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Preface

These notes grew out of various older versions of lecture notes on ageing
and on extreme value theory. After working for a number of years on
problems related to so-called ageing in the dynamics of disordered sys-
tems, mainly spin glasses, it became increasingly clear that in studying
all these different models, that there was a operational mode at work
in all of them, the interplay between extreme values and averaging in
the theory of sums of random variables. The general theory of sums
of independent random variables goes back at least to Gnedenko and
Kolmogorov [26] from about 1950. Later, also situations with depen-
dent random variables were studied intensely, under, as Durrett and
Resnick [19] put it, “a bewildering assortment of assumptions”. Durrett
and Resnick in 1978 give a clear picture of the situation, emphasizing
the connection between convergence of an extremal process to a Poisson
point process and the convergence of the corresponding sum process to
the associated Lévy process, and formulating a clear and distinct set
of conditions for these things to happen. It appears that these very
beautiful results are not very widely known in the community at large.

The purpose of these lecture notes is thus twofold. On the one hand,
I want to give a concise presentation of the connection between extreme
values theory and Poisson point processes on the one hand, and pure
jump Lévy processes and limit theorems for sums of random variables
on the other. We will see, in particular, very clearly, that the dependence
problem enters only at the level of the question whether the extremal
process converges to a Poisson process. Many conditions for this to hold
are known.

The second aspect will be applications of these observations to dis-
ordered systems. This will concern partition functions of disordered
systems, such as the random energy model, but more than that the scal-
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iv 0 Preface

ing properties of Markov jump processes in random environments, viz.
ageing. It has long emerged that the clock process associated to these
models plays a major part and, being a sum of in general dependent
random variables, it is natural that the general limit theorems for such
sums play a major role here. In general, there is still no free lunch, and
verifying the hypothesis of the abstract theorems in concrete models is
not immediate, but as I will explain in a variety of illustrative examples,
there is a general strategy at work here, too.

I hope that these notes will help to advertise a central part of classical
probability and demonstrate that amazing results can be wrought out
of it in modern applications.

The insights I have gained over the years in this subject came from my
collaborators, Gérard Ben Arous, Jiif Cerny and Véronique Gayrard.
With Gérard and Jif{ [2] we first learned how to view the asymptotic
clock as a sum of the extremes of a correlated process. Véronique, in
her seminal series of papers [23, 24, 15], made the clear connection to
the work of Durrett and Resnick and showed how to apply this in the
context of a frozen random environment. I also learned a lot from Irina
Kurkova when studying the problem of local energy statistics in random
media, and from her and Mathias Lowe when analysing the fluctuations
of the partition function of the REM (where in fact we rediscovered a lot
of general wisdom from the theory of sums of triangular arrays). I wish
to thank all of them for the pleasure of working together and exploring
the fascinating world of probability theory.

These notes were written to a large part while I was holding a Lady
Davies Visiting Professorship at the Technion, Haifa, and was staying
at the William-Davidson Faculty of Industrial Engineering and Manage-
ment. I would like to thank Dima Ioffe and the other colleagues at the
Technion for their kind hospitality and the friendly atmosphere there. 1
thank the Lady Davies foundation for the financial support that made
this stay possible.

Haifa, July 2010 Anton Bovier
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Introduction

These lectures are motivated by recent research on certain properties
of the dynamics of highly disordered systems, in particular spin glasses.
More than 20 years ago, physicist began to investigate such systems and
discovered some peculiar universal properties that they called ageing.
About ten years ago, a small group of mathematicians became inter-
ested in this phenomenon and a systematic investigation of a number
of models was started. While many deep probles remain unanswered,
some understanding of the reasons begind what was going on emerged.
Interestingly, this links back to some of the most classical parts of proba-
bility, extreme value theory and the fundamental limit theorems for sums
of random variables, and hence Lévy processes. In these lectures I will
tell this story backwards, exposing first the classical theory of Poisson
convergence and stable Lévy processes and in the end explaining their
appearance in the dynamics of disordered systems.

1.1 Characterisation of ageing

The term ageing refers to properties of a dynamical system out of equi-
librium. In principle, this property refers to real (physical) systems. In
the widest sense we can describe it as follows. Assume a systems is
prepared (produced) at some initial time ¢g. Then the system is left to
itself. After some time t,, (called waiting time), an experimentalist may
perform some measurement on the system. The question is, whether
the experimentalist will be able to deduce the elapsed waiting time from
his observation. If the answer is yes, we will say that the system ages,
otherwise it does not.



2 1 Introduction

Of course, this is a very general characterization and we will be inter-
ested in more specific situations.

In these lectures we will be concerned with mathematical models that
correspond to this behavior. Again, one could look at very general dy-
namical systems, but we will confine our interest exclusively to Markov
processes in random environments.

Let us introduce some notation.

1.2 Markov jump processes in random environments

The models we will ben interested in general are Markov jump processes
in random environments. We construct them with a particular twist
that will suit our purposes.

Our arena will be a sequence of loop-free graphs, G,,(V,, &,) with set
of vertices V,, and set of edges &,. Not that this sequence may consist
of a single element, if the cardinality of V), is infinite.

A random environment will be a family of positive random variable,
Tn(x),x € V,, defined on some abstract probability space, (2, F,P). We
will denote the sigma-algebra generated by these variables by F7, and
their joint distribution by P. Note that we do not assume independence.

Next we define discrete time Markov processes, J,,, with state space
V,, and non-zero transition probabilities along the edges, &,. We denote
by ., its initial distribution and by p,,(z,y) the elements of its transition
matrix. Note that the p,, may be random variables on the space (2, F, P)
(i.e. depend on the variables 7, (x). We will assume that the process J,,
admits a unique invariant measure w,. We will often refer to J,, as the
fast chain.

We will construct our process of interest, X,,, as a time change of J,,.
To this end we set

An(x) = 7p(2) /70 (), (1.1)
and define the clock process
k
Sn(k) => A\ (Jn(i))eni, keEN, (1.2)
i=0

where (en,;,n € N,i € N) is a family of independent mean one exponen-
tial' random variables, independent of .J,,.

1 We may consider more general situations when en,; have different distributions as
well.
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We now define our continuous time process of interest, X,,, as
Xn(t) = Jn(i), if S,(8) <t < S,(i+1) for some i. (1.3)

One can readily verify that X, is a continuous time Markov process with
infinitesimal generator \,, whose elements are

An(2,y) = An(2)pn (2, y) (1.4)
and invariant measure
T ()N, 1 (2) = 7o (). (1.5)

Note that the numbers A, !(z) play the réle of the mean holding time
of the process X, in a site x.

To avoid pathologies, we will always assume that our processes are
such that, almost surely, for all but finitely many n,

An(x) < 00, VI € V). (1.6)

Note that all Markov jump processes may be constructed in this way.
For future reference, we will refer to the o-algebra generated by the
variables J,, and X,, as F/ and FX, respectively. We will write P, ., =
P, = P, for the law of the process J,, conditional on the o-algebra F7,
i.e. for fixed realisations of the random environment. Likewise we will
call Py, ., = P, = Py, the law of X,, conditional on F7.

This construction brings out the crucial role played by the clock pro-
cess. If the chain J,, is rather quickly mixing, convergence to equilibrium
can only be slowed through an erratic behaviour of the clock process.
This process, on the other hand, is a sum of positive random variables,
albeit in general dependent ones.

In connection with ageing, we do of course have some particular cases
in mind.

1.2.1 Trap models

The best studied models for aging are the so-called trap models, intro-
duced essentially by Bouchaud and Dean [13, 14]. These models were
introduced as caricatures of more realistic models, but they teach us
something about how one would like to think about ageing systems. The
setting is like the one above, but we make some specific assumptions on
the random environment:

(i) A random environment is given by variables 7,,(i) = 7,4 € V,, which is
a family of positive, independent, and identically distributed random



4 1 Introduction

variables that are in the domain of attraction of an a-stable distribu-
tion with o < 1, i.e. limpoo t*P[r; > ¢] = 1. In particular E7; = +oc.

(ii) For any realization of the random variables 7;, the fast chain, J,, is
a discrete time Markov process with transition probabilities propor-
tional to

T

L —, if(:,j) €€,
plisf) = 4 Semeere 1) (17)
0, , else

for some parameter 0 < a < 1.
(iii) The invariant measure of the chain J is uniform and will be chosen
un-normalize as 7(i) = 1.

We will in these lectures mainly consider the case a = 0, which is the
original choice of Bouchaud. In that case the dynamics has a simple
description: starting in some site, ¢, the process waits an exponential
time with mean 7;, and then moves on uniformly to one of its neighbors
in the graph G. So the random environment does not affect the paths
of the process, but only the time spent along a path. We think of the
process of interest as a random time change of a fast process. The
general case is treated nicely in [23].

Now the random variables 7;, i.e. the trapping times, have a very
heavy-tailed distribution, so that as the process wanders about, it can
find ever deeper traps, i.e. sites where it will wait longer and longer. So
if it is the case that the process, by time T is with large probability in a
trap whose waiting time is of order g(7T'), then we can indeed determine
the age of the process by studying its current typical sojourn times. The
nice feature of trap models in that respect is that the state space has
site by site a temporal characteristic, a feature that more complicated
models do not immediately show.

There has been a considerable amount of work done on trap models in
the case when G = Gy is the complete graph and when G = Z¢, mostly
by Ben Arous and Cerny [8, 5, 6, 7].

To quantify ageing properties, one usually refers to the behaviour of
certain time-time-correlation functions. This corresponds to the idea
that an aging experiment corresponds to making an observation of the
system during a time interval [t,,t, + ¢t and to record the outcome of
the measurement as a function R(t,,t).

When studying trap models, the most commonly used correlation
functions are

Rlty,t] = P[X (ty +1) = X (tw)], (1.8)
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respectively its quenched version
Ry[tw,t] = PulX (tw +1t) = X (tw)]. (1.9)

Another correlation function is

Mty t] =PX (tw + 8) = X(tw),V0 < s <, (1.10)
respectively
I, [t t] = PulX (tw + 1) = X (), V0 < s < t]. (1.11)

One could of course, instead of just asking that X (s) = X (¢,,) ask for a
milder version, like dist (X(s), X (¢y)), for some distance, or one might
ask for the distribution of such a distance. However, as again we will
see later, it is in the spirit of the trap model to use the strict definition
above: for large times, very deep traps are quite isolated, and so the
right thing to realize the event is for the process to be in the same deep
trap (most of) all the time.

One now speaks about ageing systems, if these functions, as t and ¢,
become large, do not become independent of ¢,,. In fact, in these notes
we will not stress the role of correlation functions too much.

1.2.2 Glauber dynamics

Trap models may reproduce ageing behavior, but they are in some sense
ad hoc models, that are not motivated by microscopic physical models.
In particular, they have two features that seem artificial built in: the
independence of the traps and the heavy tails of the distribution of the
traps.

Models that are a step closer to reality are Glauber dynamics of (ran-
dom) spin systems. Here we consider as state space the hypercube
S, = {—1,1}" (we could also be more general), and defined on this
an energy function (Hamiltonian) H,(¢) which may depend on a ran-
dom parameter, i.e. may be considered as a random process indexed by
S,. The examples we will be concerned with here are so-called mean-
field spin glasses, where H,, is a centered Gaussian process with some
covariance

cov(Hy, (o), Hy(0")) = nf(dist ,(o,0")),

for some function f such that f(0) =1 and dist,, a normalized distance.
The most prominent examples are the p-spin interaction Sherrington-
Kirkpatrick models, where
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cov(H, (o), Hy(0")) = nR,(0,0")?, (1.12)

with R,(0,0") = n=t> 1" | 0y0,. Given such a Hamiltonian, one con-

structs a Gibbs measure

27" exp(—Hn(0))
Zgn ’

(1.13)

fp.n(0)

where Zg ,, is such that jig, is a probability.

A Glauber dynamics is then a (discrete or continuous time) Markov
chain that is reversible with respect to this measure. In most cases, one
assumes also that only transitions are allowed in which a single spin is
flipped at a time. Popular rates are:

Metropolis rates:

p(0.0) = exp (~BlH(0) — Ha(o)]ls), iflo—o/|=2  (L14)

and zero else; these rates are rather difficult to handle because in our
setting, the fast chain is not a simple object. First results are announced
in the forthcoming paper [25].

Nicer to to handle are

random time change rates:

p(o,0’) = exp (BH, (o)), iflc—0o'|=2 (1.15)

This is easily cast in the above form with the fast chain given by simple
random walk on the hypercube and A, (o) = exp (8H,,(0)). Results on
this type of dynamics were obtained in [3, 4, 7, 2, 15].

We see that in these dynamics, neither independence nor heavy tails
appear. Nonetheless, one expects that under suitable conditions, trap
model dynamics emerges as appropriate description of the long time be-
havior of these models (when N 1 o0). To understand how this happens
will be the main theme of these lectures.

Ackowledgement. These notes were written for the most part while
I was a Lady Davies Visiting Professor at the Technion in Haifa. I am
grateful to the Lady Davies foundation for their financial support and to
Dima Joffe and the William Davidson Faculty of Industrial Engeneering
and Management for their kind hospitality.
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Extreme value theory and Poisson point
processes

Extreme value theory is an enormously rich subject with an inexhau-
sible litterature. Two very good reference, from which much of this
chapter is taken, are the textbooks [31] and [32].

2.1 Independent random variables

Our first building block will be the theory of extremes of random vari-
ables. The setting here is the following. Let X;, i € N, be a family of
random variables defined on some probability space (£, F,P). Let us say
that the X; have all the same distribution, say, F, i.e. P(X; < z) = F(z).
Much of the material of this section is taken from [31] and [32].

2.1.1 Extremal distributions

The first question we can ask is whether something can be said about
the distribution of

M, = max X;. (2.1)

i<

The first context in which one can say something is when the X; are
independent random variables. In that case, obviously,

P(M, <u)=P(X; <u,Vi<n)=F(u)". (2.2)
As probability is about limit theorems, to get an interesting result we

must choose u = u,, as a function of n and try to do this in such a way
that

Flu,)" — G € (0,1). (2.3)

7



8 2 FExtreme value theory and Poisson point processes

Even more interesting, we may try to find a family, u,(x), z € R, such
that

F(up(z))" = G(z), (2.4)
where G(z) is a probability distribution function! Here and throughout
un () will be assumed to be a strictly monotone continuous function.
Such a result could then be interpreted by saying that u,(M,) con-
verges in law to a random variable with distribution function G.

One of the remarkable theorems in probability theory states that if

un(z) is chosen as an affine function, e.g. u,(z) = a,x + b,, we have a
full classification of the possible limit laws.

Theorem 2.1.1 Let X;, i € N be a sequence of i.i.d. random variables.
If there exist sequences a, > 0, b, € R, and a non-degenerate probability
distribution function, G, such that

P[M, < anx+by] = G(z) (2.5)

then G(x) is of the same type as one of the three extremal-type distribu-
tions, namely:

(I) The Gumbel distribution,
G(r)=¢€"° (2.6)

(IT) The Fréchet distribution with parameter a > 0,

0 if <0
Ga)={ _. "= (2.7)
e ™, ifzx>0

(III) The Weibull distribution with parameter o > 0,

e~ (=2)%  ifzx <0
G(z) = ’ 2.8
(@) {1, ifx>0 28)

Here we say that two functions, G, H, are of the same type, if there
are constants, a,b, such that G(x) = H(ax + b).

Proof. The proof of this theorem relies on the fact that the distributions
we are looking for arise as limits of the form

F"(apz +by) — G(x) (2.9)

This implies a certain invariance property of G, called mazx-stability .
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Definition 2.1.1 A non-degenerate probability distribution function,
G, is called maz-stable, if for all n € N, there exists a,, > 0,0, € R, such
that, for all z € R,

G"(a,'x +b,) = G(x) (2.10)
The justification of this name is contained in the following proposition.

Proposition 2.1.2 (i) A probability distribution, G, is maz-stable,
if and only if there exists probability distributions F, and con-
stants an, > 0, b, € R, such that, for all k € N,

Folagta+bu) = GYE(x) (2.11)

(i) G is maz-stable, if and only if there exists a probability distribu-
tion function, F, and constants a,, > 0, b, € R, such that

F'(a; 'z +b,) = G(x) (2.12)

Proof. The proof of this proposition is slightly technical and will be
omitted. It can be found in [31]. O

We do cite, however, an important result that is instrumental for the
proof:
The next theorem is known as Khintchine’s theorem:

Theorem 2.1.3 Let F,,, n € N, be distribution functions, and let G
be a mon-degenerate distribution function. Let a, > 0, and b, € R be
sequences such that

Fo(anx +b,) = G(z) (2.13)

Then it holds that there are constants o, > 0, and B, € R, and a
non-degenerate distribution function G, such that

Foan® + 8,) = Gi(2) (2.14)
if and only if
atan = a,  (Bn—bp)/a, —b (2.15)
and
G.(z) = G(az +b) (2.16)

There is a slight extension to this result.

Corollary 2.1.4 If G is mazx-stable, then there exist functions a(s) >
0,b(s) € R, s € Ry, such that

G*(a(s)z + b(s)) = G(z) (2.17)
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Proof. This follows essentially by interpolation. We have that
G (apugw + bpag) = G() (2.18)
But
G™ () + bpns) = GV ()@ + bpns) ) GV (a2 + b))
= Gl/s(x)an[”s]/s(a[ns]x + b))

Asn 1 00, the last factor tends to one (as the exponent remains bounded),

and so
G"(afns)T + bpps)) 5 GV () (2.19)
and
G™(anx +by) = G(z) (2.20)
Thus by Khintchine’s theorem,
fns]/an = a(s),  (bn — bpns))/an — b(s) (2.21)
and
GY/3(z) = G(a(s)z + b(s)) (2.22)
U

Theorem 2.1.1 is thus an immediate consequence of the following.

Theorem 2.1.5 Any max-stable distribution is of the same type as one
of the three distributions given in Theorem 2.1.1.

Proof. Let us check that the three types are indeed max-stable. For
the Gumbel distribution this is already obvious as it appears as extremal
distribution in the Gaussian case. In the case of the Fréchet distribution,
note that

" 0, ifx <0
&) = {e"w_a . A R TN
= G(n~ Yo%) (2.23)

which proves max-stability. The Weibull case follows in exactly the same
way.

To prove that the three types are the only possible cases, we use Corol-
lary 2.1.4. Taking the logarithm, it implies that, if G is max-stable, then
there must be a(s), b(s), such that

—sln (G(a(s)x + b(s))) = —InG(z) (2.24)
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One more logarithm leads us to
— In[—sIn (G(a(s)z + b(s)))]
= —In[-In(G(a(s)z +b(s)))] —Ins = —In[-In G(z)] = ¥(z) (2.25)
or equivalently
P(a(s)z +b(s)) —Ins = ¢(z) (2.26)

Now 1 is an increasing function such that inf, ¢(x) = —oo, sup, ¥ (z) =
+00. We can define the inverse 9y ~*(y) = U(y). Using (iv) Lemma ?7?,
we get that
U(y +1ns) —b(s)
a(s)
and subtracting the same equation for y = 0,

Setting In s = z, this gives

Uy +2) - U(z) = [U(y) = U(0)] a(e?) (2.29)

=Uly) (2.27)

To continue, we distinguish the case a(s) =1 and a(s) # 1 for some s.
Case 1. If a(s) =1, then

Uy+z2)-U(z)=U

—~

y) — U(0) (2.30)
whose only solutions are
Uly)=py+b (2.31)

with p > 0, b € R. To see this, let 1 < x5 be any two points and let &
be the middle point of [z1, 23]. Then (2.30) implies that

U(z2) —U@Z)=U(xe —2) —U0) =U(z) — U(x1), (2.32)

and thus U(Z) = (U(z2) — U(z1)) /2. Iterating this proceedure implies
readily that on all points of the form xlgn)xl + k27"(X3 — x1) we have
that U(z,) = U(z1) + k27" (U(x2) — U(x1)); that is, on a dense set of
points (2.31) holds. But since U is also monotonous, it is completely

determined by its values on a dense set, so U is a linear function.
But then ¥(x) = p~tz — b, and

G(z) = exp (—exp (—p 'z — D)) (2.33)
which is of the same type as the Gumbel distribution.

