollary 5.2) for their forward
estimator which instead of using a random threshold replaces the scaling k£ by the random
number of exceedances of the Markov chain {X;} above the deterministic threshold w,,.

2.3 Checking Assumption 2.1

We now show how to check Assumption 2.1. Irreducibility and the drift condition (2.1)
are well known for most Markovian time series models, but the link with the conditions of
extreme value theory has not been yet fully investigated. Janssen and Segers (2014) used
the functional autoregressive representation of most Markov chains to obtain conditions for
the whole time series to be regularly varying when the stationary distribution is regularly
varying. We build on this approach to check Assumption 2.1. Assume that {Y;, j € N} is
a R%valued Markov chain which admits a functional autoregressive representation

Y = @Y, Zja) . j =0, (2:23)

where {Z,Z;,j > 1} is a sequence of i.i.d. random variables with values in a measurable
space E and ® : RY x E — R? is a measurable map. Fix a norm || - || and denote the unit
sphere by S971. We assume that there exist gy < o, (;,( > 0 and a map V : R? — [1,00)

11



such that

Glllel v 1)® < Vi) < Gzl v1)*, (2.24a)
sup ]|~ E[[| (2, Z)[|*] < oo, (2.24b)
. EV(®(z,2))]
l|l|g|l|il£ V(x) <1. (2.24c¢)

Under these conditions, (2.1) holds. Indeed, under (2.24c), we can choose v € (0, 1) such
that for r sufficiently large

E[V(®(z, Z))]
sup <.
o> V(x)
The upper bounds in (2.24a) and (2.24b) ensure that E[V (®(x, Z))] is bounded on compact

sets, and the lower bound in (2.24a) ensures that V' is unbounded outside compact sets;
thus (2.1) holds.

In most examples, {Y;} is itself a regularly varying time series and g is a homogeneous
function, so that {X;} is regularly varying and (2.4) holds by the conditions |g|?* < ¢V
and (2.24a). We now consider two examples.

AR (p) with regularly varying innovations

Convergence of the tail empirical processes of exceedances for infinite order moving averages
has been obtained in the case of finite variance innovation; for infinite variance innovations
it was proved only in the case of an AR(1) process in Drees (2003). We next show that
Assumption 2.1 holds for general causal invertible AR(p) models.

Corollary 2.12. Assume that {X;} is an AR(p) time series
Xj IQOlXj_1+"'+30pXj_p+€j, jZ 1,

that satisfies the following conditions:

o {c;} is a sequence of i.i.d. random variables, regularly varying with index o whose
common density possesses an absolutely continuous component;

e the spectral radius of the matrix

Y1 Y2 P3 “p

1 0 0 0

A= 0O 1 0 0
0 0 1 0

1s smaller than 1.

12



o if <2, then > " |pi|" <1 forr =min{l,a}.

Let {Y;,j > 1} be the RP-valued vector-autoregressive Markov chain
Y; =AY; 1 + Z; (2.25)
with
Y= (X, Xjpr1)", Zy=(5;,0,...,0)".

Then there ezists a norm || - || on R? such that Assumption 2.1 holds with V (x) = 14 |||/
for any qp < a.

Proof. Under the stated assumptions, the Markov chain {Y;,j > 1} is positive Harris
recurrent on RP, all compact sets are small sets, see (Alsmeyer, 2003, Example 2.6 (d));
the stationary distribution is given by Y; = Y77 AFZ;_; and is regularly varying, see
Hult and Samorodnitsky (2008). The AR(p) process admits the representation (2.23) with
® given by

O(x,z) = Az + =z .

Therefore (2.24a) and (2.24b) hold for V- = 1+ || - || for any norm | - || on R? with
o(x,z) = Az and for any ¢ such that E[|g¢|?] < co. We must show that there exists a
norm such that condition (2.24c) is fulfilled. Let A be the spectral radius of the matrix A.
Fix € such that v = A + ¢ < 1. Then there exists a norm (depending on A) such that

sup ||Az| <v;
xERP
[le|lp=1

see e.g. (Douc et al., 2014, Proposition 4.24 and Example 6.35). This yields (2.24c) with
V(x) =1+ [Jx|v. O

Threshold ARCH

We consider the Threshold-ARCH model. It was proved to have a regularly varying sta-
tionary distribution by Cline (2007). We show here that it satisfies Assumption 2.1.

Corollary 2.13. Let £ € R. Assume that {X;} follows a Threshold-ARCH model,

X; = (bio +bu X7 )"2Z1{X;_1 <&+ (boo + b X7 )2 Z1{X;1 > €}, (2.26)
that satisfies the following conditions:

® D19, b11,b20, 021 > 0;
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o {Z;,j € L} is a sequence of i.i.d. random variables such that E[|Z,|°] < oo for all
B>0;

e the distribution of Zy has a bounded density with respect to Lebesgue’s measure not
vanishing in a neighbourhood of zero;

o Ellog{|Z|(v/b111{Z; < 0} + Vbs11{Z; > 0})}] < 0.

Then the Markov chain {X;} is an irreducible and aperiodic chain; its stationary distribu-
tion is reqularly varying with indexr o obtained by solving

VPE[| Z1*1{Z, < 0}] + b3 K[| Z,|*1{Z, > 0}] =1 . (2.27)
Assumption 2.1 holds with V(z) = 1+ |z|®(69*1{z < 0} +b%*1{z > 0}) for any ¢ < o
Proof. The statements about ergodicity and the tail of the marginal distribution are proved
in Cline (2007). The chain has the representation (2.23) with
O(x,2) = (bio + bua®)*21{zx < &} + (by + bunz®)*21{z > ¢} .

Thus (2.24a) and (2.24b) hold for all gy > 0. For gy < o, set Ay, = b%/°E[| Z1|*1{Z, < 0}]+
bg‘i/zEHZﬂ‘ml{Zl > 0}]. Then (2.27) guarantees that \,, < 1 and it is readily checked that
L EV(®(r, 7))

=N < 1.

