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The goal of this paper is an exhaustive investigation of the link between
the tail measure of a regularly varying time series and its spectral tail pro-
cess, independently introduced in [Owada and Samorodnitsky (2012)] and
[Stochastic Process. Appl. 119 (2009) 1055-1080]. Our main result is to
prove in an abstract framework that there is a one-to-one correspondence be-
tween these two objects, and given one of them to show that it is always
possible to build a time series of which it will be the tail measure or the spec-
tral tail process. For nonnegative time series, we recover results explicitly or
implicitly known in the theory of max-stable processes.

1. Introduction. Regular variation is a fundamental concept for the extreme
value analysis of time series; see, for instance, Kulik (2016) and the articles in this
collection for a recent overview. For stationary multivariate time series, Basrak
and Segers (2009) proved that regular variation is equivalent to the existence of
the so-called tail and spectral tail processes which capture the entire tail behaviour
of the series. An important property of the spectral tail process is the time change
formula also proved by Basrak and Segers (2009). Recently, Segers, Zhao and
Meinguet (2017) and Owada and Samorodnitsky (2012) introduced the tail mea-
sure of a regularly varying, but not necessarily stationary, time series. The tail
measure is a homogeneous measure on the sequence space and it is shift-invariant
for a stationary time series. This is an advantage with respect to the tail process
which is never stationary. In addition, the tail process can be recovered from the
tail measure and it appears that the time change formula is a straightforward con-
sequence of the shift invariance of the tail measure.

A very natural question arises: given the tail process or the spectral tail process
of a time series, is it possible to reconstruct explicitly the tail measure? Further-
more, since the tail and spectral tail processes can be defined solely in terms of
the tail measure, given a process satisfying the time change formula, is it possible
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to define a tail measure and a time series of which it is the spectral tail process?
The latter question was recently solved positively by Janflen (2017) who shows
that given a process satisfying the time change formula, there exists a time series
of which it is the spectral tail process.

The purpose of this paper is twofold. In Section 2, we will attempt to present a
systematic theory of tail measures on a abstract complete separable metric space
and their representations, with a particular focus on shift-invariant tail measures.
This is done by means only of measure theory and the homogeneity and shift
invariance properties of a tail measure, without any appeal to regular variation
or probabilistic asymptotic arguments. We establish in Theorem 2.4 the stochas-
tic representation of tail measures with a characterization of the shift invariance.
These stochastic representations have a property similar to the time change formula
which we refer to as the tilt shift formula. The spectral tail process associated to
the tail measure is then related to its stochastic representation and we prove that
there is a one-to-one correspondence between spectral tail processes, stochastic
representations and shift invariant tail measures in Theorem 2.9.

In Section 2.5, we discuss dissipative representations of tail measures and char-
acterize the existence of such representations, which are deeply related to the
mixed moving average representation of max-stable processes. We conclude this
general investigation of tail measure by introducing maximal indices which extend
the candidate extremal index of Basrak and Segers (2009).

In Section 3, the abstract tail measures introduced in Section 2 are related to be
the tail measure of a regularly varying time series, in particular max-stable pro-
cesses; see de Haan (1984), Davis, Kliippelberg and Steinkohl (2013) or Buhl and
Kliippelberg (2016). The main result of this section is that we show that any shift-
invariant homogeneous measure v can be obtained as the tail measure of a regu-
larly varying stationary times series. Our construction relies on a Poisson particle
system, similar to the representation of max-stable sequences, and on the regular
variation of Poisson point measures on abstract metric spaces. The main theoretical
tool we use is the theory of M convergence on metric spaces and its application
to regular variation, following Hult and Lindskog (2006). We also make use of
the theory of convergence of random measures as set out in Kallenberg (2017).
Our main result extends the above mentioned result of JanBen (2017) to our more
general framework. The properties of the proposed class of stationary regularly
varying time series are then studied and we show in particular that they admit ex-
tremal indices which coincide with the maximal indices introduced in Section 2.6.

2. Tail measures on a metric space.

2.1. Framework. The mathematical setting is the following. Let (E, £) be a
measurable cone, that is, a measurable space together with a multiplication by
positive scalars

(u,x)€(0,00) x E—>ux €E,
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which is measurable with respect to the product o -field B(0, co) ® £/& and satis-
fies

Ix =x, u(v(x)) = (uv)x, u,v>0,x €E.

We assume that the cone admits a zero element Og € E such that u0g = Og for all
u > 0 and that it is endowed with a pseudonorm, that is, a measurable function
Il - llg : E+> [0, 00) such that |lux||g = u||x||g forall u > 0, x € E and ||x||g =0
implies x = Og. The triangle inequality is not required.

The space EZ of E-valued sequences is endowed with the cylinder o -algebra
F = E®” and a generic sequence is denoted x = (x},)cz. The sequence identi-
cally equal to O is denoted by Ogz. The backshift operator B on EZ is defined by
(Bx)p,=xp-1,x € EZ, h € Z. Its iterates are denoted B*, k € Z.

Let H : EZ > [0, o] be an F-measurable function. We say that H is homo-
geneous of order @ € R, or shortly e-homogeneous, if H(ux) = u®H (x) for all
u>0,xekE”Z

The central object in this section is the notion of tail measure defined as follows.

DEFINITION 2.1 (Tail measure). A tail measure with index o > 0 is a positive
measure v on (EZ, F) with the following properties:

1) v({0gz}) =0;
1) v({llxolle >1H =1;
(i) v({|lxnlle > 1}) < oo for all h € Z;
(iv) v is @-homogeneous, that is v(uA) =u~*v(A) forall A € F and u > 0.

The tail measure v is called shift-invariant if furthermore
(v) v(BA)=v(A) forall A e F.

The following connection of tail measures on [0, c>o)Z and max-stable process
is important.

REMARK 2.2. A time series X = (X},)pez is called a-Fréchet max-stable if
n
_ i d
ot L
i=1 heZ

where X, j > 1 are independent copies of X. de Haan’s representation theo-
rem [de Haan (1984)] implies that any «-Fréchet max-stable sequence X can be
represented as

@.1) Xine L (\V/P))

where Ziz 1 8pt) 1s a Poisson random measure on [0, oo)Z with intensity v called
the exponent measure of X. Provided the marginal distribution of Xy is standard



TAIL MEASURE OF REGULARLY VARYING TIME SERIES 3887

a-Fréchet, the exponent measure v is a tail measure in the sense of Definition 2.1.
Conversely, for any tail measure v on [0, 00)Z, Equation (2.1) defines an «-Fréchet
max-stable sequence with X following a standard «-Fréchet distribution.

The following lemma is useful to characterize tail measures. According to Def-
inition 2.1, the restriction of a tail measure v to the set {||x||g > 1} is finite so that
the Lemma allows to deal with finite measures in order to characterize v.

LEMMA 2.3. Any tail measure v is o -finite and uniquely determined by its
restrictions to the sets {||x|lg > 1}, h € Z.

PROOF. By property (i) of Definition 2.1, the tail measure v is supported by

EX\ {0z} = |J  Ann
heZ,n>1

with Ay, ={x € EZ: |xnlle > n~ ). Since EZ \ {0gz} is a countable union of
measurable sets, we can also write it as a countable union of pairwise disjoint
measurable sets. For instance, enumerating Ay ,, h € Z, n > 1 as D;, i > 1 and
taking Dy = D1, Di = D; N (D1 U---U D;_1)¢, i > 2, we have that EZ \ {0z} =
Ui>1 D; with the sets D;, i > 1, being pairwise disjoint. Since by property (iii) and
(iv), we have that v(D;) < 00, i > 1, then v is o-finite and completely determined
by its restrictions to the sets D;, i > 1; hence by its restriction to the sets Ay p,
h € Z, n > 1. Using further the homogeneity property (iv), it follows that v is
determined by its restriction to the sets {||x,|le > 1}, h € Z. O

2.2. Stochastic representation of tail measures. The following theorem pro-
vides a fundamental stochastic representation of a tail measure in terms of a E-
valued stochastic process Z = (Zj)nez and characterizes shift-invariant tail mea-
sures.

THEOREM 2.4. A measure v on (EZ, F) is a tail measure with index a > 0 if
and only if there exists an E-valued stochastic process Z = (Zj)nez defined on a
probability space (2, A, P) such that

P(Z=0g)=0.  E[|Zolig]=1.

(2.2)
E[lZnllE] <oco  forallh €Z,
and
o0
2.3) v(A) :/ PGrZ e Aar—"'dr, AcF.
0

Moreover, v is shift-invariant if and only if, for all nonnegative measurable o-
homogeneous functions H and h € Z,

(2.4) E[H(B"Z)| =E[H (Z)].
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Note that in Equation (2.3), both terms may be equal to 400, for instance, if A =
{llx|le > 0}. This raises however no difficulty since the results from measure theory
we use (e.g., Fubini—Tonneli theorem) hold true for any nonnegative functions and
o -finite measures, regardless the integrals are finite or not.

We call the identity (2.4) the tilt shift formula, abbreviated TSF. It characterizes
the shift-invariance of the measure v defined by (2.3) which does not depend on
the choice of a norm. It looks very much like stationarity of the process Z, but let
us emphasize that (2.4) is restricted to a-homogeneous test functions so it is much
weaker than stationarity. Of course, if Z is stationary then it satisfies (2.4). The tilt
shift formula is equivalent to each of the following equivalent conditions which
will also be referred to indifferently as the TSF:

(i) for all nonnegative measurable 0-homogeneous functions Hy : EZ -
[0,00] and & € Z,

(2.5) E[lIZolIgHo(B" Z)] = E[I Z4|IE Ho(2)];
(ii) for all nonnegative measurable functions K : EZ — R and h € Z,
(2.6) E[IZoI2K (1 Zolig' B"Z)) = B[ Z4 1K (1 Zn |2 Z)]-

Indeed, (2.6) obviously implies (2.4) and (2.5), (2.5) is obtained by applying (2.4)
to the a-homogeneous function H (x) = ||x¢l|g Ho(x) and (2.6) is obtained by ap-
plying (2.4) to the «-homogeneous function Hy(x) = ||x0||EK(||x0||EIth) de-
fined to be 0 if ||xg|lg = 0.

