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STOCHASTIC STABILITY OF
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Abstract

In this paper we consider a discrete-time process which grows according to a random
walk with nonnegative increments between crash times at which it collapses to 0. We
assume that the probability of crashing depends on the level of the process. We study
the stochastic stability of this growth-collapse process. Special emphasis is given to the
case in which the probability of crashing tends to O as the level of the process increases.
In particular, we show that the process may exhibit long-range dependence and that the
crash sizes may have a power law distribution.
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1. Introduction

The dynamics of a growth-collapse (GC) process is governed by cycles describing periods
of growth followed by abrupt crash events at which the process jumps down to a random level.
A large variety of systems exhibit such a pattern. Examples include the transmission control
protocol of the Internet and biological and physical systems in self-organized criticality.

The transmission control protocol is the main data transmission protocol in the Internet. It
controls the transmission rates of packets sent by a source and verifies the correct delivery of
data to the destination. It can be described roughly as follows. Files are broken into packets.
The first packet is sent by the source, which waits to receive an acknowledgement from the
destination within a specified time window. Then the congestion window increases by one and
two more packets are sent. No other packet is sent until an acknowledgement is received for one
of these packets. This reception marks the end of the current round and the beginning of the next
round. As long as acknowledgements are received from the destination machine, the congestion
window size increases by one every round-trip time. Two packet-loss detection mechanisms are
used to control the reception of packets by the destination. The first mechanism is able to detect
the loss of a single packet from time to time through ‘triple-duplicated’ acknowledgements. The
second mechanism detects heavy losses, in case of severe congestion in the network, through a
timeout mechanism. The congestion window size is halved when a loss of packets is detected
(congestion-avoidance algorithm), goes to 1 when a timeout occurs (slow-start algorithm), and
exponentially increases after a timeout until it reaches half the value it was before the timeout.
Hence, the process of the congestion window sizes is a GC process.
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The term ‘self-organized critical’ is used to describe a system in which a mechanism of slow
energy accumulation and fast energy redistribution drives the system toward a critical state [2].
Such systems are generally characterized by the existence of a power law that governs their
dynamics. The archetype of a self-organized critical system is a sand pile. Imagine that sand
is slowly dropped onto a surface, forming a pile. As more grains are added, the slope of the
pile increases until it reaches a critical value such that the addition of one more grain results
in an ‘avalanche’ which carries sand from the top to the bottom of the pile. With the addition
of still more grains the surface will ‘overflow’. Sand is thus added to and eventually lost from
the system: the sand pile has self-organized into a critical state. It has been observed that the
distribution of the avalanche sizes follows a power law.

It is not possible to derive a general rule for determining whether or not an arbitrary system
displays self-organized criticality. It has nevertheless become established as a strong candidate
for explaining a number of natural phenomena, including earthquakes (which were known as
a source of power law behavior such as the Gutenberg—Richter law describing the statistical
distribution of earthquake sizes and Omori’s law describing the frequency of aftershocks [13],
[3], [8]), solar flares [6], epidemics, and biological evolution (it has been suggested that
evolution in complex communities leads to a self-organized critical state where a small event,
like the random extinction of a single species, can generate an extinction set propagating through
the network structure [17]).

Purely stochastic approaches to the modeling of continuous-time GC processes have been
proposed in [10], [11], and [7]. In [10], Eliazar and Klafter considered GC processes where the
inflow to the system is assumed to be a one-sided Lévy process, and where the timing of crashes
and the crash magnitude are independent of the state of the system. More precisely, the crash
epochs form a renewal process and the crash proportions are independent, identically distributed
random variables. On the other hand, in [11] they studied the case in which the crashes occur
at a Markovian rate (which is linear in the level of the system) and let the system be in its
ground level. In [7], Boxma et al. considered GC processes where the inflow to the system is
constant and the timing of crashes and the crash magnitude depend on the state of the system. In
the three papers mentioned, several characteristics of stationary systems are computed (means,
variances, stationary distributions, etc.). The particular case of the transmission control protocol
congestion window size process has been investigated in [9] (see also the references therein),
where some of the stationary characteristics of the protocol are presented.

In the spirit of [11], in this paper we consider a class of state-dependent GC processes
which go back to their initial states after the crashes. They grow according to a discrete-time
random walk with nonnegative increments between crash times at which they collapse to 0. It
is assumed that the probability of crashing depends on the level of the process. Unlike in [11],
we put special emphasis on systems whose probability of crashing is a decreasing function of
the level of the system. Our main goal is to study the stochastic stability of these GC processes.
For some important cases, we show that these systems can exhibit power law distributions and
long-range dependence. Processes with such a probability pattern are widespread in the natural
world. An example is given by the evolution of the number of single species over geological
time scales, for which it seems reasonable to assume that large extinctions are unlikely since
the number of species is large [18]. One may also consider colonial organisms. Groups of such
organisms are made up of individuals that are, to varying degrees, coordinated. Many of the
Earth’s largest and most important organisms, from coral reefs to social insect colonies, are
colonial. The extinction of such a ‘superorganism’ is unlikely since the number of individuals
is large.

https://doi.org/10.1239/aap/1175266475 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1175266475

Stochastic stability of some growth-collapse processes 191

The paper is organized as follows. In Section 2 we present the class of GC processes and give
sufficient conditions for the existence of a stationary distribution by using the Markov chain
theory developed in [14]. Since GC processes are regenerative processes, these conditions are
strongly linked with the distribution of cycle lengths. In Section 3 we present some properties
of the processes. First we study the tail behavior of the stationary distribution and establish
connections with the tail behavior of the crash size distribution. Then we turn to the persistence
properties of the process. In particular, we give a condition sufficient to observe long-range
dependence and power law distributions. Proofs are gathered in Section 4.

2. Stationarity

2.1. Definition of the processes

The class of GC processes (X;);>0 is characterized by the following features.

e The growth process. The inflow to the system is assumed to be a random walk with pos-
itive, independent, identically distributed increments &;,. We denote by F the cumulative
probability function of €. We assume that &1 has a density f positive on (0, co) and
admits a Laplace transform W, (1) = E[e™"®!] in a neighborhood of 0. The condition
on the Laplace transform implies that the distribution of €1 has a light tail, at most
exponential. The mean of ¢ is denoted by 1.

e The crash epochs. There exists a function ¢ such that, at each date ¢, the process can
collapse to 0 with probability 1 — ¢(X,_1). Of course, ¢(0) = 1. For the purposes of
exposition, we assume that ¢ is a monotone, continuous function from (0, co) to (0, 1)
such that inf, - ¢(x) =: ¢ > 0. We denote by ¢ the supremum of ¢ on (0, 00).

Thus, the dynamics of (X;);>¢ is governed by the stochastic recurrence rule

ey

X, — X;—1 + & with probability ¢(X;_1),
"o with probability 1 — ¢(X,_1).

As an illustration, Figure 1 shows a path of the GC process. The selected probability of crashing
is given by 1 — @(x) = 1 —exp(—(1 4+ x)~!) for x > 0, whereas the increment has a standard
exponential distribution and the initial value is Xo = 0.

The GC process (X );>0 is ahomogeneous Markov chain with a transition rule corresponding
to a mixture of discrete and continuous distributions:

P(X; =0 Xi—1 =x-1) =1 — p(x-1), x—1 >0,
P(X; € (xp, 2 +dxy) | Xoo1 = x0-1) = @ (1) f (xr — x,-1) dxy, Xp > X-1.

