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Preface

This text studies heavy-tailed distributions in probability theory, and especially convolutions
of such distributions. The mail goal is to provide a complete and comprehensive introduc-
tion to the theory of long-tailed and subexponential distributions which includes many novel
elements and, in particular, is based on the regular use of the principle of a single big jump.
Much of the material appears for the first time in text form, including

— the establishment of new relations between known classes of subexponential distributions
and the introduction of important new classes;

— the development of some important new concepts, including those of h-insensitivity and
local subexponentiality;

— the presentation of new and direct probabilistic proofs of known asymptotic results.

A number of recent textbooks and monographs contain some elements of the present
theory, notably those by Asmussen [1, 2], Embrechts, Kluppelberg, and Mikosch [23], Rol-
ski, Teugels, Schmidli, and Schmidt [39], and Borovkov and Borovkov [10]. Further, the
monograph by Bingham, Goldie, and Teugels [8] comprehensively develops the theory of
regularly varying functions and distributions; the latter form an important subclass of the
subexponential distributions.

Chapters 2 and 3 of the present monograph deal comprehensively with the properties of
heavy-tailed, long-tailed and subexponential distributions, and give applications to random
sums. Chapter 4 develops concepts of local subexponentiality and gives further applications.
Finally, Chapter 5 studies the distribution of the maximum of a random walk with negative
drift and heavy-tailed increments; notably it contains new and short probabilistic proofs for
the tail asymptotics of this distribution for both finite and infinite time horizons. The study
of heavy-tailed distributions in more general probability models—for example, Markov-
modulated models, those with dependencies, and continuous-time models—is postponed
until such future date as the authors may again find some spare time. Nevertheless, the
same basic principles apply there as are developed in the present text.

We are thankful to many colleagues for helpful discussions and contributions, most no-
tably to Sgren Asmussen, Denis Denisov and Andrew Richards. All errors should be blamed
on one of these individuals.

A first version of this manuscript was finished while the authors stayed at the Mathematis-
ches Forschungsinstitut Oberwolfach, under the Research in Pairs programme from March
23 to April 5, 2008. We thank the Institute for its great hospitality and support.

A list of errata, together with complements and updates to this manuscript, will be main-
tained at http://www.ma.hw.ac.uk/~stan/heavytails/.

April 2009 S.E,DK., SZ
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Notation and conventions

Intervals

Integrals

R, R*, RS

7,7

P{B}
Eg

E{¢; B}
F+G
e

§+’ F+

(x,y) is an open, [x,y] a closed interval; half-open intervals are denoted by
(z,y] and [z, y).

fxy is the integral over the interval (z, y).

stand for the real line, the positive real half-line [0, o), and s-dimensional
Cartesian space.

stand for the set of integers and for the set {0, 1,2, ...}.

stands for the indicator function of A, thatis I(A) = 1if Aholds and [(A) =
0 otherwise.

Let v and v depend on a parameter z which tends, say, to infinity. Assuming
that v is positive we write

u=O0(v) if limsup |u|/v < o0
r— 00
u=o(v) if u/v—0asx — oo
ur~ov if u/v—1asz — oo.

stands for the probability (on some appropriate space) of the event B.
stands for the mean of the random variable &.
stands for the mean of £ over the event B, that is, for E{I(B).
stands for the convolution of the distributions F' and G.
stands for the n-fold convolution of the distribution F' with itself.

for any random variable £ on R with distribution F, the random variable {+ =
max(¢,0) and F'* denotes its distribution.

The quantity on the left is defined to be equal to the quantity on the right.

: The quantity on the right is defined to be equal to the quantity on the left.

indicates the end of a proof.
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Chapter 1

Introduction

Heavy-tailed distributions (probability measures) play a major role in the analysis of many
stochastic systems. For example, they are frequently necessary to accurately model inputs
to computer and communications networks, they are an essential component of the descrip-
tion of many risk processes, and they occur naturally in models of epidemiological spread.
Important examples are Pareto distributions (and other essentially power-law distributions),
lognormal distributions, and Weibull distributions (with parameter less than 1). Indeed most
heavy-tailed distributions used in practice belong to one of these families, which are defined,
along with others, in Chapter 2. We also consider the Weibull distribution at the end of this
chapter.

Since the inputs to systems such as those described above are frequently cumulative in
their effects, the analysis of the corresponding models typically features convolutions of
heavy-tailed distributions. The properties of such convolutions depend on their satisfying
certain regularity conditions. From the point of view of applications practically all heavy-
tailed distributions may be considered to be long-tailed, and indeed to possess the stronger
property of subexponentiality (see below for definitions).

In this monograph we study convolutions of long-tailed and subexponential distributions
on the real line. Our aim is to prove some important new results, and to do so through a
simple, coherent and systematic approach. It turns out that all the standard properties of
such convolutions are then obtained as easy consequences of these results. Thus we also
hope to provide further insight into these properties, and to dispel some of the mystery
which still seems to surround the phenomenon of subexponentiality in particular.

We define the tail function F of a distribution F' on R to be given by F(z) = F(z, 00) for
all . We describe as a tail property of F' any property which depends only on {F(x) : z >
xo} for any (finite) zo. We further say that F has right-unbounded support if F(z) > 0 for
all x.

Heavy-tailed distributions. A distribution F' on R is said to be (right-) heavy-tailed if

oo
/ eM F(dz) = co forall A > 0, (1.1)
—0o

that is, if and only if F’ fails to possess any positive exponential moment. Otherwise F’ is
said to be light-tailed. We shall show in Chapter 2 that the distribution F’ is heavy-tailed if
and only if its tail function F' fails to be bounded by any exponentially decreasing function.

7



8 CHAPTER 1. INTRODUCTION

It follows that for a distribution F' to be heavy-tailed is a tail property of F’, and of course
that any heavy-tailed distribution has right-unbounded support.

We mention briefly at this point the connection with hazard rates. Let F' be a distribution
on R which is absolutely continuous with density f with respect to Lebesgue measure.
Such a distribution is often characterised in terms of its hazard rate r(x) = f(z)/F(z),
most naturally in the case where F is concentrated on the positive half-line R™. We then

™ FYw):=eXp<—l/j;7(y)dy>~

It follows easily from (1.1) that if lim 7(z) = O then the distribution F' is heavy-tailed,
T—00
whereas if lim inf 7(z) > 0 then F fails to be heavy-tailed (indeed the integral in (1.1) is

r—00

finite for any A such that lim inf r(2) > X). In the final case where lim inf r(x) = 0 but in
—00 EE

which the limit itself fails to exist then both possibilities for F' exist.

Long-tailed distributions. A distribution F' on R is said to be long-tailed if F' has right-
unbounded support and, for any fixed y > 0,

F
Pety) 0 e ool (12)

F(x)

Clearly to be long-tailed is again a tail property of a distribution. Further, it is fairly easy to
see that a long-tailed distribution is also heavy-tailed. However, the condition (1.2) implies
a degree of smoothness in the tail function F’ which is not possessed by every heavy-tailed
distribution.

Subexponential distributions. In order to make good progress with heavy-tailed distri-
butions, we require slightly a stronger regularity condition than the requirement that such a
distribution be long-tailed. This will turn out to be satisfied by all heavy-tailed distributions
likely to be encountered in practice.

We consider first distributions on the positive half-line R*. Let F' be any distribution on
RT and let &1, .. ., &, be independent random variables with the common distribution F.
Then

P{& + ...+ & > o) = P{max(&y, ..., &) > o}
=1- F"(x)

~nF(z) asx— oo. (1.3)

(Here and throughout we use “~” to mean that the ratio of the quantities on either side of
this symbol converges to one; we further frequently omit, especially in proofs, the qualifier

“as r — 00”, as unless otherwise indicated all our limits will be of this form.)

Taking n = 2 it follows in particular that

lim inf LF@) > 2

(1.4)

— )
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where as usual, for any two distributions F' and G, by F' * G we denote their convolution,
i.e. the distribution of the random variable £ 4 1 where the random variables £ and 7 are
independent with distributions F' and G.

A considerably deeper result (proved in Chapter 2) than the above inequality (1.4) is that
if I is heavy-tailed then the relation (1.4) holds with equality. (We remark that there are
also examples of light-tailed distributions on R™ for which (1.4) holds with equality.) The
distribution I on R is said to be subexponential if

i FE@) o (1.5)
It turns out that the above condition is now sufficient to ensure that F' is heavy-tailed—and
indeed that F is long-tailed. Thus a distribution /' on R* is subexponential if and only if is
heavy-tailed and sufficiently regular that the limit on the left side of (1.5) exists; this limit
is then equal to 2. It is therefore not surprising that the various examples of heavy-tailed
distributions on R™ mentioned at the start of this chapter all turn out to be subexponential.
Indeed those heavy-tailed distributions which do not possess this property are all distinctly
pathological in character.

We shall see that subexponentiality as defined above is also a tail property of the distri-
bution F. Inductive arguments (see Chapter 3) now show that if a distribution F on R is
subexponential then the relation (1.5) generalises to

lim — =n forall integern > 1

(where F*™ denotes the n-fold convolution of the distribution F' with itself). It follows from
this and from the argument leading to (1.3) that subexponentiality of F'is equivalent to the
requirement that

P{max(&1,...,&,) >z} ~P{&+ -+ & >} asx — oo, (1.6)

The interpretation of the condition (1.6) is that the only significant way in which the sum
& + -+ + &, can exceed some large value z is that the maximum of one of the individual
random variables &1, ..., &, also exceeds x. This is the principle of a single big jump
which underlies the probabilistic behaviour of sums of independent subexponential random
variables.

Since subexponentiality is a tail property of a distribution, it is natural, and important
for many applications, to extend the concept to a distribution F' on the entire real line R.
This may be done either by requiring that F' have the same tail as that of a subexponential
distribution on R (it is natural to consider the distribution F'* given by F*(z) = F(x)
forz > 0and F*(z) = 0 for z < 0) or, equivalently as it turns out, by requiring that
F is long-tailed and again satisfies the condition (1.5)—the latter condition on its own no
longer being sufficient for the subexponentiality of F'. We explore these matters further in
Chapter 3.

We develop also similar concepts of subexponentiality for local probabilities and densities
(see Chapter 4).

Further examples of heavy-tailed distributions which are of use in practical applications,
e.g. the modelling of insurance claim sizes, are given by Embrechts et al. [23]. These,
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and the examples mentioned above, are all well-behaved in a manner we shall shortly make
precise. However, mathematically there is a whole range of further possible distributions,
and one of our aims is to provide a firm basis for excluding those which are in some sense
pathological and to study the properties of those which remain.

Example: the Weibull distribution In order to understand better the typical behaviour of
heavy-tailed distributions, that is, the single big jump phenomenon—as opposed to the be-
haviour of distributions which are light-tailed—we study the Weibull distribution F, given
by its tail function

Fo(z)=e", x>0,

and hence density fo(z) = ax® te™®", > 0, for some shape parameter o > 0. This is
a heavy-tailed distribution if and only if & < 1. Note that in the case a = 1 we have the
exponential distribution. All moments of the Weibull distribution are finite.

Let & and & be independent random variables with common distribution function Fy,.
We consider the distribution of the random variable £; /d conditional on the sum &£; +& = d
for varying values of d and the shape parameter «. This conditional distribution has density
Ja,d Where

Joa(z) = clz(1 = 2)]* e @ HI=AT), (1.7)

for the appropriate normalising constant c. Clearly this conditional density is symmetric
about 1/2. The left panel of Figure 1.1 plots the density for d = 10 and for each of the
three cases « = 0.5, « = 1, and o = 2, while the right panel plots the density for d = 25
and for each of the same three values of a. We see that in the heavy-tailed case o« = 0.5,
conditional on the fixed value d of the sum &; + &2, the value of £; /d tends to be either close
to 0 or close to 1; further this effect is more pronounced for the larger value of d. For the
case a = 1 and for any value of d, the above conditional density is uniform. For the case
a = 2, we see that the conditional density of &;/d is concentrated in a neighbourhood of
1/2, and that again this concentration is more pronounced for the larger value of d.

o _| 0
— Al
o - { )
I
I
> © - > © 4 1
S D :I
: ; !
© < — S 9 | II|I
n
I 0 I
A
o o —
I I I I I I I I I I I I
0.0 0.2 04 06 08 1.0 0.0 0.2 04 06 08 1.0

Figure 1.1: Density of &1 /d conditional on &; + & = d, for d = 10 (left panel) and d = 25
(right panel), and for a = 0.5 (solid line), « = 1 (short-dashed line) and o« = 2 (long-
dashed line).
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These observations are readily verified from (1.7). Indeed it follows from that expression
that, for « < 1 and as d — oo, the distribution of &; /d conditional on &; + &2 = d converges
to that which assigns probability 1/2 to each of the points 0 and 1. For o = 1 and for all d,
the distribution is uniform. Finally, for & > 1 and as d — oo, the distribution converges to
that which is concentrated on the single point 1/2.
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Chapter 2

Heavy- and long-tailed distributions

In this chapter we are interested in (right-) tail properties of distributions, i.e. in properties
of a distribution which, for any =, depend only on the restriction of the distribution to
(z, 00). More generally it is helpful to consider tail properties of functions.

Recall that for any distribution F' on R we define the tail function F by
F(z) = F(z,0), z€R.

We start with characteristic properties of heavy-tailed distributions, that is, of distributions
all of whose positive exponential moments are infinite. The main result here concerns lower
limits for convolution tails, see Section 2.3.