Case 2. Set U(y) = U(y) — U(0), Then subtract from (2.29) the same
equation with y and z exchanged. This gives
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~U(2) + U(y) = a(e*)U(y) - a(e*)U(2) (2.34)
U(2) (1 - ale")) = Uly) (1 - ale?)) (2.35)

Now chose z such that a(e®) # 1. Then
U(y) = ﬁ(z)i_zgii = c(2)(1 - a(e?) (2.36)

Now we insert this result again into (2.29). We get

Uly +2) = c(z) (1 — a(e?+?)) (2.37)
= U(z) + U(y)a(e?) (2.38)
= c(2) (1 = a(e?)) + ¢(2) (1 — a(e”)) a(e?) (2.39)

which yields an equation for a, namely,
a(eVt?) = a(e¥)a(e?) (2.40)

The only functions satisfying this equation are the powers, a(z) = z”.
Therefore,

U(y) =U(0) + c(1 — eY) (2.41)

Setting U(0) = v, going back to G this gives

G(z) = exp (— (1 . . ”) _1/p> (2.42)

for those x where the right-hand side is < 1.
To conclude the proof, it suffices to discuss the two cases —1/p=a >0
and —1/p = —a < 0, which yield the Fréchet, resp. Weibull types. [

O

Importantly, we can also identify which probability distributions give
rise to the three types.
In the following theorem we set zp = sup{x : F(z) < 1}.

Theorem 2.1.6 The following conditions are necessary and sufficient
for a distribution function, F, to belong to the domain of attraction of
the three extremal types:

(1) Fréchet: zp = +o0,
. 1—F(tx)
lim ————= ==

2.4
oo 1—F(t) ; v£>070‘>O ( 3)
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(IT) Weibull: zp < 400,

1— F(zp —zh
Tl G el ) Y Vouo,a > 0 (2.44)

(III) Gumbel: 3g(t) > 0,
L-F(t+zg(t) _

lim ——— T 29W) Vs 2.4
Hap 1 F(1) © (245)

Proof. We will only prove the sufficiency of the criteria. The following
lemma contains an elementary, but important statement:

Lemma 2.1.7 The statements
n(1l — F(apz + b)) — g(x) (2.46)
and
F™(anx + by) — ¢ 9®) (2.47)

are equivalent.

Proof.  Assume first that (2.47) holds. Then

nln F(anx + by) — —g(x). (2.48)
But
nn(F(a,z + b )—ni (=" (1 — F(anz + by))" (2.49)
k=1

It is easy to see that the only way the right hand side can coverge is
when the £ = 1-term in the sum,

—n(1 = Fanz + by)), (2.50)

tends to —g(z), which then implies that all other terms tend to zero.
Thus (2.46) must hold.
Conversely, if (2.46) holds, (2.47) follows since

lim Fn(anx_'_bn) = lim (1 _ (1 _ F(ana: + bn)))n —e” limp4oe N(1—F(anx+bn))
ntoo ntoo

(2.51)
O
Thus we only have to check when (2.46) holds with which g(x).
Let us assume that there is a sequence, 7, such that
n(l — F(y,)) — L (2.52)

Since necessarily F(v,) — 1, v, = ar, and we may choose 7, < g, for
all n. We now turn to the three cases.
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Fréchet: We know that (for z > 0),

11__?(&“;) L go (2.53)
while n(1 — F(vy,)) — 1. Thus,
n(l — F(yx)) = ¢ (2.54)
and so, for x > 0,
F'(ypx) — e ® ", (2.55)

Since lim, o e~ " =0, it must be true that, for z <0,

F"*(ypz) = 0 (2.56)

which concludes the argument.
Weibull: Let now h, = xp — 7,. By the same argument as above, we get,
for x >0

n(l — F(zp — hpx)) — 2 (2.57)

and so

o

F'"(zp —x(xp —y,)) 2> e ” (2.58)

or equivalently, for x < 0,
F'((zp —Yn)z +xp) = e~ 2" (2.59)
Since, for z 1 0, the right-hand side tends to 1, it follows that,

for x > 0,
F'"(x(xp —yn) —zp) = 1 (2.60)
Gumbel: In exactly the same way we conclude that

n(1 = F(yn + 2g(1))) = € (2.61)

from which the conclusion is now obvious, with a, = 1/g(7vx),
bn = V-
We are left with proving the existence of ~,, with the desired property. If
F had no jumps, we could choose ,, simply such that F(v,) =1-1/n
and we would be done. The problem becomes more subtle since we want
to allow for more general distribution functions. The best approximation
seems to be

Yo =F Y1 —1/n)=inf{z: F(x) >1-1/n)} (2.62)
Then we get immediately that
limsupn(l — F(y,)) < 1. (2.63)
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But for < 7, F(z) <1—1/n, and so n(1 — F(v,)) > 1. Thus we
may just show that

1—F(vn
lim inf —— 2 0n) 5 (2.64)
n 1=F(y)
This, however, follows in all cases from the hypotheses on the functions
F,eg.

1— F(xy,) _

— oz 2.65

T F () (269)
which tends to 1 as z 1 1. This concludes the proof of the sufficiency in
the theorem. |

We mention the following fact that characterises the class of distribu-
tion for which there is any possibility to get a limiting distribution for
a rescaled maximum.

Theorem 2.1.8 Let F' be a distribution function. Then there ezists a
sequence, Yn, such that

n(l—F(y))—1 0<7<o00, (2.66)
if and only if
1—F(x)

lim ———— =1 2.67

Remark 2.1.1 To see what is at issue, note that

1 - F(z) p(z)

—_— =1l — 2.68
—Fz) 1= F@) (2:68)

where p(z) is the probability of the “atom” at z, i.e. the size of the
jump of F' at x. Thus, (2.67) says that the size of jumps of F' should
diminish faster, as x approaches the upper boundary of the support of
F', than the total mass beyond x.

Proof. Assume that (2.66) holds, but

1_77;20_) 40 (2.69)
Then there exists € > 0 and a sequence, x; T xF, such that
plx;) > 2e(1 — F(x;)) (2.70)
Now chose n; such that
oL e ) T (2.71)

n; 2 nj+1
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The gist of the argument (given in detail below) is as follows: Since the
upper and lower limit in (2.71) differ by only O(l/n?), the term in the
middle must equal, up to that error, F(yy,); but F'(z;) and F'(z;) differ
(by hypothesis) by €/n;, and since F' takes no value between these two,
it is impossible that w
Thus (2.67) must hold.

Let us formalize this argument. Now it must be true that either

= F(7vn,;) to the precision required.

(i) n; < zjio0., or
(ii) yn, > z; i.0.
In case (i), it holds that for these j,
n;(1 = F(yn,;)) > ni(1 — F(z})). (2.72)
Now replace in the right-hand side

(2.73)

and write
1:T/le+].77'/nj (274)
to get

ny(1 ) =7+, (1 BERECA R —p(z»)

T

Sy mapley) (T T
- 2 J n]- n]—i—l

Thus
1-1/(n; +1
n;(1 - F(z;)) > T%. (2.75)
For large enough j, the right-hand side will be strictly larger than 7, so
that

limsupn;(1 — F(z;)) >, (2.76)
J

and in view of (2.72), a fortiori

limsupn; (1l — F(y;)) >, (2.77)
J

in contradiction with the assumption.
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In case (ii), we repeat the same argument mutando mutandis, to con-
clude that

liminfn;(1 - F(y;)) <, (2.78)
j

To prove the converse assertion, choose
Yo = F711 = 7/n). (2.79)

Using (2.67), one deduces (2.66) exactly as in the special case 7 = 1 in
the proof of Theorem 2.1.6. ]

2.1.2 Distribution of exceedances

The scale function wu, (x) indicates the order of the largest of the first n
random variables X;. The next natural question is how many variables
are bigger than such an extreme level u,,. We define the number, S, (u),
of exceedances of a level u,

Sp(u) =#{i <n:X; > u}. (2.80)
Unsurprisingly, the Poisson distribution makes its first entrance:
Theorem 2.1.9 Let X; be iid random variables with common distribu-
tion F. If uy, is such that
n(l—F(up)) =71, 0<7<o00, (2.81)

then
Lk
P[S,(un) = k] — ge*T (2.82)

Proof. 'The proof of this lemma is quite simple, but the result is im-

portant enough for us to justify giving it. We just need to consider all
possible ways to realise the event {5, (u,) = k}. Namely

k
P[Sn(un) = k] = > [IPx, >uw] J] PIX;<ul

{i1,..0ir}C{1,...,n} £=1 J€{Li,-in}
= (})a - P Fa)
1 n! ko —k/n
= Tt 1 P~ Pl I ()
But, for any k fixed, n(1 — F(uy)) = 7, F"(u,) = e~ 7, k/n — 0, and
ey — 1. Thus (2.82) holds. 0
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Using very much the same sort of reasoning, one can generalise the
question answered above to that of the numbers of exceedances of several
extremal levels.

Theorem 2.1.10 Let ul > n2--- > u” such that
n(l— F(ul)) = 1,
with
O<mm<m<...,. <1 < 00.
Then, under the assumptions of the preceding theorem, with St = S,,(u,),

P[SL =k, 52— S =ky,..., S0 — S =k —

i (p—m)*  (—m) . (2.83)
k! ko! k! '

Proof. Again, we just have to count the number of arrangements that
will place the desired number of variables in the respective intervals.
Then

P[SE =k, 8% — St = ky,..., S0 — ST =k,
n 1 2
= Kt I P[Xl,n-,Xkl > Uy > Xpyt1s ooy Xhydky > Uy, oo
) s vp
-1
.. ,ufb Z Xk1+~"+krf1+1a e an1+'~~+k,« > Ug Z Xk1+~-'+k:r+1a e ,Xn]

()= P [P = PO ) - P

x Fhumke gy

Now we write

[n(1 = F(uy,)) = n(l = F(u, )]

S|

and use that [n(1 — F(ub)) — n(1 — F(uf™"))] = 70 — 7¢—1. Proceeding

otherwise as in the proof of Theorem 2.1.9, we arrive at (2.83) O

Note that the theorem states that the number of variables that fall
into the different intervals are independent and Poisson distributed with
Parameters 7, — m_1.
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2.1.3 Poisson point processes

We want to reformulate the result of the previous theorem in an even
more appealing way. Suppose that we are in the situation when F is in
the domain of attraction of one of the three extremal distributions, and
hence

nP[X; > u,(z)] — g(x), (2.84)

with g(x) monotone (decreasing) function. Then the preceding theo-
rem says that the number of exceedances of the level u,(z) is Poisson
with parameter g(x), for any . We may want to look at the collec-
~1(X;),i < n). The argument from above can easily
be extended to show that for any two disjoint intervals I,J C R, the
number of points, u !(X;), that fall into the intervalls I and J, resp.,
converge to mutually independent Poisson random variables with pa-
rameters — fI dg(z) and — fJ dg(z), respectively. This brings us to the
formulation in terms of Poisson point processes. Let us recall some basic
definitions and facts.

tion of points, (u

Point processes. Point processes are designed to describe the prob-
abilistic structure of point sets in metric spaces, for our purposes R
For reasons that may not be obvious immediately, a convenient way to
represent a collection of points z; in R? is by associating to them a point
measure.

Let us first consider a single point z. We consider the usual Borel-
sigma algebra, B = B(R?), of R?, that is generated form the open sets in
the open sets in the Euclidean topology of R%. Given z € R%, we define
the Dirac measure, J,, such that, for any Borel set A € B,

5.(4) = 1, ifzxeA (2.85)
0 o, itz é A '

A point measure is a measure, fi, on Rd, such that there exists a count-
able collection of points , {z; € R%, i € N}, such that

S, o0
=1

and, if K is compact, then pu(K) < oo.

Note that the points z; need not be all distinct. The set S, = {z €
R? : p(x) # 0} is called the support of . A point measure such that for
all z € R, p(x) <1 is called simple.

We denote by M, (R?) the set of all point measures on R%. We equip
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this set with th sigma-algebra M,,(R?), the smallest sigma algebra that
contains all subsets of M,(R%) of the form {u € M,(R?) : u(F) € B},
where F' € B(R?) and B € B([0,00)). M,(R?) is also characterized by
saying that it is the smallest sigma-algebra that makes the evaluation
maps, 1 — u(F), measurable for all Borel sets F' € B(R?).

Definition 2.1.2 A point process, N, is a random variable taking values
in M,(R%), i.e. a measurable map, N : (Q,F) — (M,(R%), M,(R%)),
from a probability space to the space of point measures.

An important characteristic of a point process is its intensity measure,
A, defined as
MF)=EN(F) (2.87)
for F' € B.
If Q is a probability measure on (M, M,,), the Laplace transform of

@ is a map, v from non-negative Borel functions on R? to R, defined
as

w0 = [ e (- [ s o (2.5%)
M, Ré
If N is a point process, the Laplace functional of N is

Un(f) =Ee N = / e N@HP(dw) (2.89)

— [ e (- [ s@ntan) putan.

P

where we denote by Py the law of N.

Proposition 2.1.11 The Laplace functional, ¥y, of a point process,
N, determines N uniquely.

Poisson point process. The most important class of point processes
for our purposes will be Poisson point processes. One may characterize
it as the “most random” point process with given intensity measure.

Definition 2.1.3 Let A be a o-finite, positive measure on R?. Then a
point process, NV, is called a Poisson point process with intensity measure
A (PPP(N), if

(i) For any F € B(R?), and k € N,
e AR BENT (R <
0, if A\(F)

o=
=
3

I
o]

I

(2.90)

o0
o0,
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(ii) If F,G € B are disjoint sets, then N(F) and N(G) are independent
random variables.

In the next theorem we will assert the existence of a Poisson point
process with any desired intensity measure. We will give the proof,
because it contains an explicit construction of Poisson point processes
in terms of independent random variables which is extremely useful.

Proposition 2.1.12(i) PPP()\) ezists, and its law is uniquely deter-
mined by the requirements of the definition.
(i) The Laplace functional of PPP(X) is given, for f >0, by

Un(f) = exp (- /Rd(l —e_f(””)))\(dx)> (2.91)

Proof. Since we know that the Laplace functional determines a point
process, in order to prove that the conditions of the definition uniquely
determine the PPP()\), we show that they determine the form (2.91)
of the Laplace functional. Thus suppose that N is a PPP()A). Let
f =cllg. Then

Un(f) =Eexp (=N(f)) = Eexp (—cN(F)) (2.92)

k!

= exp <_ /(1 - ef(‘r)))\(d:c)) ,

which is the desired form. Next, if F; are disjoint, and f = Zle c¢illp,,
it is straightforward to

0o

A(F))k —c
2 €7Ck€7)\(F)( ( )) :e(e —1)A(F)
k=0

k k
Un(f) =Eexp (- ZciN(Fi)> = [[Eexp (—ciN(F)) (2.93)

i=1

due to the independence assumption (ii); a simple calculations shows
that this yields again the desired form. Finally, for general f, we can
choose a sequence, f,, of the form considered, such that f, T f. By
monotone convergence then N(f,) T N(f). On the other hand, since
e~ N9 < 1, we get from dominated convergence that

Un(fn) =Ee N 5 e N = wy(f). (2.94)

But, since 1 —e~(*) 41—~ and monotone convergence gives once
more
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wh) = oxw ([ (e ) resp ([ )
(2.95)
On the other hand, given the form of the Laplace functional, it is trivial
to verify that the conditions of the definition hold, by choosing suitable
functions f.
Finally we turn to the construction of PPP()). Let us first consider
the case A\(R?) < oo. Then construct

(i) A Poisson random variable, 7, of parameter A\(R%).

(ii) A family, X;, i € N, of independent, R%valued random variables
with common distribution A\/A(R%). This family is independent
of 7.

Then set
N* =) ix, (2.96)
i=1

It is not very hard to verify that N* is a PPP ().

To deal with the case when A(RY) is infinite, decompose A into a
countable sum of finite measures, A\, that are just the restriction of A
to a finite set F},, where the F}, form a partition of R%. Then N* is just
the sum of independent PPP(\;) N;. O

2.1.4 Poisson processes of extremes

We can now formulate our first theorem on Poisson convergence.

Theorem 2.1.13 Let X; be iid random variables with common distribu-
tion function F, and assume n(1—F(uy(z))) — g(z) for some monotone
decreasing function g : I' — R. Then the point process

n
Pn = Z(Su;l(XJ (297)
i=1

converges weakly to the Poisson Point process on I' with intensity mea-
sure —dg(x).

To understand the notion of convergence used here, we need to discuss
briefly some topological notions.

We will say that a sequence of measures, u,, € M, (RY) converges
vaguely to a measure u € M, (R?), if, for all f € C;f (RY),
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pin (f) = p(f) (2.98)
Note that for this topology, typical open neighborhoods are of the form
By, fre(i) = {v € ML (RY) Vi [v(fi) — u(fi)] < e}, (2.99)

i.e. to test the closeness of two measures, we test it on their expectations
on finite collections of continuous, positive functions with compact sup-
port. It is a fact that we shall not prove here that the vague topology is
metrizable and turns M, (R9) into a Polish space. Given this topology,
on can define the corresponding Borel sigma algebra, B(M., (R?)), which
(fortunately) turns out to coincide with the sigma algebra M. (R9) in-
troduced before.

Having established the space of o-finite measures as a complete, sep-
arable metric space, we can think of weak convergence of probability
measures on this space just as if we were working on an Fuclidean space.

Vague convergence of point measures is a very strong notion in the
sense that it implies the convergence of the points of the supports. The
following proposition makes this precise.

Proposition 2.1.14 Let pi,,, n € N, and p be in M,(R?), and p, = p.
Let K be a compact set with p(0K) = 0. Then we have a labeling of the
points of pn, for n > n(K) large enough, such that

p

i=1 i=1
such that (x7,...,2p) = (x1,...,1p).

A particularly useful criterion for convergence of point processes is
provided by Kallenberg’s theorem [29].

Theorem 2.1.15 Assume that & is a simple point process on a metric
space E, and T is a Il-system of relatively compact open sets, and that

for I €T,
P[¢(0I) =0] = 1. (2.100)
If &,, n € N are point processes on E, and for all I € T,
lim P&, (1) = 0] = PI¢(1) = 0], (2.101)

and
liTm E¢,(I) = E&(I) < oo, (2.102)
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then

&n 3¢ (2.103)

Remark 2.1.2 The Il-system, 7, can be chosen, in the case E = R
as finite unions of bounded rectangles.

We will give a proof of Kallenberg’s theorem following Resnick’s book
[32] in Chapter 5.
Kallenberg’s theorem gives us the tool to prove Theorem 2.1.13.

Proof. Note first that for any interval (a,b] C Ry,

EP,((a,6)) = nP [u; (X1) € (a,8]] = n(F (wn(b))— F(un(a))) — g(a)—g().
(2.104)

Next we consider the probability that P, ((a,b]) = 0. Clearly, from what

we have said at the beginning of the subsection, P, ((a,b]) converges to

a Poisson random variable with parameter g(a) — g(b),

P [Pn((a,b]) = 0] = exp(g(b) — g(a)). (2.105)

The corresponding result for finite collections of intervals follows in the
same way, and since the limits correspond to the Poisson point process
with intensity measure —dg, we are done. |

We can do better: suppose we want to know something about the
places where large values are attained. Then it makes sense to define

N = Z(S(i/n,uﬁl(Xi)) (2.106)
i=1

as a point process on R? (or more precisely, on I' x R,).

Theorem 2.1.16 Under the assumptions of Theorem 2.1.13, the point
process N, converges to the Poisson point process, N, on T' x R, with
intensity measure (—dg)(x) x dt.

Proof. The proof is the same as before, just taking into account the
independence of the X;! O

This last result gives the most complete description of the asymptotic
structure of extremes of iid sequences of random variables.
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2.2 Extensions to dependent sequences and triangular arrays

The type of results on extremes we have exposed above is fortunately
not limited to iid sequences. In fact, there is a rather remarkable degree
of universality present that allows to push these observations to fairly
strongly correlated sequences. For our purposes it will also be important
that we will be able to deal with random variables whose distribution
changes as the sample size changes, i.e. we want to deal with triangular
arrays of random variables. There are several settings in which creteria
are known. A rather general one is the following.

2.2.1 The inclusion-exclusion principle.

Going through the proofs in the iid setting, one will find that a key
observation was that

n(l—F(u,)) =7 < P[M,<u,]—e . (2.107)

This relation was instrumental for the Poisson distribution of the number
of crossings of extreme levels. The key to this relation was the fact that
in the iid case,

P M, <u,) =F"(u,) = (1 - n(l_f(””))y (2.108)

which converges to e™"

dent case. However, this equation is also far from necessary.

. The first equality fails of course in the depen-
The following simple lemma gives a much weaker, and, as we will see,
useful, criterium for convergence to the exponential function.