Therefore, the stationary distribution, if it exists and is unique, has a point mass « at {0} and a
probability density function [ on (0, co). They satisfy the conditions

K= /(; (I = ())I(x)dx, [(x) = K f(x) +/O @(¥) f(x = y)i(y)dy. @

The atom {0} is regenerative and can be used to define the following regeneration times: Top = 0
and T, = inf{t > T,—1: X; = 0}, n > 1. In this way the GC Markov chain is split up into
independent, identically distributed cycles (X;)7,<s<7,, ;> # = 1. We denote the independent,
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FIGURE 1: Path of a growth-collapse process.

identically distributed cycle lengths by D, = T,+1 — T,, n > 1. Finally, we define the
monotonically decreasing sequence (p,)n>0 by po = 1 and

Pn =E[]‘[ go(S;a}, n=l,

k=1

where S, = &1 + - - - + &¢. Note that for d > 1 we have

d-1
P(D1 =d+1) =Elg(er;+1) - ¢er+1+ - +én4a-1)] = E[H (P(Sk)i| = Pd-1-
k=1

2.2. Stochastic stability of the growth-collapse processes

We first assume that &1 has an exponential distribution with parameter «, because analytical
computations can be performed in this case. We will see that the stationarity condition which
is obtained is also suited to the general case.

Proposition 1. Assume that f(x) = aexp(—ax). The stationary distribution exists and is

unique if and only if
X =/O CXP(—afO (1- w(y))dy) dx < oo. (3

1) = Ce exp(—a fxa - go(y))dy), €= 1- xCe,
0

) X -1
Ce = (/0 2 - <P(X))CXP<—Ol/O (1I- w(y))dy> dX> .

Recall that the proof is supplied in Section 4. A stationary distribution exists if ¢ converges
to a constant strictly smaller than 1 or converges to 1 but not too quickly. The idea behind this
condition is that the probability of crashing must not be so small that the process cannot come
back to 0 sufficiently often.

If (3) is satisfied then

where
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Remark 1. Let ¢ := lim,_, (1 — ¢ (x))x. There exists a stationary distribution if ¢ > ol =

W, and there exists no stationary distribition if ¢ < u.

Remark 2. Note that N(-) = > 72 I(s,e() is an homogeneous Poisson point process with
intensity «. By Campbell’s theorem,

N([0,x])

E[exp(/[o ]lngpdN>] =E[ H (p(Sk):| =exp<—a/0 (1 —(p(y))dy>.

k=1

Let us consider the first cycle, (X;)7,<s<7,. It is easily seen that the survival distribution
function of the crash size of this cycle, X7,—1, is given by

N([0,x]) N([0,x])
P(X7,-1 > x) = E[ ¢(Sem, — ST.)] = E[ I1 go(sw}.
k=1 k=1

It follows that (3) is equivalent to the condition x = E[X7,—1] < 00.

Now let us introduce independent, identically distributed variables (Z;);>1 independent of
the sequence (&;);>1. If ¢ is nondecreasing, assume that the cumulative distribution function
of Z; is given by ¢, with ¢, (x) = ¢(x) if x > 0, ¢, (x) = 0if x < 0, and ¢,(0) = ¢. If
@ is nonincreasing, assume that the survival distribution function of Z, is given by ¢, with
or(x) =) ifx >0, ¢ (x) = lif x <0, and ¢,(0) = ¢.

The stochastic recurrence (1) is equivalent to N

X, =B/(X,—1+¢&)+C(1— Bey,

where B, = | when Z; < X;_; and B; = 0 otherwise if ¢ is nondecreasing, B; = 0 when
Z; < X,_1 and B; = 1 otherwise if ¢ is nonincreasing, and C; = 1 when X,_; = 0and C; =0
otherwise. Let us define the o-algebra ¥; = o (g,, Z,,: n < t) and assume, for the purposes
of exposition, that Xy = 0. It is easily shown that {T} = ¢ + 1} € %;. Therefore, T — 1 is a
stopping time with respect to {¥;, ¢+ > 1}. By Wald’s identity, we deduce that

T1—1

E[X7 1] = E[Z 8:] = E[e1](E[T1] - D)

t=1

(see, e.g. Proposition A10.2 of [1]). Since E[X7,—1] = E[X7,—1] and E[T7] = E[D;] when
Xo = 0, it follows that (3) is also equivalent to the condition that the cycle length distribution
have a finite mean, i.e. E[D;] < oc.

We now study the stochastic stability of the Markov chain in the general case. We first
introduce some notation and definitions (see, e.g. [14]). Let us denote by v the Lebesgue
measure and by B the Borel o-algebra on R;. For any measurable set A € B, we define
the time of entry to A by t4 = inf{r > 1: X; € A} and the number of visits to A by
na =221 Lix,ea)-

Definition 1. (i) A Markov chain (X;);>¢ is said to be v-irreducible if any set of positive
Lebesgue measure can be reached in finite time starting from any initial value. This condition
can be written as

V(A) >0, AeB — Lx,A)  =Pltg<oo|Xg=x)>0 forallx>0.
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(ii) A Markov chain (X;),>¢ is said to be Harris recurrent if it is v-irreducible and if, for any set
of positive Lebesgue measure, it returns to this set infinitely often starting from any element in
the set. This condition can be written as

v(A) >0, AeB = Pma=o0c0|Xpo=x)=1 forallx e A.

(iii) A Harris recurrent Markov chain admits a unique invariant measure. If the invariant measure
is finite then the Markov chain is positive Harris recurrent, and is null recurrent otherwise.

We now characterize the stability properties of the GC Markov chain.
Proposition 2. (i) The GC Markov chain is v-irreducible.
(ii) The GC Markov chain is positive Harris recurrent if ¢ := limy_ (1 — ¢(x))x € (u, oo].
(>iii) The GC Markov chain is null recurrent if ¢ = limy_ oo (1 — @(x))x € (0, ).

We see that the condition in part (ii) of Proposition 2 is quite close to the condition derived
from the model with exponential increments (see Remark 1).

A Markov chain is highly unstable or transient when it returns only a finite number of
times to a given set of ‘reasonable size’ (see [14] for a mathematical definition). Note that if
lim,_, 00 (1 — @(x))x = 0, then the GC Markov chain may be either null recurrent or transient.

2.3. The cycle length distribution

A necessary condition to have a GC process which does not diverge to co and may return to
any set is that the cycle lengths are almost surely (a.s.) finite.

Proposition 3. The cycle length D is a.s. finite if | — @ is not integrable at co.

It is well known that this last condition is not sufficient for the process to be ‘stable’, and
one often assumes that the cycle length distribution has a finite mean (see Remark 2). Under
this condition, (X;);>0 admits a limiting probability distribution (see, e.g. Theorem 1.2 of [1]).

Therefore, sufficient conditions for the existence of a stationary distribution can also be
deduced from the limiting behavior of the probabilities p,. For ¢ < 1, we can see that p,, < ¢"
and that D has moments of all orders. Let us instead focus on the case ¢ = 1. We would like
to compare conditions on the rate of convergence of ¢ to 1 with the conditions on the existence
of E[Di] =1+ Z;’O:O pn- For this reason, we only consider functions ¢ which tend to 1 at a
hyperbolic rate. Let us first recall the definition of regular variation (see, e.g. [5]).

Definition 2. A positive function & on (0, 0o) is regularly varying with index t if

. h(@x)
lim =
=00 h(t)

xt, x > 0.

The proposition below derives asymptotic equivalents for the probabilities p, when 1 —¢(x)
is regularly varying.

Proposition 4. Assume that 1 — @ (x) is regularly varying with index t > % Then there exists
a constant C such that

P = Cexp(Z log w(ku)>(l +o(1) “
k=1

for large n.
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We deduce from this proposition that there exists a stationary distribution if

0 n
> exp (Z log w(ku)> < 0,
n=0 k=1

which is equivalent to the condition, (3), derived from the model with exponential increments.

The choice of T > % is purely technical. When comparing (4) to the definition of p,, we
see that, for large n, S, is approximated by its mean, nu. For t > %, the rate of convergence
of ¢ to 1 is sufficiently fast for the fluctuations of S, around nu to be neglected. This is not the

case when 7 < %

Example 1. Let us assume that

ox) = exp(— or, equivalently, —loge(x)=c(d+x)7",

c
(d+x)"
where ¢ and d are positive constants. Thus, 1 — ¢(x) = cx "7 (1 + O(x~ D)) and ¢ > 0.