Then we study different properties of long-tailed distributions, that is, of distributions
whose tails are asymptotically self-similar under shifting by a constant. Of particular in-
terest are convolutions of long-tailed distributions. Our approach is based on a simple de-
composition for such convolutions, and on the concept of ‘h-insensitivity’ for a long-tailed
distribution with respect to some (slowly) increasing function A. In Section 2.8, we present
useful characterisations of h-insensitive distributions.

2.1 Heavy-tailed distributions

The usage of the term “heavy-tailed distribution” varies according to the area of interest,
but is frequently taken to correspond to an absence of (positive) exponential moments. In
the following definitions—which, for completeness here, repeat some of those made in the
Introduction—we follow this tradition.

Definition 2.1. A distribution F on R is said to have right-unbounded support if F(z) > 0
for all x.

Definition 2.2. We define a distribution F’ to be (right-) heavy-tailed if and only if

/ M F(dx) = oo forall A > 0. (2.1)
R

It will follow from Theorem 2.6 that to be heavy-tailed is indeed a tail property of a
distribution. As a counterpart we give also the following definition.

13



14 CHAPTER 2. HEAVY- AND LONG-TAILED DISTRIBUTIONS

Definition 2.3. A distribution F' is called light-tailed if and only if

/ eMF(dx) < oo for some A > 0. (2.2)
R

Clearly, for any light-tailed distribution F' on the positive half-line RT = [0, c0), all
moments are finite, that is, [;° 2" F(dz) < oo forall k > 0.

We shall say that a nonnegative function (usually tending to zero) is heavy-tailed if it fails
to be bounded by a decreasing exponential function. More precisely we make the following
definition.

Definition 2.4. We define a function f > 0 to be heavy-tailed if and only if

limsup f(x)e’ = oo forall A > 0. (2.3)

r—00

For a function to be heavy-tailed is clearly a tail-property of that function. Theorem 2.6
shows in particular that a distribution is heavy-tailed if and only if its tail function is a
heavy-tailed function. First we make the following definition.

Definition 2.5. For any distribution F, the function R(z) := — In F(z) is called the hazard
function. If the hazard function is differentiable then its derivative r(z) = R'(x) is called
the hazard rate.

The hazard rate, when it exists, has the usual interpretation discussed in the Introduction.

Theorem 2.6. For any distribution F' the following assertions are equivalent:
(i) F'is a heavy-tailed distribution;
(i) the function F is heavy-tailed;

(iii) the hazard function satisfies liminf,_,., R(x)/x = 0;

(iv) for any fixed T > 0, the function F(x,x + T is heavy-tailed;
(v) for some fixed T > 0, the function F(x,x + T is heavy-tailed.

Proof. (1)=(iv). Suppose that F'(x, z + T is not heavy-tailed. Then

c:=sup F(z,z+ T)e’” < 0o for some N > 0,
zeR

and, therefore, for all A < )

/ A F(dr) < Y M VTE(nT, nT + T
n=0

0
00 0o
< Cze)\(n—i—l)Te—)\'nT — e Ze(A—X)nT < 0.
n=0 n=0

It follows that the integral defined in (2.1) is finite for all A € (0, \"), which contradicts
heavy-tailedness of the distribution F'.

(v)=>(ii). This implication follows from the inequality F'(z) > F(z,z + T).
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(i))=-(iii). Suppose that, on the contrary, ‘liminf’ in (iii) is positive. Then there exist
xp > 0 and £ > 0 such that R(x) > ez for all x > z which implies that F(z) < e™** in
contradiction of (ii).

(iii)=-(i). Suppose that, on the contrary, F' is light-tailed. It then follows from (2.2) (for
example by the exponential Chebyshev inequality) that, for some A > 0 and ¢ > 0, we
have F'(x) < ce™* for all z. This implies that lim inf, ., R(x)/z > X which contradicts
(iii). O
Lemma 2.7. Let the distribution F' be absolutely continuous with density function f. If F'

is a heavy-tailed distribution, then the function f(x) is heavy-tailed too.

Proof. 1If f(z) is not heavy-tailed, then there exist A’ > 0 and x( such that

¢:= sup fz)eN® < oo,

Tr>x0

and, therefore, for all A € (0, \')
o0

/ M F(dz) < Mo + c/ Me N dx < oo,
R

xo
It follows that the integral defined in (2.1) is finite for all A such that 0 < A < ), which

contradicts heavy-tailedness of the distribution F'. O

We give an example to show that the converse assertion is not in general true. Consider
the following piecewise continuous density function:

o

fl@)=> Kz enn+27"}

n=1

We have limsup,,_, ., f(z)e*® = oo for all A > 0, so that f is heavy-tailed. On the other
hand, for all A € (0,1n2),

)\:c (n+2— A(n+27")— nln2
/0 f(x)dx < Ze Ze

so that F'is light-tailed.
For lattice distributions we have the following result.

Lemma 2.8. Let F' be a distribution on some lattice {a + hn,n € Z}, a € R, h > 0, with
probabilities F{a + hn} = p,. Then F is heavy-tailed if and only if the sequence {p,} is
heavy-tailed, that is,

limsup ppe™ = o0 forall A > 0. (2.4)

n—oo

Proof. The result follows from Theorem 2.6 with 17" = h. [
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Examples of heavy-tailed distributions We conclude this section with a number of ex-
amples.

e The Pareto distribution on R*. This has tail function F' given by

o= (%)

for some scale parameter x > 0 and shape parameter « > 0. Clearly we have
F(z) ~ (z/k)™ as & — oo, and for this reason the Pareto distributions are some-
times referred to as the power law distributions. The Pareto distribution has all mo-
ments of order v < « finite, while all moments of order v > « are infinite.

e The Burr distribution on R*. This has tail function F' given by

F(az) - (xT/j— H)a

for parameters «, k, 7 > 0. The Burr distribution has all moments of order v < art
finite, while all moments of order v > a7 are infinite.

e The Cauchy distribution on R. This is most easily given by its density function f

where
1

M) = e+
for some location parameter a. All moments of order v < 1 are finite. The first
moment does not exist.

e The lognormal distribution on R*. This is again most easily given by its density

function f where
1 (logz — p)? )
x) = exp| —————
et ==
for parameters p and o > 0. All moments of the lognormal distribution are finite.
Note that a (positive) random variable £ has a lognormal distribution with parameters
v and o if and only if log & has a normal distribution with mean  and variance o2

For this reason the distribution is natural in many applications.

o The Weibull distribution on R*. This has tail function F' given by
F(z) = e~ @7,

for some scale parameter A > 0 and shape parameter o > 0. This is a heavy-tailed
distribution if and only if o < 1. Note that in the case o = 1 we have the exponential
distribution. All moments of the Weibull distribution are finite.

Another useful class of heavy-tailed distributions is that of dominated-varying distribu-
tions. We say that F' is a dominated-varying distribution (and write F' € D) if there exists
¢ > 0 such that

F(2x) > cF(z) forall z.
Any intermediate regularly varying distribution (see Section 2.8) belongs to D. Other ex-
amples may be constructed using the following scheme. Let G be a distribution with a
regularly varying tail (again see Section 2.8). Then a distribution F' belongs to the class D,
provided ¢1G1(z) < F(x) < coG(x) for some 0 < ¢; < ¢ < oo and for all sufficiently
large x.
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2.2 Characterisation of heavy-tailed distributions in terms of
generalised moments

In this section we consider an important characterisation of (the tails of) heavy-tailed dis-
tributions on R*, which is both of interest in itself and essential to the consideration of
convolutions in the following section. In very approximate terms, for any such distribu-
tion we seek the existence of a monotone concave function h such that the function e ()
characterises the tail of the distribution.

If a distribution F' on the positive half-line R™ is such that not all of its moments are
finite, that is, fooo 2¥F(dx) = oo for some k, then I is heavy-tailed. In this case we can
find such £ > 1 that the kth moment is infinite, while the (k — 1)th moment is finite. That
is

o o0

/ zeF~ DT g0 — o0 and / =Dz gy « oo, (2.5)
0 0

Note that here the power of the exponent is a concave function. This observation can be

generalised onto the whole class of heavy-tailed distributions as follows.

Theorem 2.9. Let £ > 0 be a random variable with a heavy-tailed distribution. Let the
function g(x) be such that g(x) — 0o as © — oo. Then there exists a monotone concave
function h : RT™ — RY such that h(z) = o(z) as © — oo, Ee€) < oo, and EeM&)+9(€) —
00.

Now, (2.5) is a particular example of the latter theorem with g(x) = Inz. If not all
moments of £ are finite, then the concave function i (z) may be taken as (k — 1) Inz for
k as defined above. But, actually, Theorem 2.9 is sharper; it guarantees the existence of a
concave function A for any g, which may be taken as thin as we please.

As an example of the assertion at the beginning of this section, note that if £ has a Weibull
distribution with tail function F'(z) = e *", a € (0,1), and if g(z) = Inz, then one can
choose h(z) = (z + ¢)* — In(z + ¢), with ¢ > 0 sufficiently large.

Note also that Theorem 2.9 provides a characteristic property of heavy-tailed distribu-
tions; it fails for any light-tailed distribution. Indeed, consider any non-negative random
variable ¢ having a light-tailed distribution, that is, Ee** < oo for some A > 0. Take
g(x) = Inz. If h(z) = o(x) as © — oo, then h(x) < ¢+ Az/2 for some ¢ < oo and,
hence,

Proof of Theorem 2.9. We will construct a piecewise linear function i(x). To do so we
construct two positive sequences x,, T oo and €,, | 0 as n — oo and let

h(z) =h(xp-1) +en(x —xp—1) ifx € (rp_1,zn], n>1.

This function is monotone, since &, > 0. Moreover, this function is concave, due to the
monotonicity of €,.

Put o = 0 and h(0) = 0. Since £ is heavy-tailed and g(z) — oo, we can choose 1 so
large that e9(@) > 21 forall # > z; and

E{es; € € (wg, 1]} + €™ F(x1) > F(xo) + 1.
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Choose £1 > 0 so that
E{e'%; € € (z0,21]} + e F(21) = F(0) + 1/2,
which is equivalent to
E{e" ;¢ € (a0, 21} + "V F (1) = "F(0) +1/2.

By induction we construct an increasing sequence x,, and a decreasing sequence €, > 0
such that e9(®) > 2™ for all x > x,, and

E{e"O;€ € (an 1, an]} + €V F () = M-I (1) +1/2°

for any n > 2. For n = 1 this is already done. Make the induction hypothesis for some
n > 2. Due to the heavy-tailedness of £ and to the convergence g(z) — oo, there exists
ZTn41 SO large that e9(2) > ontl forall & > ZTp41 and

E{e= )€ € (2n, zap1]} + € T F(2000) > 2
As a function of €,,11, the sum
E{ean+1(§—xn); € € (T, Tns1]} + 66n+1(xn+1—xn)f(xn+1)

is continuously decreasing to F'(x,,) as £,,+1 | 0. Therefore, we can choose £,,11 € (0, ¢,)
so that

E{em 1€ £ € (a,anpn]} + e O B g, 0) = Flay) +1/(27 )
By the definition of h(x) this is equivalent to the following equality:
E{e"®); ¢ € (wn, wnpa]} + O F (@40) = " F (@) + 1727

Our induction hypothesis now holds with n + 1 in place of n as required.

Next, for any NV,

N
n=0

N
_ Z(eh(:ﬁn)f(xn) — M) F (01 + 1/2n+1)

n=0

< MV F(z0) + 1.
Hence, Ee™€) is finite. On the other hand, since €9 (z) > 2" forall x > x,,

E{eMO90); ¢ > 2,1 > 2"B{"©); ¢ > 2}
> 2 <E{eh(£)§§ € (Tn, Tny1]} + eh(xn+1)F(xn+l))

=2" (eh(x")F(:cn) + 1/2"+1).

Then E{eM&+9(8); ¢ > 2, } > 1/2 for any n, which implies Ee™&)+9() = 0. Note also
that necessarily lim,, .~ £, = 0; otherwise lim inf h(x)/x > 0 and ¢ is light tailed. O
r—00
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The latter theorem can be strengthened in the following way (for the proof see [19]):

Theorem 2.10. Let & > 0 be a random variable with a heavy-tailed distribution. Let
f: Rt — R be a concave function such that Eef©) = co. Let the function g : RT™ — R be

such that g(x) — oo as x — oo. Then there exists a concave function h : RT™ — R such
that h < f, Ee"©) < 00, and EeM&)+98) =

2.3 Lower limit for tails of convolutions

Recall that the convolution F' + G of any two distributions F' and G is given by, for any
Borel set B,

(F+G)(B /FB )Gdy) = /GB ) F(dy),

where B—y = {z —y : « € B}. If, on some probability space with probability measure P,
¢ and 7 are independent random variables with respective distributions F’ and G, then (F
G)(B) = P{¢ + n € B}. The tail function of the convolution, the convolution tail, of F
and G is then given by, for any = € R,

FrGlx) = ]P’{f—i—77>x}—/ Tz — y)Gldy) = /Ga:— F(dy).

Now let F be a distribution on R™. In the present section we discuss the following lower
limit:

lim inf M,

in the case where F' is heavy-tailed. We start with the following result.