REMARK 2.5. Inthe case E = [0, 00)Z, if v has representation Equation (2.3),
then the max-stable process X with exponent measure v defined by (2.1) can be
represented as

Xnez 2 (\/ Uiz;”) ,

where ) ;- 8y, is a Poisson random measure on (0, oo) with intensity ou~*ldu
and, independently, Z®), i > 1, are independent copies of Z. We note in pass-
ing that TSF for Brown—Resnick max-stable processes first appears in Dieker and
Mikosch [(2015), Lemma 5.2]; see also Hashorva [(2018), Theorem 6.9] for gen-
eral max-stable processes.

PROOF OF THEOREM 2.4. It is easily checked that the measure v defined by
(2.3) is a tail measure. The condition v({0zz}) = 0 follows from P(Z = 0zz) = 0.
A direct computation yields

0
v({lenlle > 1) :E/o L Zalle > Dar—" dr = E[||Z4]2].
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whence we deduce

villxolle > 1} =E[IZollg] = 1, v({llxnlle > 13}) =E[I ZxlIg] < oo.

Homogeneity of order « follows from the simple change of variable r’ = u~'r: for
allu > 0 and A € F, we have

o0 o0
v(uA) = / P(rZ € uA)ar " ldr :/ P(uflrz c uA)ar*“*I dr
0 0

o0
= u_a/ PGrZ culd)or ™ 'dr =u"%v(A).
0

Conversely, let v be a tail measure and let us prove the existence of a representation
(2.3). Let us first prove that there exists at least one measurable functional 7 :
EZ — [0, co) having the following properties:
(i) T(x)=0if and only if x = 0gz;

(i1) t is 1-homogeneous;

(i) v({t(x) > 1}) = 1.
Define pj, = v({||lxnlle > 1}) for h € Z and let g € (0, 00)” be a positive sequence
such that ), .7 prq; < oc. Consider the map 7 : EZ — [0, oc] defined by

7(x) = supqgnllxnlle-
heZ

Then 7 is 1-homogeneous and since ||xj,||g = 0 if and only if x;, = Og for all 4 € Z,
we have 7(x) = 0 if and only if x = Ogz. By the homogeneity of v, we have

v({t@)>1}) <Y v({gnlxnlle > 1}) =Y prgf < oo,

heZ heZ
v({T(x) > 1}) = ggv({llxolle > 1}) = g5 >0,

whence v({r(x) > 1}) € (0, 00). Therefore, by multiplying the sequence ¢ by a
suitable normalizing constant, we can impose that v({t (x) > 1}) = 1.

Let now 7 be an arbitrary measurable map having the properties (i), (i1) and (iii)
and define the “unit sphere” S; = {t(x) = 1} and the polar coordinate mapping

T :EZ\ {0gz) — (0,00) x St
x> (t(x), x/T(x)).
Define the probability measure o on S; by
o(A)=v({r(x) > 1,x/t(x) € A}), AeF,

and the measure vy on (0, co) with density ax —o—1 with respect to Lebesbue mea-

sure. Since T is one-to-one and t is homogeneous, we obtain the polar represen-
tation of v, thatisvo 7! = vy ® o or explicitly, for all A € F,

@2.7) p(A) = / > / 1{rx € Ao (dx)ar ™ dr
0 E
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Indeed, starting from the right-hand side of (2.7), we compute

/Ooo /Ez 1{rx € A}o (dx)ar % dr
:/OOO /EZ]l{r(x) > 1,rx/t(x) € A}w(dx)er ' dr
=/O°° /EZr(x)_“]l{r(x) > 1,rx € Alv(dx)ar—"dr
zfooo fEZr(x)—“ﬂ{rr(x) > 1,x € A}(dx)ar—dr

:/ 1{x € A}v(dx) =v(A).
EZ

We use throughout these lines that v ({7 (x) = 0}) = v({0gz}) = 0. The successive
equalities rely on the definition of o, the changes of variable ' =r/t(x) and x’ =
x/r, the homogeneity of v and 7 and finally the fact that [;° 1{r > ZJar—*ldr =
77 %withz=1/t(x).

Consider now a probability space (€2,.4,P) on which we can define an EZ-
valued random element Z with distribution o. Then (2.7) is exactly the stochastic
representation (2.3). The conditions in (2.2) are a consequence of Definition 2.1
together with (2.3): v({0gz}) =P(Z = 0gz) =0 and v({[lxlle > 1}) = E[l|Z,|IE]
is finite for all 4 € Z and equal to 1 for 7 = 0.

Finally, assume that v is shift-invariant and let Hy : EZ — [0, 00] be a O-
homogeneous measurable function. Using the stochastic representation (2.3) and
Fubini—Tonelli’s theorem for all 4 € Z we obtain

E[llZol|g Ho(B"Z)] = E[Ho(BhZ) /Ooo 1{rl| Zolle > 1ar™" dr]
- /E Ho(B"x)1{|lxolle > 1}v(dx)
= [, Ho@){lxalle > v(dn)
EZ

=E|:H0(Z) /OOO Ur|Znlle > 1}ar_“_1dr]

=E[Ho(Z)|ZnlIE].

The third equality uses the shift invariance of v and this proves that (2.5) holds.
Conversely we prove that the tilt shift formula (2.5) implies the shift invariance
of v. For this purpose, we note that forall # € Z and A € F,

o0
V(AN {Ixnlle > 1)) =f0 E[1(rZ € A, || Zylle > D]ar ™" dr
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(2.8) —f [1Z4lIg24rZ/ | Znlle € AYJor = dr

= [T ElIZolg11rB" 2/1Z0ll € Al v
We used successively the stochastic representation (2.3), the change of variable

r' =r||Zy| e [where || Z||g is almost surely finite as a consequence of (2.2)] and
the tilt-shift formula (2.5). Similarly, for k € Z,

(vo B_k)(A N{llxnle > 1))

— erZeA rllZp—klle > 1}]ar —lar
= [ E[1Zni|1{r B*Z/1| Zp—i |l € AYJar— ' dr

E[|Zo|&1{rB"Z /| Zo|lc € A}]Jar ' dr.

\..

This proves that v =v o B~% on the set {||x,||g > 1}. Since this holds for all & € Z,
Lemma 2.3 implies v = v o B~*, whence v is shift-invariant. [

2.3. The spectral tail process and the time change formula. The following no-
tion of tail process and spectral tail process plays an important role in the theory of
regularly varying time series; see Basrak and Segers (2009). We define here these
objects in terms of the tail measure only. The link between these two approaches
will be made in Section 3.3 and was already pointed by Owada and Samorodnitsky
(2012), Section 4.

DEFINITION 2.6 (Local tail process). Let v be a tail measure on EZ and as-
sume that & € Z is such that p, = v({||xy|le > 1}) > 0. The local tail process of v
at lag h is the process ¥ " with distribution

1
P(Y™M e A) = —v({|lxnlle > 1, x € A}), AeF.
Ph

The process om—=ym /l Y;lh) |l is called the local spectral tail process at lag A.
For h = 0, we write simply ¥ = Y and ® = ©© | called the tail process and
the spectral tail process associated to v.

PROPOSITION 2.7. Let v be a tail measure with stochastic representation
h
(2.3). Then py = v({llxalle > 1) = B[ Z4]|g] < 00. If py > 0, then | Y} ||¢ and
on=ym / ||Y;l )||E are independent, ||Y§l )||E has an o-Pareto distribution, that
is,

PIY e >u)=u"  u>1,
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and the distribution of oM s given by
2.9 PO e A)=p, 'E[IZ1IE1(Z/IZ1le € A)], A€eF.

PROOF. By definition of the local tail process and using the stochastic repre-
sentation (2.3), we have for all measurable H : EZ — [0, co],

PE[H(Y )] = [ H@Lxale > 1v(@x)
:/ E[H(rZ)Mr|Zne > 1}]ocr70‘71 dr
_/ E[HrZ)1{r|Znlle > 1,0 < | Z1] < oo}]ar —a=lgy

—/ I ZAlIgH(rZ/ | Zsle)]or =" dr

The last equality relies on the change of variable r’ = r| Zj||g. Applying this
identity with the 0-homogeneous function Hy(x) = 1{x/||xn|le € A, || x|l > 0}
yields

P(@™ e A) =E[Hy(Y™)] :/1 E(IZulIEHo(Z/ || Zplg) Jer = dr

= p;, ' E[IZ1IE1{Z/| Znlle € A}],
proving Equation (2.9). O

COROLLARY 2.8. A tail measure v is shift-invariant if and only if p;, = 1 and

o £ phe for all h € 7. Then the spectral tail process ® characterizes the tail
measure v and satisfies

(2.10) E[Ho(B"®)] =E[|©4|¢Ho(®)],  heZ,

for all 0-homogeneous measurable H : EZ — [0, 00) vanishing on {||xo||g = 0}.