(i) If T > 1 then there exists a positive constant a such that p,, = a(1 + o(1)) for large n, and
D is not a.s. finite. The GC process is unstable and diverges a.s. to infinity.

(ii) If r = 1 then there exists a positive constant a such that p,, = an~"(14o0(1)) for large n.
The series (p,),>0 has a hyperbolic rate of decay and D; has a power law distribution. If 4 < ¢
then E[ D] < oo and there exists a stationary distribution.

(1) If % < t < 1 then there exists a positive constant a such that

-7t _
Pn =aexp<—%u)<1 +0(1))
n -1

for large n. The distribution of D has a Weibull tail and E[D;] < oc.

It has been observed that for many complex physical systems the distribution of the waiting
times between events larger than a certain size follows a power law distribution. In [13] the
authors found that the distribution of the time interval, te, between a large earthquake (the main
shock of a given seismic sequence) and the next one is a power law distribution: P(z > t) =
Act % with exponent d. = 1.06. In [6] the statistics of the times, 75, between successive bursts
of solar flare activity also displays a power law distribution: P(z, > 1) = Agt~% with exponent
dg = 2.04.

Note that these observed scaling behaviors are theoretically in contradiction with models of
self-organized criticality which predict exponential waiting time distributions [6]. However,
as explained in [15], waiting time statistics cannot be used to discard self-organized critical
behavior in real physical systems when all other signatures suggest its existence because the
definition of waiting time may be ‘contaminated’ by there being other, differently distributed
time scales in the problem (see [22] and [12]). Finally, let us underline that the power law
behavior of waiting times could also be explained in terms of a Poisson process with a time-
varying rate (see [21] and [20] for a discussion of this in the context of solar flares).
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3. Properties of the growth-collapse processes

In this section we assume that ¢ = limy_, (1 — ¢(x))x € (u, co], and we denote by X
a random variable with the unique stationary distribution. Moreover, we assume that the
distribution of Xy is the stationary distribution. Let us first give a moment characterization of
this distribution.

Proposition 5. Let g be a measurable function. Then

00 n—1
E[g(X)] = K(g(O) + ZE[g(S,» I1 go(sk)]),

n=1 k=0
where Sy = 0 and k = P(X = 0).

When it exists, any moment of the stationary distribution can be written as an infinite sum
of specific moments of the trajectories of the random walk (Sy,),>0-

Example 2. (i) If g = 1 — ¢ then

00 n—1 %]
El[g(X)] =« ZE[(I —oS) [] cp(sk)} = K<Z<pn_1 - pn)) =K,
n=1 k=0 n=1

which is equivalent to the left-hand condition in (2).

@ii) If g = 1 then

00 n—1 00
E[g(X)]=1= K(l + ZE[H go(Sk):|) = K<1 +y Pn]) =« E[D].
k=0

n=1 n=l1

We deduce from Example 2(ii) that

1 00 n—1 1 T7,—1
Elg(X)] = —— 0 E Sn S, = ——FE X .
[g(X)] E[Dl]<g<)+; [g( )E}w( k)D D [I;la »]

This is the well-known stationary equation of a regenerative process (see, e.g. Theorem 1.2
of [1]).

Let us now focus on the tails of some particular distributions.
3.1. Tail analysis

We begin with the tail behavior of the stationary distribution. Let us recall some definitions
(see, e.g. [S5]).

Definition 3. (i) A positive function 4 on (0, co) is rapidly varying with index —oo if

h(tx) _ 0 forx>1,

im =
t—oo h(t) oo forO<x <1.

(ii) A positive function £ on (0, o) is slowly varying if it is regularly varying with index O.
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Proposition 6. (i) Assume that ¢ := limy_, oo ¢(x) < 1. Let (a, 00) be the maximal open
interval (where a < 0) such that

W, (u) <00 foru € (a,o0).

If a is infinite then assume that f olog is rapidly varying. If a is finite then assume that f olog is
regularly varying with index a and that lims\ o W, (a + 8) = oo. Let y be the unique positive
scalar such that W, (—y) = (pf]. Then

P(X > x) = ¥ (x) exp(—yx),
where ¥ o log is slowly varying.

(ii) Assume that 1 — ¢(x) = x~ " L(x), where L is a slowly varying function for % <1< land
L(x) =c(1 4+ o(1)) fort = 1. Then

P(X >x)=(I+oMk Y pn
n=|x/u]

for large x, where | x| denotes the integer part of x.

Example 3. (Example 1(ii) continued.) If

o(x) = exp(—L) or, equivalently, —logp(x) =c(d+ X)L,
d+x

where ¢ > p and d > 0, then we deduce from Proposition 6(ii) that the survival distribution
function of X has a hyperbolic rate of decay:

aKl/LC/M

PX >x)=(+ o(l))ﬁxl_cm.

First, note that if ¢(x) = ¢, < 1 is constant, then [ satisfies the integral equation

[(x) = «f(x) + %/O FWix —y)dy.

Let y. be the positive constant such that Wy (—y.) = ¢ ! and define the probability measure
G(dx) = @cexp(yex) f(x) dx. We have

h(x) = Kk exp(yex) f (x) +/0 h(x — y)G(dy), &)

where h(x) = exp(ycx)I(x). Equation (5) defines a renewal equation. From the renewal
theorem (see, e.g. [1, p. 155]), we deduce that there exists a positive constant D, such that
limy_, o h(x) = D.. Then we have

P(X > x) = (1 +0(1))y. ' Dcexp(—yex)

for large x. Therefore, when ¢ is constant, the tail of the stationary distribution decreases at an
exponential rate and ¥ (x) converges to a positive constant as x tends to co. However, this is
not always the case. Consider the function

)
@(x) :§0b<1 - 1+x>,
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where 0 < ¢p < 1 and 0 < § < 1, and assume that £; has an exponential distribution with
parameter «. We have

X
Ce
I(x) = Ce exp(—a/o (I'—e() dy) = A0 exp(—a(l — gp)x),
and ¥ (x) converges to 0 as x tends to oo.
Second, note that, in the case of Proposition 6(ii), X is a.s. finite if E[D1] < oo, which again
demonstrates the strong link between the existence of a stationary distribution and the existence
of the first moment of D|. Moreover, we have

E[(Dy — k
P(X > pk) = (1+o(1)>%

for large integer values k, where (D — k)4 denotes the positive part of Dy — k. This is the
result that we would have obtained if we had assumed that &1 = u a.s., which also means that,
in this case, the rate of convergence of ¢ to 1 is sufficiently fast for the fluctuations of §,, around
nu to be neglected.

The following proposition characterizes the correlation structure of the stationary process
(p(X t))tzO'

Proposition 7. The autocovariance function of the process (¢(X;)):>0 is given by

CoVg(X0), ¢(Xi0)) =2 Y pu.
n=k

It follows that, in the case of Proposition 6(ii), the autocovariance function of (¢(X;));>0
and the tail of the stationary distribution of (X;);>¢ admit the same asymptotical decay rate,

P(X > uk) 1

lim =
k— o0 COV((,D(XI), (P(Xt+k)) K

We explore the persistence properties of the GC process more deeply in the next subsection.

Let us now denote by A, = X7, 1 the crash size of the nth cycle and turn to studying the
tail behavior of its distribution. Of course, A,, n > 1, are independent, identically distributed
random variables.

Proposition 8. (i) Assume that o1 = lim,_, oo ¢(x) < 1 and that ¢ is a nondecreasing function.
Then

P(A; > x) = (1 +o(1)(1 — @)k ' P(X > x)
for large x.