Theorem 2.11. For any distributions Fi, ..., F,, on R with unbounded supports,

lim inf —— * * L:z:) > 1.
z—oo Fy(x)+ ...+ Fp(x)

Proof. Let &1, ..., &, be independent random variables with respective distributions F7,
., F},. Since the events {§;, > x,&; € [0, 2] forall j # k} are disjoint for different &, the
convolution tail can be estimated from below in the following way:

v

ZP{fk > x,&; € [0, 2] forall j # k}

I
-1
=

w(@) ] Fi(=)

k=11 j£k

3 |l

~ Fp(xr) asz — oo,
1

B
Il

which implies the desired statement. Additionally note that we have heavily used the condi-
tion Fj(R™) = 1; for distributions on the whole real line the conclusion in general fails. [
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It follows in particular that, for any distribution ' on R™ with unbounded support and for
any n > 2,

F*n
limint &) 5 2.6)
In particular,
FxF
fmint L2 EE) S o 2.7)

As already discussed in the Introduction, in the light-tailed case the limit given by the
left side of (2.7) is typically greater than 2. For example, for an exponential distribution it
equals infinity. Thus we may ask under what conditions do we have equality in (2.7). We
show that heavy-tailedness of F'is sufficient.

Theorem 2.12. For any heavy-tailed distribution F on R,

limint 25 EE) o (2.8)

Proof. By the lower bound (2.7), it remains to prove the upper bound only,

lim inf LF(:E)

<2.

Assume the contrary, i.e., there exist § > 0 and x( such that
FxF(z)>(2+06)F(z) forallz > xg. (2.9)

Applying Theorem 2.9 with g(x) = Inx, we can choose an increasing concave function
h : Rt — R* such that Ee"(€) < oo and E€e™&) = co. For any positive b > 0, consider
the concave function

hy(z) := min{h(x), bx}.

Since F is heavy-tailed, h(x) = o(x) as  — oo; therefore, for any fixed b there exists x1
such that hy(x) = h(z) for all z > x;. Hence, Ee™(€) < oo and E¢eM (&) = oo,

For any x, we have the convergence hy(z) | 0 as b | 0. Then Ee™(€) | 1asb | 0. Thus
there exists b such that

Ee ) < 144/4. (2.10)
For any real a and ¢, put al!! = min{a,¢}. Then
E( gﬂ + géﬂ)ehb(fl-ﬂ-éz) — QEdﬂehb(EﬁEz) < 2E€£t]ehb(fl)+hb(§2)’
by the concavity of the function h;. Hence,

[t | ([t by (€1+62) [t] oho (€1) R oho (62)
E (¢! —i—{%)eb 1+62 §2E§16€ﬂ1Eeb 2
E& ehv(€r) E&( e (&)
= 2EeM (&) <24 §/2, (2.11)
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by (2.10). On the other hand, since (£; 4 &) < d” + 55”,

E( gﬂ + géﬂ)ehb(€1+£2) - E(& 4 &) Ete2)
Eellen (&) - Eelleh ()
_ Jo~ alem O (F « F)(de)

= . 2.12
fooo :z:[t]ehb(x)F(dx) ( )

The right side, after integration by parts, is equal to

[ F+ F(z)d(zlfleho(@))
o= Fa)d(aln)

Since E&e(€1) = oo, in the latter fraction both the integrals in the numerator and the
denominator tend to infinity as ¢ — oo. For the increasing function hy(x), together with the
assumption (2.9) this implies that

JoS F x F(x)d(zem @)

lim inf — >2+0.
lgg)l fooo F(w)d(w[t]ehb(m)) Z 2+
Substituting this into (2.12) we get a contradiction to (2.11) for sufficiently large ¢. O

It turns out that the ‘lim inf” given by the left side of (2.7) is equal to 2 not only for heavy-
tailed, but also for some light-tailed, distributions. Here is an example. Let F' be an atomic
distribution at the points z,,, n = 0, 1, ..., with masses py,, i.e., F{z,,} = p,. Suppose that
zo = 1 and that x,,4; > 2z, for every n. Then the tail of the convolution F'* F' at the point
r, — 1 is equal to

W(wn —1) = (FXF)([zn,0) X R*) + (FXF)([0, zp—1] X [zp,00))
~ 2F(x, —1) asn — oo.
Hence,

FxF(z, —1
fim @ =1
n—oo  F(z, —1)

From this equality and from (2.7),

FxF
liminf L2 @) o (2.13)
Take now z,, = 3", n =0, 1,...,and p, = ce™3", where ¢ is the normalising constant.

Then F' is a light-tailed distribution satisfying the relation (2.13).

We conclude this section with the following result for convolutions of non-identical dis-
tributions.

Theorem 2.13. Let F and F» be two distributions on R™. If the distribution F} is heavy-
tailed, then

lim inf fFl + Fafz)

= = (2.14)
z—oo F'y(x) + Fa(x)
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Proof. By Theorem 2.11, the left side of (2.14) is at least 1. Assume now that it is strictly

greater than 1. Then there exists € > 0 such that, for all sufficiently large z,
)« F
N B@) g 2.15)
Fi(x) + Fa(x)

Consider the distribution G = (F} + F3)/2. This distribution is heavy-tailed. By Theorem
2.12 we get

lim inf M =2 (2.16)

e Gl)

On the other hand, (2.15) and Theorem 2.11 imply that, for all sufficiently large =z,

Fy % Fl(ﬂj‘) + Fy % FQ(I‘) + 2F * FQ(I‘)

Gx+xG(x) = 1
S 2(1 —e)F1(z) + 2(1 — &) Fa(x) + 2(1 + 2¢)(F1(z) + Fa(x))
- 4
= 2(1+¢/2)G(x),
which contradicts (2.16). L]

2.4 Long-tailed functions and their properties

Our plan is to introduce and to study the subclass of heavy-tailed distributions which are
long-tailed. Later on we will study also long-tailedness properties of other characteristics
of distributions. Therefore, we find it reasonable to start with a discussion of some generic
properties of long-tailed functions.

Definition 2.14. An ultimately positive function f is long-tailed if and only if

lim flz+y)

AT =1, forall y > 0. 2.17)

Clearly if f is long-tailed then we may also replace y by —y in (2.17).

The following result makes a useful connection.

Lemma 2.15. The function f is long-tailed if and only if g(x) := f(logx) (defined for
positive x) is slowly varying at infinity, that is, for any fixed a > 0,

g(azx)
g()

— 1 asx — oo.

Proof. The proof is immediate from the definition of g since

glar) _ f(oga + loga)
o)~ flloga)
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If f is long-tailed then we also have uniform convergence in (2.17) over y in compact
intervals. This is obvious for monotone functions, but in the general case the result fol-
lows from the Uniform Convergence Theorem for functions slowly varying at infinity, see
Theorem 1.2.1 in [8]. Thus, for any a > 0, we have

‘Sl|lp |f(z) — f(x +y)| =o(f(x)) as x — oo. (2.18)
y|<a

We give some quite basic closure properties for the class of long-tailed functions. We
shall make frequent use of these—usually without further comment.

Lemma 2.16. Suppose that the functions f1, ..., f, are all long-tailed. Then
(i) the function f1(c1 + cox) is long-tailed;
(1) if f ~ > p_qckfr wherecy, ..., ¢p > 0, then f is long-tailed;

(iii) the product function fi - - - fy, is long-tailed;

(iv) the function min(fy,. .., f,) is long-tailed;
(V) the function max(fi, ..., fn) is long-tailed.

Proof. The proofs of (i)—(iii) are routine from the definition of long-tailedness.

For (iv) observe that, for any a > 0 and any =, we have

n<f1(w+a) fz(w+a)>  min (fi(z +a), fo(x +a))
@ 0 R@ )T min(h@) f@)
filz +a) fo(z+a)
Sm‘”‘( f@ A )

Since f1, f2 are long-tailed the result now follows for the case n = 2. The result for general
n follows by induction.

For (v) observe that, analogously to the argument for (iv) above, for any a > 0 and any
x, we have

n<f1($+a) f2(x+a)> o max (fi(z +a), fo(z +a))
filz) 7 fa(w) - max (f1(z), fa())
filz+a) fo(z+a)
Smax( A@) 0 R@ )

and the result now follows as before. O

We now have the following result.

Lemma 2.17. Any long-tailed function f is heavy-tailed and, moreover, satisfies the fol-
lowing relation: for every A > 0,

lim f(z)e’ = oco.

Proof. Fix A > 0. Since f is long-tailed, f(z + y) ~ f(x) as * — oo uniformly in
y € [0, 1]. Hence, there exists z such that, for all z > ¢ and y € [0, 1],

flx+y) > fla)e ™M
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Then f(zo +n 4 y) > f(zo)e M"D/2 foralln > 1 and y € [0, 1], and, therefore,
liminf f(z)e? > fxo) lim e ATD/2A — oo,
T—00 n—oo

so that the lemma now follows. O

However, it is not difficult to construct a heavy-tailed function f which is not long-tailed.
Put

f(z) = i 2 {2 < < 2.
n=1

Then, for any A > 0,

limsup f(2)e* > limsup 27" " = oo,
T—00 n—oo
so that f is heavy-tailed. On the other hand,
n
liminfM < liminfM = 17

which shows that f is not long-tailed.

h-insensitivity. We now introduce a very important concept of which we shall make fre-
quent subsequent use.

Definition 2.18. Given a strictly positive non-decreasing function h, an ultimately positive
function f is called h-insensitive (or h-flat) if

sup |f(x+y)— f(x)] =o(f(x)) asz — oo, uniformly in |y| < h(x). (2.19)
ly|<h(z)

It is clear that the relation (2.19) implies that the function f is long-tailed, and conversely
that any long-tailed function is h-insensitive for any constant function k. The following
lemma gives a strong converse result, which we shall use repeatedly in Section 2.7 and
subsequently throughout the monograph.

Lemma 2.19. Suppose that the function f is long-tailed. Then there exists a function h
such that h(x) — oo as x — oo and f is h-insensitive.

Proof. For any integer n > 1, by (2.18), we can choose x,, such that

sup |f(x+y) — f(2)] < f(z)/n  forall x > x,.
lyl<n

Without loss of generality we may assume that the sequence {z,,} is increasing to infinity.
Put h(z) = n for x € [x,,Tp41]. Since x, — oo as n — oo, we have h(x) — oo as
x — 00. By the construction we have

sup |f(z+y) — f(z)] < f(z)/n

ly|<h(x)

for all x > x,,, which completes the proof. O
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One important use of h-insensitivity is the following. The “natural” definition of long-
tailedness of a function f is that of h-insensitivity with respect to any constant function
h(x) = a for all x and some a > 0. The use of this property in this form would then require
that both the statements and the proofs of many results would involve a double limiting
operation in which first x was allowed to tend to infinity, with the use of the relation (2.18),
and following which a was allowed to tend to infinity. The replacement of the constant a by
afunction A itself increasing to infinity, but sufficiently slowly that the long-tailed function f
is h-insensitive, not only enables two limiting operations to be replaced with a single one in
proofs, but also permits simpler, cleaner and more insightful presentations of many results
(a typical example is the all-important Lemma 2.33 in Section 2.7).

Now observe that if a long-tailed function f is h-insensitive for some function h and
if a further positive non-decreasing function % is such that h(z) < h(z) for all z, then
(by definition) f is also h-insensitive. Two trivial, but important (and frequently used),
consequences of the combination of this observation with Lemma 2.19 are given by the
following proposition.

Proposition 2.20.

(1) Given a finite collection of long-tailed functions f1, ..., fn, we may choose a single
Sfunction h with respect to which each of the functions f; is h-insensitive;

(ii) given any long-tailed function f and any positive non-decreasing function h, we may
choose a function h such that h(x) < h(z) for all x and f is h-insensitive.

Proof. For (i), note that for each ¢ we may choose a function h; such that f; is h;-insensitive,
and then define h by h(z) = min; h;(z).

For (ii), note that we may take h(z) = min(h(z), h(z)) where h is such that f is h-
insensitive. 0

Finally we note that a further important use of h-insensitivity is the following. For any
given positive function h, increasing to co, we may consider the class of those distributions
whose (necessarily long-tailed) tail functions are h-insensitive. For varying h, this gives a
powerful method for the classification of such distributions, which we explore in detail in
Section 2.8.

2.5 Long-tailed distributions

As we discussed in the Introduction, all heavy-tailed distributions likely to be encountered in
practical applications are sufficiently regular as to be long-tailed, and it is the latter property,
as applied to distributions, which we study in this section.

First, for any distribution /" on R, recall that we denote by R the hazard function R(z) :=
—In F'(x). By definition, R is always a non-decreasing function and

1) - R(x) — 1 @D
Rz +1)— R(z) = —1 T

Definition 2.21. A distribution F on R is called long-tailed if F(x) > 0 for all x and, for
any fixed y > 0, o o
F(z+vy) ~ F(z) as T — 00 (2.20)
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That is, the distribution F is long-tailed if and only if its tail function F is a long-tailed
function. Note that in (2.20) we may again replace y by —y. Further, for a distribution F' to
be long-tailed it is sufficient to require (2.20) to hold for any one non-zero value of y. Note
also that the convergence in (2.20) is again uniform over y in compact intervals.

We shall write £ for the class of long-tailed distributions on R. Clearly F' € L is a tail
property of the distribution F, since it depends only on {F(z) : x > o} for any finite .
Further, it follows from Lemma 2.17 that if the distribution F' is long-tailed (F' € L) then
F is a heavy-tailed function, and so, by Theorem 2.6, F' is also a heavy-tailed distribution.
However, as the example following Lemma 2.17 shows, a heavy-tailed distribution need not
be long-tailed.

The following lemma gives some readily verified equivalent characterisations of long-
tailedness.

Lemma 2.22. Let F be a distribution on R with right-unbounded support, and let £ be a
random variable with distribution F. Then the following are equivalent:

(i) the distribution F is long-tailed (F € L);
(ii) for any fixed y > 0, F(x,z +y] = o(F(x)) as x — oo;
(iii) forany fixedy >0, P{{ > x4+ y|& >z} — lasx — oo;

(iv) the hazard function R(x) satisfies R(x + 1) — R(x) — 0 as © — oc.