Lemma 2.2.17 Assume that a sequence A, satisfies, for any s € N,
the bounds

2s (_1)5
Ay <> () (2.109)
=0
2s5+1 Vi
—1
A, > ( él) ag(n) (2.110)
=0 )
and, for any { € N,
liTm ar(n) = a* (2.111)
Then
lim A, =e™° (2.112)

ntoo
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Proof. Obviously the hypothesis of the lemma imply that, for all s € N,

2s (—(L)E
limsup A, <) i (2.113)
ntoo —0 .
2s+1 (—a)é
mnnTi?f A=Y i (2.114)
=0 ’

But the upper and lower bounds are the partial series of the exponential

a

function e~%, which are absolutely convergent, and this implies conver-

gence of A, to these values. |

The reason that one may expect P [M,, < u,] to satisfy bounds of this
form lies in the inclusion-exclusion principle:

Theorem 2.2.18 Let B;, i € N be a sequence of events, and let Ip
denote the indicator function of B. Then, for all s € N,

2s

Ty s, < 3 (1) > T s, (2.115)
£=0 {j1sderC{1,...,n}
2s+1

Hm?:lBi > Z (_1)Z Z Hﬁﬁ:lB;‘T (2116)
£=0 {G1seerde {1, om}

Note that terms with ¢ > n are treated as zero.
Remark 2.2.1 Note that the sum over subsets {i1,...,i} is over all

ordered subsets, i.e., 1 <11 <ig < -+ <ip <M.

Proof. We write first
Iy g, =1-1Tup 5 (2.117)

We will prove the theorem by induction over n. The key observation is
that
]qujlle = I[Bf;,+1 + ]IU;Lzlgf ]IBn+1
= ]IB:L+1 + ]IU?:1BI‘C o HU?:IB'? ]IBSL+1 (2'118>
To prove an upper bound of some 2s+ 1, we now insert an upper bound
of that order in the second term, and a lower bound of order 2s in the

third term. It is a simple matter of inspection that this reproduces
exactly the desired bounds for n + 1. |

The inclusion-exclusion principle has an obvious corollary.
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Corollary 2.2.19 Let X; be any sequence of random variables. Then

2s
PM, <u] <) (1) > PVi_ X5, >u|  (2.119)
£=0 {j1,-de3{1,...,n}
2541
P[M, <ul > ) (-1 > PV X, >u]  (2.120)
£=0 {j1,--de}C{1,-..;n}
Proof. The proof is straightforward. |

Note that the statement of the corollary is a statement for any fixed n.
Thus we may as well consider families of random variables whose distri-
bution changes with n. Hence, combining Lemma 2.2.17 and Corollary
2.2.19, we obtain a quite general criterion for triangular arrays of random
variables [16].

Theorem 2.2.20 Let X', n € N, i € {1,...,n} be a triangular array
of random variables. Assume that, for any £,
¢
: 4 n T
lim > P71 X)) > un] = 4 (2.121)
{d1,de3C{1,...,m}
Then, with M,, = max]-; X[,
liTm P[M, <uy]=e"" (2.122)
Proof. The proof of the theorem is straightforward. |

Remark 2.2.2 In the iid case, (2.121) does of course hold, since here

> P [V Xr > un] = (Z) n~! (n(1 — F(u,)))"
{j1,--.ge}C{1,...,n}
(2.123)

A special case where Theorem 2.2.20 gives an easily verifiable criterion
is the case of exchangeable random variables.

Corollary 2.2.21 Assume that X' is a triangular array of random

variables such that, for any n, the joint distribution of X7',..., X} is
invariant under permutation of the indices i,...,n. If, for any £ € N,
liTm n'P Vi XI > u,] =7 (2.124)
Then,
lim P[M,, <wu,]=e" (2.125)

ntoo
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Proof. Again straightforward. Ul

Theorem 2.2.20 and its corollary have an obvious extension to the
distribution the number of exceedances of extremal levels.

Theorem 2.2.22 Let ul > u2--- > u”, and let X', n € N, i €
{1,...,n} be a triangular array of random variables. Assume that, for
any L €N, and any 1 <s<r,

L
i 4 n s Ts
Jim > PV Xj, > un] = 51 (2.126)
{j1,--,deC{1,....,n}
with
0<m <79...,<T7 < 00. (2.127)
Then,
lim B[S} = k1, 57 = S} = ha..... 57 = 877 = ]
G Tl VR Gt SV A (2.128)
kil k! k!

Proof. The general case is notationally very involved and we will not
write the details down. The main idea can be seen in the case r = 1. As
in the iid case, we write first

P (Sp(un) = k) = Z P (vfnlejm > Un, Viggy,o iy Xe < Un) .
{J1,-5dr}
(2.129)

Then use the inclusion-exclusion principle on the indicator function
Togiy gy IXi<un)- (2.130)

and insert the resulting inequalities into (2.129). It then follows in com-
plete analogy to the proof of 2.2.20, that

Tk

P ((Sn(upn) =k) — He_T. (2.131)

O

The results on the convergence to Poissonprocesses from the iid case
also carry over under the assumptions above. We only need a slight
strengthening of the hypothesis.

Theorem 2.2.23 Let X', n € N, i € {1,...,n} be a triangular array
of random variables, and assume that there is a non-increasing function,

un(T), such that, for any interval I C Ry,
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. T ZTK
Y Kpervion P [ X5 > )] = T 2132)
{j1,.-Je} !
Then,
D Fipmait (xay = P (2.133)

i€N
where P is the Poisson point process on Ri with intensity measure the
Lebesgue measure.

Remark 2.2.3 The hypothesis of this theorem are almost necessary in
the following sense: if for some £ (2.132) fails to hold while the limit is
finite, then we cannot have convergence to a Poisson process.

Another useful criterion was established by Durrett and Resnick [19].
It applies well if there is some Markovian structure in the data.

Theorem 2.2.24 Let X be a triangular array of random variables with
support in Ry. Let v be a sigma-finite measure on (Ry,B(Ry)), such
that, for some xg € [0,00), v([xg,)) < co. Assume that, for a given
sequence, a,, at all non-atoms of v, for allt <T < 0o, in probability,

[ant]
S OP(X] > @l Fni1) = tv((z, ), (2.134)
=1
and
[ant]
ST P X > alFi)] =0, (2.135)
=1
then
Z O(xmifan) = Pu- (2.136)
ieN

Proof. The prove of this theorem is not very hard and in fact similar to
the margingale central limit theorem. The key step as usual is to show
that P (max(", X < x) — e ¥(®>°_ One starts by writing

1=E (H HX;,Siemmxl‘ﬁz'ﬂw—l)) : (2.137)
i=1

which follows by computing succesively the conditional expectations.
Then it follows from the hypothesis of the theorem that
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exp <Z InP (X" < x|]—"n7i_1)> (2.138)

— expzy(z, o)),

in probability. Pulling this term out of the expectation in (2.137) yields
the claimed estimate. We leave the rest of the proof to the reeder. []

Remark 2.2.4 Note the slightly different formulations of the result:
you can pass from the first to the second by inserting 7 = v((z, 00)) and
then replacing X[ by the random variable (u,, o v)~}(X[). Notice that
in the case of triangular arrays, the extremal types theorem does not
apply. Therefore we do not have an a-priori choice for the measures v.



3

Lévy processes

Poisson point processes are very intimately related to Lévy processes.
This will be the content of this section. An excellent presentation of
these Lévy processes was given by Kiyosi Ito in his Aarhus lectures [27].
Another good reference is Bertoin’s book [9].

3.1 Definition and classification

There are several way we can approach the concept of Lévy processes.
In a way we want to see them as continuous time analogs of sums of
independent random variables, and hence as candidates for stochastic
process limits of sums of random variables.

Definition 3.1.1 A stochastic process (X;,t € Ry) with values in R¢
is called a Lévy process, if:

(i) X, is a cadlag process;
(ii) For any collection 0 = tg < t1 < tg--- < ¢} < 00, the family of random
variables

}/iEXt,;*Xt,;_la ’L:].,,k

is independent;
(iii) For any h > 0, the law of X;;, — X} is independent of ¢.

There are two facts that we will be interested in. First, there is a
full classification of all Lévy processes. This is directly linked to the
theory of infinitely divisible laws, and we will briefly discuss this issue
below. The second is an explicit construction of all discontinuous Lévy
processes via Poisson point processes. This is, in fact our main concern,
as it will link the theory of sums of random variables to the theory of
extremes.

31
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We start with some basic facts about infinitely divisible laws.

Definition 3.1.2 A probability measure on R? is called infinitely divis-
ible if, for each n, there exists a probability measure, pi,,, on R?, such
that, if V; are independent random variables with law u,,, then the law

of Y20 Viis p.

The connection with Lévy processes is apparent, since clearly the law
of X; is infinitely divisible, being the law of the sum of iid random
variables Y; = Xy, — X(i—1)¢/n- Note that the Gaussian distribution is
infinitely divisible, and that Brownian motion is the corresponding Lévy
process.

The following famous Lévy-Khintchine theorem gives a complete char-
acterization of infinitely divisible laws. We will state it without proof,
but give the proof in a special case.

Theorem 3.1.1 For each b € R%, and non-negative definite matriz M,
and each measure, v, on RI\{0}, that satisfies

/min(\x|2,1)u(dac) < 00, (3.1
the function
¢(0) = exp(¢(0)),

where
— 1 i(0,x) .
0(0) = i(h, 0) — 2(9,M9)+/(e (0,0 T e (dr),  (32)

1s the characteristic function of an infinitely divisible distribution. More-
over, the characteristic function of any infinitely divisible law can be
written in this form with uniquely determined (b, M, v).

Note that it is easy to see that any law of the form given above is
infinitely divisible. Namely, for any n € N, consider the function

<
3
-~
<
=
Il

Then ¢,, corresponds to a Lévy triple (b/n, M /n,v/n), and if X; are iid
with characteristic function exp(t,,(6)), then Y " | X; has the charac-
teristic function ¢.

In the case of distributions that take values on the positive reals only,
one has the following alternative result.
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Theorem 3.1.2 Let F be a distribution function on Ry. Then F is the
distribution function of an infinitely divisible law, iff, for X > 0,

/ e M F(dz) = exp [c)\ - / (1—e ™) u(dz)|, (3.3)
0 0
where ¢ > 0 and p is a measure on (0,00) such that
o0
/ (x AD)p(dz) < oo. (3.4)
0

The proofs of the Lévy-Khintchine theorems are purely analytic and
will not be of interest to us here.

The description of infinitely divisible laws in terms of the (Lévy)
triplets (b, M, v) is called the Lévy-Khintchine representation, v is called
the Lévy measure, and 1 the characteristic exponent.

We now use the Lévy-Khintchine representation to study Lévy pro-
cesses. Since X; = 25:1 Y; where Y; has the same law as X; (assume
t € N for a moment), we should expect that

Eexp (i(6, X)) = exp (t(0)) (3.5)

where 1) is the characteristic exponent of the distribution of X;. In fact,
for any infinitely divisible law, (3.5) provides a characteristic function of
a process with independent and stationary increments.

The Lévy-Khintchine formula implies that any Lévy process is the
sum of three independent process: a deterministic drift, a Brownian
motion, and a process related to the measure v; the latter will be most
interesting for us. We will see that this is a pure jump process.

3.2 Lévy processes from Poisson counting processes

To start, let note that an important example of Lévy processes can
be constructed from Poisson counting processes. Let IN; be a Poisson
counting process, and let Y;,7 € N be iid real random variables with
distribution function F. Then define

Ny
X, = ZY
=1

Clearly X has cadlag paths and independent increments (both the in-
crements of V; and the accumulated Y's are independent). Moreover,
it is easy to compute the characteristic function of X; s, — X;:
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Eeil0:Xp—X0) _ i ste” ( / €i(0:2) F(dx))n (3.6)
= exp (s/ (ei(e’“’) - l) F(dx))
— exp (m (9, /lrSl xF(dx))

+s/ (ei(ﬁ’,z) -1- i(9,sc)ll‘z|§1) F(d:v))

Thus X is a Lévy process, called a compound Poisson process with Lévy
triple (fl\wl\él xF(dz),0, F), where the Lévy measure is finite.
Compound Poisson processes are of course pure jump processes, i.e.
the only points of change are discontinuities. We will, as an application,
show that a non-trivial Lévy measure always makes a Lévy process dis-
continuous, i.e. produces jumps. This is the content of Lévy’s theorem:

Theorem 3.2.3 If X is a Lévy process with continuous paths, then it’s
Lévy triple is of the form (b, M,0), i.e.

X, = MB, + bt,

where By is Brownian motion.

Proof. Let X; be a Lévy process with triple (b, M, v). Fix € € (0,1) and
construct an independent Lévy process with characteristic exponent

V() = i(b,0) — %(9,M9)+/ (™) —1 —i(0,2) U}y <1 )v(dz).

|lz]<e

Finally set ¢(0) = ¢¥(0) — ¢(0), i.e.

Pe(0) = /| N (") —1 — (0, 2) M|y <1 )v(dz).

Due to the integrability assumption of Lévy measures, flr\>€ v(dx) < oo,
and therefore, the process Y ¢ with characteristic exponent . is a com-
pound Poisson process, and as such has only finitely many jumps on any
compact interval. If X€ is the process with exponent ¢, independent of
Y€ then X+ Y€ have the same law as X. Now X has only countably
many jumps, that occur at times independent of the process Y¢. But
this means that, with probability one, all the jumps of Y© occur at times
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when there is no jump of X¢, and whence X jumps whenever Y€ jumps.
But this means that X cannot be continuous, unless the process Y€
never jumps, which is only the case if v = 0. This proves the theorem.

O

3.3 Lévy processes and Poisson processes

A slightly different look at the construction of compound Poisson pro-
cesses will provide us with the means to construct general Lévy processes
with pure jump part. For notational simplicity we consider only the case
of Lévy processes with values in R. To this end, let v be any measure
on R that satisfies the integrability condition (3.1). For € > 0, set
ve(dr) = v(dz)l4 > Then v is a finite measure. Define the measures
on \(dz,dt) = v°(dx)dt be a measure on R?. Then we can associate to
A a Poisson process, P., on R? with intensity measure .. Clearly, for
any € > 0, and any ¢t < oo, v°((0,t] x R) < co. Thus we can define the
functions

X<(t) = /Ot/aﬂ?e(ds,da:). (3.7)

Note that this is nothing but a random finite sum, and in fact, up to a
time change, a compound Poisson process (with Y distributed according
to the normalization of the measure v¢). Now we may ask whether the
limit € | O of these processes exists as a Lévy process. To do this, we
would like to argue that

/Ot/xp(ds,d:r) = /Ot/aﬂ?e(ds,dx) +/Ot /|$|<6x77(ds,dx)

and that the second integral tends to zero as ¢ | 0. A small problem
with this is that we cannot be sure under our conditions on v that the
second term is well defined, since we do not assume that

t t
// +P(ds, dx) g// |a:|>\(ds,dx):t/ (2| (da)
0 J)z|<e 0 Jz|<e |z|<e

is finite. To remedy this problem, we modify the definition of our target

E

process and set
t
X(t)=ct +/ /x (P(ds,dz) — Wy <iv(dz)ds) . (3.8)
0

Note that this is the same as the original process, if f\wl <
defined; this can indeed be decomposed as (for 0 < € < 1)

zv(dr) = cis
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X(t)=ct +/0 /| N x (P(ds,dx) - ]I‘z|§11/(dx)ds) (3.9)

t
+ / / x (P(ds,dz) — v(dz)ds) .
0 J|z|<e
The first line is well defined. The second line satisfies

]E/O /zlgéa:(P(ds,dx) — u(dw)ds) = 0, (3.10)

E </0 /|x§ex (P(ds,dz) — u(dw)ds)) (3.11)

t
= // xQ)\(ds,da:)zt/ 2?v(dx)
0 Jlz|<e lz|<e

The last expression® is finite, and hence the second line in (3.9) is a
square integrable martingale. Moreover, the right-hand side of (3.10)
tends to zero? as € | 0, and hence the second line in (3.9) tends to zero
in probability as € | 0.

Since € is arbitray, we see that X (¢) is a finite random variable (with
possibly infinite variance), and that X (¢) is the limit of the cadlag pro-
cesses given by the first line of (3.9).

To conclude that X(¢) is a Lévy process we still need to show that it
has a cadlag version. But this follows from the fact that the martingale
part is stochastically continuous using Doob’s regularity theorem. The

and

decomposition above with € = 1 is also known as Lévy-It6 decomposition.

Subordinators. Note that the process constructed above will in gen-
eral not be an increasing process, also when v is supported on the positive
real numbers, except if in this case ¢ is chosen as ¢ > fx<1 zv(dzx), and
of course subject to the condition that the latter integral is finite, which
is the condition on the Lévy measure for subordinators from Theorem
3.1.2. The constuction of subordinators is actually much simpler due to
nice monotonicity properties.

1 It is a good exercise to verify this fomula using the explicit construction of the
Poisson process given in the last section.
2 This fact follows from Lebesgue’s dominated convergence theorem.
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The classical limit theorems for sums

In this chapter we will discuss the classical limit theorems for sums of
independent random variables with a particular emphasis on the case
of heavy-tailed random variables. We will begin for simplicity with the
standard case of iid random variables.

4.1 Independent random variables

Every students in probability theory learns in the first course the fol-
lowing two facts about sums of iid rv’s:

Theorem 4.1.1 (LLN) Let X; be iid random variables such that EX, =
W exists, then

lim n~! ZXi =, a.s.. (4.1)
i=1

ntToo
Moreover:

Theorem 4.1.2 (CLT) Let X; be iid random variables such that EX; =
wand B(X1 — p)? = o2 exist, then

lim — Z(X,;fu):Z, (4.2)

ntoo \/o2n

where convergence is in distribution and Z is a standard normal Gauas-
sian random variable.

A little later one is told that corresponding functional limit laws also
hold:

Theorem 4.1.3 (LLN) Let X; be iid random variables such that EX, =
w exists, then

37
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[nt]
limn 'Y X, = 4.
Jim 7 ; i = ut, as., (4.3)

uniformly on compact intervals.
and

Theorem 4.1.4 (IP) Let X; be #d random variables such that EX; =
wand BE(X1 — p)? = o2 exist, then
[nt]

lim — X, —
where convergence is in distribution on Wiener space equipped with the
topology of uniform convergence on compact intervals and By is Brown-
tan motion.

1) = By, (4.4)

What happens when the conditions of these two theorems are seriously
violated? Naturally, this will bring extremes and Lévy processes into the
game.

The following are classical results, see [21, 26]:

Theorem 4.1.5 Let X; be iid random variables and assume that

(i) EX1 = p exists finitely, and
(i1) there exists o € (1,2) such that

nlP [Xl > nl/o‘x} — cyx @ (4.5)
nP {Xl < —nl/"x} —c_z™ @ (4.6)
with ¢ +c- >0,
then
[tn]
n N (X — EXill x, < p1/a) = Vaey e (t) (4.7)
i=1

where Ve cq o is a stable Lévy process with Lévy triple (0,0, vq.c, c_),
where

Va,ey e (dx) = crar M, odx + c,a(—m)_a_l]lx@dx. (4.8)
Convergence is in law with respect to the Skorokhod (Jy )-topology *

1 1 mention the topologies of convergence, but I postpone the discussion of all topo-
logical issues to Chapter 6.
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Remark 4.1.1 Note that a drift appears unless ¢, = c¢_, even though
we centered! This is of course to compensate the unbalance of the large
jumps.

Remark 4.1.2 The particular choice of the assumptions (4.5) is al-
most dictated by Theorem 2.1.6. One can in fact show, that, whenever
nP(X > u,z) — =% with o € (0,2], then u,, = n'/*L(n) where L is
a slowly varying function , that is, for any ¢t > 0, L(tn)/L(n) — 1, as
n 1 co. Here I consider for simplicity only the case when L(n) = 1, but
the generalisations are quite straightforward and nothing fundamentally
more interesting happens.

Proof. The proof of this theorem is very instructive and exhibits a
strategy that will be used recurrently. Then we decompose, for € > 0
fixed,

[nt] [nt]
> X —EXiTx cpve = O (Xillx,j<nr/oe — EXiTl|x j<p/ac)  (49)
=1 i=1
[nt]
+ Z (Xi]Ilzn*I/aXi>5 - EX’i]IXi>n1/"‘e)
i=1
[nt]
+ ) (KT cprvax,cme = EXily o pi/a)
i=1

=75+ (25 -RBZY + (Z, —EBZY).