(ii) Assume that 1 — ¢(x) = x~* L(x), where L is a slowly varying function for % <t <land
L(x) =c(1 4+ o(1)) fort = 1. Then

P(A1 > x) =0 +o(1)plx/u)

for large x.

https://doi.org/10.1239/aap/1175266475 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1175266475

Stochastic stability of some growth-collapse processes 199

Note that in Proposition 8(ii) we have
P(A]; > pux) = (1 4+ 0(1))P(D; > x)

for large x. This means that the crash size distribution and the cycle length distribution have
the same hyperbolic tail behavior (see Example 1(ii)). This relation has been observed in the
study of, e.g. earthquakes. Despite the apparent complexity of the dynamics of earthquakes,
the probability distribution of the energy, E., of an earthquake follows a simple power law
distribution known as the Gutenberg—Richter law: P(E. > v) = B.v~°, where B, is a positive
constant and the exponent c. is a universal exponent (in the sense that it does not depend on a
particular geographic area) close to 1. Also, as mentioned in Section 2, the distribution of the
time interval, 7., between two large earthquakes is also a power law distribution: P(z. > ) =
Aet % with exponent do = 1.06 [13]. Of course, a GC process is too simple to model such a
complex phenomenon fully, but its study may provide some intuition about the mechanism of
energy accumulation.

3.2. Persistence analysis

Let us now assume that ¢ = limy oo (1 — @ (x))x € (3u, o], such that the second moment
and the autocorrelations of the stationary process exist.

The GC structure can lead to a sustained correlation phenomenon which is called long-range
dependence. Physicists also denote this phenomenon by the term ‘1/f noise’ because such a
process has a spectral density f; satisfying fi(w) o« o~ with 0 < d < 1. Intuitively, if the
spectral density diverges to co at a certain rate, then the covariance function converges to 0
at an appropriate slow rate (and vice versa). More specifically, the definition of long-range
dependence that we use is the following.

Definition 4. A stationary process (X;);>0 is said to be long-range dependent if the absolute
values of its autocorrelations,

E[X: X: 1] — E[X/ ] E[X/1«]
\/VH.I'(XI)\/VZII‘(XH_/()

p(k) =

sum to infinity, i.e. if ) po |p (k)| = o0.

Another common definition is to have autocorrelations that are regularly varying at oo with
exponent less than 1 (see, e.g. Section 4 of [19]). In the following proposition we give a lower
bound on the sum of the autocorrelations.

Proposition 9. Assume that 1 — ¢(x) = x~ " L(x), where L(x) is a slowly varying function for

% <t < land L(x) =c(1 4+ 0(1)) for t = 1. Then there exists a constant B such that

n
. 4
lim " |o(k)| = BELD{].
k=0
We now derive a condition sufficient to observe long-range dependence.

Corollary 1. Let us assume that ¢ = limy_ (1 — @(x))x € (Bu,4wn). Then, for each k,
lo(k)| < o0 and Y32 |p (k)| = oc.
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Remark 3. The dynamical processes underlying evolution over geological time scales have
highlighted a possible signature of long-range dependence [17], [18]. The fluctuations in
the evolutionary record have been proposed to result from intrinsic nonlinear dynamics for
which self-organized criticality provides an appropriate theoretical framework [16]. Our model
suggests that the decreasing probability of having large extinctions may also be a relevant
ingredient.

4. Proofs

4.1. Proofs of results in Section 2

Proof of Proposition 1. If it exists, the probability density function of the stationary distri-
bution satisfies the integral equation

() = ko exp(—ax) + o /O () exp(—a(x — YDI(y) dy.

Let h(x) = exp(ax)l(x). The equation then becomes

h(x) = ko + oc/o e()h(y)dy.

By differentiating both sides of the equation, we obtain /'(x) = a@(x)h(x), and we deduce

that
h(x) = Ce eXP<a/O o(y) dy)

for some positive constant C. Therefore,

[(x) = Ce eXp(-Ol/O I =e») dy)

and the stationary distribution exists if and only if
ee} X
/ exp(—af (1 —=e®)) dy) dx < oo.
0 0

K —l—/ool(x) dx=1= /W(E—w(x))l(x)dx,
0 0

Since

we deduce that

%) X -1
cez(/o (2—¢<x>>exp(—af0(1—go(y>)dy>dx) ,
c=1 —ce/wexp(—afxa —go(y))dy) dx,

0 0

which completes the proof.
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Proof of Proposition 2. (1) Since the density of &1 is positive and 0 < ¢(x) < 1 for all
x > 0, for any A € 8B such that v(A) > 0 we have

Lx,A)>P(ta=1|Xo=x)4+P(ta =2 | Xo=x)
>px)Pler+x e A+ (1 —pkx))P(ey € A) > 0.

(ii) From Theorem 11.0.1 of [14], the Markov chain is positive Harris recurrent if there exist
a petite set C, a constant b < 0o, and a Lyapunov function V > 0, finite at some x > 0, such
that

AV(x):=E[VX1) | Xo=x]—-V(x) <—-1+blcX).
Recall that a set C is petite if the chain satisfies
P(X1€A| Xo=1x)>V(A)

forany x € C and any A € 8B, where v is a nontrivial measure on 8.
Let M > 0. Note that, for any A € B,

P(X;1 € A| Xo=x)=¢P(e1+x € A) = ¢Pe1 +x € AN (M, 00)).
Since f is positive and the Laplace transform is well defined in a neighborhood of 0,
Plei+x € AN (M, 00))

inf
AeB, v(ANM,0))>0 P(e1 € AN(M, 00))
0<x<M

nM) =

Then, for any x, 0 < x < M, and any A € B, we have
P(X; € A| Xo=x)>¢en(M)P(e; € AN (M, 00)) =: V(A).

This means that every set of the form [0, M] is petite.
Let us consider the function V (x) = ax, x > 0,a > 0. We have

a'AV(x) = () E[x + &1] — x = (p(x) — Dx + 9(x)u.
If ¢ is finite, let us consider a8 > O such that¢ — u — 8 > 0 and definea™! = ¢ — u — §.
If ¢ is not finite, let us choose a = 1. Then there exists an M > 0 such that, for x > M,
AV (x) < —1. Finally, we have
AV(x) < =1+ blc(x),
where C = {x: 0 <x < M}and b =sup{AV(x)+1:0<x < M}.

(iii) From Theorem 11.5.1 of [14], the Markov chain is null recurrent if there exist a petite set
C and a Lyapunov function V > 0 such that

AV(x) >0 forallx e Ry \ C
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and

sup E[|V(X1) — V(Xo)| | Xo = x] < oo.

x>0

Let us again consider the function V (x) = ax. From (ii) we have

lim a 'AV(x) = uw—rc >0,

X—> 00

and we can use the same arguments as in (ii) to obtain the first condition. Let us now focus on
the second condition. We have

a "E[IV(X1) = V(X0)| | Xo=x]=@@)p+ (1 — p(x))x.
Since ¢ = limy— 0 (1 — @(x))x < u, we deduce that

sup E[|V(X1) — V(Xo)| | Xo = x] < o0,

x>0
and the result follows.

Proof of Proposition 3. Since Ay := ]_[le ©(S;) is a nonincreasing sequence of nonnega-
tive random variables, the a.s. convergence of A to 0 implies that the condition limg_, o px = 0
holds, by Beppo Levi’s theorem (see [4, p. 209]).

Let us now check the convergence of Ay to 0. From the law of the iterated logarithm, it is
known that, for any A > 1 (see [4, p. 155]), S > nuu + r(20%n log log n)'/2 a finite number of
times a.s., where o2 = var(e;). We deduce that a sufficient condition for the a.s. convergence
of Ay to Ois

Zlog o + 1 (20%n log logn)l/z) = —00

n>3
or, equivalently, >~ - (1 — ¢(n)) = oo.

Proof of Proposition 4. Let us first consider the case in which % < 7 <1, and write g, =
pn/ TTizy i) = EI[T/Z, ¢(Si)/@(in)]. We will prove the convergence of the sequence
(ZZ: 1 1gn — g@n—1)n>1 to deduce the convergence of the sequence (g,,),>1. Let us now recall
a large deviation principle which will be used intensively in the proof (see Theorem 9.4 of [4]).