Analogously to Lemma 2.16 we further have the following result.

Lemma 2.23. Suppose that the distributions F1, ..., F,, are all long-tailed (i.e. belong to
the class L) and that £.,. . . &, are random variables with distributions F1, ..., F, respec-
tively. Then

(i) for any constants ¢y and cg > 0, the distribution of ca€1 + c1 is long tailed;

(i) if F(x) ~ > p_q ckFr(z) where cy, ..., cp > 0, then F is long-tailed;
(iii) if F(z) = min(Fy(z),. .., Fn(x)), then F is long-tailed;

(iv) if F(x) = max(Fi(z),..., F,(z)), then F is long-tailed;

(V) the distribution of min(&,, . . ., &,) is long-tailed;

(vi) the distribution of max (&1, ... ,&y,) is long-tailed.

Proof. The proofs follow from the application of Lemma 2.16 to the corresponding tail
functions. In particular (v) and (vi) follow from (i) and (iii) of Lemma 2.16. ]

2.6 Long-tailed distributions and integrated tails

In the study of random walks in particular, a key role is played by the integrated tail distri-
bution, the fundamental properties of which we introduce in this section.

Definition 2.24. For any distribution ¥’ on R such that

/OO F(y)dy < oo, (2.21)
0
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(and hence [ F(y) dy < oo for any finite ) we define the integrated tail distribution Fy
via its tail function by

F(z) = min <1, / F(y)dy> . (2.22)
Note that if £ is a random variable with distribution F' then
| Ty =Bl > 0} - aP(¢ > 0} =Ble - mE>a).  223)

The following characterisation will frequently be useful.
Lemma 2.25. Suppose that the distribution F' is such that (2.21) holds. Then F7 is long-
tailed if and only if F(x) = o(F1(x)) as x — oo.

Proof. The integrated tail distribution F7 is long-tailed (7 € L) if and only if Fi(z) —
Fr(x+1) = o(F(zx)), or, equivalently, F;(x) — Fy(x+1) = o(Fr(x+1)). The required
result now follows from the inequalities

F(x+1) < Fr(x) — Fi(z +1) < F(x),
valid for all sufficiently large z. O

Lemma 2.26. Suppose that the distribution F' is long-tailed (F € L) and such that (2.21)
holds. Then F is long-tailed as well (F; € L) and F(x) = o(F(z)) as © — oo.

Proof. The long-tailedness of FT follows from the relations, as © — oo,

Fj(x+t):/ooF(x—|—t—|—y)dy~/OOF(a:—i—y)dy:FI(a:),

for any fixed ¢. That F(x) = o(F[(z)) as  — oo now follows from Lemma 2.25. O

The converse assertion, that is, that long-tailedness of F implies long-tailedness of F, is
not in general true. This is illustrated by the following example.

Example 2.27. Let the distribution F be such that F(x) = 272" for € [2",2"+1). Then
F is not long-tailed since F'(2" — 1) /F(2") = 4 for any n, so that F((x — 1)/F(z) /4 1 as
x — oo. But we have 272 < F(z) < 422 for any = > 0. In particular, F';(z) > z~! and
thus F(z) = o(F(x)) as * — oo. Thus, by Lemma 2.25, F7 is long-tailed.

We now formulate a more general result which will be needed in the theory of random
walks with heavy-tailed increments, and is also of some interest in its own right. Let F' be
a distribution on R and y a non-negative measure on R such that

o0
/ F(t)u(dt) < oo. (2.24)
0
We may then define the distribution F,, on R™ given by

F,(z) := min (1, /OOO F(x+ t)u(dt)>, x> 0. (2.25)

If 1 is the Lebesgue measure, then F), is the integrated tail distribution. We can formulate
the same question as for F7: what type of conditions on F' imply long-tailedness of F},?
The answer is given by the following theorem.
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Theorem 2.28. If F' is a long-tailed distribution, then I, is a long-tailed distribution and,
for any fixed y > 0,

Fulx+y)~ Fu(x)

as x — oo uniformly in all p satisfying (2.24), that is,

F
inf jof FelPEY) o — 00. (2.26)
woa>zo I (x)

If, in addition, F(z & h(x)) ~ F(x) as x — oo, for some positive function h, then (2.26)
holds with +h(x) in place of y.

Proof. Fix ¢ > 0. Since F(x + y + u) ~ F(x + u) as z — oo uniformly in u > 0, there
exists xg such that

Fulz+y) > (1—¢)F,(x) forallz > .

Then, for all z > xg and p,

Fuat) = [ Fl+y+wutd) > 1-2) [ Fla+wutdn = Fia)

Letting ¢ — 0 we obtain the desired result. The same argument holds when y is replaced
by +h(x). O

2.7 Convolutions of long-tailed distributions

We know from Theorem 2.11 that for any distributions F' and G on the positive half-line R
FxG(z)

lim inf —

@) (2.27)
z—o00 F(x) + G(x)

In order to get the same result for distributions on the whole real line R, we assume some
of distributions involved to be long-tailed. The assumption of the theorem below seems to
be the weakest possible.

Theorem 2.29. Let the distributions F1, ..., Iy, on R be such that the function Fi(z) +
...+ Fy(x) is long-tailed. Then, for any distribution G,

lim inf 2L * X Gl@)
z—oo Fy(x)+ ...+ Fp(x)

In particular (2.28) holds whenever each of the distributions F; is long-tailed.

(2.28)

Proof (cf Theorem 2.11). Let &4, ..., &, and n be independent random variables with re-
spective distributions F1, ..., F;, and G. For any fixed a > 0, we have the following lower
bound:

Fy*...xF,*G(z) > ZP{&: >z +na,§ € (—a, x| forall j # k,n > —a}
k=1

= G(~a) ka(x + na) H Fj(—a,z]. (2.29)
k=1 j#k
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For every € > 0 there exists a such that Fj(—a,a] > 1 — ¢ for all j and G(—a) > 1 —&.
Thus, for all x > a,

Fix...«F,xG(z) > (1 —5)"ka(x+na).
k=1

Since the function F'; + ...+ F,, is long-tailed,
Fy*...x F,xG(x)

liminf = — > (1—¢e)".
z—oo Fy(x) 4 ...+ Fp(x)
The required result (2.28) now follows by letting ¢ — 0. O

For identical distributions, Theorem 2.29 yields the following corollaries.
Corollary 2.30. Let the distribution F on R be long-tailed (F' € L). Then, for anyn > 2,

T*n
lim inf Ff (=) >
Corollary 2.31. Let the distribution F' on R be F' is long-tailed (FF € L) and let the
distribution G be such that G(a) = 0 for some a. Then F x G(z) ~ F(x) as x — oo.

Proof. Since G(a) = 0, we have F * G(x) < F(z — a). Thus since F is long-tailed we
have

F
lim sup iiG(x) <1.
Combining this result with the lower bound of Lemma 2.29 in the case n = 1, we obtain
the desired equivalence. O

In order to further study convolutions of long-tailed distributions, we make repeated use
of two fundamental decompositions. Let h > 0 and let £ and 1 be independent random
variables with distributions £’ and G respectively. Then the tail function of the convolution
of F' and G possesses the following decomposition: for x > 0,

FxGx)=P{+n>x,E <h}+P{E+n> 2,6 > h). (2.30)
If in addition A < x/2 then
=P{{+n>a,6<h}+P{{+n>z,n<h}+P{{+n>z,{>h,n>h}, (231)
sinceif ¢ < handn < hthené +n < 2h <uz.

Note that
h —

Ple+n>ng<h)= [ Ola-y)Fdy) 2.32)
while the probability of the event { + 7 > x,£ > h,n > h} is symmetric in F' and G and
B¢+ 7> 0,6 > hoy> ) = [ Flmax(h, - )Gldy)

h

= /hoo G(max(h,x — y))F(dy). (2.33)
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Definition 2.32. Given a strictly positive non-decreasing function h, a distribution ' on R
is called h-insensitive if its tail function F’ is an h-insensitive function (see Definition 2.18).
Since F' is monotone, this reduces to the requirement that F'(z + h(z)) ~ F(x) as z — oo.

Recall from the results for h-insensitive functions that a distribution F' is long-tailed if
and only if there exists a function h as above with respect to which F' is h-insensitive.

For long-tailed distributions F' and G we shall now make particular use of the decompo-
sition (2.31) in which the constant  is replaced by a function h increasing to infinity (and
with h(z) < 2/2 for all ) and such that both F' and G are h-insensitive.

The following three lemmas are the keys to everything that follows later in this section.

Lemma 2.33. Suppose that the distribution G on R is long-tailed (G € L) and that the
positive function h is such that h(x) — oo as © — oo and G is h-insensitive. Then, for any
distribution F', as v — oo,

hz) _ _
[ G- wr ~ G,

—0o0

| Ty ~ O
z—h(x)

Proof. The existence of the function h is guaranteed by Lemma 2.19. We now have
h(z)

G(z — y)F(dy) < G(z — h(z)).

—00

On the other hand we also have,

h(z) h(z)
Gla — y)F(dy) > / Glx — y)F(dy)
—00 —h(z) B

> F(—h(x), h(z)|G(z + h(z))
~ G(x+ h(z)) asz — oo,

where the last equivalence follows since h(z) — oo as  — oo. The first result now follows
from the choice of the function k. The second result follows entirely similarly: the integral is
again bounded from above by G (z — h(z)) and from below by F'(—h(z), h(x)|G(z+h(x))
and the result follows as previously. O

Remark 2.34. Note the crucial role played by the monotonicity of the tail function G in the
proof of Lemma 2.33—something which is not available to us in considering, for example,
densities in Chapter 4.

We now prove a version of Lemma 2.33 which is symmetric in the distributions F' and
G, and which allows us to get many important results for convolutions—see the further
discussion below.

Lemma 2.35. Suppose that the distributions F and G on R are such that the sum F + G of
their tail functions is a long-tailed function (equivalently the measure F' + G is long-tailed
in the obvious sense) and that the positive function h is such that h(x) — oo as © — 00
and F 4 G is h-insensitive. Then

h(z) h(z) _ _
/ G(z —y)F(dy) + / F(z —y)G(dy) ~ G(x) + F(z) asz — oo.

—00
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Proof. The proof is simply a two-sided version of that for the first assertion of Lemma 2.33.
The existence of the function A is again guaranteed by Lemma 2.19. Now note first that

h(z) h(z) . _
[ G-+ [T -G < Gl - b)) + Flo - hia),

—00 —00

and second that

h(z) h(z) _
/ Gl — y)F(dy) + / Pz — y)G(dy)

h(z) h(z)

> Gz — y)F(dy) + / F(z —y)G(dy)

— —h(z)
F(=h(z), h(2)|G(z + h(z)) + G(=h(z), M(z)]F(z + h(z))
~G(x+ h(z))+F

(x 4+ h(x)) asx — oo,

where the last equivalence follows since h(x) — oo as  — 0o. The required result now
follows from the choice of the function h. O

Note that special cases under which F' + G is long-tailed are (a) F and G are both long-
tailed—in which case Lemma 2.35 (almost) follows from 2.33, and (b) F' is long-tailed and
G(z) = o(F(x)) as & — oo.

In various calculations we need to estimate the “internal” part of the convolution. The
following result will be useful.

Lemma 2.36. Let h be any increasing function on R™ such that h(x) — oc. Then, for any
distributions Fy, Fy, G1 and G5 on R,

lim sup P{&+m >2,& > M), m > h(z)} Fi(z) . lim sup Gi(z)

T—00 P{€2 + 12 > {L',fg > h(l’),ng > h(x)} T - Fg(l') T—00 Gig(l'y

where &1, £, 11, and 1o are independent random variables with respective distributions F1,
Fg, Gl, and GQ.

In particular; in the case where the limits of the ratios Fy(z)/Fs>(z) and G1(x)/G2(z)
exist, we have

P& +m > 2,6 >h@)m>h@)}  FE) . Gi)
B T > 1 > h(@) e > h()] e y(n) e Ga(a)

Proof. Tt follows from (2.33) that

P{& +n1 > 2,86 > h(z),m > h(x)}

Fi(z) [* =
S / Fy(max(h(z), = — )G (dy)
(

Fl Z) B
z>h 2(2)/ Gr(max(h(z), @ - y)) Fa(dy).
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Similarly,

Gi(2) [

< sup 29 [ G, max(h(a), = — 1) Fa(dy)
z>h(z) GZ(Z) h(z)
= sup &(z)]?{& +m2 > x,& > h(x),n > h(zx)}.

Combining these results and recalling that h(z) — oo as  — oo, we obtain the desired
conclusion. t

Definition 2.37. Two distributions F' and GG with right-unbounded supports are said to fail-
equivalent if F(z) ~ G(z) as x* — oo (i.e. limy o0 F(2)/G(z) = 1).

In the next two theorems we provide conditions under which a random shifting preserves
tail equivalence.

Theorem 2.38. Suppose that Fy, F», and G are distributions on R such that F1(z) ~
Fo(x) as x — oo. If G is long-tailed then Fy x G(x) ~ Iy * G(x) as x — oc.