Now, clearly, by the choice of the truncation, the terms Znit will be
/e and they increase as € tends to zero. Thus we have to
control the size of the term Z=,. To do so, we will use a second moment
estimates. For this it was quite crucial to recenter the truncated random
variables in the three terms.

of order n

nt

2 2
E (th) =3 E (Xl <pi/ee — EXillx <o)’ (410)

i=1
2
S ntIEX1 I[\X1|§n1/“e

Using integration by parts, we see that
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EXTTx, |<pi/ac (4.11)
= —p¥ee? (P (X1 > nl/o‘e> +P <X1 < —n”“e))
1/a /e

+ 2/ 2P[X; > z]dx + 2/ 2P X < —z]dx.
0 0

Changing variables and using the asymptotics of the law of X7, we see
that

e2n?/op (X1 > n”"e) ~cyn?laTtéme (4.12)

and
nl/e €
/ 2P X > z]dx = nz/“/ yP[X, > nt/yldy (4.13)
0 0
~ p2/a-1 /0 ylody = n2/a—1 2C_+a€2—a.
Of course we still have to justify the passage to the limit under the
integral. This will be postponed to Lemma 4.1.6.
The remaining terms are dealt with analogously, and we see that

2
limsupE (n_l/o‘th) < MEQ_C“
ntoo 2—«

(4.14)

which tends to zero, as € | 0. Thus we get readily that Zst tends to zero
asn T oo and €] 0.

Next we deal with Z,. For fixed €, by the convergence Poisson con-
vergence theorem,

t
nMeZy = / / yPn(dy, ds), (4.15)
y>e JO

where we define the point process

(oo}
Pn = Z 6n’1/aXi,i/n' (416)

i=1
Now P, converges to the Poisson point process with intensity measure
cray~* tdyds, and for any € > 0 and T < oo, on (¢,00) x (0,7T] the

latter has finite intensity. The same applies to the term Z, ;. Thus, if
we set

v(dr) = cyar™* tdallyso + c_a(—z) * tdrll, <o, (4.17)

we get that
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t
*1/‘1(2;;5 +7Z,) — /|| / xP(dx,ds) (4.18)
xT|>€

where P is the Poisson point process with intensity measure v(dx)ds.
Moreover,

[nt]

n VO TR (Xl o1/e x50 (4.19)

=1
1-1/«
= ' TYMEX D5, 1/ex, e

1
= t/ nP[X; > yn'/*dy + enP[X, > en/®] — nP[X; > n'/?]

1
— c+/ Y~y 4 cp€tT — ey
€

1 1
= tc+a/ aca:_o‘_ldx:t/ v (dx)

Combining this, we get that
n VN Zy5 —BZE) - / / P(dx,ds) — Np<iv(dx)dt),  (4.20)

where we used integration by parts backwards to arrive at the last line.
Applying the same reasoning to Z,_,, we find that altogether,

nt»

n~Y(zt ~RZ5 + Z,, —EZ,) (4.21)

—>/ / P(dz,ds) — T, <iv(dz)dt) .
|z|>e€ N

But we have seen in Chapter 3 that, as e | 0
t
/ / x (’P(dac7 ds) — H‘z|§1u(dm)dt) =V, (t), (4.22)
|z|>€

where V,, is the Lévy process with Lévy triple (0,0, v/), provided fg 2?v(dz) |
0, as € | 0, which here is the case as one can see from (4.13). This proves
the theorem (modulo tightness, do be done later). Notice how crucial
the precise choice of the decomposition (4.9) was. In particular, the
seperate centering of all terms is necessary to obtain expressions that
converge as € | 0. |

Let us now show how the passage to the limit in (4.13) can be justified.
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Lemma 4.1.6 Let 0 < g < 1 be a function such that mg(m'/*z) —

«

=%, uniformly on compact intervals.
Then, if a < s+ 1,
1 1
/ nx*g(n**z)dz — / x°"%dx. (4.23)
0 0
Proof. Let us first note that
1 nlt/e
/ na®g(n'/®z)de = n_(s+1)/°‘+1/ Yy g(y)dy. (4.24)
0 0

Let us fix a number p,, such that p, 1 oo and pttn=(stD/a+1 | o Then
set rp = pn2k and write, with k,, such that r, = nl/a,

1/a

n ro
n—<s+1>/a+1/ v 9(y)dy = n_(5+1)/0‘+1/ ygly)dy (4.2
0 0

En Tk+1
+ Z n—(s+1)/a+1 / ysg(y)dy.
k=0 Tk

The first term on the right-hand side is bounded as
To
p~(otD/att / y*9(y)dy (4.26)
0

< et [T s )
0
_ p1s,1+1n—(5+1)/a+1/(8 +1),

which tends to zero by hypothesis. Now

Tk+1 2 2
/ yg(y)dy = rit! / aig(ary)dy = r™t = / *rig(rew)de.
1 1

h (4.27)
Now rig(rgz) — =%, uniformly in « € [1,2] and in k > 1, i.e. for any
€ > 0, there exists ng < 0o, s.t. for alln > ng, and for all z € [0,1],k > 1,
|reg(rre — =% < e. Hence, for such n,

67

1o

kn re+1 n
Z/ ysg(y)dy*/ Yoy
k=0"Tk To

k

< €Zn—(s+1)/a+lrz+l—a < GTL_(S+1)/Q+1C7“Z:1_Q < CG,
k=0

p~(s+1)/atl (4.28)

for some constant C' depeding on s + 1 — «. This, together with the
vanishing of the first term in (4.25) yields the claim of the lemma. [
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This lemma will be used in the sequel whenever it is applicable without
further mention.

In the case when X; has no mean, the analog of the functional LLN
is the following theorem. This is the case that we will be mostly be
concerned with in our applications.

Theorem 4.1.7 Let X; be iid random variables with support in Ry and
assume that there exists o € (0,1) such that

nlP [Xl > nl/o‘x} —cx” @ (4.29)
with ¢ > 0. Then
[tn]
Su(t) =0 "X = Vo o(t) (4.30)

i=1
where V. is a stable Lévy subordinator with Lévy triple (0,0,Vq.c),

where

Vao(dz) = cax™ s ode (4.31)
Convergence is in law with respect to the Skorokhod (Ji )-topology.

Remark 4.1.3 If X; has no mean and takes both positive and negative
values, then one may simply decompose it into its positive and negative
part and consider the sums of each part separately.

Proof. The proof is fully equal in spirit to the proof of the previous
theorem, but considerably simpler. We thus leave it as an exercise. []

We have left open the three special cases a = 2,1,0. They require
some extra care. Let us first look at the case a = 2.

Theorem 4.1.8 Assume that the hypothesis of Theorem 4.1.5 are sat-

isfied but « = 2. Then
[nt]

! > (Xi—p) = By, (4.32)

1/%7111171 i=1

where By is standard Brownian motion.

Proof. The key point is to understand that the extra logarithm in the
normalisation of the variance comes from the fact that

EXTTx, |<cnisz ~ Inn, (4.33)
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with the leading term independent of e. To see this, note that the
computation in (4.12) does not work in the case o = 2, since the right-
hand side is infinite. Thus we have to be more careful. For 0 < b,, < /n
to be chosen later, set

Ve bn
/ 2P (X1 > z)de = / 2P (X1 > z)dx (4.34)
0 0

Ve
+/ zP (X7 > z) dx.
b

n

The first term is trivially bounded by %b% For the second, we get

/e Vne/by,
/ 2P (Xy > 2)de = bi/ 2P (Xy > xb,) dx
b 1

’ \/ﬁe/bn
— / cyx tda (4.35)
1

1
= élnn—i—lne—i—lnbn.

If we chose b, = (Inn)Y/4, this term dominates the term of order b2.
Thus, we have to consider (nlnn)~/2Z,, if we want to expect a limit.
But this over-normalises the extreme part, that therefore tends to zero.
Also, one can without difficulty compute all moments of the central part,
and sees that these converge to the moments of a normal distribution.
(This is because all higher truncated moments of X; beyond the second
one do not get the “extra Inn”). Thus here we get convergence to
Brownian motion. See e.g. [34]. O

The case o« = 1 is even easier:

Theorem 4.1.9 Assume that the hypothesis of Theorem 4.1.7 are sat-
isfied but o = 1. Then
[nt]

1 Y Xt (4.36)
=1

cnlnn

Remark 4.1.4 Again we treated only the spacial case when the slowly
varying function is equal to one. In the general case, the Inn in the
normalisations is replaced by another slowly varying function that may
diverge or converge, depending on the case in question.

Proof. The proof is quite similar to the previous one. Using the same
refined analysis as for the truncated second moment in the case @ = 2,
we see that
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EXiIx<en = enP (X1 > en) +/ P(X; > z)dx. (4.37)
0
The first term is of order one, while the second

eby, en
/ P(X; > z)dx +/ P(X; > x)dx, (4.38)
0 b

n

where again the first term is bounded by b,, while the second behaves
like

/ P(X; >z)dr — clnn+1ne —1Inb,. (4.39)
bn
With b, = \/m, we see that to leading order EX Ix<c, ~ clnn. But
the higher moments of the truncated variables behave like EXF1 X<en ~
(en)®=1, and thus one can easily see that in the normalized sums, all
higher moments vanish. Moreover, This this normalisation, the terms
corresponding to Z; tend to zero. This yields the claimed result. ]

4.2 Triangular arrays and non-heavy tailed variables

Inspecting the proof above reveals that there is lots of space towards
generalisations. The first that comes to mind is an extension to trian-
gular arrays. We will formulate this for the o < 1 case, but it is obvious
that the same can be done for the finite mean case. The following the-
orem does not use the most economical notation, but is convenient for
our applications.

Theorem 4.2.10 Let X', n € N, i € N be a family of random variables
such that, for each n € N fized, the family X[',i € N is iid with support
in Ry. Assume that there exists o € (0,1) and sequences, ¢y, ay, such
that

anP [ XT > epz] = 27 (4.40)
If, moreover,
1%1 limsup ¢, "anEllxp<c, X7 =0, (4.41)
€ ntoo
then
[tan]
Su(t) = ' D> X7 = Valt) (4.42)
i=1

where V,, is a stable Lévy subordinator with Lévy triple (0,0,v,), where
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Vo(dr) = ax™* '~ odx (4.43)

Convergence is in law with respect to the Skorokhod (Ji)-topology.

Proof. We again decompose Z, = Zgaz’f] X[ into the central and
extreme parts,

[ant] [ant]
Zn= Y XMixrcee, + Y XM xrsee, = Z + 2,5 (4.44)
=1 =1

It is clear that
o0 o0
et zt — / / TP (dz, ds) (4.45)
€ 0

where P is the Poisson point process with intensity cax=*"'dzds, and
therefore

lim lim ¢, ' Z} = V. (4.46)

€0 ntToo

The control of the Z= term is now given by assumption due to (4.41).
O

Remark 4.2.1 One might hope that condition (4.41) is “automatic”
from condition (4.40) and the fact that o < 1. Indeed, one would like
to argue that

'EZ5 = antc,'EX] Ixn<ce, (4.47)

= tea,P (X7 > ecp) —|—t/ anP (X7 > yey,) dy
0

€
— teel 7Y + tc/ y dy = ctﬂelfa
0 l-a
which indeed tends to zero, as desired. However, unlike in the iid case,
we cannot immediately deduce the convergence of the integral from the
convergence of the integrand. Of course, any condition that would allow
to use Lebesgue’s dominated convergence theorem would be fine. For
instance, a sufficient condition for obtaining (4.41) is that

x%a, P (X7 > zc,) — 1, (4.48)
uniformly in z € (0,1].

Of course we also have the analogous result for the case when o €
(1,2).
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Theorem 4.2.11 Let X', n € N, i € N be a family of random variables

such that, for each n € N fized, the family X',i € N is iid with finite

mean. Assume that there exists o € (1,2) and sequences, cp,ay, such
that

anP [XT > cpz] = cqax™@ (4.49)

anP[XT < —cpz] = c_x™ . (4.50)

Assume furthermore that

liﬁ)l lm sup anc, "Bl xp_pxp|<ce, (X1 — EX)? = 0. (4.51)
€ ntoo
Then
[tan]
Sut) =" > (XP —EXxni<c,) — Valt) (4.52)
i=1

where V,, is a stable Lévy process with Lévy triple (0,0, v, ), where

—a—

Vo (dz) = cyax™ Mysodr + c_a(—2) ", <odx. (4.53)

Convergence is in law with respect to the Skorokhod (Ji )-topology.

Remark 4.2.2 Note that we have only partially centered S,,. Whether
the remaining centering terms converge to what one would expect, namely
- flfr\>1 24 (dx) depends on additional uniformity conditions in the con-
vergence of the law of X"

Proof. The proof follows step by step that of Theorem 4.1.5, using the
assumption (4.51) to control the terms Z=. O

Remark 4.2.3 The same remark as in the preceding theorem applies
here. An appropriate assumption on the uniformity of the convergence
in (4.49) and (4.50) implies condition (4.51), which is thus “natural”.

Also the borderline cases o = 1,2 carry over without change to trian-
gular arrays, provided again we assume convergences are such that we
can pass them into integrals.

Theorem 4.2.12 Let X', n € N, i € N be a family of random variables

such that, for each n € N fized, the family X',i € N is iid with finite
mean. Assume that there exists sequences, ¢y, a,, such that

anP[X] > cpx] — cpa? (4.54)

anP[X] < —cpx] = c_x™? (4.55)
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Then
1 [tan]
> (X7 -EX}) - By (4.56)
eny/(cy +c-)Ine, =
where By is Brownian motion. If X' > and there exist sequences ay, cy,
such that

anP[X] > cpx] — 27! (4.57)
Then
1 [ta"]
X' —t. 4.58
cnlne, ; i ( )
Proof. The proof is again the same as in the iid case. |

4.3 Applications

The results for the convergence of sums of triangular arrays already have
a number of interesting applications. We give a few illustrations.

4.3.1 Application 1: the REM-like trap model

The REM-like trap model is the simplest model for a spin-glass dynamic
that was proposed by Bouchaud and Dean [14]. We will construct it as
follows.

The state space of the model is the complete graph on V,, = {1,...,n}.
To this we associate a random environment given by family of iid random
variables, 7(7), € N, whose distribution is in the domain of attraction of
an a-stable distribution with « € (0,1), i.e.

mlP (T(l) > ml/o‘x> —x” % (4.59)

7(1)i will be the mean trapping time of the trap i. The fast chain, J,(k),
here is simply a sequance of iid random variables, uniformly distributed
on V,, i.e.

P[J, (k) = i] = 1/n, (4.60)

for each ¢ € V,, and each k € N. Let furthermore e; be a family of iid
exponential random variables with mean one. The families of the 7,Y,
and e are mutually independent.

Now define the clock processes
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k—1
k)= e (Jn(i). (4.61)
=0

Then Bouchaud’s process is
Xo(t) = Ju(S71(1)): (4.62)

We will see that the crucial object to study is the clock process. Let
us condition on the sigma-algebra generated by the environment, F =
o(r(i),i € N. Henceforth we call the conditional law of everything
else P,. The point is that under P, the random variables Z"(w) =
7(Jy(1))[w] are independent and identically distributed (for fixed n), and
hence also the random variables e;Z!"(w) are independent. It is easy to
compute their law: clearly

P Zn > 33 Z ]IT(Z )>x (463)
and whence
1 — ,
(e Z] > a) == —e/7(@), 4.64
Pl >0) =1 3 e (4.64)

It is clear that

1 n . oo
L™ e/ geme/n) :/ e/t 2D (7(1) > t)dt, P— as..
n 0

t2
i=1
(4.65)
In particular it is true that
1« ,
: - —axm/7(i) _ —xm/7(1) _ )
rlleIglo - ;e =Ee , P— as., (4.66)

and that

) Ry
mEe—m /() _ m/ g—em/ /txm P(r(1) > t)dt (4.67)

e~ % 1/
/0 n2 mP(r(1) > tm!/*)dt

— / efx/tt%tfadt =T+ a)z™.
0

as m 1 co. Hence we can readily conclude from Theorem 4.2.10 that for
almost all environments,

lim lim m~Y2S, (mt) — V,, T(14a)(t). (4.68)

mToo nToo
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However, more is true. Note that in our system we have a parameter n
relating to the “size” of the system. Thus we can think of timescales, m,
that depend on the system size n. For example, we may wish to consider
timescales m(n) = n®. Then we should ask under what circumstances
it still holds true that

PP (e; 2 > anPl®) = ca™? (4.69)

The non-trivial step is to check whether we can replace - 37| ¢==n”/*/7()

n
by Ee—en™/7(1),

More precisely, we must check whether

1 o /i o
— E nBe=en/ /(@)  Epfe—an®/m6) I'l+ o)z~ (4.70)
n

i=1

which is again about the validity of the strong law large numbers for
triangular arrays. In our case it is fairly easy to show, using exponential
Chebeychev inequalities, that the this is the case provided 5 < 1. For
B =1, it is quite clear that such a result will not hold and one must
expect rather different behaviour (see [23]).

Lemma 4.3.13 For all0 < 8 < 1,

1< i -
— E nBemen”/ /7)) _ Epfe—an®/ /(@) —0, P— as.. (4.71)
n

i=1

Proof. We will prove the result using an exponential Chebychev inequal-

ity. To do this we use the following bound on the Laplace transform of

the variables nfe—*n"/"/m(1)

B g—anB/ % /r (i)

Ee?” =1+ / P (T(l) > ynﬁ/o‘) e)‘"ﬁeﬁ/ynﬁ)\e_m/y%dy
0 Y

(4.72)

and so, with A = yn =5,
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E exp ()\ (nﬁe_”mﬂ/a”(i) - ]Enﬁe_mﬂ/a/f(i)>) (4.73)

= (1 +/ P (T(l) > nﬁ/o‘y) e”e_m/y’yem/y“édy)
0 Y

X exp <—7/ P (7‘(1) > nﬁ/o‘y> e_””/yyxzdy>
0
~1 Jr/ P (7(1) > nﬁ/ay) ((efve—w/y B 1) 'ye*z/yyfidy
0
-~ -B > _ e—:c/y - 7I/ T
14+n /0 (e B¢ 1)’}/6 yy2+ady

5 T (—reely _ —az/y_*
< exp (n /0 (e 1) ve S dy>

The important fact is that the exponent is proportional to 72 for small
~. Thus Chebychev yields that

1 n B/ . B/a .
P =Y nfemm /70 —Epfemen /() 4.74
<n 2 n"e n"e >r (4.74)

o0
< exp <T'yn15 + nlfﬁ/ (efve_m/y — 1) vefz/yii_a dy>
0 Y

Clearly, for any r > 0, we can find v > 0 such that the right-hand side is
of order exp (—n'7?0(1)), which is summable. A corresponding bound
for lower deviations yields the same result, and this gives the strong law
of large numbers, as desired.

Finally, we will verify condition (4.41). First, the estimate (4.74) is
good enough to show that we can replace the empirical probability in
the formula for the moment by its mean. Then it remains to show that

/ Enfe==""" /"W gy — I'(l+a) / x~%dx. (4.75)
0 0

But this can be done in the same way as in the proof of Lemma 4.1.6.

O

Remark 4.3.1 In fact, we need a slightly stronger result, namely al-
most sure convergence uniform in x. This can be done using simple
chaining due to the good continuity properties of our random variables
in . We will skip the details here.

We can now reap the consequence of these observations.
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Proposition 4.3.14 In the REM-like trap model, for any 0 < 8 < 1,
the clock process Sy (k) satisfies, for almost all realisations of the random
environment,

n=P8, (tn”) = Vo rasa (©). (4.76)

Convergence is in distribution with respect to the Skorokhod Jy-topology.

4.3.2 Application 2: Sums of exponentials of random variables
The following application is a generalisation of the equilibrium of the
REM that was studied by Ben Arous, Bogachev, and Molchanov [1]
some years ago. It concerns the special case of triangular arrays when
X7 takes the form

X! =exp (a'b,Z;), (4.77)

where Z; are iid random variables. We will formulate their theorem as
follows!.