This proves (2.24c). O

2.4 A counterexample

Considering the sum of an i.i.d. regularly varying sequence and a non geometrically ergodic
lighter tailed Markov chain, one can easily see that the geometric drift condition is not
a necessary condition for the results of Sections 2.1 and 2.2 to hold. However, when
the geometric drift condition does not hold, it is easy to build counterexamples of non
geometrically ergodic Markov chains which exhibit a highly non standard behaviour of
their tail empirical process. In particular, their extremal index is 0. We now provide a toy
example of such a non standard behaviour.

Let {Z;,j € Z} be a sequence of i.i.d. positive integer valued random variables with
regularly varying right tail with index 8 > 1. Define the Markov chain {Xj;, 7 > 0} by the
following recursion:

X, =

J

Xj—l —1 if Xj—l > 1,
Zj lf Xj—l - 1 .
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Since 5 > 1, the chain admits a stationary distribution 7 on N given by

, n>1.
E[Zo]

m(n) =

To avoid confusion, we will denote the distributions functions of Zy and X (when the initial
distribution is 7) by F and Fl, respectively. The tail Fx of the stationary distribution
is then regularly varying with index o = g — 1, since it is given by

= oy El(Zo—[a])4]  aFy(x)
Fx(x) = E[Z]  BE[Zy

r— 00 . (2.28)

We assume for simplicity that P(Zy = n) > 0 for all n > 1; this implies that the chain
is irreducible and aperiodic and the state {1} is a recurrent atom. The distribution of
the return time 71 to the atom {1}, when the chains start from {1}, is the distribution
of Zy. Hence the chain is not geometrically ergodic since under the assumption on Z,
E,[xk™] = E[x%] = 0o for all kK > 1. Moreover, the extremal index of the chain is 0, by an
application of (Rootzén, 1988, Theorem 3.2 and Eq. (4.2)).

Let {u,} be a scaling sequence. Consider the tail empirical distribution function defined
n (1.3) and T,(s) = E[T;,(s)] = Fx(u,s)/Fx(u,). Let {a,} be a scaling sequence such
that lim,, . nP(Zy > a,) = 1.

Proposition 2.14. o Iflim, oo nFz(u,) =0, then lim,_,o P(Tn(s) #0)=0.

o If3 € (1,2) andlim, o nFy(u,) = 0o, then there exists a 3-stable random variable A
such that for every s > 0, a;'nFx (uy){Tn(s) — Tn(s)} = A.

o If3>2 lim, o nFy(u,) = 0o and sy > 0, then the process s — \/nF’Z(un){Tn(s) —
T,(s)} converges weakly inN]D)([so, o0)) equipped with the Skorokhod Ji-topology to a
centered Gaussian process G with covariance function

Nt stP
C’(s,t):(ﬁjL ) 8 : s<t.
B(B—1) g
Remark 2.15. In the standard situation (for example, under the geometric drift condition),
a non degenerate limit is expected if nFx(u,) — 0. Since Fx(up) ~ up,Fz(uy,), it may
happen simultaneously that nFx(u,) — oo and nFyz(u,) — 0. The appropriate threshold
is determined by the distribution of Z; and not by the stationary distribution of the chain.

3 Central limit theorem for tail array sums

In this section we prove the central limit theorem for tail array sums in the general frame-
work of a strictly stationary regularly varying -mixing sequence with values in R
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3.1 Finite cluster condition

The main tool to prove our results is a modified form of the condition (2.11). Precisely, let
{¢;,j € Z} be a regularly varying stationary R%valued sequence. Let |- | be an arbitrary
norm on R? and let H be the distribution function of |&y|.

Assumption 3.1 (Condition S(u,,r,,1)). Let {u,} and {r,} be sequences which tend
to infinity, {r,} being integer valued, and ¢ : RY — R be a function which vanishes in a
neighborhood of zero (i.e. there ezists € > 0 such that ¢ (x) = 0 if |x| <€). Forall s,t >0,

im limsup > B [[(séo/ ) 1601, /)] = 0. (S(ttns 7,0))

1
L—00 nyoo  H(Uy) farat

Note that by stationarity,

Y Eld(séo/u)llvtE/uw)ll = Y El(sE/un)lle(to/un)] -

L<—j<rn L<j<rn

Therefore Condition S(u,,,r,,1) can be equivalently written as a one-sided or a two sided
sum. Note also that for bounded v Condition S(u,,7,,) is implied by (2.11) applied to
{&}. An equivalent formulation of (2.11) is condition (C) of Drees et al. (2014).

By assumption, for j > 0 the vector (&,...,§;) is regularly varying so we can define
the exponent measure jio; of (&, ..., ¢;), that is the Radon measure on R¥*1\ {0} such
that

i PG &) € 24)

for relatively compact sets A in R¥T1\ {0} such that ig;(0A) = 0. For j = 0 we simply
write pg for pog. Note that if d = h+ 1 and & = (Xo, ..., X}), then pg is proportional to
the measure vg, appearing in (1.1). For measurable functions ¢, ¢, define formally

L(¢, ¢/) = o ¢(wo)¢,($o)ﬂo(d$0)

£ [ folenda) + e @) (e, 61

with z = (x, ..., x;) € RV, In order to provide conditions for the series in (3.1) to be
summable, we define the following set of functions.

Definition 3.2. Let 1 be a non negative function defined on R?. The space My is the set
of measurable functions ¢ defined on R having the following properties:
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o |¢| < cst -1, where cst depends on ¢;

e forall j >0, the function defined on RWU*Y by (g, ..., x;) — ¢(x;) is almost surely
continuous with respect to fig;.

Obviously, M, is a linear space.