We call Equation (2.10) the time change formula, abbreviated TCF. It first ap-
peared in Basrak and Segers (2009) in the context of stationary regularly varying
time series. While the original proof was based on limiting arguments, we propose
here a direct proof based on shift invariance of the tail measure, which was already
noticed in Owada and Samorodnitsky (2012). In view of Proposition 2.7, the TCF
is in fact a direct consequence of the TSF (see the proof below). The condition that
Hy vanishes on {||xo||g = 0} is important. To stress this, the TCF can be formulated
in the equivalent form: for all 0-homogeneous measurable Hy : EZ - [0, 00),

2.11)  E[Ho(B"©)1{|©_ple > 0] =E[||@4|EHo(®)].  he.
To see this, simply apply (2.10) to the function x — Ho(x)1{||xo|le > 0}.
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PROOF OF COROLLARY 2.8. If v is shift-invariant, then the tilt shift formula
(2.5) together with E[||Zo||g] = 1 implies p, =1 for all h € Z. Equations (2.5)
and (2.9) together imply, forall h € Z, A € F,

P(@™ € A) =E[|| Z4lIg1{Z/|| Znle € A}]
=E[||Zol|¢1{B"Z/||Zo|lc € A}] =P(B"© € A),
whence @ 4 B"@. Conversely, if p, =1 and om 4 B"@ for all h € Z, then
we have for all 0-homogeneous function Hp,
E[||Zo||g Ho(B" Z)] = E[Ho(B"®©)] = E[Ho(®™)] = E[| Z4|Ig Ho(Z)].
hence the TSF is satisfied and v is shift-invariant by Theorem 2.4.
If v is shift-invariant, then Equation (2.8) can be rewritten as

v(AN{llxple>1}) = /IOOJE[]l{rBh(a € A}]ar—tdr,

forall h € Z and A € F. In view of Lemma 2.3, we deduce that ® characterizes
the shift-invariant tail measure v. Furthermore, we have for all 0-homogeneous
function Hy,

o
1Zn g
1Zollg

=E[|Z11Ig Ho(2)1{]| Zol|e > 0}]
= E[|| Z1 1z Ho(Z)] = E[Ho(B"®)],

E[[1©4 1 Ho(®)] = E[uzonz HO(Z/||ZO||E):|

where the second line of equalities is valid provided that Hy vanishes on {||x¢||g =
0}. This shows that if v is shift-invariant, the spectral tail process satisfies the TCF
(2.10). O

We have introduced the spectral tail process © associated to a tail measure v.
In the shift-invariant case, it satisfies P(]|®¢||e = 1) = 1 and the TCF (2.10) and it
also characterizes v. A natural question then arises: if @ satisfies P(||@qlle =1) =
1 and the TCEF, can it be obtained as the spectral tail process of some shift-invariant
tail measure v? In the multivariate setting E = R, this question was addressed
recently by JanBen (2017) in connection with the theory of max-stable processes.
The next theorem still provides a positive answer in the more general framework.
Our proofs are different and work directly on the level of the tail measure (not on
the level of a stationary regularly varying time series, see Theorem 3.7 below).

THEOREM 2.9. The mapping which to a tail measure associates its spectral
tail process is a one-to-one correspondence between the class of shift-invariant
tail measures and the class of processes O satisfying P(||Oolle = 1) = 1 and the
TCF (2.10).
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PROOF. Starting from a process ® satisfying P(||®gl|le = 1) = 1 and the TCF
(2.10), we need to construct a shift-invariant tail measure v with spectral tail pro-
cess ©. For ¢ € [0, oo)Z and x € EZ, we define

l/a
Ilga = (L ajleie)
JjEZ
We can always choose the sequence g such that
(2.12) PO <|B*®|,, <o0)=1  forallkeZ.

It suffices to choose g such that gy > O for all k € Z and } ;.7 gx = 1. Then
IP’(||Bk®||q,O, > 0) =1 since g > 0 and ||@p||g = 1 almost surely. Moreover, ap-
plying the time change formula (2.11) with H =1 yields E[||@||g] < 1 for all
k € Z, so that

E[|B O ] =D a:E[IB'®;[E] < Y ar=1.
JjeZ keZ

Define Z(k) = Bk®/||Bk®||q’a, k € Z and the positive measure v, on EZ by

w ~
(2.13) ve(A) = qi / P(rZ" e Ayar—"dr
0
keZ

for all A € F. Then v, is obviously a-homogeneous and v, ({0gz}) = 0 and we
have furthermore, for all measurable function H : EZ — [0, 00),

L, HeoLlxole > 1w, (@x)

w ~ ~
= qu/ E[H(rZ(k))]l{rHZ(()k)HE > 1} ]ar—* tdr
0

keZ
o B er® k —a—1
= qk/ E H<—)]l r||®_klle > |B"O }ar Y= hdr
12 0 L ||Bk®”q,a { || ||q,0[}
o _r B*e O_;|g
=ZCII</ E H< d > | z lle ]ar_“_ldr
L "o e/ istelg,
< T rB*@\ [©g]* —a—
:qu/ E ||®_k||gH( ) — :|ozr =l
Pkl | CRUECTR

In these lines, we used successively the definition (2.13), the definition of Z , the
change of variable r’ = ||Bk®||q,a||®_k||glr (note that the event {||® _;|g = 0}
has no contribution to the expectations) and finally the fact that P(||@¢|| =1) = 1.
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The time change formula now entails

L, HeoLlxole > 1w, (@)

r® \ |Ollg —a—1
(2.14) = qk/ [ ( ) ]otr “=ldr
Z 1®olle/ 1Ol o

keZ

_/ E[H(r®)]ar " 'dr.

Applying this identity to the O-homogeneous function x — H (||x0||EIx) X
1{llxolle > O} proves that v, has spectral tail process ©. It is easily obtained along
the same lines, that for all & € Z,

[ st > 1wy = [~ B (B O ar

The right-hand side does not depend on g and taking H = 1 yields v, ({[lx;| g >
1}) = 1, h € Z. Therefore, the v,’s are tail measures that coincide on the sets
{llxnlle > 1}, h € Z. By Lemma 2.3, they are all equal, and hence v, does not
depend q This entails that v, is shlft invariant since it is readily checked that
v, 0B7h =Vgh, whence v, 0 B =v,. O

REMARK 2.10. Intwo particular cases, a simpler construction of the tail mea-
sure corresponding to a given spectral tail process is available.

o If P(||®y|le > 0) =1 for all h € Z, then the sequence g can be chosen as g = g
and we obtain

o0
v(A) :/ PO € A)ar " dr.
0

This provides a stochastic representation (2.3) of v with Z = @ such that
1Zolle = |®o|le = 1 almost surely.
o If P(3 ez 1On]IE < 00) =1, then we can choose ¢ = 1 which yields

(2.15) v(A) = Z/ P(rB"Z € A)ar~*dr,
heZ
with Z = O/ rer ||(~)k||E)1/ %, This representation is related to the mixed

moving maximum representation of max-stable process; see, for example,
Dombry and Kabluchko (2017) and Section 2.5.

We will later need the following lemma on the support of a tail measure. We say
that a set C € F is a cone if x € C implies ux € C for all u > 0.

LEMMA 2.11. Let v be a tail measure which admits the stochastic represen-
tation (2.3). Let C be a cone. Then v(C) =0 P(Z € C) =0. If v and C are
shift-invariant, then v(C) =0 & P(@ € C) =
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PROOF. If C is a cone, then Equation (2.3) yields v(C) =P(Z € C) x oo,
which proves the first statement.

If v is shift-invariant with spectral tail process @ and C is a shift invariant cone,
the representation (2.13) yields

0.¢]
v(C) :k%/o P(rB*®/|B*®], , € C)ar—*""dr
€

0.¢]
= Z/ P(® € C)ar * 1dr =P(® € C) x oo.
A
This proves the second statement. [

2.4. Another representation of the tail measure. 'We propose here another con-
struction proof of Theorem 2.9. It is based on the infargmax functional / defined
on EZ by

—00 if limsup [|xk[lg = sup [|xk|le,
k——00 keZ
Ix)={J/€2Z if sup |ixille <llx;lle =supllxklle,
k<j—1 keZ
+00 if sup||xx|le < sup ||xk| g for all j.
k<j keZ

For x € EZ\ {0gz}, a sufficient condition for I (x) € Z is limjk|— o |Xk |l = 0.
For two sequences g € [0, 00)” and x € EZ, we define the pointwise multipli-
cation g - x by (¢ - X)) = qx Xk, k € Z.

PROPOSITION 2.12. Let © be a process which satisfies the time change for-
mula (2.10) and let g € (0, 00)% be such that P(I(q - ©) € Z) = 1. Define the
measure v, on EZ by

[e) . .
vo(A) = Zf P(rB'®cA I(g-B'O©)=j)ar'dr, AcF.
jez’0
Then v, does not depend on q and defines a shift-invariant tail measure with tail
spectral process ©.

Note that any ¢ € (0, 00)% such that Y kezqp < oo satisfies P(I(g - ©) €
Z) = 1. Indeed, the time change formula implies that E[||®[|g] < 1, h € Z, so that
E[X ez q711©;lg] < oo and therefore limj |0 ¢;[®;lle =0 and /(g - ©) € Z
almost surely.

PROOF. It is straightforward to check that v, is «-homogeneous and satisfies
v, ({0gz}) = 0. For all measurable function H : EZ — [0, 00), we have

L, HeLlxole > 1w, (@)
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= Z/ rBj®)]l{r||G)_j||E > l,I(q-BjG)) =j}]ar_°‘_1dr
JEZ
rB/® )
= ||®_-||“H( 1 B :-} iy
]%/ [ /TE ||®,-||E) (g )=l |ar r
= I(g -®O)=7] —oz—ld
,ZZ/ R (u@onE) [1g-©) = j) jar=~"ar
=f1 E[H(re)zﬂ{l(q'®)=j}]otr_°‘_1dr
JEZ

—/ E[H (r©)]ar " !dr.

We used here the definition of v, from Proposition 2.12, the change of variable
r" =r/l®_j|e (note that the event {||@_;|lg = 0} has no contribution to the in-
tegrals), the time change formula, the fact that P(||@q|le = 1) = 1 and finally the
assumption }_ ;7 P(1(g - ©) = j)=1.

At this point, we have retrieved Equation (2.14) and the remainder of the proof
follows exactly the same lines as the proof of Theorem 2.9. [J

REMARK 2.13. In the particular case P(/(®) € Z) = 1, we can take g = 1
and we get

v(A) = Z[ P(rBI®cA, I(©)=0ar'd, AcF.
JjeZ

Introducing the process Q such that £L(Q) = L(© | I (®) = 0), we obtain

v(A)=P(1(©) =0 Z/ P(rB’ Qe A)ar " 'dr, AeF.
JEZ

This representation is similar as the one from Equation (2.15). In fact, this is a
special case of a moving shift representation of v; see Section 2.5.