Theorem 4.3.15 Let Z; be iid random variables in the domain of at-
traction of the Gumbel distribution. Then there exists sequences b, and
Cn, defined by the requirement

nP(Z > b, (Inc, +2)) e~ (4.78)
Assume that moreover
0 0
/ e nP (Z > b," (Inc, + az)) dz — / ey, (4.79)

for s > a. Then the following hold, with X" given by (4.77):

(i) For a € (1,2),

[tn]

ey (X,f - EX}]IXKCW) - Vo, (4.80)

=1

where V,, is the a-stable Lévy process with Lévy triple (0,0, v,), where

Vo(dz) = ax™ " dr 0. (4.81)
(i) For a € (0,1),
[tn]
N X = Va, (4.82)
i=1

L In my view, the exposition in [1] obscures this simple theorem by stating conditions
in terms of Laplace transforms etc. .
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where Vy, is the a-stable Lévy subordinator with Lévy triple (0,0,v,,),

where
Vo(dr) = ax™ "%dx <. (4.83)
(iii) If « =2, then
1 . n n
———> (Xi ~EXI, SC}/fz) - B, (4.84)
\/3cnIncy i=1
where By is Brownian motion.
(i) If a =1, then
1 - bnZ
nfiy t, 4.85
cnIncy, ; € - ( )

Proof. The proof is of course nothing more than the verification of the
conditions (4.40) respectively (4.49). Now

nlP (exp (oz_lanl) > cnx) =nP (a_lZl > b;l (Inc, + lnx)) .
(4.86)
Set first « = 1 and Inz = z. Then by definition of Z; being in the
domain of attraction of the Gumbel distribution, there exits sequences
bp, ¢y, such that

nP (Z1 > b, (Inc, +2)) — e = (4.87)
But then
nP (1/0421 > bt (1n cl/e 4 z)) = P (21 > b;" (Incy + az))
e = g, (4.88)

Finally, one uses condition (4.79) to verify that in all computations,
limits can be passed through integrals, which allows to control the terms
corresponding to the Z= parts of the sums. |

The particular case when the random variables are Gaussian corre-
sponds to the computation of the partition function of the random en-
ergy model (REM). This case has been worked out in detail in [17].

As an illustrative example and in view of later appearances of expo-
nentials of Gaussian random variables, the following lemma shows that
the condition (4.79) always holds in the Gaussian case.

Lemma 4.3.16 Let Z be a normal random variable and assume that b,
and ¢y, are such that, for all z € R,

nP(Z >b," (Inc, + az)) — e *, (4.89)
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with o € (0,2]. Then condition (4.79) holds.
Proof. We will in fact proceed as in the remark following Theorem

4.1.7. We use the classical upper bound for Gaussian tail distributions,
valid for all u > 0.

1 e—u/2
P(Z >u) < Vo (4.90)
For our case this gives
VB (Z > b1 (e + %)) < nexp (_(m%%)? —azb;?Inc, — (3152)2>
" " - V2mbyt(In e, + az)
(4.91)

For az > —(1 — €) In ¢, this quantity is bounded from above by

(In cn)2 _9 ) ( (lncn)Q)
exp | —55~ —azb “Inc exp | — 52— .
p ( Zb% n n p 2b% efazbzz Inc,

n =n
V2meby ! In Cn V2meby !t In Cn
(4.92)
Since by assumption b, %In¢, — 1, and
2
exp (77(111223) )
“ — 1, (4.93)

n——

Vorbytlne,
for any € > 0, we can find nyg < oo, independent of z, such that for all
n 2 no,

nP(Z>0b," (Inc, + az)) <e '(1+ e)eFlamesien () = g(2).  (4.94)
But

0 0
/ e g(2)dz = e (1 + 6)/ elsma=9z (4.95)
—00 —00

which is finite whenever s — @ — € < 0. But this can always be achieved
by choosing, e.g. € = (s — «)/2. Therefore, the sequence of functions

nP(Z > b, (Incy, + az)) Ls_1ne, (1—e) (4.96)

are bounded from above by an integrable function g(z) and converge to
e~ ** for almost all z. Finally,

—a " tine,(1—€)
/ dze**nP (Z > b, (Inc, + az))

o0
—a " tne,(1—e) .
< n/ e*dz = s tne; s (179, (4.97)

One easily checks that the assumptions imply for the constants that,
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ne; Y2t 1, (4.98)

and so
nc;sa*(l—e) ~ nl—25(fl(1—e)7 (4_99)
which tends to zero since s > « if € is small enough. |

Remark 4.3.2 Recently, Janssen [28] has shown that in the gerneral
case of random variables in the domain of attraction of the Gumbel
distribution there are always subsequences such that condition (4.28)
holds along those.

4.3.3 Application 3: A Gaussian trap model

The simplest dynamics to impose on the REM is to imitate the REM-
like trap model and to take as the fast chain iid uniform jumps on
the hypercube. While this is a rather stupid model, some otherwise
instructive computations are involved that makes it worthwhile to go
through it. So here our state space is V,, = {—1,1}". The mean holding
times at each site, o € V,,, are

(o) = 6ﬁ‘/ﬁH",

where H, are iid standard normal random variables. Then the clock
process is

k-1
Sn(k) = Z eitn(Jn(2)),
i=0

and ZI" = e;7,(J,(i)) are iid random variables under the quenched law.
We now look for time scales, a,,, such that for suitable normalisation

constants, c¢,,
[tan]—1

1
— > X Valb). (4.100)
g
By Theorem 4.2.10, this amounts to check whether
anPu {eieﬁ‘/ﬁHU > cns} — 5 (4.101)

By a simple computation,

oBVIH, _On g o—BVRH,
anP,, |eie > cns} = on Z exp( scpe ) (4.102)

o€V,
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Again we expect that this converges to its mean under suitable condi-
tions. We first compute this mean, which is given by

dx z2 N
G e~z e 4.103
V2r (4.103)
It is obviously suitable to change variables via
Inc,
z=—=C : (4.104)

T BV B

Then (4.103) can be written as

1 _(Incp)? _lep -2 22
an e Zﬂén e Bﬁn 2B§n dZ
BV2mn
1 _(lncn)2 _lncp 2—se”*
~ G, e 28%n e #n dz
BV 2mn
1 _ (In cn)2 0 n cn 1 _
=an, e 26%n 782 Te Tdr
6\/ 2mn 0
1 _ (nep)?

Incp
=a e 2%n 5 2o (14 1ne,/(6%n)). 4.105
" Bv2mn ( n/(B%n)).  (4.105)
Note that in the passage to the second line we assume that s is a constant
independent of n. Thus if we set ¢, = e?™ we must choose

an = BV2mne” " JT(1 + ) (4.106)

with a = % to get (4.101). Thinking of ¢,, as the time scale, we see that
to get a subordinator, the condition o < 1 reads 3% > v, i.e. this is a
condition that the temperature be low enough (depending on the time
scale).

A second condition will emerge from the requirement that (4.102)
converges to its average. This goes analogously to the REM-like trap
model and requires

an < 2" (4.107)

that is g—i < 2In2.
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Dependent random variables

We will now restrict us to the case of sums of non-negative random
variables in the domain of attaction of an a-stable law with « € (0,1).
We will try to do away with the independence assumption. Having in
mind the proofs we gave so far, it is amply clear that all what is needed
is the convergence of the extremal process to the Poisson process.

5.1 Convergence of sums of dependent random variables,
a<l

Theorem 5.1.1 Let X be a triangular array of random variables tak-
ing values in Ry.. Assume that for some sequences, an, ¢y, and anyt > 0
fized,
[ant]
S OP(X] > cpx) >tz (5.1)
i=1
with « € (0,1). Assume further that
> ifanerxy) = Pa (5.2)
ieN
where P, s the Poisson process on Ry x Ry with intensity measures
ax~* Ydxds. If, moreover,

[tan]
lim li "IN " Elixnee X" =0, .
elo mpe " ; Xp<e,eX] =0 (5.3)
then
[ant]
et Y X Valt). (5.4)
=1

o7
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Proof. Inspecting the proof of Theorem (4.2.10) that the convergence

of the extreme part the sum, Z,, is assured by hypothesis (5.2), while

nt»
the irrelevance of the central part, Z5;, follows from just (5.4). Here
there is no difference to the independent case, since we only used a first
moment estimate that does not feel any dependence effects. O

Thus, we are in excellent shape: any mixing conditions that ensure
Poisson convergence of the extremes will give convergence of the sum
to a Lévy subordinator. For instance, we can work with the criteria of
Section 2.2.

This gives the following two usefull corollaries.

Corollary 5.1.2 Let X*, n € N, i € {1,...,n} be a triangular array of
non-negative random variables, and assume that there exists sequences
an,cn and a o-finite measure, v, satisfying the assumptions of a Lévy
measure, such that, for any t € Ry,

lim > PV X7 > cys] = tfso (5.5)
" e Y {0 lant]}

If in addition (5.3) holds, then

[tan]

' Y X Va, (5.6)
i=1

where V,, is the Lévy subordinator with Lévy measure v(dzx) = ax 1,5 odx
and zero drift.

Using the criteria of Durrett and Resnick [19], we obtain the alterna-
tive version:

Corollary 5.1.3 In the same setting as in Corollary 5.1.2, the assump-
tions (5.5) can be replaced by:

[ant]
li P(X" 1) =tx ¢ .
anrglo; (X[ > zep|Friz1) =tx™, (5.7)
and
[a"t] 5
713%10 ; [P(XP > cpa|Fni1)]’ =0, (5.8)

with convergence in probability and F,,; = o(X;,j <1i).

Remark 5.1.1 Since in the triangular array case we are not necessarily
falling into the case of a stable process, there may be situations where
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other measures then x~%dx appear. Obviously the theorem and its
corollaries remain then true provided we add an addition that ensures
the vanishing of the contributions S=. See [19].

A similar general theorem can be stated for the case a € (1,2), with
additional mixing conditions that ensure the appropriate bound on the
variance of the central part of the sum (see e.g. [19]).

5.2 Applications to ageing

The general theorem above is a key tool to study ageing in more compli-
cated dyanamics. This has been investigated in some detail in a series
of recent papers by V. Gayrard [23, 24]. Here we consider some simple
situations as an illustration.

5.2.1 The REM-like trap model, averaged

In the previous section we looked at the REM like trap model under the
quenched law. If we were interested in results under the joint measure,
P, what changes is that the random variables 7(J, (7)) are no longer
independent, since with some probability J, () = J,(j), for ¢ # j. On
the other hand, the marginal distribution of 7(J, (7)) is just the law of
7(1), and so

mP [eiT(Jn(i)) > sml/a] —T(1+a)s (5.9)
Thus we see that Hypothesis (5.1) is satisfied with m = n” as in (4.69).

To check that Assumption (5.2) is satisfied, we may either Theorem
2.2.23 or Theorem 2.2.24. For the former, we need to compute

P [eiT(Jn(i)) > snﬁ/a,vig} (5.10)

This probability depends only on the number of distinct values taken by
the J,(i),i < £. Hence

~
=

P [eiT(Jn(i)) > snﬁ/a,vig} = P [ein > snﬁ/a,v@,k (5.11)
=0
XP [#{Jn(i),0 < i< £} =L — kK]

e

But for k > 1,
P[#{J.(i),0<i <} =0—k=0(n"") (5.12)

(note that no uniformity in ¢ is required!), so that
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-1
n 3P [ein > snﬂ/a,viglg_k} P [#{Jn(),0 < i < £} = £ — [5.13)
k=0

-1
~T(1+a)s (1 + Z Cknk(ﬁ1)> —T(1+a)s™
k=1

This is very nice and we see that the same conditions as in the
quenched regime apply.

The very same argument can of course also be used in the case of the
Gaussian trap model.

5.2.2 The full REM, averaged

We are now also ready to treat the REM with the fast process chosen as
the simple random walk on the hypercube, at least under the joint law
P.

The key point is that again we prove that the criterion from Theorem
2.2.23 is satisfied. Since the fast process is now simple random walk
rather than an iid sequence, we cannot use exchangability. We get (I set
all the s equal to one to get things that are easier to write down, but all
works in the general case)

> Pa(n(ki) = cn, Vi <) (5.14)

k1<ko<---<kg

¢
= Y D>y P#H{alki)i=1,... 0} =7).

k1 <ko<---<kpr=1

So clearly all boils down to establish some random walk properties on
the hypercube. This involves a bit of combinatorics, but to see why
things go well, consider the case £ = 2. We have to consider only one
quantity, namely
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> P#{ ki) i=1,2=1) = > P(Ju(ks)) = Ju(k1))

k1<ko k1<ko

S° B (ks — k1) = Ja(0))

k1<kz

an S P (Ju(E) = ,(0))
k=1

P (T, 0 < an)
"1-P(Ty, 0 < an)’

where T, = inf{k > 0 : J,(k) = o}. The probability that the simple
random walk on the hypercobe returns to its starting point in time less
than ay, for a, < 2", is of order 1/n (in fact the most likely way to
realise this is to return in the second step, which has probability 1/n).
Thus we see that the contribution with » = 1 is by a factor 1/n smaller
than the dominant contribution corresponding to r = 2. Thus

IN

(5.15)

" P(ra(Jnlki) > en, i =1,2) (5.16)
k1<ko
= > (a7 + P (Julkr) = Ju(ka)) (ay' = a,%)) = % +0(n™h).
k1<kz

To deal with the general case is quite similar. We will leave the proof
to the reader. As a result, we see that the REM under P behaves exactly
like the Gaussian trap model we dealt with before.
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Blocking and applications

Up to now we have been dealing exclusively with situations when the
processes we considered converged, on the extreme scales, to Poisson
point processes. If correlations are too strong, this will necessarily have
to fail. The best known situation of this kind occurs in the theory of
continuous time stochastic processes, where paths may e.g. be contin-
uous. In such a situation one may still expect a Poissonian picture at
large distances, but a more complex local structure of clusters replacing
the single points of the Poisson process.

To establish the global Poissonian nature of the sum, a good way to
proceed is to use suitable blocking. Introduce a new scale 6,, and blocked
random variables with

i0,,
Zni= Y, X}, (6.1)
J=0n(i—1)+1
in the hope that the new variables verify the hypothesis of our theorems
on Poisson convergence.

In this chapter we show how this idea can be applied in the context
of Markov jump processes as defined in Chapter 1. This approach was
developed in [15] in order to obtain almost sure results in the p-spin SK
model. Here we give a more pedagogical application in the context of
the REM, where blocking is not really necessary [24].

6.1 Convergence of blocked clock processes
We will use the notation of Subsection 1.1. That is, we will consider
X = X\, (Jn(i))en.i- We will be interested in studying the clock process
(1.2) under the law of the fast chain, J,, for fixed random environments.
If J, is rapidly mixing, we can hope to choose 6,, < a,, such that the

62
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random variables J,,(0,,7),¢ € N are close to independent and distributed
according to the invariant distribution m,. But then, under the law P, ,
also the random variables Z,, ;, are close to independent and uniformly
distributed (although with a complicated distribution that is a random
variable depending on the random environment). In this context, it will
be most convenient to use the conditions, of Durrett and Resnick [19],
i.e. Corollary 5.1.3.

Let us now look at this in more detail.

For y € V, and u > 0, let

0,—1
Qny) = Py ( Z A;I(Jn(j))en,j > Cn“) (6.2)
=0

be the tail distribution of the aggregated jumps when X,, starts in y.
Note that Q%(y), y € Vn, is a random function on the probability space
(Q, F,P), and so is the function F"(y), y € V,, defined through

Fry)= > paly, 2)Qn(x). (6.3)
€V,
Writing &, (t) = ||ant]|/0, ], we further define
kn(t)—1
vt o0) = D0 B (a(0a(0) (6.4)
=0
Fen (£)—1
(0712 (1, 00) = [F2 (10 (0,(0)))]” - (6.5)
i=0
Finally, we set
0,1
S, (k) = cgl)\;l(Jn(j))enJ + ¢, "0, H(J0(0))eno.
i=1 \j=0,(i—1)+1
(6.6)
and
Sn(t) = S (kn(t))- (6.7)

We now formulate four conditions for the sequence S® to converge
to a subordinator. Note that these conditions refer to given sequences
of numbers a,, c,, and 6, as well as a given realisation of the random
environment.

Condition (A1). There exists a o-finite measure v on (0, 00) satisfying
the hypothesis stated in Theorem 2.2.24, and such that, for all t > 0
and all u > 0,
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P, (‘V;{’t(u,oo) - tu(u,oo)‘ < e) =1-0(1), Ve>0. (6.8)
Condition (A2). For all w > 0 and all ¢t > 0,
P, ((U,{ﬁf)%u, ) < e) =1-0(1), Ve>O0. (6.9)

Condition (A3). For all ¢ > 0,

LantJ
. . —1y—1 . _
lelgllg#igpé’“" ;:1 Ty =170 ())es<enc}Cn An (Jn(i))e; = 0. (6.10)
Condition (A0’). For all v > 0,

Z fh, (x)e" Ve (@) = o(1). (6.11)

TEV,

Theorem 6.1.1 For all sequences of initial distributions u, and all se-
quences an, cn, and 1 < 0, < a, for which Conditions (A0’), (A1),
(A2), and (A3) are verified, either P-almost surely or in P-probability,
the following holds w.r.t. the same convergence mode:

Sh() = S,(), (6.12)

where S, is the Lévy subordinator with Lévy measure v and zero drift.
Convergence holds weakly on the space D([0,00)) equipped with the Sko-
rokhod Jy-topology.

Remark 6.1.1 Note that Condition (AQ’) is there to ensure that last
term in (6.6) converges to zero in the limit n 1 co.

Remark 6.1.2 The result of this theorem is stated for the blocked pro-
cess St (t). It implies immediately that under the same hypothesis, the
original process S, (t) (defined in (?7?)) converges to S, in the weaker
M;-topology (see [33] for a detailed discussion of Skorokhod topologies).
However, the statement of the theorem is strictly stronger than just con-
vergence in My, and it is this form that is useful in applications.

Remark 6.1.3 To extract detailed information on the process X,, e.g.
the behaviour of correlation functions, from the convergence of the blocked
clock process, one needs further information on the typical behaviour of
the process during the 6,, steps of a single block. This is a model depen-
dent issue and we will examplify how this can be done in the context of
the p-psin SK model.
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Proof. Throughout we fix a realisation w € 2 of the random environ-
ment but do not make this explicit in the notation. We set

SP(t) = SE(t) — ¢ " AT (0))en 0. (6.13)

Condition (A0’) ensures that S° —Sg converges to zero, uniformly. Thus
we must show that under Conditions (A1) and (A2),

Sh() = Su(). (6.14)
This will be a simple corollary of Theorem 2.2.24. Recall that
kn(t) = [Lant] /6], (6.15)
and, for i > 1, define
ARE OZ Cn At (Tnd))em; - (6.16)
=0 (i—1)+1

By (6.7) and (6.13), S’ (t) = Zf;gt) Z,;- We now want to apply The-
orem 2.2.24 to the latter partial sum process. For this let {F,;,n >
1,i > 0} be the array of sub-sigma fields of 7X defined by (with obvious
notations) Fr; = 0 (Uj<e,i {Jn(J),€n,;}), for i > 0. Clearly, for each n

and ¢ > 1, Z, ; is Fy, ; measurable and F,, ;_1 C Fp ;. Next observe that

Ppn(Zn,i>Z’fn,i 1 ZP"< Z* )+1)—$an>2|fnl 1)
zEV,
(6.17)
where
P (Jn (Onli—1)+1) =2, Zp; > 2| fm»,l) (6.18)

:Pun<Jn( Wi —1)+1) =2,Zy; > 2| Ju(0n 1—1))>

Using Bayes’ Theorem and the Markov property, the last line can be

Jn(0) = x) .

(6.19)
Thus, in view of (6.2), (6.3), (6.4), and (6.5), it follows from (6.17),
(6.18), and (6.19) that
En (t) kn (t)

> Pu (Zni>z| Fuic) = > > pu(Ja(nli — 1), 2)Qh(2)
=1

i=1 zeV,

written as

pn(J (0n(i—1)),2) Py, (ZC Wi —1))en -1 >z
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kn (t)

= ;,Zt(u,oo). (6.20)

Similarly we get
k() kan (t)
” . 2
Z [Pltn (Zn,i > e | -Fn,i—l”2 = Z [Fn (Jn(en(Z - 1)))] = (Ji’t)2(u,oo).

i=1 i=1

(6.21)
From (6.20) and (6.21) it follows that Conditions (A2) and (A1) of The-
orem 6.1.1 are exactly the conditions from Theorem 2.2.24. Similarly
Condition (A3) is Condition 5.3. Therefore the conditions of Theorem
2.2.24 are verified, and so S? = S, in D([0, 00)) where S, is a subordi-
nator with Lévy measure v and zero drift. |

We now come to the key step in our argument. This consists in reduc-
ing Conditions (A1) and (A2) of Theorem 6.1.1 to (i) a mizing condition
for the chain J,,, and (ii) a law of large numbers for the random variables
Qn.

Again we formulate three conditions for given sequences a,,, ¢, and a
given realisation of the random environment.