Proposition 10. [fe| admits a Laplace transform in a neighborhood of 0 then, for any sequence
(an)n>1 satisfying a, — 00 and a, //n — 0,

202

a;%(l + 52,71)
202

2
P(S, = nu+ an/n) = exP<_M>,

P(Sy < np —ay/n) = ew(—

Sfor two sequences ({1,n)n>1 and ($2.n)n>1 going to 0.
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Let 0 < 2v < min(—2 4 37, %). Proposition 10 will be used further with the sequence
a, = n"~ Y27V Let us note that

1= o) [ <p<S,->>( 1—40(&»)}
n n— = —E . 1 - 9
T [(E an rem)

and introduce the following notation:

Hy,={i <n: S >iu+avi}, Cun =card(Hy,),  Cu= Cuoo,
Hy,={i<n:0<S8 <ip—avi}, Caqn=card(Hg,), Ca=Cioo

Note that Cy is a.s. finite because

- - . = a}(14¢1,)
BICU =B| ) Vs | = 2P Zin+aidi) < 3 jexp( —=—75== ) < oo,
i=1 i=1 i=1

and that Cq is a.s. finite because E[Cq] < o0.

To derive the asymptotic equivalents, we will determine upper and lower bounds for the
sequence ¢, — gn—1, and compare the asymptotic behaviors of both bounds.

Step 1: Upper bound for the integrand. Let [[1;n — 1]] = {1,2,...,n — 1}. We have

(ﬁ <o<S,->)(1 1= w(sn>)
(i) 1 —@mu)

i=1
n—1 n—1
1 — (S,
= exp(Z log ¢(Si) — Zlog </’(W)> (1 - #fnu)))

i=1 i=1

n—1
< eXp< > logelipn+aivi)— Zlogw(im>

ie[[1;n—111\Hu,n i=1

1 — @(nu + a,/n)
x|\ 1= LingH, )

1 —omu)

n—1

+ eXp( Z log p(ip + a;iv/i) — ZIOg w(iu)> 1uen, )

i€[[1;n—11\Hy,n i=1

n—1 n—1
- :
oo Y lopetutavh - Y togem ) (1- L EL L)
i=Cyn+1 i=1 gt

n—1

+ eXP(_ Z log gD(i/L)) 1{neHu‘n}

i=1

Cu n—1
< eXp(— Zlogw(z’u + aifi)) em(Z log p(ip + aiv/i) —
i=1 i=1

n—1

Zloggo(im)
i=1
n—1

1 —pmu+ap/n i
y <1 _ p(np \/_)) +exp(_210g¢(zu)> Lnen, .}

1 —pmuw)

i=1
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which provides an upper bound for the integrand. Note that this upper bound is stochastic
because of Cy and the indicator function 1{,cq, )
Step 2: Lower bound for the integrand. Similarly, we have

n—1

(1—[ w(&))(l B 1—<p(Sn)>
- Ten) I —gmup)

i=1

n—1 n—1 1— (p(S )
= exp(Z logp(S;) — Y _ log w(iu)> (1 - —)
i=l1 i=1

1 — g

n—1
> pCan ew( Z log p(ip — aiv/i) — Zlogw(iu))

i€[[1;n—111\Ha,n i=1
1 —pnu — ay/n)
X <1 -—= G )1{n¢Hd,n}
L — ()
n—1
_ QCM exp( Z log(@ipn — a,-«/;) - Zloggo(ip))
iel[1;n— 111\ Ha.n im1

x (1= @)1 — 9nm) ™" neny,,)
n—1 n—1

> exp(Cq log @) exp <Z log p(ip — aiv/i) — Z log w(iu)>

i=1 i=1

) <1_ 1—<p<nu—anﬁ>>1 )
1— (p(nﬂ) {n¢Hqn}

n—1

- exp(— S log <P(tﬂ)>(1 — (1 = o) ey, ).

i=1

which provides alower bound for the integrand. Note that this lower bound is stochastic because
of Cq and the indicator function 1y,c gy ,1-

Step 3: Analysis of the deterministic components of the bound. Let us consider the sequences
(m1,,) and (my ) defined by

I —omu)

Min = exp(Z log p(ip +aiv/i) — Y log w(m)) (1 _loetedt “”ﬁ)>,

Mo = exp(Z log p(ip — aiv/i) — 3 log w(iu)> (1 _en - “"ﬁ)).

i=1 i=1 L=omu)
Let n > 0. For large n, we have

1 — o(nu + a,/n) _Itn m

051_ = )
1—g(nup) NG

01— 1 —g(np — ap/n) L _Thnan
1—g(nu) won
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Moreover, for large n we have

og izt + /D) — log i) = (1 - g1 — - f(_”“;z:)f) (1+0(1))
(r +na;
< Treyaie LA + o)
= LG +o(1)
JTARES]
and
1— @ i
llog @(ip — aiv/i) —log p(i ) = (1 — p(i))|1 f(_”;(l:)f) (14 o0(1))
(t +na;
< WL( in)(1+o(1))

T+n .
= WL(ZM)O +o(1)).

We deduce that my , < O(a,/+/n) = O(n™'7") and that Man > O(an//n) = O(m™17).

Step 4: Analysis of the stochastic components of the upper bound. (i) Let us first prove that
Elexp(— ZiC:u] log @(ip + a;i~/i))] < co. We have

Cy 00 n
E[exp(— Zlogcp(iu + a,w/?))} = Z:P(Cu =n) exp(— Zlogq)(iu + a,-«/;)).
i=1 i=1

n=1

On the one hand, there exists a constant By such that if % < 7 < 1 then

n n—1
exp(—Zloggo(iu—i—ai\/zT)) < exp(—fo log(p(xu—l—xr_”)dx)
i=1

< exp(Bi L(m)n'™"),

by using Karamata’s theorem (see, e.g. [5]), and that if ¢ = 1 then

n n—1
exp(— Zlog e@in+ ai«/z_')> < exp(—/o logp(xu +x*7") dx) < exp(B1n").
i=1

On the other hand, from Proposition 10, we have

PCu=m <Gz m = P(Uts = in+avi)) < Zexp( “ (1““)>

i=n

Since ai2 = j27=1=2v there exists another constant, By, such that
P(Cy = n) < exp(—Bon*™ =172,

Then E[exp(— Zfz“llog<p(iu+ai\/f))] <ooif2t—1—-2v>1—1 & 2v < —2+ 37 for
Z<r<landifl —2v>v&2v<3forr=1
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(i1) Let us now consider the second stochastic component of the upper bound. By the same
arguments as previously, for % < 7 < 1 we have

n—1

ﬂ exp<_ Z IOg (p(lﬂ)> E[l{neHu,,,}] < ;/_E exp(DlL(n)nlir) P(S, = nu + an\/ﬁ)

n i=1
= o(1),

since /n/a, = n~"~1=") The arguments for 7 = 1 run similarly. Then we deduce that, for

large n,
n—1
Si 1 — (S
E|:<l_[ (p(. i) ) <1 — ﬂ)] < const. X a—n.
PR 4UD) L= o) v
Step 5: Analysis of the stochastic components of the lower bound. (i) Let us first note that,
for large n,

Elexp(Calog @) 1ingH, 3] = Elexp(Calog @) 1i¢n, 1]
= E[exp(Cqlogg); &1 < n +1].

We have {¢] < u+ 1} # g and P(¢; < u + 1) > 0. Moreover, C4 is a.s. finite and, thus,
E[exp(Calogg); e1 < pn+ 11> 0.