Proof. By Lemma 2.19 we can find a function A such that h(x) — oo and

G(r+h(z)) ~G(x) asxz — oo,

i.e. G is h-insensitive. We use the following decomposition: for k = 1, 2,

FrvGla) = ( / S | )mx —y)Gldy). (2.3

—o0 —h(z)

It follows from the tail equivalence of F; and F» that F'y(x — y) ~ Fa(x —y) as 2 — oo
uniformly in y < & — h(x). Thus,

x—h(z) z—h(z)
/ Fi(z — y)Gldy) ~ / Pz — y)G(dy) (2.35)
as x — oo. Next, by Lemma 2.33, for k = 1, 2,

/OO Fr(z —y)G(dy) ~ G(z) asz — oo. (2.36)
x—h(x)

Substituting (2.35) and (2.36) into (2.34) we obtain the required equivalence Fi * G(x) ~
Fy « G(x). O

Theorem 2.39. Suppose that I, Fs, G1, and G are distributions on R such that Fi(z) ~
Fo(x) and Gi(x) ~ Gao(x) as © — oo. If the function F1 + Gy is long-tailed then
F1 « Gy(z) ~ Fy x Ga(x) as x — oo
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Proof. The conditions of the theorem imply that the function Fy + G is similarly long-
tailed. By Lemma 2.19 and the following remark we can choose a function h such that
h(z) — coasz — oo, h(x) < x/2and, fork =1, 2,

Fr(z £ h(z)) + Gr(z £ h(z)) ~ Frp(x) + Gp(z) asx — oo,

i.e. F;, + G, is h-insensitive. We use the following decomposition which follows from
(2.31)-(2.33):

hz) h(z)
i v Gla) = / ol — y)Gr(dy) + / Gl — y) Fi(dy)

—00 —00

(o ¢]

+/ Fr(max(h(x),x —y))Gr(dy). (2.37)
h(z)

Since Fi and F5 are tail equivalent and G; and G are tail equivalent, it follows from

Lemma 2.36 that, as x — oo,

| Fatma(hie),a~ 9)Grld) ~ [ Falmax(h(o). o~ 1))Galdy).
He) we) (2.38)

Further, by Lemma 2.35, for £ = 1,2 and as z — oo,

h(z) h(z) _ _
/ Fr(z — 4)Caldy) + / Gl — y)Fildy) ~ Fa(x) + Ga(z). (2.39)

—00 —00

Substituting (2.38) and (2.39) into (2.37) we obtain the required equivalence F} * G1(z) ~
Fy x Go(x). ]

We now use Theorem 2.39 to show that the class L is closed under convolutions. This is
a corollary of the following result.

Theorem 2.40. Suppose that the distributions F' and G are such that F' is long-tailed and
the measure F + G is also long-tailed (i.e. the sum F + G of the tail functions of the two
distributions is long-tailed). Then the convolution F' x G is also long-tailed.

Proof. Fix y > 0. Take F; = F and F; to be equal to F shifted by —y, that is, F'a(
F(z +y). Then F; * G is equal to F * G shifted by —y. Since F is long-tailed, F'1(
Fo(z). Since also F'1 + G is long-tailed, it follows from Theorem 2.39 with G1 = Go
that F} « G(x) ~ Fy « G(z). Hence F « G(z) ~ F x G(x + y) as © — 0.

x)
x) ~
=G
O
Both the following corollaries are now immediate from Theorem 2.40 since in each case

the measure F' + G is long-tailed.

Corollary 2.41. Let the distributions F' and G be long-tailed. Then the convolution F' x G
is also long-tailed.

Corollary 2.42. Suppose that F' and G are distributions and that F' is long-tailed. If

G(x) = o(F(z)) as x — oo, then F * G is long-tailed.

Finally in this section we have the following converse result.
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Lemma 2.43. Let I and G be two distributions on R™ such that F' has unbounded support
and G is non-degenerate at 0. If G(z) < cF(x) for some ¢ < oo and
* G(x)

lim sup =

<1 2.40

then F is long-tailed.

Proof. Take any a such that G(a, c0) > 0 which is possible because G is not concentrated
at 0. Since for any two distributions on R™

Fx«G(z) = / F(z —y)G(dy) + G(x),
0
it follows from the condition (2.40) that

/0 "Fle— y)Gldy) < F(z) + o(F(x) + Clx)
= F(z)+o(F(x)) asz — oo,

due to the condition G(z) < cF(x). This implies that

/ " F(a -y, 2]G(dy) = / "(Fla —y) - F(2))Cldy)
0 0

= o(F(x)) asz — oo.

The left side is not less than F'(x — a, z]G(a, z], hence F'(z — a,z] = o(F'(x)) as x — oc.
The latter relation is equivalent to F'(z — a) ~ F'(x) which completes the proof. O

2.8 h-insensitive distributions

Let F be a long-tailed distribution (F € L), i.e. a distribution whose tail function F is such
that for some (and hence for all) non-zero y, we have F(x +y) ~ F(z) as x — oco. We
saw in Lemma 2.19 that we can then find a non-decreasing positive function h such that
h(z) — oo as ¢ — oo and

F(x+y) ~ F(z) uniformly in |y| < h(zx), (2.41)

i.e. such that the distribution F’ is h-insensitive (see Definition 2.32).

In this section we turn this process around: we fix a positive function ~A which is increas-
ing to infinity, and seek to identify those long-tailed distributions which are h-insensitive.
By varying the choice of h, we then have an important technique for classifying long-tailed
distributions according to the heaviness of their tails and for establishing characteristic prop-
erties of various classes of these distributions.

As a first example, consider the function & given by h(x) = ex for some € > 0; then the
class of h-insensitive distributions coincides with the class of distributions whose tails are
slowly varying at infinity, that is, for any € > 0,

F((1+¢)x)

— —1 asxz — oo. (2.42)
F(x)
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These distributions are extremely heavy; in particular they do not possess any finite positive
moments, that is, [ 27F(dz) = oo for any v > 0. Examples are given by distributions F
with the following tail functions:

F(z)~1/In"z, F(z)~1/(Inlnz)” asz — 0, ~>0.

Regularly varying distributions We introduce here the well-known class of regularly
varying distributions, and consider their insensitivity properties.

Definition 2.44. An ultimately positive function f is called regularly varying at infinity
with index o € R if, for any fixed ¢ > 0,

flex) ~ c“f(x) asz — oo. (2.43)

A distribution F' on R is called regularly varying at infinity with index —a < 0 if F(cx) ~
c~“F(x) as * — oo, that is, F'(x) is regularly varying at infinity with index —a < 0.

Particular examples of regularly varying distributions which were introduced in Section
2.1 are the the Pareto, Burr, and Cauchy distributions.

If a distribution F' on R* is regularly varying at infinity with index —a < 0, then all
moments of order v < « are finite, while all moments of order v > « are infinite. The
moment of order v = « may be finite or infinite depending on the particular behaviour of
the corresponding slowly varying function (see below).

If a function f is regularly varying at infinity with index « then we have f(x) = z®I(x)
for some slowly varying function /. Hence it follows from the discussion of Section 2.4 that,
for any positive function h such that h(z) = o(x) as + — oo, we have f(z + y) ~ f(z)
as x — oo uniformly in |y| < h(z); we shall then say that f is o(z)-insensitive. Similarly
we shall say that a distribution F is o(x)-insensitive if its tail function F is o(z)-insensitive.
Thus distributions which are regularly varying at infinity are o(x)-insensitive.

Intermediate regularly varying distributions It turns out that the property of o(x)-
insensitivity characterises a slightly wider class of distributions than that of distributions
whose tails are regularly varying, and we now discuss this.

Definition 2.45. A distribution F' on R is called intermediate regularly varying if

im Tim inf £ L) (2.44)
el0 z—o0 F(x)

Any regularly varying distribution is intermediate regularly varying. But the latter class
is richer. We provide first a simple example. Take any density function g which is regularly
varying at infinity with index —a < —1. Then, by Karamata’s Theorem, the corresponding
distribution GG will be regularly varying with index —a + 1 < 0. Now consider any density

function f such that c1g(x) < f(x) < cog(x), for some 0 < ¢; < ¢a < oo and for all x.
The corresponding distribution F' is intermediate regularly varying because

F(r,z(1+¢)] < c2G(z,z(1+¢)] and F(z) > c1G(x).

On the other hand, F' is not necessarily a regularly varying distribution. We now have the
following characterisation result.
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Theorem 2.46. A distribution F' on R is intermediate regularly varying if and only if, for
any positive function h such that h(zx) = o(x) as  — oo,

F(z + h(x)) ~ F(x), (2.45)
i.e. if and only if F' is o(x)-insensitive.

Proof. 1t is straightforward that if F' is intermediate regularly varying then it is o(z)-
insensitive. Hence it only remains to prove the reverse implication. Assume, on the contrary,
that this implication fails. Thus let F' be a distribution which is o(z)-insensitive but which
fails to be intermediate regularly varying. The function

F(z(1
l(e) := liminf M

decreases in ¢ > 0, due to the monotonicity of F. Therefore, the failure of (2.44) implies

that there exists a positive ¢ such that I(¢) < 1 — 26 for any ¢ > 0. Hence, for any positive

integer n, we can find x,, such that

Flz,(1+1/n)) < (1 —=96)F(zy)

Without loss of generality we may assume the sequence {z,} to be increasing. Now put
h(z) = z/n for x € [z, xpy1). Then h(z) = o(z) as © — oco. However,
F h F h
lim inf w < lim inf M

= liminf F(xnil +1/n))
S 1- 57

which contradicts the o(z)-insensitivity of F. O

We now give an attractive probabilistic characterisation of intermediate regularly varying
distributions.

Theorem 2.47. A distribution F' on R is intermediate regularly varying if and only if, for
any sequence of independent identically distributed random variables &1, £o, ... with finite
positive mean,

F(Sh)
with probability 1, where S,, = &1 + ... + &,

—1 asn— oo (2.46)

Proof. We suppose first that F' is intermediate regularly varying; let £, &9, ...be any se-
quence of independent identically distributed random variables with finite positive mean,
and, for each n, let S, = & + ... 4+ &,; we show that then the relation (2.46) holds. Let
a = [E&;. Fix any € > 0. It follows from the definition of intermediate regular variation that
there is ng and a 6 > 0 such that
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Definition 4.17. A distribution F' on R is called A-long-tailed if F(x + A) is a long-tailed
function, that is, for any fixed y > 0,

Flz+y+A)
F(z+ A)

By the property (2.18) of long-tailed functions, the latter convergence holds uniformly over
all y in any compact set. We write also LA for the class of A-long-tailed distributions.
We consider here only finite intervals A, but if we allowed the interval to be infinite, A =
(0, 00), we would have L = L, the class of long-tailed distributions.

—1 asx — oo.

It follows from the definition that, if F' € LA for some interval A = (0,77, then F' €
Lya foranyn = 2,3, ... and also F' € L. To see this observe that, for any fixed y > 0 and
anyn € {2,3,...,00},

n—1
Flx +y+nA) = Flz+kT'+y+A)
k=0
n—1
~ F(zx 4+ kT + A) = F(x +nA).
k=0

Note that any distribution F' on the integer lattice with F'{n + 1} ~ F{n} asn — oo
(i.e. with a long-tailed density with respect to counting measure) may be also viewed as a
member of L with A = (0, 1].

In earlier chapters we dealt with tail functions of distributions (for any distribution F' and
for any z, the tail F(z) = F(z + A) with A = (0,00)). Tail functions are monotone
non-increasing, and this allowed us to prove Theorem 2.11. For finite intervals A, there is
in general no such monotonicity, and we need further restrictions, given by Theorem 4.18,
to obtain the inequality

. (F+G)(z + A)
b T A+ G+ A) =

Theorem 4.18. Let the distributions F' and G belong to the class L, where A = (0,T]
for some finite T'. Then

(4.23)

. (FxG)(x+A)
o T A+ G+ Ay & 4.24)

Proof. Let £ and n be two independent random variables with respective distributions F
and G. Fix any a > 0. For x > 2a, we have the following lower bound:

(FxG)z+A)2P{{+nex+ A [ff<a}+P{{+necaz+A, g <a}.
We also have the tail equivalences F'(z+y+A) ~ F(z+A) and G(x+y+A) ~ G(z+A)

as x — oo uniformly in |y| < a. Therefore, as © — oo,

P{{+nex+ A, |§]§a}:/[ ]G(a:—y—i-A)F(dy)

~ Gz + A) / Fldy)

[7a7a]

~ G(x + A)F[—a,a],
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and similarly

P{E+nez+ A, n <a} ~ F(z+ A)G[-a,al.

Letting a — oo implies the lower bound (4.23). Now assume that, on the contrary, the
equality (4.24) does not hold, that is,
lim inf (F+G)(@+4)
z—oo F(x +A)+ Gz + A)

Then there exist € > 0 and x( such that, for all x > zgand n > 0,

(F+xG)z+nT+A)> (1+e)(Fx+nT+A)+G(x+nT + A)).

> 1.

Summing over n > 0, we obtain
F+«G(x) > (1+ 5)(f(m) + é(az))

However, since F' € LA C L, it follows that the distribution F is heavy-tailed, and there-
fore the latter inequality contradicts Theorem 2.13. O

In the next theorem we prove that, for any A, the class £ A is closed under convolutions.

Theorem 4.19. Let the distributions F and G belong to the class L A for some finite interval
A =(0,T]. Then F x G € L.

Proof. Let £ and n be two independent random variables with respective distributions F' and
G. By Lemma 2.19 and Proposition 2.20 there exists a function h such that h(x) < z/2,
h(z) — oo and both F'(z + A) and G(x + A) are h-insensitive.