Lemma 3.3. Let {;,j € Z} be a strictly stationary regularly varying sequence and let H
be the distribution function of |&|. Let {u,} and {r,} be non decreasing sequences tending
to infinity, {r,} being integer valued. Let 1) be a non negative measurable function which
vanishes in a neighborhood of zero, satisfying Condition S(u,,,r,,1) and for which there
exists 0 > 0 such that

s [v* Go/un)] _

Sup ) (3.2)

Then for all ¢, ' € My, the series defining I'(¢, ¢') in (3.1) is absolutely summable and

I(6.6) = Jim —E (Z ¢><£j/un>> (Z ¢'<£j/un>>] (33)
If moreover
lim r, H(u,) =0, (3.5)

then

[(¢,¢/) = lim % <Z B /1), Y ¢’(€j/un)) . (3.6)

7j=1 7=1
Throughout this section, we will use the following notation. Set

us = &5/ 1)« ()= [ oladola(da) . >0,

Proof. Since M, is a linear space and by the identity 2zy = (z + y)* — 2? — y?, it suffices
to prove these identities for ¢ = ¢’. We restrict ourselves to non negative functions
¢, the extension for general ¢ € M, being straightforward. We must first prove that
condition (3.2) ensures that the coefficients c;(¢) are well defined. Since the support of
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¢ is bounded away from zero and vague convergence coincides with weak convergence on
such sets, if ¢ is bounded, then the continuous mapping theorem yields

. E[(bn,o(bn,j] o
Jim Thw) (o) - (3.7)
If ¢ is unbounded and condition (3.2) holds, then for all A > 0, applying Markov and
Holder inequalities, we obtain

Eln00n.i1{[dnoPn,4l > A}l 52 B[ (Eo/un)]
b k2 ul b 9 < —
lgrolo 11:;11_) Solip () hm cst- A™ ilill) )

This allows to use a truncation argument and prove that (3.7) holds.

=0.

We now prove that the series I'(¢, ¢) is summable and without loss of generality we
assume that ¢ is nonnegative. Fix n > 0. Applying S(u,,r,,?) and the fact that ¢ is
bounded by a multiple of 1, we can choose L such that, for every R > L

lim Z ¢n O¢n =1%n,0%n,j]

n—oo

This yields that for every n > 0, large enough L and all R > L, Zf: 1 ¢i(¢) < n and this
means that the series ) 7%, ¢;(¢) is summable and that (3.4) holds. To prove (3.3), write

B (2 asn,j)z} )

T H (uy,)

nO 9 1— ¢n0¢n] 9 - I, E[Qén,OQSn,j] )
-+ Z O T J;l A T

By Condition S(u,,r,, w), for every > 0, we can choose L in such a way that the last
term above is less than 7. This yields
L
[¢TL ]QSTL]
— -2
2 i) Z (9

1<5,7'<rp,

lim sup
n—r oo

Since the series Zle cj(¢) is convergent we can also choose L in such a way that > 7%, | ¢;(¢) <
1. This yields

5 Elonsions] _pey ) < 3y

lim sup
1<4,5'<rn rnH (un)

n—o0

Since 7 is arbitrary, this proves (3.3). Finally, with

we have

var(S,(¢))  E[S%(¢)] r2(E

[$n0])®  E[SE(9)]
o H (uy,) o H (u,,) roH () roH(uy) + O(rnH(uy)) -
).

Under condition (3.5), the last term is o(1). This proves (3.6). O
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3.2 Fidi convergence of tail array sums

In this section, we prove a theorem on convergence of tail array sums which complements
the results of Rootzén et al. (1998) and (Drees and Rootzén, 2010, Theorem 2.3). We
show that under S-mixing, condition S(u,,7,,) is the main 1ngredlent of the proof of the
central limit theorem.

Define the process W,, on M, by

W, (¢) = Z{cb (&/un) —E[o(&o/un)]} , &€ My .

\/nH(u

Theorem 3.4. Let {¢;,j € Z} be a strictly stationary regularly varying sequence and let H
be the distribution function of |&o|. Let {u,} and {r,} be non decreasing sequences which
tend to infinity, {r,} being integer valued, such that

lim u, = lim nH(u,) =occ0, lim r,H(u,)=0. (3.8)

n—oo n—oo n—oo

Let ¢ be a function which vanishes in a neighborhood of zero and such that S(u,, 7., )
holds. Assume that either v is bounded or there exists § € (0, 1] such that (3.2) holds and

Tn

lim 5 =0. (3.9)

=% (nH (uy))

Assume that the sequence {&;,j € Z} is [-mizing with coefficients {B,,n > 1} and there
exists a sequence {{,} such that

by, — 00, Lyfry, — 0, lim npy, /1, =0. (3.10)
n—oo
Let W be a Gaussian process indexed by M, with covariance function I' defined in (3.1).
Then W,, 2% W on M.

Remark 3.5. It is possible to find sequences ¢,, and r, that satisfy (3.10) if the S-mixing
coefficients 3, satisfy 3, = O(n™®) for some a > 0. A suitable choice is then r, = n® and
l,=n"withO<n<({<land(+an>1.

Proof of Theorem 3.4. Since M, is a linear space and I is a quadratic form, it suffices to

prove the central limit theorem for an arbitrary ¢ € My,. Fori=1,...,[n/r,], define
Sui(@) = Y (& /un) s Sni(d) = Sni(¢) — ElSni(e)] . (3.11)
J=(i=1)rp+1

Arguing as in (Drees and Rootzén, 2010, Lemma 5.1), Condition (3.10) implies that it
suffices to prove the central limit theorem for the sum with independent blocks of length 7,
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having the same marginal distribution as the original blocks ({u-1)r,+1, - - - &r,) and that
we can remove a smaller block (&, ¢, 11, .., &, ) of size £,, at the end of each large block.
To this end, we must prove the convergence of the variance and the Lindeberg asymptotic
negligibility condition on the sum of independent big blocks. By Lemma 3.3, we already
know that

. var(Syi(e)) . Var( ;llﬁb(fj/un)) B
P T i O

Since ¢, < 1y, S(uy, r,,v) implies S(uy, £,,1%) and hence the limit above holds with r,
replaced with ¢,,. By ¢,,/r, — 0, this also entails that

1 <
7}1_{20 rnT(un)V&r <; ¢(5j/un)) =0.