(ii) The arguments for the second stochastic component of the lower bound are similar to the
analogous arguments for the upper bound, and we deduce that

\/ﬁ n—1 . -
mexp<‘§“’g¢<w>> Fllpeo, ] = o(0)

since (1 — @(nu))~' = (nu)" L(nw). Then we deduce that
n—1
©(Si) 1 —@(Sy) ay
E[(E w(iu)> (1 e w(nu))} ek

Step 6. By gathering the lower and upper bounds we obtain

n—1
@(Si)>< l_w(Sn)>iH ( an )
E 1-— ol — ),
‘ [(E o )\ T T=pm ]| =\ U

where a,/+/n = n*~!~", and, thus,

1 - p(np) <”‘1 M-))( 1—<o(sn)>”
n—Y4n—-11 = — E ; 1—-—
ln = a1} = =0 [ [1 o(in) 1= g(np)

i=1
< O(L(nuyn~")
< 0(,1—(1-1-”/2)).
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Therefore, the sequence g, = E[[]/_; ¢(Si)/@(i )] converges. Moreover,

n n
lim inf ¢, > lim inf exp(Z logg(ip — aiv/i) — ) log <p(m)) E[exp(Cqlog )] > 0
in @

n— 00 n— e £
i=1 i=1

(see steps 2—4), and the limit is not equal to 0, which provides the first equivalent to Proposition 4.
Let us now consider the case T > 1. Note that lim,,_, 5o Zl’-’:l log(in) < oco. Let (ap)n>1
be such that a, — oo and a,/+/n — 0. Then

1> p, = E[]‘[ w(sf)}
i=1

n—1

> E[p“e"] eXP(Z logp(in — a; ﬂ))
i=1

n—1

> E[exp(Cq log )] exp <Z logp(ip — a; «ﬁ)).

i=1
By using the same arguments as previously (see step 5), it is easily seen that lim,, p, > 0
and, therefore, that the sequence (p,),>1 converges to a constant.
4.2. Proofs of results in Section 3

Proof of Proposition 5. Since the distribution of X is the stationary distribution, we can
equivalently assume that the GC Markov chain is defined for any ¢ € Z. We have

o]

E[g(X)] =) EIg(X0) 1(x,0. .. X, 1150, X, ,=0}]
n=0
o
=Y Elg(X); X; >0, ..., X pp1 >0, X, = 0]
n=0

=PX = 0)(8(0) + ZE[g(Xz); X >0, ..., Xipy1 >0 Xyp = 0])

n=1
00 n—1
= K(g<0) + ZE[g(Sn) I1 <p<sk>]),
n=1 k=0

where So = 0.

Before giving the proof of Proposition 6, we first recall the definition of a function with
bounded increase and a version of the Drasin—Shea theorem (see Theorem 5.2.3 of [5]).

Definition 5. Consider a function % : (0, co) — [0, 00). The upper Matuszewska index o« (/)

is the infimum of those o € R for which there exists a constant C («) such that, foreach A > 1,

hh(?);) < C(@)(1+o0(1)A* (x — 00) uniformly on [1, A].
X

The function £ is said to have bounded increase if a(h) < o0.

Note that nonnegative, ultimately decreasing functions have bounded increase.
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Theorem 1. (The Drasin—Shea theorem.) Consider a function k: (0, c0) — R. Let (a, b) be
the maximal open interval (where a < 0) such that

l;(z)::f ()dt<oo fora < Rez < b.
0

If a is finite then assume that limg_, o+ ka +8) = oo. If b is finite then assume that
limg_, o+ k(b — ) = oo. Let h: [0,00) — [0, 00) be a continuous function with bounded
increase. If
P k(x/t)h(t)de/t
ok Dk di/i
X—00 h(x)

then there exists a scalar p € (a, b) such that
c=k(p),  h(x)=x"L(x),
where L is a slowly varying function.

Proof of Proposition 6. We first prove part (i). Let us define the functions ¢, f ,and [ from
R to [0, 00) by

PO =1p=0 0(x),  f) =1p=0 f), 1) = 1= 1),
and the functions @, f , and [ from (0, o0) to [0, co) by

¢u) = @(logu),  fu) = flogu),  I(u)=I(logu).

From (2) we can see that

~ ~ SN ~ d
l() =« f(v) +/0 f(v/u)é(u)l(u)f- (6)
Step 1: Limit of f(x)/l(x) as x tends to co. Let M > 0. First note that, for x > M,
y)
l ——I(y)dy. 7
(X)>f(X)/ w(y) f() ) (7N

For a = —o0, f olog is a rapidly varying function and, for all y € [0, M], f(x — y)/f(x)
diverges as x goes to co. We deduce from (7) that

fe)

x—>oo l(x)

For a < oo, f ologis a regularly varying function with index —a. It follows that
im LY
x=00 - f(x)

We now establish that the Laplace transform of the stationary distribution, E[e %], diverges
when u = —a. Indeed, for u < 0 we have

E[e X' = E[E[e %" | X,_1]
=E[l — (X;—)] + E[p(X,_1)e “Xi-1e7"]
> Elp(X,—1)e "X-le™"]
> g E[e™].
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Since E[e®¢] = oo, we deduce that E[e?%X/] = co. It follows that

1
lim sup f(x) for any M.

xoo 1(X) T fOMw(y)e“yl(y)dy

As M tends to oo, we obtain

lim f(x)

X—>00 l(x)

Step 2: Drasin—Shea theorem. Let h(u) = @(u)i (u). It follows from step 1 and (6) that

lim fooof(v/u)h(u)du/u 1

v—>00 h(v) o

Let us define k() = f (). We have Ig(u) = W, (u). Since the density of &1 is strictly
positive, b = 0o and limy,—, o0 k(u) = 0. Moreover, W, is convex and continuous on (a 00).
From the Drasin—Shea theorem, there exist a unique scalar y such that W, (—y) = ¢ "and a
slowly varying function L such that

h(u) =u"YLu).
Note that y is necessarily positive. Therefore, for # > 1 we have
I(ogu) = u) = (1 + o(1)g] ' u™ Lw).
Thus,

P(X > logu) :/OO l(v)dv:/ool(logs)d—s :/wf(s)d—s
u s u §

log u
and by Karamata’s theorem (see, e.g. [5]) we deduce that

-1
P(X > logu) = (1 + o(1))‘p‘7u—VL(u).

Finally, we have
P(X > x) = (1 +o(1)(@y) ' L(e")e ™",

where
) L (ex +a )
lim
x—oo L(e¥)

=1 forallaeR

since L is a slowly varying function.

We now prove part (ii) of the proposition. Let v(x) = x¢ w1th < a < 1, and define
N(x) = [(x —v(x))/p) and N(x) := [(x + v(x))/p]. Let w(ﬁ(x)) ‘= x — uN(x) and
wW(N(x)) = /LN(X) — x. Itis easily seen that

w(N(x)) = p*N)*(1 +o(1), W(N (x)) = p*N(x)*(1 4 o(1)).

https://doi.org/10.1239/aap/1175266475 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1175266475

210 C.Y. ROBERT

Recall that Sop = 0 and ¢(0) = 1. By using Proposition 5 with g(s) = 1s~,}, the stationary
survival distribution function can be decomposed as

00 n—1
P(X > x) =P(X =0) ZE[H o(SK); Sp > xi|

n=1 k=0
N(x) n—1
=P(X=0)) E[]‘[ @(SK): Sy > x]
n=1 k=0
[x/u] n—1
+P(X=0) ) E[]‘[ @(SK): Sy > x]
n=N@x)+1 “k=0

N(x)—1 n—1
-PX=0 Y E[]‘[ 9(SK); Sp < x]
n=|x/p|+1 k=0

n—1

~PX=0) ) E[]’[w(skx Snsx}

n=N(x) k=0

+P(X =0) Z Pn

n=_x/p)
=:Ti(x) + Ta(x) — T3(x) — Ty(x) + P(X = 0) Z Dn-
n=_x/p)

In a first step we give a lower bound for ZZOZLX /) Pn- Then we explain how each term
T;(x), i =1,...,4, can be neglected with respect to Z:il_x/l” pn. Let0 < n <37 —2.
Step 1: Lower bound for Z:O=|_X/MJ pn. By Proposition 4,

Pn = Cexp(Z log (i) (1 + o(l)).

i=1
Thus, for large n,
exp(—n!=TH1), % <t <l,
pn n=2¢/n, T=1.