Condition (A1-1). Let J, is a periodic Markov chain with period
q. There exists an integer sequence ¢, € N, and a positive decreasing
sequence p,,, satisfying p,, | 0 as n T oo, such that, for all pairs z,y € V,,,
and all ¢ > 0,

-1

2

Pr, (Jn(i+ bn + k) =y, Jn(0) = ) < (L4 pp)7n (@) 70 (y) -
0

el
Il

(6.22)
Condition (A2-1) There exists a measure v as in Condition (A1) such
that

vl (u,00) = kn(t) Z T (2)Qn(x) — tv(u, 00), (6.23)
€V,
and
(07)*(w,00) = ka(t) D Y mal@)plP (z,2") Qi (2) Qi (a') = 0.
€V, ' E€EVn (624)

Condition (A3-1) For all ¢ > 0,
lim lim sup &k, (t)&, ]I{A#(Jn(o))%gcne}c;l,\;l(Jn(()))eo = 0. (6.25)

el0 nfoo



6.1 Convergence of blocked clock processes 67

Remark 6.1.4 The limiting measure v may be deterministic or ran-
dom.

Theorem 6.1.2 Assume that for p, = m, and for constants a,,cy, 6y,
Conditions (A1-1), (A2-1), (AS-1) and (A0’) hold P-a.s., resp. in P-
probability. Then the sequence of random stochastic process St converges
to the process S, weakly on the Skorokhod space D|[0,0) equipped with
the Jy-topology, P-almost surely, resp. in P-probability.

Proof. The proof of Theorem 6.1.2 comes in two steps. In the first we
use the ergodic properties of the chain J, to pass from sums along a
chain J, to averages with respect to the invariant measure of J,.

We assume from now on that the initial distribution p,, is the invariant
measure m, of the jump chain J,.

Proposition 6.1.3 Let p, = m,. Assume that Condition (A1-1) is
satisfied. Then, choosing 0, > £,, the following holds: for allt > 0 and
all u > 0 we have that, for all € > 0,

Pr, (|v" (u, 00) = v}, (u,00)| > €) < €72 [pn (v (u, oo))2

+ (0h)2(u,00)|
(6.26)
and
Pr, ((077")(u,00) > €) < e *(07,)*(u,00) . (6.27)
Proof. To simplify notation, we only give the proof for the case when
the chain J,, is aperiodic, i.e. ¢ = 1. Details of how to deal with the
general periodic case can be found in the proof of Proposition 4.1. of
[23].
Let us first establish that

Er, [v*(y)] = v} (u, 00) (6.28)
Ex, [(07)*(u,00)] = (07,)*(u, 00). (6.29)
To this end set
kn (£)
mt (@) =k, (1) L7 0nG-1)=2}s T EVn. (6.30)
j=1

Then, Egs. (6.4) and (6.5) may be rewritten as
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vt (u,00) = kn(t) > mrt(y)Fr(y), (6.31)
YEVn

(012 (u,00) = k() Y mi' () (F(y)? - (6.32)
YyEVn

Since by assumption the initial distribution is the invariant measure m,,
of Jp, the chain variables (J,(j),j > 1) satisty Py (J,(j) = z) = mp(2)
for all x € V,,, and all j > 1. Hence

Er, [77 ()] = 7a(y), (6.33)

En, 0240, 50)] = kn(®) 3 ma(@)Fk(a) (6.3
TzEVn

Er, [(03)? (1,00)] = kn(t) Y malz) (F(2))” (6.35)
TEV,

Egs. (6.28) and (6.29) now follow readily from these identities. Indeed,
inserting (6.3) into (6.34) and using that 7, is the invariant measure of
Jn, we get,

Eﬂ—n [y;{’t(u,oo Z Z 7rn pn z,y Qu( )7 (636)
YEV, xEV,
= kn(t) Y Tn(y)Qu(y) (6.37)
YEVn

which proves (6.28). Similarly, inserting (6.3) into (6.35) yields

Er, [0 (w,00)] = kn(t) Y mnl@) [ D pale,y)Qu(y) | (6.38)

TEV), YEVn

which gives (6.29) once observed that, by reversibility,

> Tal@)pn (@, y)pa(@,9') = 70 y) D Paly, 2)pal(e,y’) = m()p (v, 9).

z€V, eV,
(6.39)

We are now ready to prove the proposition. In view of (6.29), (6.27) is
nothing but a first order Chebychev inequality. To establish (6.26) set

Ajj(@,y) = Pr, (Jn(0n(i — 1)) = 2, Jn(0n(j — 1)) = y) — Tn(2)Tn(y) -
(6.40)
A second order Chebychev inequality together with the expressions (6.34)
for By, (v} (u,00)] yields
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P, (‘Vg’t(u,oo) — En, [ (u, 00 )] = e) (6.41)

2
< 2B, [kalt) 3 (1) — mav) F (o)
YyEVn
kn (t) k’ﬂ (t)

— 2 Z Z EX(z)FX (y) Aij(z,y)

TEV, YEVn i=1 j=1
Now Y¥n(0 528U Ay (2, ) = (T) + (IT) where
kn (t) kn(t)

D=3 Ayla,y) ey < puki(Oma(@)ma(y), (6.42)

i=1 j=1
as follows from Assumption (A1-1), choosing 6,, > ¢,,, and
1<i<kn (1)
= kn(t) [Pwn (Jn(gn(i - 1)) = ) - ( )] ]I{m y}
= kn(t)mn(z)(1 — 7"'n(x))]l{a::y} < kn(t)T n(x)]lx=y-

Inserting (6.43) and (6.42) in (6.41) we obtain, using again (6.29) and
(6.33), that

P, (’1/ uoo) M[V’tuoo”>6)
< e [pn (vh(1,00))" + (04)2(u,0) | - (6.44)
Proposition 6.1.3 is proven. |

The proof of Theorem 6.1.2 is now immediate: combine the conclu-
sions of Proposition 6.1.3 with Condition (A2-1) to get both conditions
(A1) and (A2). Finally, Condition (A3) is Condition (A3-1), since we

are starting from the invariant measure. |

6.2 Application to quenched ageing in the REM

We will now show how Theorem 6.1.2 can be applied in the REM to
obtain quenched results. i.e. results for fixed environments. There are
other ways to get these results, see [24], and so this section is mainly of
pedagogical interest.

We recall that we live on the hypercube V,, = ¥,, = {—1,1}". The
random environment is given by iid normal variables H,(z) and the
mean holding times, 7(z), are given by
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7(z) = exp(BH,(x)), (6.45)

with 8 € R the inverse temperature. The Markov chain J,, will again
be the simple random walk on 3,,, i.e.

1o Sflle=212 =2
pn(x7x/) _ n’ 1 ||1' x ||2 ) (646)
0, else,
Theorem 6.2.4 For all v satisfying
0<y<pB*A2In2, (6.47)
the law of the stochastic process
—yn U n 2 25—
Sh(t) =e S, (en [tmﬁi%nme "*/28 onl}) . >0,
(6.48)
with 0, = %n{ defined on the space of cadlag functions equipped with

the Skorokhod Ji-topology, converges to the law of ~v/3%-stable subordi-
nator V. 2(t),t > 0. Convergence holds P-almost surely.

Proof. To prove the theorem, we just need to see how the Conditions
(A1-1), (A2-1), and (A3-1) can be verified.
This requires four steps, two if which are quite immediate:
Conditions (Al-1) for simple random walk has been established e.g.
in [2] and [24]. The following lemma is taken from Proposition 3.12 of
[24].

Lemma 6.2.5 Let P, be the law of the simple random walk on the
hypercube ¥, started in the uniform distribution. Let 0, = an2”2'
Then, for any x,y € 3, and any i > 0,
1
P, (Ju(0p +i+ k) =y, Jo(0) = ) — 2727 < g7 3nHL,

k=0
(6.49)

Clearly this implies that Condition (A1-1) holds.

Next, the second part of Condition (A2-1) will follow rather easily,
once we have proven the first.

Thus, we need to show that

vl (1, 00) = vt (u, 00) = T(1 + a)tu/F" (6.50)

almost surely, as n 1 oco.
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Laplace transforms. Instead of proving the convergence of the dis-
tribution functions v directly, we will pass to their Laplace transforms,
prove their convergence and then use Feller’s continuity lemma to deduce
convergence of the original objects.

For v > 0, consider the Laplace transforms

vh(v) = / due™ "Vt (u, 00) (6.51)
OOO
t(v) = / due™ " v* (u, 00).
0
With Z,, = Z?;El e ' A 1(Jn(5))ej, we have, by definition of v/f (u, 00),

vy, (1, 00) = k(1) Z T (2)Qn () = kn(t)Pr,, (Zn > u).

zEV,

Hence
vt (v) 2/ due”""v! (u, 00) (6.52)
0

— kn(t)/ due™" Py, (Zn > u)
0

1-¢&x, eVon
= kn(t) 1}( )»

where the last equality follows by integration by parts.

Convergence of Evf (v).
Lemma 6.2.6 Let ¢, =, a, = nl/2em7*/28° | For any B,y > 0 such
that v/3% € (0,1), for any v > 0,

lim Jon (B [1 — &x,, (e77%7)] = duto™/ 8, (6.53)

for a constant dy =T'(1 — a)T'(1 + «).

Proof. We will set U; = H,(J,(i)). The Laplace transforms we are
after can be written, after integrating out the exponential variables e;,
as
Ry, e V%" = E, EG(U,v,6,), (6.54)
where
k—1 1
cUvE =] ———— . 6.55
( ) E[) 1 “r’UC:LleB\/EU'i ( )

7
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Let us denote by n,(J) the number of points that the chain J visits r
times up to time 6,,. Clearly, Zf;l rn, = 0,. Clearly, the expectation
of G(U.w,6,,) depends only on J only though these numbers. In fact,

Er EG(U,v,0,) = > P, (n.(J) =n,,Vr) (6.56)
{n,}
05, n
x [ [Beroteer e ™))™
r=1

Next we compute, using partial integration !,

oo r+1
Eero(ven'e™™) — 1 —/ r ( ! > P (vc;leﬂ\/ﬁU > x) dx
0

1+
') 1 r+1
~1-— a;lvar/ < ) x”%dx
=1-a,vd,, (6.57)
where
I(r+a)
dr=T(1—-0a)=—, 6.58
ey (6.58)
is a decreasing sequence. Hence we get readily that
kn(t) (1 — E;EG(Uw,6,)) (6.59)

On
=k, (t) Z P.. (n.(J)=mn.,Vr) (1 -1l @a- a;lvo‘rdr)nr>
{n.} r=1
On
=0t Z P, (n.(J) = n,,vr) o, ! Zrnrdr +O(a; ")
{VLT} r=1
= Uatdl

(23

+o¢ Z Py, (n.(J) = n,,vr) 0! Zrnr(dr —dy) + O(a,b)
{nr} r=1

To conclude, we only need to show that the probability under P, that

say, n1 < 0,,(1 —n~1/2), tends to zero.

Lemma 6.2.7 For the SRW, J, on £,, we have that Eny(J) > 0,,(1 —
2/n). Consequently, P (ny(J) < 1—n=1/2) <n=1/2,

1 The passage to the limit in the equation can easily be justified using Lebesgue’s
dominated convergence and the very explicit control over the asymptotics of the
Gaussian probability appearing.
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Proof. Clearly,

0,
En,(J) = Z s, ()7, (k) VE<t<6, (6.60)
=1
On
> 00— Y Pty (T, k) < On)
k=1
=0, (1 =Py (11 <0y)). (6.61)

The last probability can be computed in the one-dimensional chain
mn(k) = 13" | J,(k), the classical Ehrenfest chain on the state space
{-1,-1+2/n,...,1—2/n,1}. Then

Py (11 < 0y) =Py (11 <0n) (6.62)
SPi(m=2)+Progn(r <bn).
The first probability is equal to 1/n. The second can be decomposed as

Prayn (11 <0n) <Py (11 < 70) + Proayn (11 < 0,00 < 7(5.63)
< P1,4/n (Tl < 7'0) + Py (7'1 < en) .

The first probability can be computed exactly and yields
Py y/n (1 <70) < cn?,
whereas the second can be estimated a
Po (11 < 0p) < 0,/FEory < 6,277,

This yields the claimed estimate on the expectation of nq(.J). Chebey-
chev does the rest. U

U
Concentration of v!. To conclude the proof, we need to control the
fluctuations of v .
Lemma 6.2.8 Under the same hypothesis as in Lemma 6.2.6,
E (0%(v) — Edt(v))” < Ct20,a,2 "0 (6.64)
Proof. We have to compute
E (E,e "% — By, e "%n)" (6.65)
—EE'E, E. (e—vzn“)e—vzn“’> —e—vZnU)e—”Zi("’)). (6.66)
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where we made the reference to the two walks explicit and where Z,
depends on an independent copy, H/,, of the random variables H,,. Now
it is clear that the expectations of the two terms differ only if the two
random walks J and J’ intersect. On the other hand, using the compu-

tations from the preceding proof, it is obvious that we have the uniform
bound

‘EE’e—“ZnU)e—“ZnU’) - 1( < d120na; 0% (1 + (01)). (6.67)
Hence we obtain that
ki ()2E (Ex, 6% — BE, e v%n)? (6.68)
< t%d1260; tay v (1 + (01)) Pr, @ Pp ({Jn(i)}flo NA{Tn ()}, # @) :
But

Pr, @ Py ({00(0)} 20 0 {71 (0)} 2 #0) (6.69)
0r
<Y P, @P (Juli) = J}(j) = 0227
i,j=0
Here we used that both chains are in equilibrium. Inserting this estimate
into (6.68) yields the claim of the lemma. O

Conclusion of the proof. Lemmata 6.2.6 and 6.2.8, together with
Chebychev’s inequality and the Borel-Cantelli lemma, establish that,
for each v > 0,

lim 7% (v) = 0t (v) = ditv?/P° =1 P—as. (6.70)

n—oo

Together with the monotonicity of 2% (v) and the continuity of the lim-
iting function #*(v), this implies that there exists a subset Q] C Q7 of
the sample space Q7 of the 7’s with the property that P(Q]) = 1, and
such that, on Q7F,

lim 7! (v) =?'(v), Yv>0. (6.71)

n—oo
Finally, applying Feller’'s Extended Continuity Theorem for Laplace
transforms of (not necessarily bounded) positive measures (see [22], The-
orem 2a, Section XIII.1, p. 433) we conclude that, on Q7F,
lim v (u,00) = v'(u,00) = T'(1 + oz)tlF'Y/B2 , Yu>0. (6.72)

n—oo

Thus we have established Conditions (A1-1) and (A2-1) under the
stated conditions on the parameters v, (.
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It remains to show that Condition (A3-1) holds. We first show that
ancy 'BER, A (0)er -1 ), <., 18 bounded by €'~

TN in average, and

then prove a concentration estimate .

Lemma 6.2.9 Under the Assumptions of the theorem, there is a con-
stant K < co, such that

limsup a,, ¢, 'BER Ayt (0)er Ty 1 )0 <, < KT (6.73)

Tn’'n
ntoo

Proof. The proof is through explicit estimates. We must control the
integral

o0 (oo} P \/7
—x — By/nz
/ e dw/ e 21 avmecec, € dz
0

—00
In cp+ln(e/a)

o e 2
:/ e “dx [/ ’ e‘ij\/ﬁzdz}
0

— 00

Inep+in(e/z)
IV it - AVA N

o0
:/ e dx leﬁznﬂ/ . e_zdzl (6.74)
0

— 00

Now for our choice ¢, = exp(yn), the upper integration limit in the
z-integral is

Ine, + In(e/x)
Bvn

Ine—Inz

N (6.75)

~ovi=vi (3 -0)+

Thus, for any v < 82, this tends to —oo uniformly for, say, all < n2.

We therefore decompose the z-integral in the domain z < n? and its
complement, and use first that
o 22 2
/ e*wdxe*T]IxegﬁKecneﬂﬁzdz <ecpe ", (6.76)
n?2 -

which tend to zero, as n T co. For the remainder we use the well-known
bound, for u > 0,

/ =2 < Lo, (6.77)
u u

This yields
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In cn+1nn(é/a>) _pyn
eﬁQ"/Q/ o e~ dz (6.78)

exp (=4 (v (3 - 8) + msze) )
(B~1y = By + e
exp (—n% + n’y)

~ Vn(/B—B) +o(1) P (—(7/52 —1)In(e/z) + 0(n71/2> .

< 65277,/2

Hence

o0 o0 22
limsupanc,jl/ e_mdx/ e_TIImﬁﬁchneﬁ‘/ﬁzdz (6.79)
o <

ntoo —o00

1 1 - 1
< — € ¢ / % e Pdx
v/8 -8 0 ’
which implies the assertion of the lemma since the last integral is finite.

O

Lemma 6.2.10 Under the Assumptions of the theorem, there is a con-
stant K < 0o, such that

aichQE (EM /\;1(0)61 ]IA?Ll(a)elSecn —-E&;, )\;1(0)61 ]I)\T—Ll(g)elgecn>
< Ket™%q,27". (6.80)

Proof. The proof of this lemma is very similar to that of Lemma 6.2.8
and will be left to the reader. |

Now Theorem 6.2.4 follows from Theorem 6.1.2. O

6.2.1 Consequences for correlation functions

Finally, one must ask whether the convergence of the clock process in the
form obtained here is useful for deriving ageing information in the sense
that we can control the behaviour of certain correlation functions. One
may be worried that a jump in limit of the coarse-grained clock process
refers to a period of time during which the process still may make n?
steps, and our limit result tells us nothing about how the process moves
during that time. We will, however, show that essentially all this time
is spent in a single site.

This allows to prove
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Theorem 6.2.11 Let A, (t,s) be the event defined by

An(t,s) ={o, (") = o, ((E+ 5)e™"). (6.81)
Then, under the hypothesis of Theorem 6.2.4, for allt >0 and s > 0,

sin am

Jim Pr (An(t, ) =

™

£/(t+s)
/ w1 —u)" du, P — as..
0
(6.82)

Proof. The proof of this theorem relies on the following simple estimate.
Let us denote by R, the range of the coarse grained and rescaled clock
process S2. The argument of [2] in the proof of Theorem 1.2 that the
event A, (s,t) N{R, N (s,t) # 0} has vanishing probability carries over
unaltered.

What we have to show is that if the process spends the whole time
from s to ¢t within one block, then almost all of this time is spent, without
interruption, in a single site.

The following lemma is quite obvious.

Lemma 6.2.12 Let M,, C X, be arbitrary. Then

P(3otorem, : Hy > an AN Hy > an/2)
< |Mn|267na2/267na2/8 (683)

This lemma implies that even if in a set of size say n?, there is a point
where H, > na, then there will not be a second point of comparable
size in that set, with overwhelming probability.

This means the following: within a block of 8,, steps of the chain J,,
that gives a contribution to a jump, there is only one site that contributes
to the time. It remains to show that these contributions come in one
“block”, i.e. the process will not return to this site once it left it within
0,, steps. But this is an elementary property of the random walk on the
hypercube.

Let us make this precise. As remarked above,

o (6.84)
R

where the second term tends to zero. Next we observe that

Pr, (An(s,t)) = Pr, (An(s,t) N{R, N (s,t) =0

+ Pr, (An(s,6) N{Rp N (s,1) #0
Pr., (An(s,t) N{R, N (s,t) = 0}) (6.85)
= Pr, (Ra N (5,t) = 0) = P, ((An(s,1))" N {Rn N (s,1) = 0})

n
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Here the first term is what we want. To show that the second term tends
to zero, we proceed as follows.
For any N < oo, we clearly have

Pr. (An(s, )N {Ry N (s,t) = 0}) (6.86)
kn(N)—1
= Y Pr, ((Anls,6)) N {(s,8) € (Sn(k), Sn(k +1))})
k=0
+ > Pr ((An(s,0))7) N {(s,8) C (Su(k), Sk +1))}) -
k=k, (N)

The second term is bounded by

> Pry ((An(s, 1)) N {(5,8) € (Sn(k), Sn(k+1))})

k=k, (N)
< Pr, (SE(N) < 5) = P (Va(N) < 5), (6.87)

where convergence is almost sure with respect to the environment. The
last probability can be made as small as desired by choosing N suffi-
ciently large. It remains to deal with the first sum on the right-hand
side of (6.86).