Consider the event B(x,t) = {{ +n € = + ¢+ A}. In order to prove that '« G € L,
we need to check that, for any ¢ > 0, P{B(z,t)} ~ P{B(x,0)} as © — oo. Since the
events {£ < x — h(x)} and {n < h(x)} together imply {£ + 7 < x}, we have the following
decomposition:

P{B(z,t)} = P{B(x,t), £ <@ — h(z)}
T+ P{B(z,1), 1 < h(z)} + P{B(z,t), £ > o — h(z), n > h(z)}. ©@25)
Forfixedt > 0,G(x +t—y+A) ~ G(x —y+ A) as & — oo uniformly in y < 2 — h(z),
since h(z) — oo. Therefore, as © — oo,

z—h(x)
P{B(x,t), £ <z — h(z)} = / Gla+t—y+ A)F(dy)

— 00

z—h(x)
~ / Gz —y + A)F(dy)

— 00

= P{B(z,0), £ <z — h(x)}. (4.26)
A similar argument shows that
h(zx)
P(B(r0) n<hw)) = [ Fla+t-y+A)G(y)

h(zx)
~ / Flz —y + A)G(dy)

— 00

= P{B(z,0), n < h(x)}. (4.27)
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Finally,
P{B(z,t), £ > x — h(z), n > h(z)}
= P{B(z,t), £ € (x — h(z),z — h(z) +t+T], n > h(x)}.

The value of the latter probability is at most

G(h(z))F(x — h(z) + (0,t + T]) = o F(x — h(z) + (0,t + T])) asz — occ.
Without loss of generality, we can assume that ¢ < 7'. Then,

F(z—h(z)+ (0,t+T]) < F(x —h(z)+ (0,T)) + F(z — h(z) + T + (0,T))
= o(F(z —h(z) + A)) +o(F(x — h(z) + T + A))

as x — o0o. Both terms on the right side of the above expression are of the order o( F'(x +
A)), by the choice of the function h. Thus, as x — oo,

P{B(xz,t), £ >z — h(z), n > h(x)} = o(F(x + A)). (4.28)
Combining (4.25)—(4.28) we conclude that
P{B(z,t)} = (14 o(1))P{B(z,0)} + o(F(z + A))
as x — 0o. The conclusion of the theorem now follows on applying Theorem 4.18. 0

By induction arguments we obtain the following corollary to Theorems 4.18 and 4.19.

Corollary 4.20. If F' € L, then, foralln > 2, F*" € LA and

4.5 A-Subexponential distributions

We continue our study of local properties by introducing the concept of A-subexponentiality.

As in the case of subexponential densities, there are two slightly different approaches
to the definition of A-subexponentiality of a distribution on the whole real line R, and
these approaches coincide if the support of the distribution is restricted to the positive half-
line RT. As earlier, the first definition—which is that we make below—seems in some
respects more natural, but does not possess the tail property. However, for distributions
on RT, A-subexponentiality is a tail property. The alternative definition is that a distri-
bution on R should be A-subexponential (to avoid confusion we might say conditionally
A-subexponential) if and only if the distribution conditioned on R is A-subexponential,
and here of course the tail property is preserved. Here we only touch the distributions on
the whole line R and provide only the first definition of A-subexponentiality; we then con-
centrate on distributions on RT, where the dilemma indicated above does not arise.

Definition 4.21. Let F' be a distribution on R with right-unbounded support. For any fixed
A = (0,T] for some finite T" > 0 we say that F' is A-subexponential if F' € L and

(F*F)(xz+ A)~2F(x+ A) asz — oc.
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Equivalently, a random variable £ has a A-subexponential distribution if the function
P{¢ € x + A} is long-tailed and, for two independent copies &; and & of &,

P{&i+ & ex+ A ~2P{ e x+ A} asz — oo.

In this and the following sections, we always consider finite intervals A. But if we al-
lowed the interval to be infinite, A = (0, 00), then the class of (0, c0)-subexponential
distributions would be none other than the standard class Sg of subexponential distributions
on the whole real line R. For all finite A, the typical examples of A-subexponential dis-
tributions are the same—in particular the Pareto, lognormal, and Weibull (with parameter
between 0 and 1) distributions, as we shall show in Section 4.6. Also, many properties of
A-subexponential distributions with finite A are very close to those of subexponential dis-
tributions, as we shall show below. However, we have to repeat (see the previous section)
that, for any distribution F', in contrast to the tail function F, the function F' (x + A) may
be non-monotone. This leads to extra challenges in the study of A-subexponentiality (see
the example on non-monotonicity at the end of Section 4.6).

Note that, for any A = (0,7"), any distribution F' with subexponential density f is A-
subexponential since

z+T

(F F)(z+A) = / (f * H)(w)uldy)

T

z+T
~ 2/ fly)u(dy) =2F(x+ A) asz — oo.

Further, it follows from the definition that, if F'is A-subexponential, then F'is n/A-subexpo-
nential forany n = 2, 3,...and F' € Sg. To see this observe that, foranyn € {2,3,...,00}
and as x — o0,

n—1
P{&+Gex+nA) = Pla+&ex+ kD +A}
k=0
n—1
~2) P{{cax+kT + A}
k=0
= 2P{¢ € z + nA}.

Thus we have in particular that, for any A, the class of A-subexponential distributions is a
subclass of Sg.

Note also that if we consider the distributions concentrated on the integers, then the class
of (0, 1]-subexponential distributions consists of all distributions F' such that F'{n + 1} ~
F{n} and F**{n} ~ 2F{n} as n — oo, and so coincides with the class of distributions
with subexponential densities.

We now have the following theorem which characterises A-subexponential distributions
on the positive half-line R* and which is analogous to Theorem 3.6 or Theorem 3.7 for
subexponential distributions on R and to Theorem 4.7 for subexponential densities on R™.
Then Theorem 4.24 shows that, as for subexponentiality of densities, A-subexponentiality
is a tail property for distributions on R™. This latter result can also be deduced from Theo-
rem 4.22.
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Theorem 4.22. Suppose that the distribution F' on Ry is such that F' € La for some A.
Let &1 and &5 be two independent random variables with common distribution F. Then the
following assertions are equivalent:

(i) F is A-subexponential;

(ii) for every function h such that h(z) — oo as x — oo,
P{&+ & ex+ A8 > h(z), 6 > h(z)} =o(F(z+ A)); (4.29)

(iii) there exists a function h such that h(x) < z/2, h(z) — oo as x — oo, the function
F(x + A) is h-insensitive and the relation (4.29) holds.

Proof. (i)=-(ii). Suppose first that F' is A-subexponential. Define the event B = {£;+ &2 €
x + A}. Note that if (4.29) is valid for some function h, then it is valid for any function h
such that h; > h. Hence we may assume without loss of generality that h(x) < /2 for all
x. Then

P(B) =P{B,& < h(z)} + P{B,& < h(z)} + P{B,& > h(z), & > h(2)}
=2P{B,& < h(x)} + P{B,& > h(x), & > h(zx)}. (4.30)
By Fatou’s lemma,
P{B,& < h(z)} _ .. . /h(“”) Flz—y+A)
=1 f ——=— " F(dy) > 1. 4.31
imin ; EEN (dy) > (4.31)
Hence from (4.30), (4.31) and the Definition 4.21 of A-subexponentiality, we obtain (4.29).

That (ii) implies (iii) is trivial since the condition F' € L implies the existence of a
function with respect to which F'(x + A) is h-insensitive.

lim inf

(iili)=-(i). Now suppose that the condition (iii) holds for some function h. We again use
the decomposition (4.30) for B as defined above. Then

h(zx)
P{B,& < h(x)} = / F(z —y + A)F(dy)

h(zx)
~ F(z+ A) / Pldy)
0
~ F(z+A) as xr — 00,
and so (4.29) together with (4.30) implies the A-subexponentiality of F'. O

Next we prove the result which shows in particular that the subclass of A-subexponential
distributions on the positive half-line R is closed under the natural local tail-equivalence
relation.

Theorem 4.23. Let F' be a A-subexponential distribution for some A. Suppose that the
distribution G on R belongs to L A and the functions F(x + A) and G(x + A) are weakly
tail-equivalent, that is,
.. G+ A) . Gz + A)
0<l1 f———= <1 —_— . 4.32
SRS Py A S NP Ea A S (*32)
Then G is also A-subexponential. In particular, G is A-subexponential provided G(x +
A) ~ cF(x+ A) as x — oo for some ¢ > 0.
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Proof. Choose a function h such that h(x) < /2 for all z, h(x) — oo as  — oo and the
function g(x 4+ A) is h-insensitive. Let &1, &2, (1, (2 be independent random variables such
that & and & have common distribution F', and ¢; and (s have common distribution G. By
Theorem 4.22, it is sufficient to prove that

P{G + G e+ A,G > h(z), G > h(z)} = o(G(z + A)).

The probability on the left side of the above expression is not greater than

—h(x)+T
/ Gz —y+ A)G(dy) =: 1.
h(zx)

By the condition (4.32), for some c¢; < oo and for all sufficiently large x,

z—h(x)+T
[<a / Flo —y+ A)G(dy)
h(zx)

<aP{G+&er+ A G > h(z), 6 > h(z) - T}
z—h(z)+2T

< 01/ Gz —y+ A)F(dy).
h(z)-T

A repetition of the above argument now gives that

z—h(x)+2T

I< cf/ F(x —y+ A)F(dy)
h(z)-T

<AP{G+ & e+ A G > h(z) - 2T,& > h(z) — T}

= o(F(z + A))
= o(G(z + A)).
as required, where the third line in the above display again follows from Theorem 4.22. [
Theorem 4.24 shows in particular that the convolution of tail-equivalent A-subexponential
distributions on the positive half-line is also A-subexponential.

Theorem 4.24. Suppose that the distribution F' is A-subexponential, for some A. Let G1,
G be two distributions on R such that G1(z+A)/F(z+A) — ¢y and Go(z+A) /F(z+
A) — ¢y as x — oo, for some constants c¢1, co > 0. Then

(G1 % Go2)(x + A)
F(z+ A)

— c1+cy asxT — 0. (4.33)

Further, if ¢ + co > 0 then the convolution G * G is A-subexponential.

Proof. Let (1 and (2 be independent random variables with distributions G; and G respec-
tively. Let h be a function such that h(z) < x/2 for all x, h(x) — 0o as z — o0, and the
function F'(x + A) is h-insensitive. Define also the event B = {(; + (2 €  + A}. Then

P{B} =P{B, ¢ < h(z)} + P{B, ¢ < h(z)} + P{B, 1 > h(x),¢2 > h(z)}.  (4.34)
As in the last lines of the proof of Theorem 4.22, one can show that

P{B,¢1 < h(z)) ~ Ga(z + A)



86 CHAPTER 4. DENSITIES AND LOCAL PROBABILITIES

as r — 00, and then

P{B.G < h(z)} P{B, ¢ < h(z)}
F(z+A) > F(z +A)

— Cy. 4.35)

Following the same argument as that in the proof of Theorem 4.23, we obtain also that
P{B, (1 > h(z),( > h(z)} = o(F(z + A)). (4.36)

The result (4.33) now follows from (4.34)— (4.36).
The final assertion of the theorem follows from Theorem 4.23. O

By induction, Theorem 4.24 implies the following corollary.

Corollary 4.25. Suppose that the distribution F' is A-subexponential, for some A. Let G
be a distribution on R™ such that G(x + A)/F(z + A) — ¢ > 0 as © — oc. Then, for any
n>2 G"x+A)/F(x+ A) = ncasz — oo. If ¢ > 0, then G*" is A-subexponentiall.

We conclude this Section with the result which provides of Kesten’s upper bound for the
class of A-subexponential distributions.

Theorem 4.26. Suppose that the distribution F' is A-subexponential, for some A = (0,T).
Then, for any € > 0, there exist vo = xo(e) > 0 and c(e) > 0 such that, for any x > x
and for any n > 1,

F'(x+A)<cle)1+e)"F(z+ A).

Proof. Let {&,} be a sequence of independent non-negative random variables with common
distribution F. Put S,, =& + ... +&,. Forxg > 0and k > 1, put

o B F(x 4+ A)
An 1= An(wo) = sup =77 =757

Take any € > 0. Appealing to Theorem 4.22, we conclude that zg may be chosen such that,
for any x > x,

P{&i+ & e+ A& <z—a0) < (1+¢/2)F(z+ A).
For any n > 1 and = > xy,

P{S,cx+ A} = P{Sp,ex+ A& <x—x} +P{S, € x+ A&, >z —x0}
=: Pi(z) + Px(z),

where, by the definition of 4,1 and x,
xr—x0
Pi(x) = / P{S,_1 € x —y + A}F(dy)
0

T—x0
< Aps / Flz—y+ A)F(dy)
0

= A aP{&+éner+ A6 <o —m0}
< Ay i(142/2)F(z+ A), (437)
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Further,

xo+T

Py(z) = / Plen €z —y+ A 6n > 2 — 20}P{S1 € dy}
0

< sup F(z—t+A).

0<t<zo

Thus, if x > 2x, then
Py(z) < LiF(x+ A),
where
Fly—t+A
b= o<t§§;1,€/>2zo E'7(y + A) )
If 29 < z < 2z, then Po(x) < 1 implies
Py(x) 1
F(z+A) 7 infyycp<og, Flz + A)

Since F' € L, both L; and Lo are finite for = sufficiently large. Put L = max(Lq, Lo).
Then, for any z > =z,

= LQ.

Py(z) < LF(z+ A). (4.38)
It follows from (4.37) and (4.38) that A,, < A,,_1(1 +&/2) + L for n > 1. Therefore, the
induction argument yields
n—2
Ap <A (1+¢/2)" P+ LY (1+¢/2) < Ln(1+¢/2)" "
1=0
This implies the conclusion of the theorem. O

4.6 Sufficient conditions for A-subexponentiality

In this Section, we give sufficient conditions for a distribution to be A-subexponential.
There is much similarity between these conditions and the conditions given earlier for
subexponentiality.

Theorem 4.27. Let the distribution F on R belong to the class L where A = (0,T) for
some finite T > 0. Suppose that there exist ¢ > 0 and xy < oo such that F(x +t+ A) >
cF(z+ A) foranyt € (0,z] and x > x. Then F' is A-subexponential.