This means that the small blocks do not contribute to the limit. Therefore, we only need
to prove the asymptotic negligibility condition. This is done in Lemma 3.6 in the bounded
case and Lemma 3.7 in the unbounded case. O

Lemma 3.6. Let i be a bounded non negative function which vanishes in a neighborhood
of zero and such that S(u,,,r,, 1) holds. If (3.8) holds, then for alln > 0 and all p € M.,

iy B SN 8,(0)] > o ()]

n—0 1, H(u,)

i B (5201150 (6) >yl (u)}| =0.

n—0 rnH(un)

Proof. Write for brevity v, = \/nH (u,), S,(¢) for S, 1(¢) and S, (¢) for S,1(¢). At the

first step we note that the centering can be omitted. By the assumptions on ¢ and regular
variation, E[|¢, 0[] = O(H(u,)) for all ¢ € M, and ¢ > 0 which implies E[S,(¢)] =

O(rp,H (uy,)). Since 1, = o(n), we have, for large enough n,

{1901 (&) > ny/nH (un)} < 1{]801(0)] > ny/nH (un)/2} .

Since 7 is arbitrary, we can remove the centering from the indicator. Furthermore,

—= B [S2(8)1{]9n (@) > nun}]

1 2
- MT(UH)E [Sn((b)l{‘sn((b” > m]n}} + =
= B[SO, > )] O A . 12
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Hence, under condition (3.8), it suffices to study the main term on the right hand side of
(3.12), which is developed as I} + 215 with

ZE AISHO) > )]s B= s 3 3 Elonibni {154(0)] > )]
n i=1 j=i+1

By (3.6) and the Hélder inequality, we have E[|S,(¢)|] = O(\/r,H (u,)). Applying Markov’s
inequality and the boundedness of ¢, we obtain

I < v ZM
n) j=1

7]Un7’n

Fix a positive integer L. Since ¢ is bounded, we have

Z Z [|¢n.itn | 1{]Sn (@)] > nvn}] (3.13)

Z Z [|¢n,in.[1{1Sn (9)| > nun}] (3.14)

i= L+1] i+1

Un Z Z Ell¢n,i¢nl] - (3.15)

i=L+1 j=i+L+1

n

TL

Since ¢ is bounded, the terms in (3.13) and (3.14) are each bounded by
LH<Z>Hoo
ZE |0n.5[1{[5n (9)] > non}] = o(1) ,

by the same argument as for ;. Thus,

2 o
L =o0(1)+ ) i;lE[wn,o%u . (3.16)

By Condition S(u,,,,1), the last expression in (3.16) can be made arbitrarily small by
choosing L large enough. O

We extend Lemma 3.6 to the case of unbounded functions, at the cost of the extra
restriction (3.9) on the sequence {r,}.
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Lemma 3.7. Let 1 be a non negative measurable function which vanishes in a neighborhood
of zero, such that Conditions S(u,, r,, 1), (3.2), (3.8) and (3.9) hold for the same 6 € (0, 1].
Then for alln > 0 and all p € My,

o ) -
iy B[SO, (0)] > o ()]
~lin B SRS, 0)] > e ()] =0

Proof. We follow closely the proof of Lemma 3.6 with appropriate modifications. Recall
that we have set v, = \/nH (u,). Since ¢ € My, Lemma 3.3 implies that E[S,(¢)] =
O(\/rnH (u,)) and thus the centering can be removed inside the indicator. The calculations
leading to (3.12) are still valid in the unbounded case. Since § € (0, 1], we have by Markov
inequality,

h=0 (G i S BRSO
~0(5) s S B ol = 0 () o),

21]1

by (3.2) and (3.9). As for Iy, the second term in (3.16) is handled again by Condition
S(ty, 70,7). Applying Markov inequality, the term in (3.14) is bounded by

n 14 n
S X n El|¢nol**]

W;THUH > D D Ellndldnllénsl’] < W’

i=0+1 j=i+1 k=1

on account of the extended Hélder inequality with p=¢ =246 and r = (24 §)/5. This
again is o(1) by (3.2) and (3.9). The term in (3.13) is treated analogously. O

4 Proof of the results for functions of Markov chains

Let {X,,j € Z} be as in Section 2. We will apply the results of Section 3 to the sequence
{&,7 € Z} defined as & = X j4n = (Xj, ..., X,4s) which is also regularly varying. Since
the distribution of X satisfies the balanced tail condition and the right tail of X is not
trivial, Xy and || are tail equivalent.

We first recall some consequences of the geometric drift condition. Under condi-
tion (2.2), the chain {Y;} can be embedded into an extended Markov chain {(Y;, B,)}
such that the latter chain possesses an atom A, that is P(s,-) = P(t,-) for every s,t € A,
where P is the transition kernel of the extended Chain This existence is due to the Num-
melin splitting technique (see (Meyn and Tweedie, 2009, Chapter 5)). Denote by E, the
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expectation conditionally to (Yo, By) € A and let 74 be the first return time to A of the
chain {(Y}, B;),7 > 0}. Note that 74 is a stopping time with respect to the extended chain,
but not with respect to the chain {Y,}. We assume that the extended chain is defined on
the original probability space (€2, F,P) and that the extended chain is stationary under P.
Then, by (Meyn and Tweedie, 2009, Theorem 15.4.1) for ¢o as in Assumption 2.1, there
exist k > 1 and a constant cst such that for all y € F,

TA
YR | Yo =y

i=1

TA
E EZ:KJV%¥3)|‘Y0=:y

=1

<cE < stV (y) . (4.1)

By Jensen’s inequality, this implies that for all ¢; < qo, there exists k1 € (1, k) such that

TA
D RIXG|T [ Yo = y| < stV (y) . (4.2)

J=1

E

Moreover, Kac’s formula (Meyn and Tweedie, 2009, Theorem 10.0.1) gives an expression of
the stationary distribution in terms of the return time to A. For every bounded measurable
function f, it holds that

TA—1

E{f(¥0)] = g-—Ex [Z FY)] - (1.3

Since V' > 1, the inequality (4.1) integrated with respect to the stationary distribution
implies that E[x™] < oc.