2.5. Moving shift representations and dissipative tail measures. We consider
in this section the relationship between the existence of a moving shift represen-
tation and the dissipative/dissipative decomposition of a tail measure. Note that
ergodic properties of tail measures are also considered in Owada and Samorodnit-
sky (2012), Section 5. We introduce only the minimum amount of ergodic theory
and define the notion of dissipative tail measure. For more details on (infinite mea-
sure) ergodic theory, we refer to Aaronson (1997). The o -field on EZ generated by
cones, or equivalently by 0-homogeneous functions, is denoted by C.
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DEFINITION 2.14. The dynamical system (EZ, C, v, B) is said dissipative if
there exists a cone Cy € C such that the sets B"Cy, h € Z, are pairwise disjoint and
v is supported by D = U<z B" Co, that is, v(EZ\ D) =0.

On the other hand, Remarks 2.10 and 2.13 above motivate the following defini-
tion.

DEFINITION 2.15.  We say that a shift-invariant tail measure v has a moving
shift representation if there exists a stochastic process Z such that

OO ~
(2.16) v(A) =) :/ P(rB"Z € A)ar=*"'dr, AeF.
0
heZ

The conditions v({0zz}) = 0 and v({||xo|lg > 1}) =1 entail
(2.17) P(Z=0z)=0,> E[IZylIg] = 1.
heZ
Indeed, we have

00 - ~
s(llxolle > 1) = Y [ BGIZ-slle > Dar~~' ar = 3 E[1Z4IE]
hez”0 heZ
Conversely, it is easily proved that, for any stochastic process Z satisfying (2.17),
the measure v defined by (2.16) is a shift-invariant tail measure.

REMARK 2.16. Definition 2.15 is strongly related to the notion of mixed mov-
ing maximum representation for max-stable process. If a max-stable process X
has a dissipative exponent measure with representation (2.16), then it can be rep-
resented as

X, L\ Uz, hez,
i>1
where } ;- 8w, 1) is a Poisson random measure on (0, 00) x Z with intensity
equal to the product of au~*"!du with the counting measure on Z, and, inde-

pendently, Z9 are independent copies of Z. This is a mixed moving maximum
representation and X is generated by a dissipative flow [Dombry and Kabluchko
(2017), Theorem 8§].

REMARK 2.17. Theorem 3.7 states that any tail measure has a stochastic rep-
resentation (2.3). One can wonder what is a stochastic representation for a tail
measure v given by a moving shift representation (2.16). A possible construction
is as follows: starting from Z, consider an independent Z-valued random variable
K such that py =P(K =k) € (0, 1), k € Z and define

(2.18) z=Y p; "*B*Z1{K = k).
keZ
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In this construction, Z appears as a randomly shifted and rescaled version of Z.1t
is easy to check that the stochastic representation (2.3) and the dissipative repre-
sentation (2.16) define the same tail measure v.

The converse is not true, that is, a shift-invariant tail measure does not always
have a moving shift representation of the form (2.16). The next result is strongly
related to Dombry and Kabluchko (2017), Theorem 3. We say that v (resp., Z, ©)
is supported by A € F if v(A°) = 0 with A® the complement of A in EZ [resp.,
P(Z € A°) =0,P(® € A°) =0].

PROPOSITION 2.18. Let v be a shift-invariant tail measure. The following
statements are equivalent:

(i) (EZ,C,v, B) is dissipative;

(i1) v has a moving shift representation (2.16);
(iii) v is supported by {x : Y 7 |l xn||* < 00};
(iv) v is supported by {x :limjp|— o ||X 5 |lg = 0};
(v) v is supported by {x : I (x) € Z}.

PROOF. 1. (i) = (ii): let Co be as in Definition 2.14. According to Theo-
rem 2.4, there exists an E-valued stochastic process Z which satisfies (2.2) and
(2.3). Therefore, the restriction vg of the tail measure v to Cq can be represented
as

o0
vo(A) :/O P(rZ € A)ar *"'dr,

for all measurable sets A C Cp. The fact that v is dissipative implies that v =
> hez Vo o B~ and hence that v admits the representation (2.16) with Z=12.

2. (i) = (iii): If v has a dissipative representation (2.16), then Z satisfies (2.17)
and E[} ;7 \Zn 1] < oo implies that Z is supported by {x : D>,z lxnllg < 00}.
Then the representation (2.16) implies that this set also supports v.

3. (iii)) = (iv) = (v): these implications are trivial since } ;7 X5 lIg < 00
implies lim,|— oo [|X 5 |le = 0, which in turn implies 7 (x) € Z for x # 0gz [recall
v({0gz}) =0].

4. (v) = (i): take Co = {x : I (x) = 0} to check that v is dissipative. []

REMARK 2.19. Sincethesets {x : > ,c7 lXxllg < 0o}, {x :limp— o0 [IX1]lE =
0} and {x : I (x) € Z} are shift-invariant cones, Lemma 2.11 implies that (iii), (iv)
and (v) can be equivalently expressed with Z or ® where Z is a stochastic repre-
sentation of v as in (2.3) and @ is the corresponding spectral tail process.
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2.6. Maximal indices. We introduce in this section the maximal indices of a
shift-invariant tail measure v that are closely connected with the extremal indices
of regularly varying stationary time series; see Section 3.4 below.

Given an «-homogeneous shift-invariant tail measure v and a 1-homogeneous
functional 7 : EZ — [0, co] such that v({t(x) > 1}) = 1, we define the quantity
0; € [0, 1], called maximal index, by

(2.19) 0: = lim lv([ max 7(B"x) > 1})
n—0oop O<h=n—1

The existence of the limit is a consequence of Fekete’s subadditive lemma. The
shift invariance of v implies that the sequence u,, = v({maxo<p<p—1 7 (B"x) > 1},
n > 1, is subadditive. As a consequence, u,/n converge to inf,>1u,/n and the
limit is in [0, 1] since the sequence is nonnegative and u = 1.

The next result shows that the maximal indices of a dissipative tail measure are
positive and provides expressions of the maximal indices in terms of the stochastic
representation and the spectral tail process of the tail measure.

PROPOSITION 2.20. Assume that v is dissipative and that the 1-homogeneous
measurable function T : EZ - [0, 00] satisfiesv({t(x) > 1}) = 1. Then 6; > 0 and

[suphez ¢ (Bh®) ]
> nez 1OnlIE

=P(1(®) = O)E[sup t*(B" Q)]
heZ

0 = E[sup t“(BhZ)] =E
heZ

with Z as in the dissipative representation (2.16), © the spectral tail process of
v and Q is a random sequence in EZ with distribution LO]1(O®)=0) asin
Remark 2.13.

REMARK 2.21. For a dissipative tail measure v and t(x) = ||xo||g, we also
have the following identity proved in Planini¢ and Soulier [(2018), Lemma 3.2]

6 =P(sup||¥;lle < 1) =P(sup [¥:]le > 1),
i>1 i>1
where Y; = Y©®;,i € Z and Y is a Pareto random variable with tail index «, inde-
pendent of the sequence {® ;}. This means that the maximal index is in this case
the candidate extremal index introduced in Basrak and Segers (2009). The link
with the usual extremal index will be made in Section 3.

The proof of Proposition 2.20 makes use of the following identity due to
Smith and Weissmannn [(1996), Lemma 3.2]: for a summable sequence (up)nez €
[0, 00)7,

(2.20) lim — Z max Upip = sup up.
he

n—=00 I’l 0<k<n 1



TAIL MEASURE OF REGULARLY VARYING TIME SERIES 3901

PROOF OF PROPOSITION 2.20. Since v is dissipative, we can introduce a dis-
sipative representation (2.16) and write

v( max er >1 Z/ r  max r(Bk+hZ)>1>ozr*°‘*1dr
0<k<n-—1 he. 0<k<n-—1

kth
_}%E[oglyff T *(B*T Z)]

For n = 1, we have in particular ), 7 E[t%(B"Z)] = 1 thanks to the normalizing
condition v(t(x) > 1) = 1. This proves that the sequence uj; = r“(BhZ) hel,
is almost surely summable and (2.20) implies

lim —Z max t%(B*"Z) = supt*(B"Z) almost surely.

n—-oon 0<k<n 1 heZ

Furthermore, for all n > 1, tlle left-hand side in the previous equation is bounded
from above by 3,7 % (B" Z) which has finite expectation. Lebesgue’s dominated
convergence theorem implies

1
0; = lim —v( max r(ka) > 1)

n—o00p \0<k<n-1

T 1 a(npkth77\| _ o (nh7

= lim_ " }éE[O;]x{g}l{l (B Z)] = E[zlelgt (B Z)]
This proves the first formula. The second and third expressions of 6, are special
cases obtained for Z =0/} ;7 ||®k||%)1/°‘ and Z =P/% (1 (®) =0) Q; see Re-
marks 2.10 and 2.13. [

3. Regularly varying time series on a metric space. In this section, we will
build a regularly varying time series with a prescribed tail measure. For this pur-
pose, we first recall the most important definitions and properties of Mg conver-
gence and regular variation on a metric space. For the sake of clarity, the results
are stated for a general metric space F in Sections 3.1 and 3.2 and we consider the
specific case F = EZ in later sections.

3.1. Regular variation on a metric space. We follow here Hult and Lindskog
(2006), Section 3. Let (F, d) be a metric space and let O be an element of F. We
assume that there exists a continuous map (s, x) — sx from [0, o) x F to F such
that forallx e Fand s <t € (0, 00), s(tx) = (st)x, Ox = O and

d(0f, sx) <d(0f, 1x).

Such a map will be called a distance compatible outer multiplication. We denote
the ball with center at O and radius » > 0 by B,. We endow F with its Borel
o -field.
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Let M (F) be the set of boundedly finite measures on F\ {0g}, that is, measures
v such that v(A) < oo for all measurable sets A such that A N B, = & for some
r > 0. Such sets will be called separated from Og. The null measure will be denoted

by 0. We will say that a sequence {v,,n > 1} of measures in M(F) converges

. . . Mo (F .
in Mo(F) to a measure v, which we will denote by v, L(>) v, if

lim v, (A) = v(A),
n—oo

for all measurable set A separated from O and such that v(dA) = 0. This type of
convergence is referred to as weak” convergence in Daley and Vere-Jones (2003)
and simply vague convergence in Kallenberg (2017). For more details on the re-
lationship between these different types of convergence, we refer to Lindskog,

Resnick and Roy (2014) or Basrak and Planini¢ (2018).

