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Chapter 1

An introduction to heavy tailed

distributions

1.1 Introduction

In this thesis, we shall be focusing on some problems in probability theory involving
regularly varying functions. The theory of regular variations has played an important
role in probability theory, harmonic analysis, number theory, complex analysis and many
more areas of mathematics. For an encyclopedic treatment of the subject, we refer
to Bingham et al|(1987). In probability theory, the limiting behavior of the sums of
independent and identically distributed (i.i.d.) random variables is closely related to
regular variation. The books by [Feller| (1971) and Gnedenko and Kolmogorov, (1968) give
characterizations of random variables in the domains of attraction of stable distributions
in terms of regularly varying functions. The study of extreme value theory was first
initiated by [Fisher and Tippett| (1928), |Gnedenko| (1943)). The use of regular variation
in extreme value theory is now very well known due to the works of de Haan| (1970,
1971). The Tauberian theorems involving regularly varying functions play a very crucial
role in different disciplines. Bingham et al.| (1987) gives a very good account of the
Tauberian theorems for Laplace and Mellin transforms. The use of regularly varying
functions is also very popular in insurance and risk theory. For a comprehensive study

of different applications, we refer to the book by [Embrechts et al.| (1997)). The study
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of record values and record times also uses various properties of extreme value theory
and regularly varying functions (Resnick, 1987, Chapter 4). The theory of multivariate
regular variation is useful in modelling various telecommunication systems and Internet
traffic (Heath et al., 1999, [Maulik et al.. 2002} [Mikosch et al.| [2002). The study of certain
environmental issues is also facilitated when one considers the theory of multivariate
regular variations. See de Haan and de Ronde| (1998)), Heffernan and Tawn| (2004) for
some recent applications in this area.

The theory of regular variations has also found an important place in free probability.
Free probability was introduced by |Voiculescu| (1986). While free probability has an
important application in the study of random matrices, its connection with various
topics like the study of the free groups and the factor theory have made it a subject of
its own interest. Bercovici and Pata (1999, 2000b) studied the domain of attraction of
free stable laws and showed that the regularly varying functions play a very crucial role
like they do in the classical setup. In the final chapter of this thesis, we show another
application of regular variation in free probability theory.

In Section [I.2] we give the definitions of regularly varying functions, distribution
functions and measures with regularly varying tails and some of their properties. In

Subsections [1.2.1] and [1.2.2| we state some well known results on the regularly varying

functions which we shall use in the later chapters. In Section |1.3[ we recall the definitions
of subexponential and long tailed distributions and some of their properties. In Section
we give a brief introduction to one dimensional extreme value theory and also point out
its connections with regularly varying functions. In Section [I.5] we give a brief overview

of the results in the later chapters.

1.1.1 Notations

The space of natural numbers, integers, real numbers and complex numbers will be
denoted by N, Z, R and C respectively. By Rt we shall mean the space of non-negative
reals, that is, [0,00). For a complex number z, Rz and 3z will denote its real and
imaginary parts respectively. We shall denote the upper and the lower halves of the
complex plane respectively by CT and C~ , namely, Ct = {z € C : 3z > 0} and
C- =-Ct.
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For a real valued functions f and g, we shall write f(z) ~ g(z), f(z) = o(g(z))
and f(z) = O(g(z)) as x — oo to mean that f(z)/g(x) converges to a non-zero limit,
f(z)/g(z) — 0 and f(z)/g(x) stays bounded as x — oo respectively. If the non-zero
limit is 1 in the first case, we write f(z) ~ g(x) as  — oo. For complex valued functions
the notations are explained in Section of Chapter

By 21 and 2~ we shall mean max{0,z} and max{0, —z} respectively. For a distribu-
tion function F the tail of the distribution function will be denote by F(x) =1 — F(x).

If S is a topological space with S being its Borel o-field, then for non-negative Radon
measures (i, for t > 0, and g on (S,S), we say p; converges vaguely to p and denote
it by e — p, if for all relatively compact sets C', which are also p-continuity sets of p,
that is, u(0C) = 0, we have u(C) — u(C), as t — oo. By M, (S) we shall mean the

space of all Radon measures on S endowed with the topology of vague convergence.

1.2 Regularly varying functions and random variables

Regularly varying functions are an integral part in the study of heavy tailed distributions.
A regularly varying function asymptotically looks like a power function. The use
of regularly varying functions is extensive in literature. They are heavily used in
characterizing the domains of attraction, stable laws, modeling long range dependence
and extreme value theory. In this section we collect some basic properties of the regularly
varying functions, which we shall use throughout this thesis. Most of the proofs are
very common and are well available in literature. For more detailed theory of regular
variations and related classes, we refer the readers to Bingham et al.| (1987). We now

recall the definition of a regularly varying function.