4.1 Checking the finite cluster condition

In the present context, the anticlustering condition S(u,,,r,,1) can be re-written as

Tn

Y Elv(sXon/un) [0t X 4n/un)l] =0, (4.4)

j=L+1

lim limsup =——
L0 mnsY F(uy)

where [ is the distribution function of Xj.

Let | - | denote an arbitrary norm on R"*!. In this section, we prove that for all € > 0
Assumption 2.1 implies the condition (4.4) for the function 1), defined by

Ve(a) = [z]*P1{|z] > ¢} .
This will be done in Lemma 4.3 below. First we introduce some notation and prove two
preliminary results. For 0 < s < oo define

1
ul® F(uy,)

@n(s) = E [V (Yo)1{[Xo| > uns}] .
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Lemma 4.1. Let Assumption 2.1 holds. For every sq > 0, there exists a constant Cy > 0
and kg > 1 such that for g1 + q2 < qo and s > sg,

1 A
7 )E > 1{|Xo| > sun}HXo/un| X /un|® | < Corg " QTR0 (s) (4.5)
Uy, -
j=L

Proof. Let k be asin (4.1). Let the left hand side of (4.5) be denoted by S,,(s). Conditioning
on Yy and applying (4.2), we obtain that there exists kg € (1, k) such that

Sn(s) < cst- kgt E [V%/%(Yo)| Xo/tn|"1{| Xo| > st }]

ul F(uy,)
F(uy,s)
L n
< cst - Ky WE [VqQ/qO(YoﬂXo/un‘ql | [ Xo| > suy]
F(uy,s)
L n
S cst - Ro mE [V(qu-qz)/qo (Yo) ‘ |X0| > sun] .

Applying Jensen’s inequality to the conditional distribution given |Xy| > w,s, we obtain

. F(uys)
L " (@1+a2)/
Sn(s) S cst - Ro m (E [V(YO) | |X()| > Sun]) av4z)/90
- F(uns) _ F(un) (q1+492)/q0
= cst - KOLu%ﬁqu(un) B[V (Yo)1{|Xo| > sun}] /F(u,)) "o (%
F . 1—(q1+42)/q90
= cst - KJO—L ( F(g; i)) ngﬁqz)/q()(s) ) (4.6)

This yields (4.5) since F(u,s)/F (u,) is uniformly bounded on [sy, 00) and 1—(q1+¢2)/q0 >
0. O

Lemma 4.2. If Assumption 2.1 holds, r,F (u,) = o(1), and q1 + ¢ < qo, then

7F(Z )IE [”Z | Xo| > su, }1{|X;| > sun}| Xo/ua| ™| X/ u.|?| =0(1), (4.7)

=7a+1

uniformly with respect to s > sg.

Proof. Let the left hand side of (4.7) be denoted by R,(s). Then, by the strong Markov
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property,

rn+h
Ruls) < sl | H1Xo] > s} Xo [ E L;f{"x” > nso X /ual™ | Y,
1 r rn+TA+h
= T )E 1| X0l > wnso} [ Xo/ua"E | Y 11X > unso}| X /ual® | Yo,
n L Jj=Ta+1
1 rn+h
< —(un)E[l{lXol > unso | Xo/un|"] Ea 2 [ X;] > unSo}IXj/unl‘”] :
j=

By classical regenerative arguments, Kac’s formula (4.3) and regular variation, we obtain
as n — oo (and since h is fixed),

rn+h

TA
T'n
Ea | 20 11X > o} X /unl |~ g B | DL > tnso} X /|
j=1 J=1
_ a2 _
< 1 () AP = 2o X0

This yields, applying again the drift condition, Condition (2.4) and Jensen’s inequality,
sup R, (s) = O(rp)E [1{| Xo| > unso}| Xo/wn|"]

$>50
_ E Vql/qO(Yo) | ‘X(]‘ > UnpSo
= O(r,F(uy)) [ o }
_ E[V(Yo) | | Xo| > wnso] \ ™/
= 001 () (HELL = 2l TRy,
]
Lemma 4.3. Let Assumption 2.1 hold. Then S(uy, Ty, ) holds.
Proof. For j > h, we have
0 < [Ye(Xon/un)|[0e( X jjin/un)]
h
Sostu,® Y H{IXG | > e X [P X iy | > une} [ X (4.8)

i1 izyis,is=0

For all i,7, we can write

| X;| > une}| Xir Jun |72
= 1{|X;| > une 1{| Xy | < tne}| Xi/tun|®? + 1{| X;| > une}1{| Xi | > wne}| Xir J1, |7
< 1| Xi] > unele®? + 1{| X | > une}| Xy Jun|
< H{|X;| > tn€}| X /1|77 + 1| Xy | > unel| X fun |72
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Thus, we can restrict the sum in (4.8) to the set of indices (i1, s, 13,74) such that iy = iy
and i3 = i4. For L > h and i,7 < h, we have by Lemmas 4.1 and 4.2 and by stationarity,