By Kallenberg [(2017), Lemma 4.1], limyoovn o2 v if and only if

lim,,— 5o v, (f) = v(f) for all bounded Lipschitz continuous functions with sup-
port separated from zero. Hult and Lindskog (2006) proved that convergence in
My(F) is equivalent to weak convergence on the complement of balls centered at
Or. More precisely,

Mo(F)
v, — v

(3.1)
<= for all but countably many r > 0, Vi | e LN V) ge s

where v, is the measure v restricted to the set A and 2 denotes weak conver-
gence. Convergence in M can be metrized. Let p, be Prohorov’s distance on the
set of finite measures defined on Bf. Let p be the metric on M(F) defined by

(3.2) p(u,v)z/o e (pr(u, v) A1) dr, w, v € Mo(F).

Then (Mgo(F), p) is a complete separable metric space; cf. Hult and Lindskog
(2006), Theorem 2.3.
We can now define regular varying measures and random elements in F.

DEFINITION 3.1.

e A Borel measure u on F is said to be regularly varying if there exists a nonde-
- Mo(F
creasing sequence {a,} and a measure u* € Mq(F) such that nu(a,-) L(Q uwr.
We then write © € RV(F, {a,}, u*).
e An F-valued random element X defined on a probability space (€2, A, P) is said

to be regularly varying if there exists a nondecreasing sequence {a,} tending to

G Mo(F
infinity and a nonzero measure v on F \ {Of} such that nP(a, Xe o) V.

We then write X € RV(F, {a,}, v).
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By Hult and Lindskog [(2006), Theorem 3.1], if X € RV(F, {a,}, v), then there
exists o > 0 which will be called the tail index of X such that the measure v is o-
homogeneous and the sequence {a,} is regularly varying with index 1/«. We will
need the following result which is a straightforward application of the mapping
theorem Hult and Lindskog (2006), Theorem 2.5.

LEMMA 3.2. Let (F,d) and (F',d’) be two complete separable metric spaces
each endowed with a distance compatible outer multipication. Let O € F and let
T :F — F be a 1-homogeneous map such that T (0g) = Og. Set Fo = F \ {0}
and Fy =F \ {0g'}. Let u, u* be a Borel measures on F and let {a,} be a non-
decreasing sequence such that u € RV (Fo, a,, u*). If T is u* almost surely con-
tinuous, continuous at Og, and u* o T-Y is not the null measure, then o T-le
RV(Fy, an, u* o T71).

. F .
PROOF. Define u,, = nu(a,-). By assumption, u, o) w*. By homogeneity

of T, o T~V =npo T~ (a,). We want to apply Hult and Lindskog [(2006),

Theorem 2.5] to prove that p, o 7! Mo®) w* o T~ Since T(0) = O, there
only remain to prove that if A is bounded away from O, then 7! (A) is bounded
away from Og. If A C F’ is bounded away from O, there exists ¢ > 0 such that y €
A implies d(y, Og) > ¢. Since T is continuous and 7' (0g) = O, there exists n > 0
such that d(x, Og) < n implies d(7 (x), 0r) < e. This proves that if x € T-1(4)
then d(x,0r) >n. O

3.2. Regular varying Poisson point processes. Let Ny(F) be the set of bound-
edly finite point measures on F \ {0}, that is, measures v such that v(A) € N for
all bounded Borel set A separated from Og. This implies that v has a finite number
of points outside each ball centered at O and we can write v =} ;- 8, where
the points of v are numbered in such a way that

dOF,x;) >d(0F, x ;)

if i < j. It is then easily seen that Ny (F) is a closed subset of Mg (F) and that the

convergence vy, Mo v implies the convergence of points in F.

The restriction of the distance p defined in (3.2) to the space Np(F) has the
following property. Let the null measure be denoted by 04 and let 7 € Ny(F). Let
the largest distance of a point of 7 to O be denoted by || ||F, that is,

ll7llF = sup d(0F, x).
XeEm

If r > || ||F, then 7 has no point outside B,, and thus p, (0, 7) = 0. Moreover,
by definition of the Prohorov distance,

pr(Op, ) =inf{a > 0: 7w (F N Bf) <a, F closed} = 7 (By).
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That is, the Prohorov distance of a point measure to the zero measure is its number
of points. Therefore, if r > || |||r, then p, (0, 7) = 0. This yields

iz llle
(3.3) PO, 1) = /0 e (or (Ot ) A 1) dr < [l .

On the other hand, if » < ||| then p,(0p¢, 7)) >1and 1 —e™ > (x A 1)/2, thus
we have

lll7z e 1
GH  pOuemz [ e dr= (1= ) = (e A ).

These bounds imply that a subset A C Ny(F) is separated from 04 if there exists
&> 0suchthat ||| > ¢ forall T € A.
We define the multiplication (¢, v) — ¢ - v for ¢ € (0, 00) and v € M (F) by

tu(f) = fE Fx)v(d)

for all nonnegative measurable functions f. If v =73_;.éy; is a point measure,
then 7 - v =3} ;- & ;. Multiplication is continuous with respect to the product
topology. For 7 € Npand 0 < s < t,

pr(Op, s) =7 (s~ BY) <7 (s™'BY) = pr(Op, 570).

Therefore, we can define a regularly varying point process on F \ {Og} as a regularly
varying element in Ny (F) in the sense of Definition 3.1.

THEOREM 3.3. Let g, u € Mo(F) and {a,} be a nondecreasing sequence

Mo(F
such that a, — oo and nuo(ay,-) L(Q u as n — oo. Let Tl be a Poisson point
measure on F\ {0} with mean measure . Then T1 € RV(Ny(F), {a,}, u*) where
w* is a measure on Ny(F) \ {0} defined by

W (B) = /.: 1{8y € B)u(dx),

for all Borel set B of No(F) endowed with the distance p, and 8y denotes
the Dirac mass at x € E. If u is a-homogeneous and I1 ~ PPP(u), then Il €

RV(No(F), n'/%, u*).

Note that the limit measure p* is the image of w under the injection of F into
No(F) defined by x > 8. It is concentrated on the subset of point measures that
have exactly one point. The underlying heuristic is that given that IT is large [in the
sense d(0, IT) > u with u — oo], then IT can be approximated by a random point
measure with only one large point. This is yet another instance of the so-called
single large jump principle.
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PROOF. We need to prove the convergence

3.5) nP(I1/ay € -) MoV () w*.

By Theorem A.1, the convergence (3.5) holds if
; _ e~ Jrf(x/a)TI(dx) Ty — — e JFf)m@dx)y, *
(3.6)  lim n(E[1—eF ])_[M)(F)(l e JF Yt (dn),

for all continuous function f : F — [0, co) vanishing on a neighborhood of 0. By
definition of w*, the right-hand side of (3.6) is equal to

/ (1— e~ JF f(x)n(dx))M*(dﬂ) _ f(l _ e_f(x))u(dx).
No(F) F

On the other hand, since IT is a Poisson point process, we have

n(E[1 — e~ Jrf@/anT@x)]) :n<1 _ exp[/F(ef(x/a,,) _ I)Mo(dx)D

:n(l —exp|:n_l/l;—(1 —e_f(x))un(dx)]),

with w, = npo(ay-). The function 1 —e~/ is nonnegative, bounded and with sup-
port separated from zero; moreover, , — w in Mo by assumption, therefore,
lim n(E[1 — e JF f(x/an)H(dx)])

n—oo

= lim n<1 —exp[n_l/(e_f(x) — l)un(dx)])
F

n—oo

:/(1 —e /™) u(dx).
F

This proves the convergence (3.6) and the claimed regular variation of I1. [J

3.3. Regularly varying time series. We now introduce the notion of a regularly
varying time series. We consider a complete separable metric space (E, dg) with
an element Oz and we assume that the metrid dg has the homogeneity property
de(0g, sx) = sde(0g, x) for all s > 0 and x € E. We then define the pseudo norm
[lx]le = de(0g, x).

DEFINITION 3.4. Let X ={X, j € Z} be a time series with values in E. It is
said to be regularly varying if (Xj, ..., X;) is regularly varying in E’~**! for all
s<tel.

Owada and Samorodnitsky (2012) proved that if X is regularly varying, then
there exists a measure v on EZ, called the tail measure of X, whose finite dimen-
sional projections are the exponent measures v, ; and having the properties of a tail
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measure as introduced in Definition 2.1. If X is stationary, then the tail measure is
shift invariant.
Consider the metric dg on F = EZ defined by

(3.7) de(x, y) =Y 27V l(de(xj, y,) A T).
JEZ

It is proved in Segers, Zhao and Meinguet [(2017), Theorem 4.1] that the regular
variation of the time series X in the sense of Definition 3.4 is equivalent to the
regular variation of X seen as a random element with values in the complete sepa-
rable metric space (F, dr) in the sense of Definition 3.1, that is, X € RV(F, {a,}, v)
with a,, such that lim,,_, . nIP(|| X¢||lg > a,) = 1. Therefore, we will hereafter in-
differently say that X is regularly varying in the sense of Definition 3.4 with tail
measure v or X € RV(EZ, {a,}, v).

The local tail process and spectral tail process associated to the tail measure v
can be reinterpreted as limiting quantities for the regularly varying time series X.
Their existence also characterizes regular variation. The next result generalizes
Basrak and Segers [(2009), Theoreom 2.1] for a nonstationary time series.

LEMMA 3.5. Let v be a tail measure on EZ and for h € 7 set p, = v({||x||g >
1)). For h, such that p, > 0, let Y? and @™ be the local tail and spectral
tail processes associated to v as in Definition 2.6. The following statements are
equivalent:

(i) X € RV(E”, {an}, v);
(i1) For all h € Z, lim,— oo nP(|| X1llg > a,) = pn and for all h such that
pn > 0, we have, as u — oo,

(3.8) LXJu| | Xnle > u) 5> v,
(iii) For all h € Z, lim,,_, oo nP(|| X ||l > an) = py and for h such that py, > 0,
d
(3.9) LX/I1Xnlle | 1 Xnle > u) —— @M.