Proof. Let the function h be such that h(z) < z/2 for all  and h(z) — oo as ¢ — oc.
Then

z /24T
P11 6 € 4 A6 > h(z), & > hiz)} <2 /h L FEy AF@
xz/24+T
<2+ o(1)F(z + A) / Pldy)
h(x)
=o(F(z + A))

as x — 0o. Applying now Theorem 4.22(ii) we conclude that F' is A-subexponential. [
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The Pareto distribution (with the tail F/(x) = 2%, o > 0, > 1) satisfies the conditions
of Theorem 4.27. The same is true for any distribution F' such that the function F'(x + A)
is regularly varying at infinity.

Theorem 4.28. Suppose that the distribution F' on R™ belongs to the class La for some
finite A = (0,T]. Suppose also that for some x the function g(x) := —InF(z + A) is
concave for © > xo. Suppose finally that there exists a function h such that h(z) — oo
as x — oo, F(x 4+ A) is h-insensitive, and xF (h(z) + A) — 0 as x — oco. Then F is
A-subexponential.

Proof. By Theorem 4.23, we may assume without loss of generality that 2o = 0. Since g(x)
is concave, the minimum of the sum g(z — y) + ¢g(y) on the interval y € [h(z),x — h(z)]
is equal to g(x — h(z)) + g(h(z)).

Choose any ¢ > 1 and z so large than

sup  sup F(t+v+A)/Ft+u+A)<c.
t>h(z)—T u,vEA

Then, for any x sufficiently large and for any x — h(z) >t > h(x),
t t
/ F(z—y+A)F(dy) < AF(z—t+A)F(t+A) < /T / F(z—y+A)F(y+A)dy.
t—T t—T
Let ¢c; = ¢*/T. We may assume for simplicity that 2 — 2h(x) is a multiple of 7" and let
k = (x —2h(x))/T. Then
k=1 oh(z)+G+1)T

z—h(x)
/ F(m—y+A)F(dy):Z/ F(x —y+ A)F(dy)
h(x) i—0 ¥ M) +iT

z—h(x)
<cl/ Flz—-—y+ A)F(y+ A)dy
h(x)

z—h(z)

= Cl/ e~ (9@=y)+9()) gy,
h(z)

< c1$e—(g(x—h(x))+g(h(x)))‘

Since e~ 9(@—h(2)) 6_9(”5), it follows that

z—h(z)
/ Pz —y+ A)F(dy) = O(e=9® ge=90@)) = o(F(z + A)).  (439)
h(zx)

‘We now have

P{&i+& ex+ A, & > h(x), & > h(n)}

z—h(x)
— /h( ) Flz—y+ A)F(dy) +P{&, > 2 — h(z), G+ & €a+ A, & > h(z)}.

The second term on the right side of the above expression is not bigger than

P{¢& € x—h(z)+A}-P{& > h(z)} ~ F(x+A)F(h(x)) = o(F(z+A)) as x — 00.
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Hence, using also (4.39), we have
P{&+&ex+ A & > h(x), &> h(x)} =o(F(z+4A)) asx— oo,

and so the A-subexponentiality of F' follows from Theorem 4.22. 0

To show the applicability of the latter theorem, we consider two examples. First, we
consider the Weibull distribution F' on the positive half-line R™ with tail function given by
F(z)=e,2>0,8¢c(0,1),andlet A = (0,T], for some finite 7. Then it can be
deduced that

F(z+A) ~ Tz Lexp(—2P) asz — oo.

From this, we want to show that F'(z + A) is asymptotically equivalent to a function which
satisfied the condition of Theorem 4.28. Indeed, consider the distribution F with the tail
function given by F(z) = min(1, z° _1e_xﬁ). Let z be the unique positive solution to the
equation '~ = ¢=%"_ Then the function G(z) = —In F(z 4+ A) is concave for z > o,
and the conditions of Theorem 4.28 are satisfied with h(x) = 27,y € (0,1 — ). Therefore,
Fis A-subexponential and, by Theorem 4.23, F is also A-subexponential.

Second, we consider the lognormal distribution F' with the density f given by f(x) =
e~ (ne=Ina)?/20% /0. /9752 and note that the function g(z) = — In(z e~ (ne—na)*/20%) _
Inz + (Inz — Ina)?/20? is eventually concave. Since, for any fixed A = (0, 7],

F(z+ A) ~ Tf(z)

as © — 0o, the conditions of Theorem 4.28 are satisfied for any function A such that h(z) =
o(x). Thus, F'is A-subexponential.

We now show by two examples that the classes of A-subexponential distributions differ
for different A and also the complexity of the relations between these classes. The first
example deals with lattice distributions. Let the random variable ¢ be positive and integer-
valued, with P{¢ = 2k} = ~/k? and P{¢ = 2k + 1} = ~/2F, where ~ is the appropriate
normalizing constant. Then ¢ has a lattice distribution F' with span 1. By Theorem 4.27, F'
is (0, 2]-subexponential. But it cannot be (0, a]-subexponential if « is not an even integer or
infinity.

In the second example, we consider absolutely continuous distributions. Assume that & is
the sum of two independent random variables: £ = n+( where 7 is distributed uniformly on
(—1/8,1/8) and P{¢ = k} = y/k? fork = 1,2, ... where 7 is the appropriate normalising
constant. Then the distribution F' of £ is absolutely continuous. It may be verified that F' is
(0, 1]-subexponential, but cannot be (0, a]-subexponential if @ is not an integer or infinity.

Finally, recall that in the previous section we undertook to provide an example of a A-
subexponential distribution F' where the function F'(z+ A) is not asymptotically equivalent
to any non-decreasing function. Consider first a long-tailed function f such that f(z) €
[1/22,2/22] for all x > 0. Choose the function f in such a way that f is not asymptotically
equivalent to a non-increasing function. For instance, one can define f as follows. Consider
the increasing sequence x, = 2™/, Put f(x2,) = 1/23, and f(ro,41) = 2/x3, 1.
Then assume that f is linear between any two consecutive members of the above sequence.
Consider now the lattice distribution F' on the set of natural numbers with F'{n} = f(n)
for all sufficiently large integers n. Then by Theorem 4.23, F' is A-subexponential, but
f(n) = F(n — 1,n] is not asymptotically equivalent to a non-increasing function.
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4.7 Local asymptotics for a randomly stopped sum

In this section, we give local analogues, both for subexponential densities and for A-
subexponential distributions, of results which were given in Section 3.11 for subexponen-
tial distributions. We show that a random sum preserves a local subexponential property
of independent identically distributed summands provided that the counting variable has a
light-tailed distribution. We also establish the corresponding characteristic properties.

As for the results obtained in Section 3.11, the results from this section are needed in a
variety of models in which random sums may appear, including random walks, branching
processes, and infinitely divisible laws.

We again consider a sequence &, &1, &2, ... of independent random variables with a com-
mon distribution ¥ on R and their partial sums Sy = 0, S, = & + ... + &, for each
n > 1, together a counting random variable 7 which is independent of the sequence {¢,, }
and takes values in ZT.

4.7.1 Density of a randomly stopped sum

Let u be either Lebesgue measure on R or counting measure on Z. Throughout this section,
the argument x of the density function f is either a real number if 1 is Lebesgue measure;
or an integer if p is counting measure.

Theorem 4.29. Let {p,},>1 be a non-negative sequence such that ), -, p, = 1 and
My 1= Y.~ NPy is finite. Let the distribution F' on R™ have a long-tailed density f with
respect to ji. Define the density g on R™ by

9(x) = > paf(2).

n>1

(1) If the density f is subexponential and bounded, and if

D (1+6)"pn < 0

n>1
for some § > 0, then
g(x) ~mpf(z) asx — oo. (4.40)
(i1) If the relation (4.40) holds and p1 < 1, then the density f is subexponential.

Proof. The result (i) is immediate from Corollary 4.13, Theorem 4.14, and the dominated
convergence theorem. We prove the second result. By Corollary 4.5, for any k& > 2,

lim inf f**(2)/f(2) > k.

If p; < 1 then p,, > 0 for some n > 2, and so, arguing as in the proof of Theorem 3.38, it
follows from the above bound and from (4.40) that

lim sup f*Za(::)E)

<n. (4.41)
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By Corollary 4.5, f*(»=1 is long-tailed and so, from (4.41) and Theorem 4.2,

. [ ) (f * [ D) () : V()
n > limsup = lim sup > 1+ limsup —————=.
oo f(T) £—00 f(z) T—00 f(z)
It follows by induction from the above bound that
*2
lim sup [ (@) < 2.
20 @)

Again by Theorem 4.2, this implies that lim, ., f*?(x)/f(x) = 2, which implies the
subexponentiality of the density f. 0

4.7.2 A-Subexponential distributions and random sums

Analogously to Theorem 4.29, we have the following result.

Theorem 4.30. Let A = (0, T for some finite T > 0. Suppose that the distribution F' on
R* is A-long-tailed (F € L), and that the random variable T (introduced at the start of
Section 4.7) is such that ET < oo.

(i) If F is a A-subexponential distribution and if E(1 + )™ < oo for some 0 > 0, then

P{S; € x + A}
F(z+ A)

—Er asx — oo. 4.42)

(i) If P{T > 1} > 0 and further the relation (4.42) holds, then the distribution F is
A-subexponential.

Proof. The proof of (i) follows from Corollary 4.25, Theorem 4.26, and the dominated
convergence theorem. We prove (ii). Since F' € L, it follows from Corollary 4.20 that,
for any k > 2,

> k. (4.43)

If P{7 = n} > 0 for some n > 2, then, again arguing as in the proof of Theorem 3.38, it
follows from the above bound and from (4.42) that

n A
lim sup (z+24)

Since F' € LA, by Corollary 4.20 the convolution F*("~1) also belongs to the class L.
Hence, by (4.44) and Theorem 4.18,

_ F(z + A)
> R St
n > h;nﬂsgp Flo T A)
_ (F + F*=D) (2 4+ A)
=1
WG a)

*(n—1)
> 1+ limsup ol Fla _(:U:)A)
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It follows by induction from the above bound that

. F*2(x+ A)
limsup =77 =8y <2

Again by Theorem 4.18, this implies that lim, .., F*?(z + A)/F(x + A) = 2, which
implies the A-subexponentiality of the distribution F'. O

4.8 Comments

Local theorems for some classes of lattice distributions are given by Chover, Ney and
Wainger in [13, Section 2]. Densities are considered in [13, Section 2] (requiring conti-
nuity) and by Kliippelberg in [30] who considered asymptotics of densities for a special
case (see also Sgibnev [41] for some results on densities on R).

Much of the material of this chapter is adapted from the paper by Asmussen, Foss and
Korshunov [4].



Chapter 5

Maxima of random walks

In this chapter, we study a random walk whose increments have a heavy-tailed distribution
with a negative mean. The maximum of such a random walk is almost surely finite and our
interest is in the tail asymptotics of its distribution. We use direct probabilistic techniques
and show that again, under the appropriate subexponentiality condition, the main cause for
the maximum to be very large is that a single one of the increments is similarly large. We
start with Section 5.1 where a number of basic auxiliary results are collected.

5.1 Approximations of sums by integrals for long-tailed func-
tions and distributions

For any function f which is integrable at infinity, we define the function f7 by

fitw) = | " )y,

Lemma 5.1. Suppose that the nonnegative function f is integrable at infinity. Suppose
further that either (a) f is non-increasing and fr is long-tailed, or (b) f is long-tailed.
Then, for any a > 0,

S f(@+na) ~ 2f1(:c) a5z — oo,
n=0

Proof. Suppose first that f is non-increasing and f7 is long-tailed. Then, for all » > 0 and
for all z,

1 z+(n+1)a 1 [ztna

1 / f(z)dx < f(z+na) < - / f(2)da. (5.1)

a Jztna a Jzt+(n—1)a

Summing over n, we obtain
Lo < 3 ot na) < Lfila - a) 52
—fr(z x+na) < —frlx—a .
a I _n:[) =4 1 )

which implies the result since f is long-tailed.
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Now suppose that f is long-tailed. Then, given £ > 0 we have, for all n > 0 and for all
sufficiently large z,

1— +(n+1)a 1 z+(n+l)a
c / f(z)dz < f(z +na) < re / f(z)dz.
a z+na a z+na
Hence, for all sufficiently large z,
1—¢ > 1+4+¢
fr(@) <Y flz+na) < fr(z).
n=0
and the result now follows on letting € — 0. O

The following result is of general use and, in particular, will be needed in the next section.

Lemma 5.2. Suppose that the random variable & has a distribution F' such that the inte-
grated tail distribution Fy (see Section 2.6) is long-tailed. Let {T,}n>1 be a sequence of
independent identically distributed nonnegative random variables with finite mean a > 0
and suppose that this sequence is independent of . Define also Ty = 0, T,, = > " | 7; for
n > 1. Then

ZIP’{{ >x+ Ty}~ %F}(Zlf) as x — oo. (5.3)
n=0

Proof. We prove first the lower bound. By the Law of Large Numbers, given € > 0, we can
choose L sufficiently large that

P{T,, <L+n(a+e)} >1—¢, n=0,1,2,....