1 S
By BL 20 MG > s X0 > s} X 2 ]
Unp ‘
j=2L
1 " qo/2 q0/2
< FraBL 2 M0l > s Xl > s H X a2 X i)
n j=2L
1 rn+h
< Ty Bl 20 MKl > wns {1 > s HXo ual™ 21 /a7
" j=2L—h
1 -
< T | 2 HIXol > unshi{lX; | > uns}|Xo/un\q0/2|xj/un|%/2]
n j=L

1 rn+h
+ F( )E [Z H{|Xo| > ups}1{|X;| > uns}|X0/Un|q°/2|Xj/un|qO/2]
un .
=7a+1

< cst kg PQu(s) +o(1) .
where the o(1) term is uniform with respect to s > s¢. The bound (2.4) in Assumption 2.1

implies that @, is asymptotically uniformly bounded on [sy, 00). Therefore,

Tn

1
lim sup — E[Zl{|X0| > U L{|X | > UnsH Xo/un| 2| X Jun] 72| = O(s7") .

n—00 F(un) s

Since kg > 1, this proves (4.4). O

4.2 Proof of Theorem 2.3

Fix ¢ < qo/(2 + ). We apply Theorem 3.4 to the sequence &; = (Xj,...,X;4n), j € Z in
order to prove that M, =% M on My, for each € > 0, where hg is defined on R"™ by

hee(x) = |@|"1{|z| > €} . (4.9)

Since L, = Ues9 My, ., this will prove Theorem 2.3.

q,€e?

(i) Assumption 2.1 implies S(ty,, 7, hg,e) (cf. Lemma 4.3 and note that hy, o = 1) and
B-mixing with geometric rate. Therefore we can choose 7, = log'*"(n) and ¢, = clog(n)
for ¢ large enough so that (3.10) holds.

(ii) Since ¢(2 4+ d) < qo, assumptions (2.3) and (2.4) imply that Condition (3.2) holds for
Y = hge.

(iii) With r, as above, Conditions (2.9) and (2.10) are exactly (3.8) and (3.9).
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4.3 Proof of Theorem 2.4

Let o(R"™) be the set of R"*!-valued sequences & = (z;) ez such that lim; . |2;| = 0.
Let H, be the set of functions f defined on £o(R"!) for which there exists ¢ € L, such
that

= d(m;), xE LR,
JEL
Since functions in £, vanish in a neighborhood of zero, the series has finitely many non

zero terms and the function ¢ is uniquely determined by f and will be denoted ¢/. We
define a pseudometric p on H, (with ¢ < go/(2+ 0) by

pP(f,9) = pr (07, ¢%) = von({0 — ¢°}%) . (4.10)
Let {r,} be as in (i) of the proof of Theorem 2.3 and let m, = [n/r,]. Set X,; =
Up (X (=11, (= Drmtht 1 - « - s Xirnirn+n) and identify it with an element of lo(R"1) by

adding zeros on both sides. Then

Lni(f) = [(Xps) = Z ¢! (un X j) Z Zni(f)
=i~ Dra+1
Zo(f) = n;(u (@) = BZa(1)

Let Z be the Gaussian process on H, defined by Z(f) = M(¢’). Under the assumptions
of Theorem 2.3 and with r, = log”"( ), we have

\/% Z {7 (u, X j10) — B! (u, Xo4)]} = 0p(1) .
NEUn) i (0 /7] +1

Moreover, since the envelope function belongs to £,, we can apply Lemma 3.3 (in view of
Lemma 4.3) and we obtain

su - u nF(uy) E[® (_no/un)]
feg‘l\\/ﬂn(¢) } m] %LHQQ nj/ n) + nF(un) F ()

= Op (\/Z) +0 (%) — op(1) .

Thus Z,(f) = M, (¢7) + op(1) uniformly on H, and Z, =% Z on H,,.

We define the subclass G of H, associated to the subclass g of £, by G={f:f(x)=
> ez ®(®;), ¢ € G} Arguing as in (Drees and Rootzén, 2 Proof of Theorem 2.8), i
order to prove weak convergence of Z,, it suffices to prove the tlghtness of the process Z;
summing independent copies of Z;, ; of Z, ; indexed by the class G. For this purpose, we

apply Theorem A.2.

i
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— The pointwise separability of G implies that G is also pointwise separable.

— The property (4.10) yields that (QA , p) is totally bounded since (G, py,) is totally bounded
by assumption.

— Since the envelope function ®g is assumed to be in £, and £; = U.5o My, o, Lemma 3.7
implies that the Lindeberg condition (A.2) holds.

— We now check (A.3). For f,g € G, we have

pUJ.9) = Jim oo (Xoafi) = 6 (Koafu) ). (111)

Since the envelope function of G is in £, there exists € > 0 (which depends only on G) such
that |¢/|V|¢?] < e 'h, (defined in (4.9)). Set ¢, ;j = ¢/ (X jin/un) — (X j+n/un). For
every integer L > 0, by stationarity, we have

1 2
THF(UH)E[{Zn,l(f) — Zn1(9)}]
2 & 2 &
< F(un) ;E [|¢n0||¢n]|] + mj;rlﬂz [|¢n0||¢nj|]
< A ;EZE)[ "70] + F(Ezt ) Zn E [hq,e(XO,h/un)hqvﬁ(vaﬂ-h/u")] :

By Lemma 4.3, for every 1 > 0, we can choose L such that

Tn

1
lim Sup = E [h ,E(X ,h/un)h ,e(X j,J h/un)] < n. (412)
oo F(un) j;l q 0 q J:3+

Applying this bound and the assumption (2.13) yields, for any sequence ¢,, decreasing to
zZero,

. 1
limsup sup — E [(Zn1(f) - Zn,l(g))ﬂ <n. (4.13)
"L rufn)

Since 7 is arbitrary, this proves (A.3).