For % < 1 < 1, we obtain a lower bound as follows:

S [’}
> pem [ epulT
n=|x/u] Lx/1]

00

1 - —

/L /] 1-x 77)14_”"7 (I=t+nu T+ exp(_ul T+77) du
X/ +

1 xT—n x17r+7] T — o]
_— exp(— I ) - 0 / ut T Vexp(—u' 7T du
l—t4+nut" pl—Ttn L—t4+nJu

1 xTn xl—r+n
T2 -t exp(_w”")'
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For T = 1, we obtain a lower bound from

2c/pn—1

00
Z Pn > 2, . 1)x2¢/pn—1°
iyl (2¢/pm— Dx

Step 2: Analysis of T (x). Forn < N(x), we have

n—1
E[]_[ ®(Sk); Sp > X} < P(Sp > x) =P(Sy > uN(x) + w(N(x))).
k=0

Let us define K = inf{P(S, > nu): n > 1}. We have P(S§] > @) > 0 and, by recursion,
P(S, > nu) > 0. From the central limit theorem, we deduce that lim,_, o P(S, > nu) = %
and, hence, that K is positive. We have

P(Sutp —u(n+ p) > x) = P(S, > pp, Spyp — Sp > x +np)
=P(Sp > pu) P(Sp > x +nu)
> KP(S, —nu > x)

foranyn > 1, p > 1, and x > 0. Then it follows that, forn < N (x),

P(Sy > x) = P(Sy — un > (N (x) — n) + w(N(x)))
< K7'"P(Sy@y — mN(x) > u(N(x) —n) + w(N(x)))
< K7'"P(Sney > N () + w(N (x))).

Let us define a, = w(n)/+/n. Since % < a < 1, we have a, — o0 and a,,/+/n — 0 and can
use Proposition 10. For any n < N(x), we have

2
P(S, >x) < K~ exp(—w N ) + CIJ\’(X)))

202N (x)

where ¢ , tends to 0 as n tends to co. Thus,

w (N () + a,mx)))

Ti(x) <P(X = 0)K !N (x) eXP(‘ 202N (x)

1 x2a—1
<2P(X = 0)(uK) xexp<—m>’

since x/2u < N(x) < 2x/u for large x.
For% < t < 1,letus choose & such that 2o — 1 > 1 — v + n, thatis, | —t/2+1n/2 < «.
For t = 1, let us choose « such that 2a¢ — 1 > 0. We then obtain

o0

Ti(x) = 0( Z pn>.

n=|x/u]
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Step 3: Analysis of T4(x). For any n > N (x) and sufficiently large x, we have

n—1

E[]‘[ P(S0): S < x] <P(S, <)
k=0

=P(S; — pun < (N (x) —n) — @(N(x)) — W(n)) — w(n))
= P(Sy — pn < —w(n)).

Let a, = w(n)/+/n. Since % < o < 1, we again have a, — oo and a,/+/n — 0 and can use

Proposition 10. For any n > N (x), we have

202n

—2
O )

where {2 , tends to 0 as n tends to co. Thus, by integrating we obtain

00 0~
;% )P(S,, < x) < const. x N(x)2(1—® exp(—%ﬁ((?))).

For% < t < 1,letus choose « such that 2 — 1 > 1 — t + n, thatis, 1 —t/2+4+1n/2 < «. For
T = 1, let us choose « such that 2o — 1 > 0. Then, as in step 2, we conclude that

]

Ti(x) = 0< > pn).

n=[x/u]
Step 4: Analysis of T>(x) and T3(x). We have

Nx)—1

Ty(x) + T3(x) <P(X =0) Y pa
n=N(x)

<2P(X = 0)v(x)u ' pye)
=2P(X = O)M_lx“pﬂ(x).

From Proposition 4,

| < PN@)
Dlx/n
Lx/ul
= <1+o(1>)exp<— > 1og<p(m>>

i=N(x)
< (1 +o(1) exp(u™ v (xX)N () TTL(N (x)0)).

For o < 7, we have py) = (1 +0(1) pa/p)-
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By using Karamata’s theorem, it can be shown that, for % <1<,

Plom) = (L+0(Dx L&) D" pa.

n=x/p]
Fort =1,
o
Pl = +o(M)e—wx" > pu.
n=[x/p]
We deduce that
o0
v(x)pN(x) < const. x x* 7T L(x) Z Dn-
n=x/p]
Let us choose « such that o < 7; then we obtain
o
T2(x) = T3(0)| < Ta(x) + T3(x) = o( > pn).
n=_x/u]

Step 5. Finally, for % < 7 < 1 letus choose « such that 1 — t/2 4+ /2 < @ < t, which is
possible since 0 < n < 3t — 2, and for 7 = 1 let us choose « such that % < a < 1. The result
then follows.

Proof of Proposition 7. Let us first recall that

cov(e(X), (Xi1k)) = Elo(X)9(Xi41)] — Elp(X)] E[@(X;41)].

By using Proposition 5 with g = ¢, we have

Elp(X:)] = Elp(X,11)] = :«(1 +y pn) =k pa=kEDI]-1)=1-x

n=1 n=0

Now note that
Elp(X)o(X+1)] = Elp(X;) Elp(X;4+4) | X]]

and
Elo(X:1x) | Xr = x/]
k—1
=KZPn+E[§0(Xt+Sl)"'<ﬂ(Xr+Sk); S1+X >0, ..., %+ X, >0 Xy =x].
n=0

It follows that

Elp(X)o(Xi+1)]
k—1

=« Y puElp(X)]

n=0
+E[p(X)o(X; + S1) - o(Xe + S1); S1+ X, >0, ..., S+ X, > 0]
k—1 oo

=K Y PuElp(X)1+K Y pa.

n=0 n=k
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We deduce that
oo
cov(@(X), p(X14)) =&Y P,
n=k
which completes the proof.
Proof of Proposition 8. First note that
oo
P(A| > x) = ZE[I{X,M}; X, >0, ..., Xt—ns1 >0, X,— =0 | X;51 =0]
n=0
1 o
= ng[l{pr}; Xi11=0,X,>0, ..., X, 441 >0, X,—, =0]
o
= Ellx,>x: Xig1 =0, X, >0, ..., X, yy1>0| X, =0]
n=0
o] n—1
= ZE[(l — oS [Tes0: Su > x}.
n=1 k=0

We now prove part (i). Since ¢ is a nondecreasing function,
(1=~ P(X > x) <P(A; > x) < (1 — p(0))c ' P(X > x)

and the result follows.

To prove part (i), as in the proof of Proposition 6(ii) let us define v(x) = x* with % <
a <1, N(x) := [(x —v@x)/pl, N(x) == [(x +v(x)/p], w(N(x)) = x — uN(x), and
w(N(x)) := uN(x) — x. We have

o0 n—1
P(A; > x) = ZE[(l — oS [T es0); Su > x}
k=0

n=1
N(x) n—1
=> E[(l — oS [T eS0): Su > x}
n=1 k=0
[x/p]

n—1
+ ) E[(l — oS [T e0; S > x}

n=N(x)+1 k=0
Nx)—1

n—1
- 2 E[(l — o) [T S0s S < x}

n=|x/u]+1 k=0

o0

n—1
- > E[(l — oS [T e(S0); Su < x} + Plasu)
k=0

n=N(x)
=T1(x) + To(x) — T3(x) — T4(x) + Plx/u)-

In a first step we give a lower bound for p|,/,|. Then we explain how each term T;(x),
i =1,...,4, can be neglected with respect to p|x/u. Let0 < n < 37 — 2.
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Step 1: Lower bound for p|x;,|. From Proposition 4,

pn = Cexp(z log go(im)(l +o(1)).

i=1
Thus, for large n,

exp(—n!=TH1), % <t <l,
Pn > n—ZC/M’ —

Step 2: Analysis of T (x). Forn < N(x), we have

n—1 n—1
E[(l — oS [ [ oS 80 > x} < E[]‘[ 9(S0); Su > x}
k=0 k=0
<P(S; > x)

=P(S, > uN(x) + w(N(x)))

| yx2a—1

As in the proof of Proposition 6(ii), we can show that

| x2a—1
Ti(x) < 2(nK) Xexp<—m>,

since x/2u < N(x) < 2x/u for large x.
For % <t < 1,letus choose @ such that2ae — 1 > 1 — v + n, thatis, 1 —t/2+1n/2 < «.
For T = 1, let us choose « such that 2a — 1 > 0. We then obtain

Ti(x) = o(pLx/u)-

Step 3: Analysis of T4(x). For any n > N (x) and sufficiently large x, we have

n—1 n—1
E[(l — o) [T (S0 S < x} < E[]‘[ P(S0): S < x}
k=0 k=0
<P(Sp =x)
=P(S, — un < (N (x) — n)

— @(N(x)) = w(n)) —w(n))
< P(Sy — un < —w(n)).