If X is stationary, then 0" L Bh@ and v is shift-invariant.

PROOF. We start by proving the implication (i) = (ii). By definition of regular
variation, for every h € Z we have lim;,_, .o nP(|| X1, || > a,) = pi and for every
set A depending only on a finite number of coordinates, we have

Jim nP(X € A, [|Xplle > an) =v({AN {llxale > 1}).

By definition of the local tail process, we obtain

. 1
Jim POX € AL Xnlle > an) = —-v({AN (Ixplle > 1)) = P(Y™ e A).
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To prove the converse implication (ii) = (i), we first note that the tail measure is
characterized by its finite dimensional projections. Therefore, it suffices to prove
that these projections are characterized by the tail process. Let A be a set which
depends only on the coordinates between s and ¢, s <t € Z, and bounded away
from zero in E‘™t!. This means that there exists ¢ > 0 such that x € A im-
plies that Y, _ 1{|lx|le > ¢} > 1. Note also that if p, = 0, then for all ¢ > 0,
lim;,— 5o nPP(|| X1 || > an€) = 0. Thus in the following computations we will omit
the indices £ such that p; = 0. Decomposing according to the first exceedance
oVer &a,,, we obtain

Vs (A) = lim nP(a,' Xy € A)

t
lim > nP(a,'X.; €A, | Xple > &, max | X;|e <e)
n—00 s<i<h
h=s -
t

:nlggo }12: nP(a, ' Xnlle > ane)
=S

pr>0
y Pla;' X, € A, | Xnllg > & maxy<; - | Xillg < &)
—1
Pla, | Xnllg > ane)

t
=Y e puP(e¥{) €A, max |Yie<1).
’ s<i<h—1
h=s
pn>0
This proves that the finite dimensional distributions of the tail process character-
ize the tail measure. The proof of the equivalence (ii) < (iii) is straightforward

generalization of the corresponding result for R? valued time series in Basrak and
Segers (2009) and is omitted. [J

REMARK 3.6. In the case E = [0, 00), Lemma 3.5 implies that the tail mea-
sure of a time series X € RV ([0, 00)%, {a,}, v) is the exponent measure of the
limiting max-stable process, see Remarks 2.2 and 2.5. More precisely, let X@,
i > 1, bei.i.d. copies of X. Then the regular variation of X implies that

-1 i Jidi. ;
a, \/X(l) S \/P(’),
i=1 i=1
where the suprema are taken componentwise and Y 72, dp) is a Poisson point
process on [0, c0)Z with mean measure v. This also shows that for a max-stable
process the tail measure and the exponent measure are the same.

In the sequel, given a shift-invariant tail measure, or equivalently given a spec-
tral tail process, we will build a time series
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3.3.1. Construction of a stationary regularly varying time series. As seen in
Section 2, the tail measure of a stationary regularly varying time series with tail in-
dex o > 0 is a shift-invariant tail measure with homogeneous with index «. A nat-
ural question is whether any shift-invariant tail measure v on F = EZ is the tail
measure of a stationary regularly varying time series X. The purpose of this sec-
tion is to prove that the answer is positive and provide one construction for such a
process X.

Our intuition is guided by the case E = [0, 00). Then, given a tail measure v on
[0, 00)Z, the max-stable process X with exponent measure v is regularly varying
with tail measure v. Furthermore, X is stationary if and only if v is shift-invariant.
This provides a straightforward solution in the nonnegative case. Before we gen-
eralize it, we recall the Poisson point process representation of the max-stable
process X: if v admits representation (2.3) with Z a nonnegative time series, then

xL\/r; "z,

i>1

where {I';};>1 are the points of a homogeneous Poisson process on [0, co) and
independently, Z), i > 1, are independent copies of Z and the supremum is taken
componentwise.

In the general framework where E is a complete separable metric space and v is
a tail measure on F = EZ, we consider a Poisson point process IT ~ PPP(v). Note
[T can be constructed as

(3.10) m={r;"/z® i>1}.

We interpret the point process I as a particle system that evolves in time, the
ith particle having position <p}(li) =T, /e Z;li) at time /. The random process ¢ ) =
r. /27 ¢ F = EZ is hence the trajectory of the ith particle. We construct a time
series X that records at each time /4 the position of the particle which is farthest

away from Og, which we will call the largest point. More formally, we define

(3.11) Xy=9", iy =argmax ¢\’ le, heZ

i>1
Provided P(||Zy|lg > 0) > 0, there are almost surely infinitely many particles
at time # with positive norm and a unique particle with the largest norm. This
is because the random variables I';, i > 1 have continuous distributions and
lim; oo T Ve _ 0 almost surely. Therefore, the arg max in (3.11) is unique and
the random variable i, is well defined.

THEOREM 3.7. Given a shift-invariant tail measure v on EZ, the E-valued
time series X defined by (3.11) is stationary and regularly varying on EZ with
sequence a, =n''* and tail measure v.
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PROOF. We will use the mapping Lemma 3.2. We consider F = EZ endowed
with the metric dr defined in (3.7).

Define the subset Ng (E) C Ny(E) as the set of point measures that have exactly
one largest point and consider the map T : /\/'g(E) — E that associate to such a
point measure its largest point. By Lemma B.2, J\fojj (E) is open and T is continuous

on J\fou(E). We extend T to Ny(E) by setting the value Og on Ny (E) \NOn(E).
Given a point measure 7 € Ny(F) and h € Z, we define Py, () as the restriction
to E\ {Og} of the image of 7 under the projection x + x;. More precisely, if
T =728, with xO e F, then P,(x) is the point measure on E \ {0g} with
points xfll) such that xﬁl’) # Og. For the particle system IT = {¢®,i > 1},
Pl ={p\" i > 1,9 #0g)
records the position at time 4 € Z of the nonzero particles. Using the representation
(3.10), we also have
_ Va0, . @)
Since IT is Poisson, Py is a Poisson point process on E \ {0g} with intensity
w(B) =v({x:x, € B})=v({x :x0 € B}),
for all Borel measurable sets B C E \ {0g}. The marginal measure p does not
depend on h € Z because v is shift-invariant. Moreover, P,I1 € /\/'é1 (E) almost
surely since for i # j, P(Fi_l/aHZg)HE = Fj_l/alllglj) lle) =0.
We now define the map 7 on M(F) onto F by
T () ={T(Pym),h € Z}.
The time series X defined in (3.11) can be reexpressed in terms of the map 7T
X = T (IT). The stationarity of X, follows from the shift-invariance of v since

BX =T (BI) 4 T (I1) where BI1 = {Bp¥, i > 1} 2 1. The regular variation
of X will be obtained as a consequence of Lemma 3.2. By construction, 7 is 1-
homogeneous, 7 (0,¢) = O and we will check the following properties:

(a) the map 7 is continuous at 0 r4;
(b) the map 7T is almost surely continuous with respect to the distribution of IT.

— To prove that 7 is continuous at 0, recall that the space F is endowed with the
distance defined in (3.7) and note that for m = Y"1, 8,.») € No(F),

dr (0r. () = 3_ 27" max (||} e A 1) < 3maxde(0r, xV) =3l .
heZ - -

On the other hand, applying (3.4), we obtain that if p(0a¢, 7) < 1/4, then
dr (0. T (7)) < 1200, 70).
This proves (a).
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— We now prove (b). By Lemma B.3, it suffices to prove that the projections 7j, =
T o Py, are continuous for all 4. Since P(P,I1 € Ng (E)) = 1, this follows from
the continuity of 7" on j\/'ojj (E) which is established in Lemma B.2.

To conclude the proof, there only remains to prove that the tail measure of X
is v. By Lemma 3.2 and Theorem 3.3, the tail measure of X is * o 7!, given for
A € F\ {0} by

* —1 _
WroT (A)_/Fn{T(ax)eA}v(dx).

For x = {x;,h € Z} € F, we have T (8x) = {T (8x,), h € Z} = x if x # O and
TOp) =T (O0xr) =0g. Thus u* o T-1=yp. O

The next two propositions state some interesting elementary properties of the
process X defined by (3.11). They are strongly related to max-stability. Let g :
F — F be the map defined by g(x) = {||xxlle, i € Z}.

PROPOSITION 3.8. Consider the process X defined by (3.11). Then the non-

negative time series {|| Xy|lg, h € Z} is max-stable with exponent measure v o g~ .

PROOF. The max stability follows from the representation | X|g =
sup; > Fi_ 1/ “IIZ;|le and the fact that v o g*1 is the exponent measure is a con-
sequence of the mapping theorem Lemma 3.2, since for a max-stable process, the
tail measure and exponent measure are the same. [

In order to study further the stability property of the process X, we define the
binary operation © defined on E by

X1 Oxs= 15! if ||x1||.EZ x2]le, —
X7 otherwise,

Note that the binary operation © is associative, that is, (x; © X2) © X3 =x1 ©
(x2 ® x3) for all x{, x3, x3 € E. It is not commutative since x| © X2 Z x3 © X
if x1 and x; are distinct elements with the same norm. However, elements with
distinct norms do commute. More generally, if x1, ..., x, are elements in E such
that exactly one element has maximal norm, x* say, then x; ® --- ©® x, = x* does
not depend on the order of the x;’s.

PROPOSITION 3.9. The process X defined by (3.11) admits the Lepage repre-
sentation

o0
(3.12) xLQOr; ez,
i=1
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with {T;,i > 1} and {ZV,i > 1} as in (3.10) and the operation © is taken compo-
nentwise. Furthermore, the process X is stable with respect to the operation © in
the sense that

n
(3.13) nexOLy,
i=1

foreveryn =1, X .. X" being independent copies of X .