— Since G is linearly ordered, so is G thus it is a VC subgraph class and the entropy
condition (A.4) holds by (Giné and Nickl, 2016, Theorem 3.7.37).

We have checked all the assumptions of Theorem A.2.  Therefore, Z} and hence Z,
converges to Z in £, (G) and since M(¢/) = Z(f) by definition, this proves our result.
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4.4 Proof of Corollaries 2.5 and 2.6

We first apply Theorem 2.4 with G; = {I, = 1(5o0)xrn; 5 € [s0,T0]} for 0 < 59 < 1 < .
Then

(Lo It) = |s — |7 < asg® s — 1] .

The class G; is pointwise separable, linearly ordered and totally bounded for the metric
pr. Condition (2.13) holds by regular variation and the uniform convergence theorem. The
envelope of Gy is I, which belongs to £,. This proves Corollary 2.5.

We now prove Corollary 2.6. Set
Bui(s) = VI{E[M,(1)] = 57}, Bua(s) = VE{E[M,(6,)] — vou(es)} -

By conditions (2.15) and (2.17), we have lim,, , SUpse(s, 1] Bnii(s) = 0, i = 1,2. Using
this bound and v, (¢s) = s~V x(¢), we obtain after some algebra,

Vi (J\j\f[z(g:)) - Vo,h(¢)) _ M, (¢s) — Vo,h(¢)Mn(I]s\;nzll:)o,h(@Bn,l(5) + By2(s)
o Mn(¢s) - Vo,h(¢)Mn(IS) + 0(1)
a M, (1) 7

the term o(1) begin uniform in s € [sg, ty] and ¢ € Gy. Moreover,
M, (1) = s~ + k7'M, (L) + k™2 Bp1(s) = 57 + 0,(1) ,

again uniformly in s € [sg, ty]. Therefore,

M, (¢s) _ M, (¢s) = vou(9)M,, (L) + o(1)
VE (S0 ) - Luako L Ry
the terms op(1) begin uniform in s € [sg,to] and ¢ € Gy. Set (, = Xpm—g/uy,. Since

Mn([C'rL) = ]'7

i 0) = Vi (340 - vuale) )

and ¢, — 1 (see comments after Corollary 2.5), we finally obtain that

1, 9) = Moli) = Vol OMTe) £ OL) 1 (g) — (0101 )
on £ (Go).
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4.4.1 Proof for Example 2.8

By homogeneity of vy, the semimetric p, on the class G for this example becomes, for
Sp < s5<t,

pi(¢s>¢t> =von({H{zo +---+ap> s} —1{ag + -+ 25, > t}}?)
=von(Ap)(s7—1t7%) <cst-(t—s).

Thus (G, pr) is totally bounded. Moreover, by regular variation and the uniform conver-
gence theorem, the convergence

lim F(Z )E [{1{ X0+ + Xp > sun} — 1{Xo + -+ + X > tun}}?] = pj (s, 1)

is uniform on [sg, to)?. Thus (2.13) holds.
4.4.2 Proof for Example 2.9

Since a > 2, the semimetric p, on the class G for to this example becomes, for sq < s < t,

Pin(ds, &) = E[{s™ V31 {Yp > s} — ¢ Vi1{Yy > t}}7]

_ QE[G%] —« —« 1 —a+2
aE[e3], .

< — — < (F — )

< a—2(8 ™) <ecst- (t—s)

Thus (G, py) is totally bounded. Moreover, by regular variation and the uniform conver-
gence theorem, the convergence

1
lim ———F [{s7'X,1{X, > su,} —t " X1{Xo > tu,}}?] =
n—oo u2 F'(uy,)

is uniform on [sg, to]?. Thus (2.13) holds.

4.4.3 Proof of Theorem 2.11

Consider sets
Coy(x) = {x € RM ¢ || > 5,2 < |20y}

for sp < s <ty and y € [a,b]. The fidi convergence on the class {1¢,,,50 < s < tg,y €
la, b]} is a consequence of Theorem 2.3. We only need to prove tightness over s € [sg, o] at
one point y in order to conclude the tightness over a finite collection of points ¥, . ..., ys,
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k > 0. Define the linearly ordered class G = {1¢,,,s0 < s < to}. The class G is pointwise
separable and its envelope function 1¢, , is in £o. We now prove that (G, pr) is totally
bounded. For sy < s < t, we have

Pr((te,, —1c,)?) ={s7"+t7" = 207"} Ly(y)
<sTOHETY -2 < asy* s —t] . (4.15)

Thus the class (G, py) is totally bounded. Moreover, the convergence

) 1
lim ———B [(1{]Xo] > su,}1{Xs < [Xoly} — 1] Xo| > tu1{Xa < [Xoly'}) *

N—00 F(un)

= {57t = 2(s V1) T} Lu(y)

is uniform on compact sets [sg, ty] because of monotonicity. Therefore (2.13) holds.

5 Proof of Proposition 2.14

Let N,, be the number of returns to the state 1 before time n, that is
N, =) 1{X; =1}
5=0

Set also 0_1 = —00, 09 = Xg—1land o; = X0—1+Zi:1 Zy, 41 for j > 1. Then, {N,} is
the counting process associated to the delayed renewal process {o,}. That is, for n,k > 0,

N,=k<so_1<n<og,

Since E[Zy] < oo, setting A = 1/E[Zy], we have N,,/n — X a.s. With this notation, we
have, for every s > 0,

S 1K > s} = (60— s + 3 (Zoyir ~ sl +50, (6)

where ¢, = (n — on,) A (Zn, — [uns])+ is a correcting term accounting for the possibly
incomplete last portion of the path. Since ¢, = Op(1), it does not play any role in the
asymptotics.

e Consider the case lim,, o nF7(u,) = 0. Then, for an integer m > \,

P (fj(zj ~ [uns])s # o) < B(N, > mn) + P <Z<Zj — [uns])s # o)

j=1 7j=1

<P(N, >mn)+P3j5€{1,...,mn}, Z; > [u,s])
< P(N,, > mn) +mnFy([u,s]) — 0, n — oo.