As in the proof of Proposition 6(ii), we can show that

—2 57
T4(x) < const. x N (x)>1~) exp(_M)'

202N (x)

For% < t < 1, letus choose « such that 2o — 1 > 1 — v + n, thatis, | — /24 1n/2 < «. For
T = 1, let us choose « such that 2o — 1 > 0. Then, as in step 2, we conclude that

T4(x) = o(plaju))-
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Step 4: Analysis of T»(x) and T3(x). We have

T2 (x) — T3(x)| < Ta(x) + T3(x)
N(x)—1

Z (Pn — Pn+1)

n=N(x)

= PN@) ~ PN()-
Fora < 1,
Prey = (L +0(D))prajugs
pﬁ(x) = (1 + 0(1))ptx/uj,

and we obtain

|T2(x) — T3(x)| = o(px/p))-

Step 5. Finally, for % < t < lletus choose o such that 1 — t/2 4+ /2 < o < 7, which is
possible since 0 < 1 < 3t — 2, and for t = 1 let us choose « such that % < a < 1. The result
then follows.

Proof of Proposition 9. Recall that the distribution of X is the stationary distribution. Since
var(X;) = 0)2( is finite, we can discuss the asymptotic behavior of

n—1
Y o).
k=0

We have

Z|p<k)| > Z—|p(k)| > var(Z)@)

k=0

Let N, =sup{j: T; <n — 1}; then

1 n—1 Ti—1 Ny—1 Tj+1-1 n—1

(L x) =_Var(z X+ % Z X+ ¥ %)

n 1=0 1=TN,
Ny—1 Tj+1—1

I\/

—Var( Z Z Xt>

where the inequality has been deduced from the independence of the cycles (X;)71;<i<7;,,-1,
j=0.1If

T,—1 E[ZTZ l t
aé:var(Z X; — E[T[——TIT]( 2—Tl)><oo
t=T 2
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then
1 2
JE%O;W@ ZT %) = 5

(see Theorem 3.2 of [1]). If oé = oo then it follows easily by monotonicity that

Ny—1 Tj+1—-1

(323 )=
Therefore, we obtain
n—1 T,—1 n-1y
1 E[Zt T t
lim k)| > ———— var X;——L (-1 .
Hoogm( = T En -1 <Z=ZT1 ‘TR -1 ”)

Since
T—1
E[Z X,} = E[X]E[T; — T1].
t=T
we have
Di—1

-1 T—1
var(z X — Zt—TIT](Tz — Tl)) = Var< Z Xi+m — X]D1>
t=0

Di—1

> var<E|: X1, —E[X]1D D1:|)
=0
Di—1 2
= E[E[ Z Xi+1, — E[X]Dy D]H
t=0
=: E[g(D1)?],

where

n—1

g(n) = E[Z(s,”1 — S7,-1) — E[X]In

D =n:|

n . _ n—1 .
_ BIQ = S0 = oS [Tz ¢S E[X]n

E[(1 — o(S)) [0 ¢(S)]
h(n) — E[X]n.

t=0
_ B Silipi=n] E[X]n
P(D; =n)

We now look for an asymptotic lower bound for g. Let

T—1/2—v

an=n with 0 < 2v < min(—2 + 37, 3).
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We use the same notation as in the proof of Proposition 4:
Hy, = i<n:S>in+ ai‘/lT}’ Cu,n = Card(Hu,n)a Cy = Cu,oo’
Hon={i =n:0<S <ip—ai},  Can=card(Hyn), Ca=Caco-

Step 1: Lower bound for the numerator of h. We have

n n—1
(Z &-)(1 — oS [ ] (s
i=1 i=0

n—Cqn n—1
> [ > Gn- aixﬁ)}gcd-" [[etin—aivi)(d = omu+an/n) L5, ppisan i)
i=1 i=0
n—Cd n—1
- [ Z (in— ai“/;)}fcd'" 1_[ ¢l — aiv/i) L5, >npu-+a, /)
i=1 =0

n—Cqn n—1

> [ > Gn— aiﬂ)}gcd'” [Tetn—aivi( — o+ an/n)
i=1 i=0
n n—1
— Z[Z(m -~ aiﬁ)] [Tetin—aivi)ligpiaum
i=1 i=0
n n—1
> [Z(m - aiﬁ)]gcd [Tetn—avidd —emu+av/n)
i=1 i=0

n—1
— Calnp — an/m) [ Tolip — ai VD)1 = p(ape + ans/n)

i=0
- 2[Xn:(m - a,-Ji)] ﬁ o — aiND Ls = ppva, i -
i=1 i=0
Thus, by using the same arguments as for Proposition 4,
E[(Z &-)(1 - w(Sn»ﬁw(S,-)}
i=1 i=0
> E[gc"][i(fu - aixfz')} ﬁ (i — aiv/i) (1 — @(np + apy/n)
i=1 i=0
- E[Cd]nuﬁ @i —aiVi) (1 = g + an/m))
i=0
- 2[anau - anfn} ]:[1 @i — i) P(Sy = npp+ an/n)
i=1 i=0
= E[gcd][i:(iﬂ - a%)} ﬁ @i — aiVi) (1 = g(p + an/m)(1 + o(1)).

i=1 i=0

https://doi.org/10.1239/aap/1175266475 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1175266475

Stochastic stability of some growth-collapse processes 219

Step 2: Upper bound for the denominator of h. We have

n—1 n—1
(1= [TeS) < (1 = 9@p — and/m) 15 mpp—an i) || @Cin +aivi)

i=0 i=Cupn
n—1
+ [T eln+aivi s, cupa,vm
i:Cu,n

Cu —1n—1
< (1‘[ lip+ wﬁ) [Tetn+avi( — e —a/n)
i=1

i=1

Cu —1n—1
+ (H olip+ aﬁ)) [Tetn+aivi) x 215, i -

i=1 i=l1

Thus, by using the same arguments as for Proposition 4,

n—1

E[(l —oS) ] go(Sl-)]
i=0

Cu —1qn—1
< E[(H lipn+ aM)) } [Tetr+avda —emu - an/m)1 +o(1)).

i=1 i=l1

Step 3: Asymptotic lower bound for g. We deduce from step 1 and step 2 that

L (14 0(1)) E[p“]
h(n) > ( = a,-ﬁ)) =
; BT, i — aiv/i) 1]

1= @i — aiv/i)(A = @(nge + ay/n))
1=t olin + a1 — p(np — ay/n))

By using the same arguments as in step 3 of the proof of Proposition 4, we deduce that h(n) >
O (n?) and that there exists a constant By such that

gn) > Bgnz, n>1.

The result then follows.

Proof of Corollary 1. Since ¢ > 3u, |p(k)| < oo for each k. Moreover, if ¢ < 4u then, by
Propositions 4 and 6 and Example 1(ii), E[D‘l‘] = 00, and, by Proposition 9, Z/fio lp(k)| = oo.
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