Then by Lemma 5.1 applied to the tail function F, and the assumed independence of ¢ and
{70 }n>1, for any z,

iP{§>x+Tn} > (1—5)iP{§>x+L+n(a+5)}
n=0 n=0

1—e—
F as .
a+e 1) e

~

Now let £ — 0 to obtain that

lim inf Z"ZO Pif >z +1n} > l
T—00 Fl(gy) a

For the upper bound, observe that, again by Lemma 5.1, the assumed independence of £
and {7, },>1, and the positivity of the random variables T,,, given ¢ € (0, a), for any z,

N P{E>a+T} <) P{{>a+nla—e)} +P{{>a}) P{T, <n(a—e)}

n=0 n=0 n=0
1
a—¢€

~

Fr(x) + F(x) ZIP’{Tn <nla—e)} asx— oo. (5.4)
n=0
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Since a — 71 — € is bounded from above by a — € and has mean —¢, there exists some A > 0
such that

o = EeMon—e) 1
and so

P{T,, < n(a —¢)} = P{e Tnna) 5 cAne}
< Ee—/\(Tn—na)e—)\ne

= a".

It follows that -
ZP{Tn <n(a—e)} <oo

n=0

and so it follows from (5.4) and Lemma 2.25 that

>© P T,
lim sup Ln=0 i&’ > 2+ Tn} < L .
T—00 Fi(x) a—¢

Now let e — 0 to obtain the upper bound. 0

5.2 Asymptotics for the supremum of a random walk with a neg-
ative drift

We give an elementary probabilistic proof of the asymptotic behaviour of the distribution of
the maximum of a random walk with negative drift and heavy-tailed increments (see The-
orem 5.4 below). The underlying intuition of the result is that the only significant way in
which a high value of the partial maximum can be attained is through “one big jump” by
the random walk away from its mean path. We give here a relatively short proof from first
principles which captures this intuition. It is similar in spirit to the probabilistic proof re-
lated to the ladder heights (which may also be of use for deriving local asymptotics), but by
considering instead a first renewal time at which the random walk exceeds a “tilted” level,
the argument becomes more elementary. In particular subsequent renewals have an asymp-
totically negligible probability under appropriate limits, and results from renewal theory—
notably the derivation and use of the Pollaczeck-Khinchine formula—are not required.

We proceed with the proof by deriving separately the lower and the upper bounds, since
no restrictions (apart of the negativeness of the mean!) are required for the former to hold
while subexponentiality is needed for the latter.

Let &1, &9, ... be independent identically distributed random variables with distribution
function F" such that E§&; = —a < 0. Let So = 0,5, =& + ...+ &, forn > 1. Let
M, = max(S;,0 <1i < n) forn > 0andlet M = sup(S,,n > 0). By the Strong Law of
Large Numbers, P{M < oo} = 1.

We start with the lower bound which is proved by a quite elementary equilibrium identity.
Theorem 5.3. Suppose that B¢y = —a < 0. Then, for any x > 0,

[ F(y)dy

P{M >z} > —a+f;°F(y)dy7
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and, in particular,

P
liminfM > 1
T—00 FI(»’U) a

Proof. Let £ be a random variable with distribution F* which is independent of M. Then
M has the same distribution as (M + &)™ := max(0, M + £)). Now fix 2 > 0. For z > 0
consider the function

x ify <a,
L:y) =y  ifye(z,z+2],
x4z ify>x+z.

Since this function is bounded, EL, (M) is finite and EL,(M) = EL,(M + &). Therefore,
E(L.(M +¢&) — L.(M)) = 0.

We have | L, (M+&)—L,(M)| < |¢|forall zand L,(M+&)—L,(M) — L(M+&)—L(M)
as z — oo where

rz ify <z,
y ify > x.

2 = {
Hence, by the dominated convergence we obtain the equality
E(L(M+&)— L(M)) = 0. (5.5)
We make use of the following bounds. For y € [0, z],

Ly+&) —Ly)=(y+E&—o){y+&>a} > (§—2)[{{ >},

and so
E{L(M +§&) — L(M); M <z} > E{{ —2;{ > }P{M < z}. (5.6)
Fory > «,
Ly+¢&) —Ly) =&,
and so

E{L(M +&)— L(M); M >z} > EEP{M > z}. (5.7)
Substituting (5.6) and (5.7) into (5.5) we get the inequality

E{{ — ;& > 2}P{M < z} < —E&P{M > x}.
Therefore,

E{¢—z&>2) [ Fly)dy

P{M >z} > a+E{6 —x;&>a} a+f;°?(y)dy'

where the final equality follows from (2.23). O
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We now give our main result of this section, for the asymptotic behaviour of the tail of
M.

Theorem 5.4. Suppose that, in addition to the condition E&, = —a < 0, the integrated tail
distribution F is subexponential. Then

P{M > 2} ~a 'Fr(z) asz— oco.

Proof. By Theorem 5.3, it is sufficient to establish the upper bound associated with the
required asymptotics. Given ¢ > 0 and some (eventually large) A > a, define renewal
times 0 =: 79 < 71 < 79 < ... for the process {S, } by

m=min{j >1:5;>A—-jla—e)} <0
(here we make the standard convention min @& = 00), and, for k > 2,

T — OQ, ika,lzoo,

Tk = Tk—1 + min{j >1: Srk_ﬁ-j — STk—1 > A —j(a — E)}, if 7,1 < 00.
Observe that, for any &, the joint distribution of the vectors
(7_17 STl); (7_2 — T1, STQ - STl) seey (Tk — Tk—1, STk - STk_1)7 (5'8)

given 7, < 00, is that of independent identically distributed vectors. Since E&; < 0, by the
Strong Law of Large Numbers,

v:i=P{n <o} —-0 asd— 0. (5.9

Define also So, = —00. Since 71 = n implies S,—1 < A — (n — 1)(a — ), we now have
that, for all sufficiently large z,

P{S; >a} = > P{rn =n,8, >z}
n=1

IA

iP{Sn_l <A—-—(n—-1)(a—¢),S, >z}

< ZIP’{fn>:L‘—A+(n—1)(a—e)}.

n=1

Therefore, again for all sufficiently large z,

1

a—&

P{S;, >z} < if(w —A+4+n(a—e)) <
n=0

Filx—A—a+e), (5.10)

where the second inequality above follows by the same argument as that leading to the right
hand side of (5.2).

Let o1, ©9, ... be independent identically distributed random variables such that

P{p1 > 2} =P{S;, > x| <o}, zeR.
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Then, from (5.10) and since F7 is long-tailed,

P{p1 >z} < G(z), = €R, (5.11)
for some distribution function G on R satisfying

. G(z) B 1
xh_}nolo Fr2) = o= 5 (5.12)

It follows from the subexponentiality of F; and Corollary 3.13 that the distribution G is
subexponential. Thus, by applying Theorem 3.37 with a geometrically distributed indepen-
dent stopping time, we have

(1-7) kzoy’fc;*k(x) ~ ﬁé(:ﬁ) as T — oo.

From the stochastic majorisation (5.11) and the relation (5.12), we now get the following
asymptotic upper bound:

3 o(l)—
;’Ykp{(pl-‘r...—kgpk >x} < WG<x)
14+0(1) —

_WF](@ asx — oo. (5.13)

If M > x then there exist 7, and j € [7},7;41) such that S; > x. Then necessarily
Sr, > x — A+ a — €. (To see this assume that, on the contrary, S;, <z —A+a—¢ < z.
Inthiscase 7, < j < Tpp1and S; — S, > — (x — A+a—¢) = A —a+e. Hence we
have the contradiction that 7,41 < 7.) It follows that

(M >z} C | J{Sn >2—A+a—e}
k=1

We now have (again for sufficiently large x) that

P{M >z} <Y P{S, >z—A+a—c}
k=1

oo
§ZykP{¢1+...+tpk>w—A+a—€},
k=1

by (5.8) and by the construction of the random variables ;. Using also (5.13), we now have

P{M 1
lim sup {7 >} < 5
r—oo  Fr(x) (a—e)(1-7)
Now let A — o0, so that ¥ — 0 by (5.9), and then let ¢ — 0 to obtain the required upper
bound

lim sup w < 1
T—00 [(%) a
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5.3 Finite horizon asymptotics

We continue to study the random walk with negative drift introduced in the previous sec-
tion. Recall that M,, = max(S;,0 < i < n) is defined to be the maximum of the random
walk to time n. In this section we derive asymptotics for the probability P{M,, > z} as
x — oo under heavy-tailedness assumptions. These asymptotics are uniform in n. The
underlying intuition of the result is again that the only significant way in which a high value
of the partial maximum can be attained is via a “big jump” of one of its increments. The
proof of the lower bound is based on direct computations and requires the extra assumption
of long-tailedness of the distribution ' of the increments &;. The proof of the upper bound
is similar to that of Theorem 5.4, although the condition of that theorem that F; be subex-
ponential requires to be strengthened slightly to £ € §* (see Section 3.4 and in particular
Theorem 3.27).

Theorem 5.5.

(1) Suppose that, in addition to the condition E§ = —a < 0, the distribution F is long-
tailed (F € L). Then

1+o(1) [tre_ . :
P{M,, >z} > ——— F(y)dy asx — oo, uniformly inn > 1. (5.14)
a xX
(ii) Suppose that, in addition to the condition E¢1 = —a < 0, the distribution F' € §*.
Then
1 zt+na
P{M,, >z} ~ / F(y)dy asx — oo, uniformlyinn > 1. (5.15)
a €T
Proof. We prove first the lower bound given in (5.14). Since E&; < 0, it follows from the
Weak Law of Large Numbers that, given ¢ > 0 and § > 0, we can choose A sufficiently
large that

P{S, >—-A—-n(a+¢)} >1—-4§ foralln>0. (5.16)
Then the following lower bound is immediate:
n—1
P{M, >z} = ZIP’{Mk <x,Ski1 >z}
k=0
n—1
> P{Mp <z,5% >-A—k(a+e), &1 >v+A+k(a+e)}
k=0

By the independence of random variables &; and by (5.16), we have

n—1

P{M,, >z} > ZIP’{Mk <z,S,>—-A—k(a+¢e)}P{{+1 >+ L+k(a+e)}
k=0

n—1
> (1-20)F(z+ A+ k(a+¢)),
k=0

where the last inequality holds for all  sufficiently large that

P{M >z} <6 (5.17)
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(which implies that P{M} > x} < ¢ for all k). By applying the first inequality in (5.1) to
each of the terms F'(z + a + k(a + €)) above and then taking their sum, we get

P{M,, > }>1_2é/HmF(+Am
n Ty = .
e Y Y

Since F' is assumed to be long-tailed, it now follows that

1 _ 35 T+na o
P{M,, > > F(y)d
01> 01> 22 [ Fay
for all x sufficiently large that (5.17) holds. That the inequality (5.14) holds with the re-
quired uniformity in n now follows by letting §, ¢ — 0.

We now prove (5.15). Here F' is assumed to belong to the class 8%, so it is in particular
long-tailed. Hence, it is sufficient to establish the upper bound in (5.15). Given € > 0 and
A > a, define renewal times 0 =: 79 < 71 < 72 < ... for the process {Sj} as in the proof
of Theorem 5.4.

Analogously to (5.10), we obtain that

n—1
- 1 Tt+na
P{Srrn >z} < E Flx—A+k(a—¢)) < / Fly—A—a+e¢)dy.
— a—c¢ /,

Since F' is long-tailed,

1 zt+na

for all sufficiently large = uniformly in n > 1. This means that we can choose x( such that
(5.18) holds for all x > zg and foralln =1,2,.. ..

Let ©n.1, ¥n2, ... be independent identically distributed random variables such that
P{pn1 > ax} =P{Sran > 2|71 <0}, zeR.

Then, from (5.18), for x > xg,

r+na

P{pn1 >z} < / Gn(y)dy, zeRn>1, (5.19)

T

for some distribution function G, on R satisfying

. Gp(z)  14e
xh_)rglo F2) = a—o) (5.20)

From the condition F' € 8* and Corollary 3.26, we have GG, € 8*. We may now apply
Corollary 3.40 with a geometrically distributed stopping time (which is independent of the
sequence of random variables &;) to obtain that

AN G ) o T
(1 w?%VGJ() T Cnl@)



5.4. COMMENTS 101

as x — oo uniformly in n > 1. Using also the conditions (5.19) and (5.20), we get the
following asymptotic upper bound:

ok 7 +o(l)~
;7 Plon1+ ... 4+ onp >} < WGn(Jﬁ)
1 4¢+o(1) /H"a
< ——mF5—— F(y)d 5.21
S0 Pa-o), Fww G2

as x — oo uniformly inn > 1.

If M,, > x then there exist 7, < n and j € [7}, 7;41) such that S; > x. Then, exactly as
in the proof of Theorem 5.4, we have that necessarily S, > x — A + a — €. It follows that

{M,, >z} C U{Sm/\n >x—A+a—c¢e}.
k=1
Therefore,
P{M, >z} < ZIF’{STM” >x—A+a—¢e}

k=1

oo
<Y AP{oni+ ..+ onp >z —A+a—e},
k=1

by the construction of the random variables ;. Using (5.21) we obtain

lim sup sup PAM, > z} < 1+e .
r—o0 n>1 ;H—na F(y)dy o (CL - E)(l — 7)2

No let first A — oo, so that v — 0 by (5.9). Then let ¢ — 0 to obtain the required upper
bound
. P{M,, > x}
lim sup sup

r+na = S
e—oo n>1 [ F(y)dy

1
a7
which, together with the lower bound (5.14), implies the required uniform asymptotics
(5.15). O

5.4 Comments

Theorem 5.4 was proved for regularly varying distributions by Callaert and Cohen in [11]
and by Cohen in [16]. For dominated-varying distributions, it was proved by Borovkov in
[9, Sec. 22]. In its present form, it was proved by Veraverbeke in [43] and by Embrechts,
Goldie and Veraverbeke in [22]. The proof given here follows an idea of Zachary [44].
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