This proves our first claim.

31



We proceed with the case lim,, o nFyz(u,) = co. Using (2.28) and (5.1) we have

Z{l{Xj > upst — P(Xo > ups)} = Zn:{(Zale — [uns])+ — E[(Zo — [uns])+]}
4 (Xo — [uns])s + 50+ {Now — ME[(Zo — [uns])s] . (5.2)

e Consider the case nFy(u,) — oo and 8 € (1,2). Since lim,, o E[(Zy — [u,5])+] = 0, we
obtain, for every s > 0,

;" Y {1{X > s} — P(Xo > uys)}

= 0" S oy~ BlZ =t Y (Zey 1 Aluns] ~ B Aluns]]} + 0p(1)

By regular variation of F, we obtain
var <Z{Zj A [uns] — E[(Zy A [uns])]}) = O(ulnFy(uy,)) .
j=1

The regular variation of F; and the conditions nF(u,) — oo and nFy(a,) — 1 imply
that u,/a, — 0. Define h(x) = x+/Fyz(x). The function h is regularly varying at infinity

with index 1 — /2 > 0 and thus
U/ Fz(uy, h(un) 0

. Un,\/ nFZ(un) EERT 3 T
lim ——————— = lim ————= = lim
n—o00 an, n—o00 a, /FZ(a'n) n—o00 h(an

~—

~—

This yields

Nn

a," Y {H{X; > unsy = P(Xo > ups)} =a, Z{Z(,j,ﬁ1 —E[Zo]} + op(1) ,

J=0

where the op(1) term is locally uniform with respect to s > 0. Since the distribution
of Zy is in the domain of attraction of the f-stable law and the sequence {Z;} is i.i.d.,
{a, (o1ns) — A'ns), s > 0} = A, where A is a mean zero, totally skewed to the right (-
stable Lévy process, and the convergence holds with respect to the J; topology on compact
sets of (0,00). Since lim, ,o, N,/n = A a.s., and since a Lévy process is stochastically
continuous, this yields, by (Whitt, 2002, Proposition 13.2.1),

Nn
0" {2, 1 —BlZJ} S AN, n— oo
j=1

This proves the second claim.
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e Consider now the case f > 2. In that case, Vervaat’s Lemma implies that (N, —An)/y/n
converges weakly to a gaussian distribution. Thus, (5.2) combined with E[(Z — [uns]) ] =
O(unFZ(un))> yields

(No = A)E[(Zo — [uns])+] = Op(unFz(un)v/n) -

Next, we apply the Lindeberg central limit theorem for triangular arrays of independent
random variables to prove that

4 281—a
mz{ o = fins) = Bz~ )} 5 8 (0,2 )

By regular variation of F, we have, for all § € [2, 3),
E[(Zo — uns)’] ~ Csud Fy(u,)s*™"
with C5 = 5f1 5 12=8dz. Set

Y, () = #FZ(U){(Z]- )4 — E[(Zo — [uns]) ]}

The previous computations yield, for 6 € (2,5) and s > 0,

2528
Jgrgonvar(Y 1(s)) = CENCEDR
nud Fy (u, _ 1—6/2
Y[ =0 (ui{n%j(in)})é/Q) =0 ({nFz(un)}' =) = 0(1)..

We conclude that the Lindeberg central limit theorem holds. Convergence of the finite
dimensional distribution is done along the same lines. Tightness with respect to the J;
topology on (0, 00) is proved by applying (Billingsley, 1999, Theorem 13.5).

A Convergence in /.

Theorem A.1 (Giné and Nickl (2016, Theorem 3.7.23)). Let {Z,,n € N}, be a sequence
of processes with values in Lo (F). Then the following statements are equivalent.

(i) The finite dimensional distributions of the processes Z, converge in law and there
exists a pseudometric p on F such that (F,p) is totally bounded and for all € > 0,

lim lim sup P* < sup |Zn(f) — Zn(g)| > e) =0. (A.1)

020 n—oo p(f,9)<d
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(ii) There ezists a process Z whose law is a tight Borel probability measure on ly(F) and
such that Z, = 7 in Lo (F).

Moreover, if (i) holds, then the process Z in (ii) has a version with bounded uniformly
continuous paths for p.

The following result provides a sufficient condition for (A.1) above. Let {X,,;,1 <i <
my,}, n > 1, be an array of row-wise i.i.d. random elements in a measurable space (X, X)
and define Z, ;(f) = f(X,.:), f € F. Let a,, be a non decreasing sequence and F be a set
of measurable functions defined on X. Define the random pseudometric d,, on F by

d2 .fg 2Z{f nz - nz)}2, f,ge]-".

Let N(e, F,d,) be the minimum number of balls in the pseudometric d,, needed to cover F.
Let Z,, be the empirical process defined by

mn

anz{f nz - ( HZ)]}> fe‘/—-',

Define finally the sup-norm ||H |z = supcxz [H(f)| for any functional H on F. If F is
a pseudometric space and H is measurable on F then the separability of F implies that
|H || is measurable.

Theorem A.2 (Adapted from van der Vaart and Wellner (1996, Theorem 2.11.1)). As-
sume that the pseudometric space F is totally bounded and pointwise separable.

(i) For allm >0,
lim | Zua |31 Zus | > ma}) = 0. (A2)

(ii) For every sequence {0, } which decreases to zero,

lim sup E[d2(f,9)] =0, (A.3)
P({C:Z)egn
on P
/ Vg N(e, F,d,)de — 0 . (A.4)
0

Then Z,, is asymptotically p-equicontinuous, i.e. (A.1) holds. .
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