Define the event

Gk) = (6.88)

U Ot nles = ealt = )05 0 {0 (Jn(G))es > ven) -
kOn <i<j<(k+1)0p

In (8)#JIn(3)

Using Eq. (4.106), we see that
EP, (G(k)) < 0>Eexp (fcn(t - 5)9;165@%) Eexp (f\/ao;leﬂﬁ’fv)

(t—5)"" 4 “nSy/4 - p2 1 —
~N — n < ny i
Taen 02T(1+ a)T(1 4 a/2)e < 6%a;te ™(8.89)
Thus even
ko (£)
EPx, | | 9(k) | <tlne /", (6.90)
k=1

which tends to zero exponentially fast. This implies that Py, (Ullzi(lt )g (k))
tends to zero P-almost surely.

On the other hand, on the event
G(k)® N (An(s,8)° N {(s,t) C (Sn(k),Sn(k+1))}, the following must
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be true: First, there still must exist some i such that A\, 1(J,,(i))e; >
en(t — 8), and second, the random walk must return to this site after
visiting it.

Since obviously, all the probabilities of all events are independent of
k, we consider in the sequel k& = 0 only, to simplify notations. In fact we
decompose disjointly

G(0) (An(s, ) N {(s,1) C (Sn(0), S (6.91)
On—1

U? 51u§ 21{2 eih, H(Jn(@) > et — 5) }

N () > enlt = 9)/0n} N {#{E : Ja(i) = Ju(i)} = £} N G(0)°

=0

NN (Tn(4) > enlt —5)/0,}

N{#Hi = Ju(@) = Ju(d)} = €3} 0 Q(O)C>

<P (Z erA ) >en(t—s) — Gan\/CTL>
Pr, (#{i = Ju(i) = Ju(4)} = €}) + O(exp(—n?)),

where the last term accounts for the probability one one of the expo-
nential variables encountered could be larger that n2. Now the random
walk probability is, as we already know, bounded by

Pr, (#{i: Ju(i) = Ju (i)} = ) < Cn= " (6.93)

PP <{ Z_: e, (T (1)) > en(t — s)} (6.92)

Moreover, the simplest estimate shows that

(Z erA ) > en(t—8) —0un f) (6.94)
< (P <e1A;1<Jn(j)) > ol s) b W)

< a’I’_Ll(t _ s)—a€1+o¢.

Combining this, we see that
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kn (N)

E{ Y Pr, (Aals, ) N {(5,8) C (Sulk), Su(k +1))}) | <CNn™!
k=0

(6.95)
But this estimate implies that the term (6.135) converges to zero P-
almost surely, for any choice of N. Hence the result is obvious from the
J1 convergence of S,,. |

6.3 Almost sure convergence in the p-spin model

The method explained above for the REM was originally introduced in
[15] to treat the p-spin SK model under the quenched law. In that case,
no other method was available. All the basic ideas of the proof for the
REM above carry over, but the control of the convergence of 7, is much
harder and requires the use of Gaussian interpolation techniques.

In this model, the underlying graphs V,, are the hypercubes ¥, =
{—1,1}". The random environment is given by a Gaussian process, H,
indexed by ¥, with zero mean and covariance

EH, (z)H,(z") = nR,(z,z")?, (6.96)

where R, (z,2’) = 13" x;2}. The mean holding times, 7(z), are
given again by (6.45), and the fast chain, J,, is simple random walk.
The result we obtain in this case is similar to that in the REM, but

there is an extra limitation on the parameters.

Theorem 6.3.13 For any p > 3, there exists a constant K, > 0 that
depends on  and v, and a function ((p) such that for all vy satisfying

0 <~ <min (8% ¢(p)B), (6.97)
the law of the stochastic process
SP(t)=e NS, (an [tK gn!/2em" /207 g1 J) . t>0, (6.98)

with 6, = 31;12712, and Kg = Bv21/T(1 + /%), defined on the space
of cadlag functions equipped with the Skorokhod Ji-topology, converges
to the law of the stable subordinator V. s2(t),t > 0, of Lévy measure
Kp('y/ﬂz)x’”’/BQ*ldx. Convergence holds P-a.s. if p > 4, and in P-
probability, if p = 3,4.

The function {(p) is increasing and it satisfies

¢(3) ~1.0291 and lim ((p) = +/2log?2. (6.99)

p—o0
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In [2] an analogous result is proven, with the same constants ((p)
and K, but convergence there is law with respect to the random envi-
ronment (and almost sure with respect to the trajectories J,,). Being
able to obtain convergence under the law of the trajectories for fixed
environments, as we do here, is a considerable conceptual improvement.

As in the REM, we can again draw conclusions for correlation func-
tions. However, we must make a different choice, since traps are no more
isolated points.

In this way we prove the almost-sure (or in probability) version of
Theorem 1.2 of [2].

Theorem 6.3.14 Let AS(t,s) be the event defined by
A5 (L, s) = {Rn (X0 (te™), Xn ((t + 5)e7™)) > 1 —€}. (6.100)

Then, under the hypothesis of Theorem 6.3.13, for all e € (0,1), t > 0
and s > 0,

sin o

t/(t+s)
lim P, (A5(t,s)] = / u® (1 —u) " du. (6.101)
0

N—o00 ™

Convergence holds P-a.s. if p > 4, and in P-probability, if p = 3,4.

6.3.1 Verification of Conditions A1l-1 and A2-1

As J, is exactly the same as in the REM, Condition (A1-1) is already
verified. Also, Condition (A3) is exactly the same as in the REM, since
correlations do not effect it.

Again, the second part of Condition (A2-1) will follow from the first
just as in the REM.

Thus, all what is left to do is to show that

vt (u,00) = v'(u,00) = Kpu_"’/BQ, (6.102)

n

almost surely, resp. in probability, as n 1 oo.

Convergence of Epf (v) We will prove convergence of v via the con-
vergence of its Laplace transform as in the REM.
The following Lemma is an easy consequence of the results of [2]:

Lemma 6.3.15 Let ¢,, = ', a, = K5n1/26”72/252, For any p >

3, and B,y > 0 such that v/B% € (0,1), there erxists a finite positive
constant, Ky, such that, for any v > 0,

lim Jo (1) [1— &, (e7%)] = Kpto?/ 7. (6.103)
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—vZ

Proof. In [2], the Laplace transforms Ee~"“" were computed even for

0, = ant. We just recall the key ideas and the main steps.
The point in [2] is to first fix a realisation of the chain J,,, and to define,
for a given realisation, the one-dimensional normal Gaussian process

Ui =n~ Y2 H, (J,()), (6.104)
with covariance
Ay =0 EH, (J5 (i) Hn (Jn(§)) = 07" R (Jn(8), Jn(5))P. (6.105)

Moreover, they define a comparison process, U, as follows. Let v be an
integer of order N”, with p € (1/2,1). Then U! has covariance matrix

= {1 =G

6.106
0, else. ( )

Finally they define the interpolating family of processes, for h € [0, 1],
UMi) = VhU (i) + V1 — hU°(3). (6.107)

For any normal Gaussian process, U, indexed by N, define the function

k—1
En (F(Uv, k) | F) = G(U,v,k) = exp (— Zg (Ucnleﬁ‘/ﬁm)) ,
i=0
(6.108)
with g(z) = In(1 + ).
Then the Laplace transforms we are after can be written as
E&y, e """ = E&y, (Ex, (e7"7" | F7)) (6.109)

= E.,EG(U",v,0,).

Here we used that the conditional expectation, given F7, is just the
expectation with respect to the variables e, ; which can be computed
explicitly and gives rise to the function G.

The idea is now that U' is a good enough approximation to U°, for
most realisation of the chain J, that we can replace U° by U' in the last
line above.

More precisely, we have the following estimate.

Lemma 6.3.16 With the notation above we have that, for all p > 3

ken(t)Er, |[EG(U°,v,0,) —EG(U",v,6,)| <tCN?/v. (6.110)
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Remark 6.3.1 [2] (see (Proposition 3.1)) prove that E,, -almost surely,
EG(UY, v, [ant]) — EG(U*, v, [ant]) — 0. (6.111)
This result would not be expected for our expression, but we do not

need this. The proof of Proposition 3.1., however, directly implies our
Lemma 6.3.16.

The computation of the expression involving the comparison process
U! is fairly easy. First, note that by independence,
EG(U',v,0,) = [EGU,v,)] """ (6.112)
= [1- (1 -EGU",v,0))]""
But in [2], Proposition 2.1., it is shown that
a,v~ ' (1-EGU",v,v)) = KPW/’BQ. (6.113)
This implies immediately that
k() [1 = (1 = EF(UY,0,0))] """ = Ko7, (6.114)

as desired. Combining this with Lemma 6.3.16, the assertion of Lemma
6.3.15 follows. |

Concentration of v/. To conclude the proof, we need to control the
fluctuations of v/f,.

Lemma 6.3.17 Under the same hypothesis as in Lemma 6.3.15, there
exists an increasing function, ((p), such that for all p > 3, {(p) > 1,
and ((p) T vV2In2, such that, if v/B#* < min(1,{(p)/B),

E (2, (v) — By (v))* < Cn'=P/2, (6.115)

Proof. The proof is again very similar to the proof of Proposition 3.1
in [2]. We have to compute

E (En,e"%)" =B, &, (7@t 20 | Fx F') (6.116)

Tn~ 1T,

To express this as in the previous proof, we introduce the Gaussian
process V? by

“12H,(J.(1), if0<i<6,—1
vy ={" (Ju(d),  HO<i< (6.117)
n~Y2H,(J (1), iff, <i<20,—1.
Then, with the notation of (6.108)
En EL (e—v%”b FI % fJ') = G(V°,v,20,) (6.118)
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Next we define the comparison process V! with covariance matrix

_ A%, ifinj < Opor iVj>0,,
Afj—{ow ;1;33 WO 1Y) = Un (6.119)

The point is that

E., E. EG(V',0,20,) = (Ex, EG(V°,v,0,))" = (B&y, e "7")”.
(6.120)
On the other hand, using the standard Gaussian interpolation formula,
we obtain the representation

EG(VY, v,20) — EG(V°,v,0) (6.121)

1 L 82G(VI 0, 26,)
== AR TN 2R ap 4 (e 5.
5 /0 > ME + (i )
0<i<6n

0n <j<20n

The second derivatives of G were computed and bounded in [2], (see Eq.
(3.7. and Lemma 3.2.
We recall these bounds:

Lemma 6.3.18 With the notation above and the assumptions of Lemma

6.3.15,
2 h
M < U2c;2ﬁ2NeB\/E(V"(i)+V’”(j)) (6.122)
8%8’%’
X exp <72g (c;lveﬁ‘/ﬁvh(i)) —2g (c;lveﬂ\/ﬁvh(i)))
= En(]\fj)

Moreover, for A > 0 small enough,
En(c) Eh23)
C(Q—co)"V2Ayn)e aa, ifl>c>v/82+A—1,
CNe—™B*(1+e)=27) ife< (/%) +A—1,

where C(vy, B,u,v, A) is a suitably chosen constant independent of n and
c. Then

Remark 6.3.2 Notice that, since /82 < 1 under our hypothesis, we
can always choose A such that the top line in (6.123) covers the case
c>0.

Note that, for ¢ > 0, (see Eq. (3.25) in [2]; note that there is trivial
misprint in the last inequality there)
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/01 =, (1 h)e)dh < 2C exp (‘g%fi@) . (6.124)

The terms with negative correlation are in principle smaller than those
with positive one, but some thought will reveal that one cannot really
gain substantially over the bound

1 ~2n
/ En((1 = h)c)dh < Cexp <_52> , (6.125)
0
that is used in [2] (See Eq. 3.24)).
Next we must compute the probability that /_ng takes on a specific

value. But since A;; is a function of R, (J, (i), J,(4)), this turns out to
be very easy, namely, since both chains start in the invariant distribution:

Ernrn LR (10(0), 0, () =m

=12 > Pr,(Ju(i) = 2)P, (J,()) = 9) TR, (2)=m (6.126)
z,yeES™

n
=27" I e =27" . 6.127
2 Tt (=) (0120

Putting all things together, we arrive at the bound

kn(t)? |[EG(VO,v,20) —EG(V°,v,0)|

<3 () () e e ()

+mzn:02_n((n —?71)/2) (%)pnem?/azwexp <_Tf872> (6-128)

where we did use that ky(£)8, = ty/ne™’ /5. Clearly the second term
is smaller than the first, so we only need to worry about the latter. But
this term is exactly the term (3.28) in [2], where it is shown that this is
smaller than

C't*ntr/2, (6.129)

provided v < {(p). This provides the assertion of our Lemma 6.3.17 and
concludes its proof. O

Remark 6.3.3 The estimate on the second moment we get here allows
to get almost sure convergence only if p > 4. It is not quite clear whether
this is natural. We were tempted to estimate higher moments to get
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improved estimates on the convergence speed. However, any straight-
forward application of the comparison methods used here do get the
same order for all higher moments. We have not been able to think of a
tractable way to improve this result.

Conclusion of the proof. The proof is concluded in the same way
as in the case of the REM, with Lemmata 6.3.15 and 6.3.17 replacing
Lemmata 6.2.6 and ?7.

In the cases p = 3,4, where our estimates give only convergence in
probability, we obtain convergence of v (u,c0) in probability, e.g. by
using sub-sequences.

Thus we have established Conditions (A1l-1) and (A2-1) under the
stated conditions on the parameters -, 3, p, and Theorem 6.3.13 follows
from Theorem 6.1.2.

6.3.2 Consequences for correlation functions

We will now turn to the proof of Theorem 6.3.14.

The proof of this theorem relies on the following simple estimate. Let
us denote by R, the range of the coarse grained and rescaled clock
process S°. The argument of [2] in the proof of Theorem 1.2 that the
event AS(s,t) N{R, N (s,t) # 0} has vanishing probability carries over
unaltered. However, while in their case, A% (s,t) C {R, N (s,t) = 0},
was obvious due to the fact that the coarse graining was done on a scale
o(n), this is not immediately clear in our case, where the number of
steps within a block is of order n2. What we have to show is that if the
process spends the whole time from s to ¢t within one bloc, then almost
all of this time is spent, without interruption, within small ball of radius
en.

To do this, we need some simple facts about correlated Gaussian pro-
cesses.

Lemma 6.3.19 Let X,Y be standard Gaussian variables with covari-
ance cov(X,Y)=1—¢, 0 <c<1/4. Then fora>1,

1 —a?/2 —ca?/32 —3ca?/8
]P’(X>a,Y>a(1fc/4))§a22ﬂ_ce / (e /32 L e />.
(6.130)
Proof. Note that the variables X,Y have the joint density
1 _22_(y=Q1=c)z)?
2 de—2e% (6.131)

——c¢
2m(2¢ — 2)
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Next,

P(X >a,Y >a(l-¢/2) <P(X >a,|Y = (1 - ¢)X| > ac/4))+P (X > al;fﬂ) .

C

(6.132)
The result is now a trivial application of the standard tail estimates for
Gaussian integrals. ]

This lemma has the following corollary:

Corollary 6.3.20 Let H,(0) be the Gaussian process defined in (6.96).
Let M,, C %, be arbitrary. Then

P(3s.0rem, : Ru(o,0') <1 —eand H,(c) > an A Hy(0) > an(1 — pe/4)))
< |Mn|2€7na2/267n¢12p5/40 (6133)

This lemma implies that even if in a set of size say n?, there is a
point where H,, (o) > na, then with overwhelming probability, all point
of this size will be within a small ball of radius o(n). (This is even
crude: we may even chose e depending on n). All points for which
H,(0) <na(l—c/4) will not give a perceptible contribution to the total
time.

This means the following: within a block of 8,, steps of the chain J,,
that gives a contribution to a jump, there is only a very small ball which
contributes to the time. It remains to show that these contributions
come in one “block”, i.e. the process will not return to this region once
it left it within 6, steps. But this is an elementary property of the
random walk on the hypercube..

Let us make this precise. As remarked above,

Pr,, (A5(s,1)) = Pr,, (A5 (5,8) N {Rn

(s,t) =0}) (6.134)
+ Pr, (A5 (s, ) N{R, N (s,

(s,t) # 0}),

where the second term tends to zero. Next we observe that

N 0
N 0

LN

Pr, (A5 (s,1) N {Rn N (s,1) = 0}) 6.135)

(
=P, (Rn N (s,t) =0) = Pr, (A5(s,1))" N {Rn N (5,2) = 0})

n

Here the first term is what we want. To show that the second term tends
to zero, we proceed as follows.
For any N < oo, we clearly have
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Pr ((AS(5,8))° N {Rn N (s,) = 0}) (6.136)
kn(N)—1
= Y Pa, ((A5(s.)) N {(5,8) € (Sn(k), Su(k+ 1)) })
k=0

+ > P, ((A5(5,1)9) N {(s,8) € (Su(k), Sk +1))}) .
k=kn(N)

The second term is bounded by

Z Pro (A5 (5,8)) N {(5,8) C (Sn(k), Sp(k+1))})
k=kn(N)

< Pr, (SH(N) < 5) = P (Va(N) > 5), (6.137)

where convergence is almost sure with respect to the environment. The
last probability can be made as small as desired by choosing N suffi-
ciently large. It remains to deal with the first sum on the right-hand
side of (6.86).

Define the event

G,(k) = U {MH(Tn(@))en,i > cnlt — 8)0, 1 }(6.138)
kOp <i<j<(k+1)60p
Ry (Jn (i), Jn(1))<1—p

N (Tn(i))en; > ean™ 10,1}

Note that Corollary 6.3.20 implies that the probability of this event with
respect to the law P is bounded nicely uniformly in the variables J.
On the other hand, on the event G,(k)°N(AS (s, 1))N{(s,t) C (Sn(k), Sn(k+1))},
the following must be true: First, there still must exist some ¢ such that
A H(Jn(@)en: > en(t —8)0, 1, and second, the random walk must make
a loop, i.e. it the event

W,e(k) (6.139)

= U {Rn(Jn (), Jn(5)) > 1 — € A Rp(Jn(3), Jn(€)) <1—p}.
kO, <i<j<l<(k+1)0,

The probability of this event is generously bounded by
Pr, W,.(k)) < nte I =)=10=e) (6.140)

where [ is Cramer’s rate function.
By these considerations, we have the bound
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E[ S Pr ((A5(s,0)° 0 {(5:8) € (Sul®),5a(k+ D)} | (6141)

< E(Pﬂn (Go(k))

+Pnr,, ({erngi<(k+1)0n Aﬁl(Jn(i))em > Cn9;2} N Wp,e(k))>

Now
EPr, (gp(k)) < a;18_5n7 (6.142)

for some § > 0 depending on the choice of p. The simplest way to see
this is to use that the probability that one of the e, ; is larger than n? is
smaller than exp(—n?), and then use the bound from Corollary 6.3.20.

Finally, the two events in {erngK(kH)@n M (Tn(0)en, > cnﬁ,f} N
W, (k) are independent, and hence

EPx, ({30, <ic(kt1)o, An (Jnli))en, > cnby 2} N W, ((F))
=P (3k0n§i<(k+1)0n )‘rr_Ll(Jn(Z))enL > an;Z) Pﬂ'n (WP,E(k))
< 02P (eﬂHn(w) > cnn—4) e—nI(1=p)=1(1=€) L g ,—n°

< Gia;1n_7572_1/26_"(1(1_p)_1(1_6)) + Qne_"2 (6.143)

Combining this, we see that
kn(N)

E| Y P, ((A5(s.)° 0 {(5,1) € (Su(k), Su(k+1))}) | < CNe™®",
k=0

(6.144)
for some positive §, whatever the choice of €. But this estimate implies
that the term (6.135) converges to zero P- almost surely, for any choice
of N. Hence the result is obvious from the J; convergence of S,,.
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Convergence and topological issues

In the preceeding chapters I have deliberately slipped over topological
issues related to process convergence in order to focus the discussion on
the basic mechanisms. In this section I will collect the most important
issues related convergence and the topologies that should be used.

7.1 Convergence on the space of point measures

In this section we complement the discussion from Section 2.

7.1.1 The vague topology

In Chapter 3 we have already introduced the notion of vague convergence
on the space of point measures. Here we will elaborate this notion a little
more.

The following properties of vague convergence are useful.

Proposition 7.1.1 Let p,, n € N be in M, (R?). Then the following
statements are equivalent:

(i) pin converges vaguely to i, iy, — p.

(#) pn(B) — p(B) for all relatively compact sets, B, such that u(0B) = 0.
(i) Himsup,, 1o pn(K) < p(K) and Gmsup, o 0 (G) > p(G), for all
compact K, and all open, relatively compact G.

In the case of point measures, we would of course like to see that the
point where the sequence of vaguely convergent measures are located
converge. The following proposition tells us that this is true.

Proposition 7.1.2 Let p,, n € N, and p be in M,(R?), and p, = p.