PROOF. The representation (3.12) is simply a rewriting of the definition of the
process X, that is,

Qr "z =7,
i=1

where IT1 ~ PPP(v).Letn > 1,1y, ..., I1, bei.i.d. copies of IT and X(l), L X®
be independent copies of X. Since 7 is 1-homogeneous, we have

n
Ve OQXO =T (e U unVer,) £ 7,
i=1

since n~ V¢TI, U---Un~ 111, ~PPP(v). O

3.4. Extremal indices and m-dependent approximation. The purpose of this
section is to investigate more advanced properties of the process X defined by
(3.11) such as existence of extremal indices and m-dependent tail equivalent ap-
proximations. Anti-clustering is also discussed in the next section. For the sake of
generality, we do not restrict our study to the process (3.11) but rather consider a
large class of processes constructed on the Poisson particle system IT ~ PPP(v).

Let us first introduce the notion of extremal index that provides an insight in
the dependence structure of a stationary regularly varying time series. For a time
series & € RV, ([0, 00)Z, (ay), v), we compare the growth rates of

M, = max &, and Mn = max Eh,
I<h<n 1<h<n
where the random variables &, are independent copies of &y. Regular variation and
independence imply that M, /ay converges to a standard «-Fréchet distribution,
that is,

. _ ~ e
lim IF’(anl max &, SX) =e F
for all x > 0. Under assumptions discussed below, one can prove that

. _ Oy
lim IP’(anl max &, Sx) =e 7,
n—00 1<h<n
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for x > 0 where 8 € [0, 1] is called the extremal index. If 8 = 0, we have
a, 'M, £ 0: the maximum has a slower growth rate in the dependent case. When
0 > 0, the maximum grows at rate a, as in the independent case. The extremal
index can also be defined as the limit, if it exists,

P <h< <
(3.14) 6= lim log - MX1hzn 6 = dn)
e P <an)”

In the abstract framework X € RV(EZ, (a,), v), we consider, for any 1-homo-
geneous continuous H : E — [0, 00), the extremal index (if it exists) of the non-
negative time series {H (Xp), h € Z}:
P(max<p<, H(Xp) < ay)

P(H(Xo) < an)" '

(3.15) 0y = lim log

The homogeneity and continuity of H ensure that H(X) € RV ([0, oo)Z, {a,},v o
H~1), provided v o H~! is not the null measure.

There exists a vast literature on the extremal index and several conditions have
been introduced that ensure the existence of a positive extremal index. Building
on Chernick, Hsing and McCormick (1991) and using the tail measure through the
tail process introduced by Basrak and Segers (2009), we will only consider here
a condition based on m-dependent tail equivalent approximations. An E-valued
time series X is called m-dependent if the o-fields o (X, h < ho) and o (X, h >
ho + m + 1) are independent for all g € Z. In particular, a stationary 0-dependent
time series is a series of independent and identically distributed random variables.

DEFINITION 3.10. A process X is said to have a tail equivalent approximation
if there exists a sequence of processes {X (’"), m > 1} such that

(3.16) mll_)moollgsolépnﬁ”(dE(Xh/an, X, Jay) > €) =0.

The relationship between m-dependent tail equivalent approximation and ex-
istence of an extremal index is made clear in the following theorem. Since the
extremal index is essentially defined for nonnegative time series, we focus on that
case.

LEMMA 3.11. Ler X" e RV([0, 00)%, {a,}, v?™) be stationary and m-
dependent. Then X" has a positive extremal index equal to the maximal index
QT((')" ) of v associated to the map to defined on [0, 00)% by 7(x) = x¢. If more-
over X" is a tail equivalent approximation of a nonnegative time series X and if

the limit lim,;,_ oo Hr((')" ) exists, then it is the extremal index of X .

PROOF. Since an m-dependent sequence is « mixing with arbitrary fast rate,
the existence of the extremal index 6 is proved by Basrak and Segers [(2009),
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Theorem 4.5] and is given by oM = P(max;> Yl.(m) < 1). Thus 6 = 6, by Re-
mark 2.21. The second statement is a consequence of Chernick, Hsing and McCor-
mick (1991), Proposition 1.4. [

Based on this result, we now prove the existence of the extremal index 6y the
process X considered in (3.11). The process X is defined by means of the sta-
tionary Ny(E)-valued sequence P = {P;(I1),h € Z} and the map T introduced
in the proof of Theorem 3.7 but the specific form of T is irrelevant and only 1-
homogeneity and continuity are needed. Therefore, we will first prove that the
stationary sequence P admits an m-dependent tail equivalent approximation and
then obtain the extremal index of time series derived from P.

THEOREM 3.12. Let v be a tail measure on EZ and T1 ~ PPP(v) be the
associated particle process. Consider the stationary Ny(E)-valued process P =
{P,(IT), h € Z}. If v has a dissipative representation (2.16), then P has an m-
dependent tail-equivalent approximation.

PROOF. Note first that IT can be expressed as
(3.17) =2 8 tapr 70,

i>1

. . . . 5
where Sr’l /e 18 a Poisson point process on (0, co) with mean measure v, Z @
i

are i.i.d. copies of the process Z in (2.16), B is the shift operator and Y2, 87,
is a Poisson point process on Z with mean measure the counting measure on Z,
independent of everything else. Indeed, it suffices to check that the mean measure
of the point process on the right-hand side of (3.17) is v. This follows from (2.16).
We now define the m-dependent approximation P of P. For m > 1, define

(m) Z(s —I/aZEt) 1{|h — T;| < m}.
i>1 =T,

We must now check the tail equivalence condition (3.16). By stationarity, it suffices
to check it for & = 0. That is, we must prove that for all ¢ > 0,

(3.18) lim_limsupnP(p(a, ' Po,a, ' P§"”) > ¢) =0.
n— 00
Set Ry = /&, T VN 29 I€1(ITi| > m). For r > a ' Ry, ay ' PY™ and a;, ' Pg

have the same points on By. Therefore,

an R
pla; Py, a;' PI7) 2/0 (or(a; ' Po,a; ' PUV) A )e™ dr < an Ry

Thus (3.18) will be obtained as a consequence of

(3.19) mllm limsupnP(R,, > ane) =

n—oo
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To prove (3.19), note that for nonnegative random variables Z;, i > 1, since I'} Ve
has a Fréchet distribution, we have

(\/F ez, >x><ZP r; "%z > x)

(1 e Bz,

IoF

—

o0
Z 1/‘)‘Z~>)c)=

Therefore, if Z;’i E[Z}] < oo, we obtain by dominated convergence

hmsupx“IP’(\/F Veg, >x> <ZE [Z¢].

X—00
i=1

1

Applying this bound to R;,, we obtain by dominated convergence theorem

lim limsupnP(R,, > ay¢e) < hm ZE | ZollEL{|T;| > m}] =

m—00 5 o0 Py

This proves (3.19). U

To a function H : No(E) — [0, 00), we associate the function H:EZ -
[0, 00)” defined by H (x) = {H (8x,). h € Z}, x € EZ.

COROLLARY 3.13.  Under the assumptions of Theorem 3.12, let H : No(E) —
[0, 00) be a Lipschitz continuous 1-homogeneous function such that v({I:I (x) >
1}) = 1. Then the time series X g = {H o Py(I1), h € Z} is in RV ([0, 00)Z, {n1/*},
vy) withvyg =vo H™!, has an m-dependent tail equivalent approximation and

an extremal index equal to the maximal index 0, associated to v and the map t©
defined on E” by t(x) = H (8x,).

PROOF. We will apply Lemma 3.11 and Theorem 3.12. Let P be the m-
dependent approximation of P defined in the proof of Theorem 3.12. Then the time

series X defined by X, m — H o Py(IT), h € Z is m dependent and regularly
varying by Lemma 3.2. By Lemma 3.11, its extremal index 0™ is given by

m) _ E[max s <m f‘_l“(zh)]
B[ jp<m H(Z1)]

The tail equivalence condition (3.16) holds by the Lipschitz property of H. Thus
the sequence {X )} is a tail equivalent approximation of X and we can apply
Lemma 3.11 which proves (by application of the dominated convergence theorem)
that the extremal index of X is

o 1im g _ Emaxnez H*(Zy)]
m=>00 E[X hez H*(Zp)] [
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3.5. The anti-clustering condition. In the literature of time series and extremal
index, the anti-clustering condition introduced by Davis and Hsing (1995) plays
quite an important role; see, for example, Janssen et al. (2018), Mikosch and Win-
tenberger (2016), Basrak and Tafro (2016), Basrak, Krizmani¢ and Segers (2012).
Let us first define the notion of anti-clustering for a stationary regularly varying
sequence.

DEFINITION 3.14. A stationary time series X € RV (EZ, (a,), v) satisfies the
anti-clustering condition if there exists an intermediate sequence r;,, — 00, 1, /n —
0, such that

(3.20) mli_)moolim supIP’( max de(X;/a,,0g) > u | de(Xo/ay, Og) > u) =0.

n—o00 m=<|h|<ry

When E = R, we retrieve the classical anti-clustering condition of Davis and
Hsing (1995), Condition 2.8. Although we have not used anti-clustering in our
analysis of extremal index (Corollary 3.13), we show below that, for the class of
processes considered, anti-clustering is equivalent to the existence of a dissipative
representation for v. This suggests that assuming the existence of a dissipative
representation for v in Corollary 3.13 is not a too strong condition.

THEOREM 3.15. The following statements are equivalent:

(1) v has a dissipative representation (2.16);
(i1) the process (Py(I1))pcz satisfies the anti-clustering condition in (No(E)Z
in [0, 00)%;
(iii) for all H as in Corollary 3.13, X g satisfies the anti-clustering condition
in [0, 00)Z;
(iv) the max-stable process {||P,(I1)|le, h € Z} satisfies the anti-clustering
condition [0, oo)Z.

PROOF. Since the process {|| P, (I1)]||g, & € Z} is max-stable, the equivalence
between (i) and (iv) is proved in Debicki and Hashorva (2016), Theorem 2.1.
The implication (ii) = (iii) is a consequence of the Lipshitz property of H;
the implication (iii) = (iv) is trivial since the map || - ||g satisfies the condi-
tion of Corollary 3.13. Conversely, (iv) implies (ii) since %(|||Ph(H)|||E Al <

dpo (e (@, ' Pr(T), 0p0) < [ P (I by (3.3) and (3.4). O

APPENDIX A: CONVERGENCE IN M(Ny(F))

For u € Mo(No(F)), we denote by B,, the set of Borel sets B C Ny (F) that are
bounded away from zero and such that (7 (0 B) > 0) =0, with d B the boundary
of B.