90
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Let K be a compact set with p(0K) = 0. Then we have a labeling of the
points of pn, for n > n(K) large enough, such that

p p
Mn('ﬂK):Zda:?a M('HK):Z&;“
i=1 i=1

such that (27, ..., 25) — (T1,...,7p).
Another useful and unsurprising fact is that
Proposition 7.1.3 The set M,(R?) is vaguely closed in M (R?).

Thus, in particular, the limit of a sequence of point measures, will, if
it exists as a o-finite measure, be again a point measure.

Proposition 7.1.4 The topology of vague convergence can be metrized
and turns M4 into a complete, separable metric space.

Although we will not use the corresponding metric directly, it may be
nice to see how this can be constructed. We therefore give a proof of
the proposition that constructs such a metric.

Proof. The idea is to first find a countable collection of functions, h; €
Cg (R?), such that p, — p if and only if, for all i € N, g, (h;) — pu(hy).
The construction below is form [29]. Take a family G;,i € N, that form
a base of relatively compact sets, and assume it to be closed under finite
unions and finite intersections. One can find (by Uryson’s theorem),
families of functions fi ., gin € C’S’ , such that

fi,n T ]IGH Gin N ]IGi

Take the countable set of functions g; ., fin as the collection h;. Now
w € My is determined by its values on the h;. For, first of all, p(G;) is
determined by these values, since

p(fin) T o(Gi)  andp(gin) 4 w(Gi)

But the family G; is a II-system that generates the sigma-algebra B(R?),
and so the values 1(G;) determine p.

Now, pn — u, iff and only if, for all h;, tn(hi) = ¢; = p(hi).

From here the idea is simple: Define

d(p,v) = i 27 (1= emluthamval) (7.1)
i=1

Indeed, if D(un,p) 4 0, then for each £, |p,(he) — u(he)| 4 0, and con-
versely. 0
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It is not very difficult to verify that this metric is complete and sepa-
rable.

7.1.2 Weak convergence

Having established the space of o-finite measures as a complete, separa-
ble metric space, we can think of weak convergence of probability mea-
sures on this space just as if we were working on an Euclidean space.

One very useful fact about weak convergence is Skorohod’s theorem,
that relates weak convergence to almost sure convergence.

Theorem 7.1.5 Let X,,,n =0,1,... be a sequence of random variables
on a complete separable metric space. Then X, converges weakly to
a random variable Xo, iff and only if there exists a family of random
variables X', defined on the probability space ([0, 1], B([0,1]),m), where
m is the Lebesque measure, such that

(i) For each n, X, £ X}, and
(i) X} — X(, almost surely.

(for a proof, see [12]). While weak convergence usually means that the
actual realisation of the sequence of random variables do not converge
at all and oscillate widely, Skorohod’s theorem says that it is possible
to find an “equally likely” sequence of random variables, X, that do
themselves converge, with probability one. Such a construction is easy
in the case when the random variables take values in R. In that case, we
associate with the random variable X,, (whose distribution function is
F,,, that form simplicity we may assume strictly increasing), the random
variable X (t) = F;1(t). It is easy to see that

1
m(X? < z) = /O Ty )yt = Fo(2) = P(X, < 2)

On the other hand, if P[X,, < z] — P[X, < ], for all points of continuity
of Fy, that means that for Lebesgue almost all t, F,,; 1(t) — Fy '(t), i.e.
Xy — X3, m-almost surely.

Skorohod’s theorem is very useful to extract important consequences
from weak convergence. In particular,it allows to prove the convergence
of certain functionals of sequences of weakly convergent random vari-
ables, which otherwise would not be obvious.

A vparticularly useful criterion for convergence of point processes is
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provided by Kallenberg’s theorem, Theorem 2.1.15, which we will prove
now.

Proof. The key observation needed to prove the theorem is that simple
point processes are uniquely determined by their avoidance function.
This seems rather intuitive, in particular in the case £ = R: if we
know the probability that in an interval there is no point, we know the
distribution of the gape between points, and thus the distribution of the
points.

Let us note that we can write a point measure, u, as

Hn= chéya

yeS

where S is the support of the point measure and ¢, are integers. We can
associate to u the simple point measure

T p=p*"=> 6,
yeS
Then it is true that the map 7™ is measurable, and that, if & and &
are point measures such that, for all I € T,

P& (1) = 0] = P[&(1) = 0], (7.2)

then

To see this, let
C={{ueMy(E): p(I) =0}, 1 €T}

The set C is easily seen to be a II-system. Thus, since by assumption
the laws, P;, of the point processes &; coincide on this II-system, they
coincide on the sigma-algebra generated by it. We must now check
that 7 is measurable as a map from (M,,c(C)) to (M, M,), which
will hold, if for each I, the map T} : p — p*(I) is measurable form
(Mp,0(C)) = {0,1,2,...}. Now introduce a family of finite coverings of
(the relatively compact set) I, A, ;, with A, ;’s whose diameter is less
than 1/n. We will chose the family such that for each j, Apt1,; C An s,
for some 7. Then

kn
Tip=p'(I) = lim > u(An) A1,
j=1
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since eventually, no A, ; will contain more than one point of ;. Now set
Ty = (u(An ;) A1). Clearly,

(T5) 710} = {p: u(An ) = 0} C 0 (C),

and so T3 is measurable as desired, and so is T}, being a monotone limit
of finite sums of measurable maps. But now

Pl € Bl=P[T"¢ € Bl =P [& € (T*)'(B)] =P, [(T7)"1(B)] .

But since (%) ~*(B) € o(C), by hypothesis, Py [(T*)~}(B)| =P, [(T*)~!(B)],
which is also equal to P [} € B], which proves (7.2).

Now, as we have already mentioned, (2.102) implies uniform tightness
of the sequence &,. Thus, for any subsequence n’, there exist a sub-
sub-sequence, n”, such that &,~ converges weakly to a limit, . By
compactness of My, this is a point process. Let us assume for a moment
that (a) n is simple, and (b), for any relatively compact A,

PlE(9A) =0] = P[pdA) =0]. (7.3)

Then, the map u — p(I) is a.s. continuous with respect to n, and
therefore, if &,/ = 7, then

P[gn’(]) = 0} - P[W(I) = 0} :
But we assumed that
P (1) = 0] = P[£(I) = 0],

so that, by the foregoing observation, and the fact that both n and £ are
simple, & =n.

It remains to check simplicity of n and (7.3).

To verify the latter, we will show that for any compact set, K,

Pn(K) =0] = P[¢(K) =0]. (7.4)

We use that for any such K, there exist sequences of functions, f; €
Cif (RY), and compact sets, K, such that

I < fj <1k,
and T, | Tx. Thus,
P[n(K) = 0] 2 Pn(f;) = 0] = Pn(f;) < 0]
But &, (f;) converges to n(f;), and so
Pln(f;) < 0] = lim supP & (£) < 0] 2 P [ (K;) < 0]
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Finally, we can approximate K; by elements I; € T, such that K; C
I; | K, so that

P& (K;) < 0] > limsup P [§ (1) < 0] = PE(K;) < 0],

so that (7.4) follows.
Finally, to show simplicity, we take I € 7 and show that the 5 has
multiple points in I with zero probability. Now

Pn(I) > n"(D] = Pn(I) —n*(I) <1/2] <2(En(I) - En*(1)))
U

The latter, however, is zero, due to the assumption of convergence of
the intensity measures.

Remark 7.1.1 The main requirement in the theorem is the conver-
gence of the so-called avoidance function, P[£,(I) = 0], (2.102). The
convergence of the mean (the intensity measure) provides tightness, and
ensures that all limit points are simple. It is only a sufficient, but not a
necessary condition. It may be replaced by the tightness criterion that
for all I € T, and any € > 0, one can find R € N, such that, for all n
large enough,

Ple.(1) > R) <. (7.5)

if one can show that all limit points are simple (see [18]). Note that, by
Chebeychev’s inequality, (2.102) implies, of course, (7.5), but but vice
versa. There are examples when (2.101) and (7.5) hold, but (2.102) fails.

7.2 Skorokhod topologies on the space of cadlag functions

The second topological space we are concerned with is the space of cadlag
function, which is where our stochastic processes will live.

7.2.1 The cadlag space Dg[0,o0)

It will be important that we can treat the space of cadlag functions
with values in a metric space as a Polish space much like the space of
continuous functions. The material from this section is taken from [20]
where omitted proofs and further details can be found.
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7.2.2 A Skorokhod metric

We will now construct a metric on cadlag space which will turn this
space into a complete metric space. This was first don by Skorokhod.
In fact, there are various different metrics one may put on this space
which will give rise to different convergence properties. This is mostly
related to the question whether each jump in the limiting function is
associated to one, several, or no jumps in approximating functions. A
detailed discussion of these issues can be found in [33]. We will come
back to this point later and begin with the strong and most popular
topology, called Ji-topology.

Definition 7.2.1 Let A denote the set of all strictly increasing maps
A: Ry — Ry, such that A is Lipshitz continuous and

A(s) — At
~Y(A) = sup |In AMs) = A®) < (7.6)
0<t<s s—t
For z,y € Dg[0,00), u € Ry, and X € A, set
d(@,y, A, u) = sup p (x(t A u),y(A(t) Au)). (7.7)
>0

Finally, the Skorohod metric on Dg[0,00) is given as

d(z,y) = inf (V(A) v /0 ey, A)du) . (7.8)

AEA

To get the idea behind this definition, note that with A the identity,
this is just the metric on the space of continuous functions. The role of
the X is to make the distance of two functions that look much the same,
except that they jump at two points very close to each other by sizable
amount, small. E.g., we clearly want the functions

xn(t) = ]I[l/n,oo] (t)
to converge to the function

This is wrong under the sup-norm, since sup, ||z, () — oo (t)]| = 1, but
it will be true under the metric d (Exercise!).

Lemma 7.2.6 d as defined a above is a metric on Dg|0, o).

Proof. We first show that d(z,y) = 0 implies y = z. Note that for
d(x,y) = 0, it must be true that there exists a sequence A, such that
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v(Ao) 4 0 and limy,100 d(, ¥, A, u) = 0; one easily checks that then

lim sup |A,(t) —t| =0,
ntoo 0<t<T

and hence z(t) = y(t) at all continuity points of . But since z and y
are cadlag , this implies x = y.

Symmetry follow from the fact that d(z,y, \,u) = d(y, z, \~!,u) and
that y(\) = y(A71).

Finally we need to prove the triangle inequality. A simple calculation
shows that

d(l‘, Za)‘Q o )‘17u) < d(x7y7A1au) + d(y727 /\27u)'

Finally v(A;0A2) < (A1) +7v(A2), and putting this together one derives
d(z, 2) < d(z,y) +d(y, z). O

Exercise: Fill in the details of the proof of the triangle inequality.
The next theorem completes our task.

Theorem 7.2.7 If E is separable, then Dg|0,00) is separable, and if E
is complete, then Dg|0,00) is complete.

Proof. The proof of the first statement is similar to the proof of the
separability of C(J) (Theorem ??) and is left to the reader. To prove
completeness, we only need to show that every Cauchy sequence con-
verges. Thus let z,, € Dg[0,00) be Cauchy. Then, for any constant
C > 1, and any k € N, there exist values ny, such that for all n,m > ny,
d(Zpy Tm) < C~%. Then we can select sequences ug, and g, such that

FY()\/C) \ d(xnk 5 xnk+1 ) )\k’a uk) S 27’6-
Then, in particular,
M = lim )‘k+m (e} )\k+m71 o---0 )\k+1 o )\k:
mToo

exists and satisfies

Now
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iggp (znk (Nizl(t) A ug), Trgiq (N}qu(t) A uk))

= sup p (@, (e (6) A i), By Ak (31 (8) Aug))

= iggp (.Z’nk (t A uk), Tngiq ()\,Zl(t) A uk))

<27k,

Therefore, by the completeness of E, the sequence of functions z; =
T, (11,1 (t)) converges uniformly on compact intervals to a function =.
Each z; being cadlag implies that z is also cadlag . Since v(ux) — 0, it
follows that

lim sup (@, (47 (1), (1)) = 0,

kToo o<t<T
for all T, and hence d(z,,,z) — 0. Since a Cauchy sequence that con-
tains a convergent subsequence converges, the proof is complete. ]

To use Prohorov’s theorem for proving convergence of probability mea-
sures on the space Dg[0, c0), we need first a characterisation of compact
sets.

The first lemma states that the clusure of the space of step functions
that are uniformly bounded and where the distance between steps is
uniformly bounded from below is compact:

Lemma 7.2.8 Let I' C E be compact and § > 0 be fized. Let A(T,0)
denote the set of step functions, x, in Dg[0,00) such that

(i) z(t) €T, for all T € [0,00), and
(i1) sk(x) — sp—1(x) > d, for all k € N,

where
sp(x) = inf{t > sp_1(x) : x(t) # x(t—)}.
Then the closure of A(T",0) is compact.
We leave the prove as an exercise.
The analog of the modulus of continuity in the Arzela-Ascoli theorem

on cadlag space is the following: For x € Dg[0,00), § > 0, and T < oo,
set

w(z,0,T) =infmax sup  p(z(s),z(t)), (7.9)

b stetiot)
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where the first infimum is over all collections 0 = tg < t1 < --- < tp_1 <
T <tn, witht; —t;_1 > (5, for all 3.
The following theorem is the analog of the Arzela-Ascoli theorem:

Theorem 7.2.9 Let E be a complete metric space. Then the closure of
a set A C Dg([0,00) is compact, if and only if,

(i) For every rational t > 0, there exists a compact set T'y C E, such that
forallz € A; z(t) € Ty.
(i) For each T < oo,
lim sup w(z,d,T) = 0. (7.10)
010 zcA
A proof of this result can be found, e.g. in [20]. s
Based on this theorem, we now get the crucial tightness criterion:

Theorem 7.2.10 Let E be complete and separable, and let X, be a
family of processes with cadlag paths. Then the family of probability
laws, po, of X, is conditionally compact if and only if the following
holds:

(i) For every n >0 and rational t > 0, there exists a compact set, I'y ; C
E, such that

inf o (x(t) €Tyy) > 1 —1, (7.11)
and
(it) For everyn >0 and T < oo, there exists § > 0, such that
Sup fia (w(w,6,T) 2 n) <. (7.12)

7.2.3 Incomplete metrics and tightness criteria

For practical work it is often convenient to work with simpler metrics on
cadlag space that yield tightness criteria that are easier to verify. They
fail to be complete, but this is not a practial handicap. We consider first
the J; topology.

J1 topology . Skorohod did not introduce the metric we defined in
Definition 7.2.1; this was only done later by Billingsley [10]. Skorokhod
used a simpler metric: for f,g € D

dr, (f,9) = ik {[lf o A = glloc V[IA = elloo}, (7.13)
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where A is the set of strictly increasing functions mapping [0,7] onto
itself such that both A and its inverse are continuous, and e is the identity
map on [0,7]. It was shown by Kolmogorov [30] that the topology
defined by this metric turns D into a complete space.

There is also a slightly more convenient continuity-module that we
will use for this topology. We set

wy(6,T) = R <5{min (IF (&) = £l 1f(t2) = F@O]) }
vp(t,0,T) = sup {If(t1) = f(t2)]} - (7.14)

ity L2 €[0,T]N(t—6,t48)

The following result is a restatement of Theorem 12.12.3 of [33] and
Theorem 15.3 of [11].

Theorem 7.2.11 The sequence of probability measures {P,} is tight in
the Ji-topology if

(i) For each positive € there exist ¢ such that
Polf i I1fllc > ] <e, n > 1. (7.15)

(ii) For each € > 0 and n > 0, there exist a §, 0 < § < T, and an
integer ng such that

P,If :ws(0) > n] <e, n > ng, (7.16)
(#ii) and

P,If :v5(0,0) >n] <e and P,[f : vs(T,0) > n] <e, n > ng.
(7.17)

M;-topology. In many natural cases, the J; topology is simply to fine
to yield convergence. For instance, whenever we have a sequence of
continuous functions that develops jumps in the limit, we cannot have
convergence in the J; topology.

This excludes situations when (a) a number of small jumps converge
to the same location and form a big one, or when a family of continuous
curves develops a jump. In such cases one may still want to say that in
a suitable sense, convergence takes place.

To this end Skorokhod introduced another (incomplete) metric, the
M;i-metric. To define this, let, for f € D, I'y be its completed graph,

I'y={(2t) e Rx[0,T): z = af(t—)+(1—a)f(t),a € [0,1]}. (7.18)

A parametric representation of the completed graph I'y (or of f) is a
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Fig. 7.1. Red curve is close to black curve in J;

AT

Fig. 7.2. Red curves are not close to black curves in Ji, but are in M;

continuous bijective mapping ¢(s) = (¢1(s), ¢2(s)), [0,1] — I'y whose
first coordinate ¢, is increasing. If II(f) is set of all parametric repre-
sentation of f, then the M;-metric is defined by

dary (f,9) = inf{[[61 — G loe V |62 — ¥olloc : 6 € TI(F), 46 € TI(g)}.
(7.19)
Again the topology associated with this metric is complete, although the
metric is not.
To prove tightness in this space, one has a theorem completely anal-
ogous to Theorem 7.2.10. The only difference is that the modulus of
continuity, w(z,d, T), used there is replaced by

w'(z,6,T) = sup { inf |z(t) — (ax(t;) + (1 — a)x(tg))} :

t1<t<to<T,ta—t; <6 (a€[0,1]
(7.20)

One notices that this criterion no longer forbids accumulations of jumps
large jumps at a single point.
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Remark 7.2.1 There is also a simple metric for the J; topology that
is not complete. It is given by

47,(£.9) = L {1 0 X = glloo V A = ellac), (7.21)

where A is the set of strictly increasing functions mapping [0,7] onto
itself such that both A and its inverse are continuous, and e is the identity
map on [0, 7.

7.3 Implications for the convergence of sums

Let us see how we con use our tightness criteria in the proofs of the
convergence of sums of random variables.

Let us consider the example of Theorem 4.2.10.

Let us check that the criteria of Theorem 7.2.11 are verified in our
case. (i) was already checked when we considered the convergence of
the one-dimensional marginals, since our process is monotone increasing
(otherwise, we would need to use maximum inequalities). Condition (iii)
amounts to checking that there is no jump at 0 and at T'. In fact, using
that all our processes are increasing,

Plvs, (0,6) > n] = P[Sn(5) > 7] (7.22)
<P|Z5 > Kan/2| +P [ 275K/
< 2EZZ/(Kun) + onP [X; > K,n/2]

2 _
< 20577_1170461_04 + de(n/2)~<.
-«

Clearly, for any n > 0 and € > 0, the right-hand side of (7.22) can be
made smaller than ¢ by an appropriate choice of §.

The task to check (ii) is not much harder. We may check this condition
again for S5 and S separately. For the former, we need a second
moment estimate (with calculations we can borough from Chapter 4),

E (55(6))2 < const. (662_0‘ + 5202_20‘) , (7.23)
and then a standard partitioning argument tells us that
P [wgz(d) > /2] <P [Fucrys : 55 ((+1)0) — S5 (k) = 1/2]
< const.Tn 2 (€27 4 §e>2%) . (7.24)

which can be made small for any n and € be making ¢ small enough.
For 570, choose € < 1/2. Then the event {wg>(d) > 7/2} can only
occur if two atoms of the point process that are bigger than e have
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distance smaller than 2. The probability of this to happen is controlled
by
Ton’P [X; > Kne]® < Tc2de 2. (7.25)

Now take § such that de=2 is smaller that ¢?p/T, and then € so small
that the bound in (7.24) is also smaller than p. Then our tightness
criterion is satisfied.

The same general strategie works in other cases, too.

7.4 Implications for correlation functions

The main advantage of having convergence in the Ji-topology is that
it ensures convergence of the jumps: If the limiting subordinator has a
jump of given size, then the approximants had jumps converging to the
same size, and it cannot be the case that there were many small jumps
of the approximants that merged together to produce that of the limit.

But the jumps of the clock process S,, are closely linked to the corre-
lation function. Indeed, if This implies in particular that X(s) remains
constant on the interval [t,,, t,, +t], if and only if the clock process jumps
over this interval, i.e. if (£, t, +1t) is not in the range of Sy. Combining
these observations, we get the following fact:

Lemma 7.4.12 The correlation function Iy satisfies

lim lim [y (ty,0t,) = P[(1,1+ 6)int range(V,,) = (] (7.26)

ty oo Ntoo
; 1/(1+0)
sin «
= T / u® (1 — u) " “du.
0

™
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