3916 C. DOMBRY, E. HASHORVA AND P. SOULIER

THEOREM A.l. Let w, i1, 42, ... € MoNo(F)). The following statements
are equivalent:

. MoNy(F))
i) up~ —> " pasn— oo.

.. di .
(1) mn ﬁ—) L as n — o0, in the sense that

pn(w(A)) =mi, 1 <i <k)— p(w(A)=m;, 1 <i <k) asn— oo

forallk > 1, (my,...,mg) e NF\ {0} and Ay, ..., Ay € By.
(iii) for all bounded continuous f : F — [0, 00) vanishing on a neighborhood
of OF,

/ (1 —e N, (dr) —> (1 —e ™) pu(dr) asn— oo
No(F) No(F)

with 71(f) = fg f (0)m(dx).

This theorem is similar to the characterization of weak convergence of prob-
ability measure on Ny(F) in terms of their finite dimensional distributions and
Laplace functional by Zhao (2016), Theorem 3.10 and Corollary 3.11. We con-
sider here My-convergence of measures with possibly infinite total mass, so that
we exclude in (ii) the event { (A;) =0, 1 <i < k} that may have infinite mass and
we use in (iii) a modified Laplace transform with 1 —e™7" (f) instead of e (/) 50
as to ensure that the integrals are finite.

PROOF. We begin with some notation and preliminaries that will be used
throughout the proofs below. We denote by Bg , (resp., B} o (F). ,-) the complement
of the ball with center O and radius 7 > O in F [resp NO(F)] The bounds (3.3) and
(3.4), imply that for r <1,

(A.1) Bio ). CH(BE,) >0} C By, yar
Let u € M(Ny(F)) be fixed and consider a sequence r; | 0 such that
“(BBK/O(F),”) = u(mw(dBg,,) > 0) =0 for all i > 1. By Hult and Lindskog

[(2006), Theorem 2. 2] the Mo-convergence w, ﬂ W is equivalent to the weak

convergence ,u( ri) — w0 for all i > 1, where ,un) (resp. 1)) denotes the re-

striction of w, (resp., u) to B N (F) . By the inclusion (A.1), this is also equivalent

TN @l for all i > 1, where ,un) (resp ;L(’)) de-

to the weak convergence fi,
notes the restriction of u,, (resp., u) to {m (B¢, ) > 0}. The restriction un ) will be
useful because they behave well with respect to finite d1mens10nal distributions.
The weak convergence ,u(r’) w?) (or ,u( ri) ,u(r’)) of finite measures
can be characterized as in Zhao [(2016), Theorem 3.10 and Corollary 3.11] by the
weak convergence of finite dimensional distributions or pointwise convergence of

Laplace functionals. Note that the result and proof in Zhao (2016) are given for
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weak convergence of probability measures only, but they are easily extended to
finite measures since weak convergence is then equivalent to convergence of the
total mass together with weak convergence of the normalized measures.

Proof of (i) = (ii). From the preliminary discussion, the My-convergence

M . .
Un =2 w implies, for all i > 1, the convergence of /,Ln(B/C\/O(F) r,-) — ;L(Bf\/o ) r,-)

and the weak convergence of the finite dimensional distributions ,u,([’) ﬂ) wli),

This entails the convergence of finite dimensional distributions in the sense of ii)
because any set A € B,, is bounded away from zero and hence in BK/O(F)J!_ for r;
small enough,

Proof of (ii) = (iii). It is enough to prove that (ii) implies weak convergence

. . . L. ~(r di .
of the finite dimensional distributions Mﬁ,r’) ﬂ) M(’ i) for all ri>1.Letk>1,
Ay, ..., AreByand my,...,my > 0. Setting Ag = B,E’ri € By, we have

(A2) A (A =mj,1<j<k)=fn(T(A0) >0, 7(A)) =mj,1<j<k)
and (ii) implies convergence to
(A3) A (m(A)=m;,1<j<k)=j(w(A)>0,7(A;)=m;, 1 <j<Kk).

. ~(r;) fidi L. M
This proves i\ EL ) and p, —> p.

Proof of (iii) = (i). We prove that (iii) implies that, for all i > 1, the measures
i, 0 have finite total mass and converge weakly il —2 () as n — oc.

We first prove convergence of the total mass
(Ad) AT (No(F)) = (e (BE,,) > 0) — A (No(F)) = (i (BE,) > 0).

Consider approximating functions h;r(x) J 1{x ecl Bﬁ’ri} and h; (x) 1 1{x €
int B,E’rl_} that are continuous with values in [0, 1] and vanish on a neighborhood
of Og. The notation cl and int stands for the closure and interior of the set, respec-
tively.

[ =@ < [ (1= e PR am)
No(F) No(F)

5/ (1 — e "), (dr).
No(F)

The left- and right-hand sides in the previous inequalities converge, and hence
are bounded uniformly in n» > 1. Furthermore, since n(B,Eﬁrl_) takes values in
{0,1,2,...}, the quantity

[ = TRy = 3 (1= e (e (B ) = )
NO(F) m>1

satisfies

(1=l (BE,) > 0) = [ (1= ") < (e (B, > 0).
0
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We deduce sup,, | fn (n(B,E’,i) > () < oo and this holds for all i > 1. Then, letting
n— oo in

/N (=), < (e (B ) > 0)
0

<(1—-e"' _1/ | —e ) W (dm),
( ) /\/o(F)( )

we get
EE c _ a—ta(h)
minfun(m (B ) > 0)= | (1= ().
limsup pn (7 (BE,,)>0) < (1 —e7")" f (1-— e_”’(h;r)),u(dn).
n—00 o No(F)

Letting / — oo and t+ — oo, monotone convergence entails that the right-hand side
in the last two inequalities converge to u(m(cl B,ﬁ,ri) > 0) and (s (int B,E’ri) >
0), respectively. These two quantities are equal because we have chose r; such
that B,S’rl_ € By, that is, M(n(aBﬁ,rl_) > () = 0. Consequently, p, (n(B,E?rl_) >0) —
u(m(Bg, ) > 0) as n — oo, proving (A.4).

~(ri)

To prove that i, s o) using the Laplace functional, it is enough to prove
lim e "Dl (dr) = f e "D fi(r;)(dr)
=0 N (F) o(F

for all bounded continuous f : F — [0, co) vanishing on a neighborhood of 0. In
view of equation (A.4), this is equivalent to

lim 1—e ™) (r’)(drr)—f 1—e "N () (dn).
n—o0 NO(F)( A o(F)( G

The proof is similar to that of Equation (A.4) where the measures pu,(dmr)
and p(dm) are replaced throughout the proof by (1 —e™" f M (drr) and (1 —
e () wu(dm), respectively. Details are left to the reader for the sake of brevity. It
is useful to note that

(1— e—m(h,i))(l _ e—n(f)) =(1- e—n(th,i)) +(1- e—n(f)) -(1- e—n(f+zh,i))

so that (iii) allows to deal with the limit of the integrals as n — co. [

APPENDIX B: LEMMAS FOR THE PROOF OF THEOREM 3.7

The Prohorov distance og between two bounded measures 11, v on a Borel space
E is defined by Daley and Vere-Jones [(2003), Section A2.5]

oe(i,v) = inf{e > 0: n(A) <v(A®) + &,

(B.1)
V(A) < u(A®) + ¢ for all closed sets A}
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LEMMA B.1. Let u, v be two point measures on a metric space (E, d). Then
Ce(u, v) = [W(E) —v(B)[. If x, y € E, then 0g(8x,8y) =d(x, y) AN 1.

PROOF. Assume for instance that w(E) = n and v(E) = k with k < n. Let
X1,...,X, be the points of  and let A = {x1,...,x,}. Then A is closed, u(A) =
n and for all € > 0, v(A®) < k. This proves that og(u, v) > n — k. The second
statement is in Dudley (2002), Section 11.3, page 394. [

Recall from Section 3.3.1 the definition of the set /\/0Ij (E) and the map T and the
definition of the metric p in (3.2).

LEMMA B.2. The subset /\/Oﬁ(E) is open in No(E) and the map T : Ny(E) — E

is continuous on ./\/'(1)j (E).

PROOF. Letw e Ng(E) and m = ||7||e. Then there exists n > 0 such that &
has exactly one point in B(T (;r), ). A point measure 7’ € NVy(E) has either zero
point or 1 or at least two points in By, _,. By Lemma B.1, in the first and last cases,
or(mw,w’) A1 =1, hence

o0

p(m,7’) > / e "dr>e ™.

m—r

c
m—n>

—m

Thus, if p(r,7") <e™™, then 7/ has exactly one point in B which is there-

fore its single largest point and 7’ € Ng(E). This proves that Nou(E) is open. By
Lemma B.1 again, for r > m — n, we have p, (7,7 ) A1 =de(T (), T(7')) A 1
thus

[e.e]

p(m, ') = / e (de(T(r), T(x)) A1) dr = (de(T (), T(x')) A 1)e ™.

m=—n

This proves that 7" is continuous at 7. [

LEMMA B.3. Let (S,ds) be a metric space and g : S — F = EZ. Then S is
continuous with respect to the distance dr defined in (3.7) if and only if g; : S — E
defined by g;(s) = (g(s)); for s € S is continuous for all j € 7.

PROOF. The direct implication is trivial. We prove the converse. Assume that
gj is continuous for all j. Fix so € S, ¢ € (0, 1) and choose K such that 27K <¢/4.
By assumption, there exists n (which depends on ¢ and K') such that for all j
{—=K,...,K}and s € S such ds(so, s) <7, de(g;(s0), g;(s)) < &/2. This yields

dr(g(s0). g()) = Y 27Vde(g;(s0), gj(s)) A 1
JEZ

5% STy 3 27l <

j1<K jl>K O
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