Definition 1.2.1. A measurable function f: Ry — Ry is called regularly varying (at

infinity) with index o, if for t > 0,

lim f(tz)
3% 7 (@)

= ¢, (1.2.1)

If « =0, f is said to be slowly varying.

The space of regularly varying functions (at infinity) with index « will be denoted
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by RV,.

In analogy to regular variation at infinity one can talk about regular variation at zero
with an obvious change in the above definition. A function f(x) is said to be regularly
varying at zero if and only if f(2~!) is regularly varying at infinity. In the subsequent
chapters, regular variation will always mean the behavior at infinity unless otherwise
specified.

From the above definition it is clear that one can always represent a regularly varying

function with index « as ®L(x) for some slowly varying function L.

Example 1.2.1. 2%, z%In(1+2z), 2% In(In(e+x)) are some examples of regularly varying
function at infinity with index a.

1.2.1 Some well known results about regular variations

This subsection provides some basic properties of regularly varying functions, which
shall be useful in later chapters of this thesis. The proofs of these results are available in

Chapter 1 of Bingham et al.| (1987).

(i) A positive function L on [zg,c0) is slowly varying if and only if it can be written

L(z) = ox) exp ( / ’ E(?;y)dy) , (1.2.2)

0

in the form

where ¢(-) is a measurable nonnegative function such that lim, , c(z) = ¢o €

(0,00) and e(x) — 0 as x — oc.
This is known as Karamata’s Representation for slowly varying functions and we

refer to Corollary of Theorem 0.6 of Resnick (1987)).

(ii) For a regularly varying f with index o # 0, as © — oo,

fo) oo if a>0
xT) —
0 if a<0.

Moreover, if L is slowly varying then for every € > 0, z7“L(x) — 0 and 2°L(x) — oo,

as r — OQ.
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(iii) If f is regularly varying with index a (if @ > 0, we also assume f is bounded on
each interval (0,z], > 0) then for 0 < a < b < oo, the equation ((1.2.1]) holds
uniformly in ¢

(a) on each [a,b] if a =0,
(b) on each (0,b] if a > 0,

(c) on each [a,00) if a < 0.

Theorem 1.2.1 (Karamata’s Theorem, Resnick}, 1987, Theorem 0.6). Let L be a slowly

varying function and locally bounded in [xo,00) for some xg > 0.

(i) If « > —1, then
x a+1L
/ t*L(t)dt ~ wi(x)’ as r — 00.
o a+1
(i) If a < —1, then

anrlL(l')

1 as T — o0.
«

/ 1O L) dt ~ —

(i) If « = —1, then

1 L
/ ﬂdt%oo as T — o0
L(zx) J,, t

and f;; @dt is slowly varying.

(iv) Ifa=—1 and [ #dt < 00, then

1 /°° L(t)
—_— —2dt >0 asx —
L(z) J, t

and fxoo @dt is slowly varying.

Theorem 1.2.2 (Potter’s bound, Resnick, 1987, Proposition 0.8). Suppose f € RV,

p € R. Take € > 0. Then there exists tg such that for x > 1, and t > ty, we have

f(tz)
f(t)

(1—-ez < < (1+e)xrte. (1.2.3)
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We now state Karamata’s Tauberian theorem for Laplace-Stieltjes and Stieltjes

transforms.

Definition 1.2.2. For a non-decreasing right continuous function U on [0, c0) define

its Laplace-Stieltjes transform

U(s) := /O h e 5% dU ().

Theorem 1.2.3 (Karamata’s Tauberian theorem, Bingham et al.| (1987)), Theorem
1.7.1). Let U be a nondecreasing, right continuous function defined on [0,00). If L is

slowly varying, ¢ > 0, a > 0, then the following are equivalent:

cx®L(x
() ~ F(1+(a))’

d

(i) as T — 00
(i) U(s) ~cs™L(1/s), as s | 0.
If ¢ > 0 then any one of the above implies U(z) ~ U(1/z)/T(1 + a).

A similar Tauberian result for the Stieltjes transform of order p can be derived using

the above result on Laplace-Stieltjes transform.
Definition 1.2.3. If U is non-decreasing function on [0,00) and p > 0, let S,(U; ), the

Stieltjes transform of order p be defined as,

S,(Us) = /Ooo(x +y)PdU(y), > 0.

The following result will be useful in Chapter

Theorem 1.2.4 (Bingham et al., 1987, Theorem 1.7.4). Suppose 0 < o < p, ¢ > 0 and

L is slowly varying,

I'(p)
L(p)T(p—0o+1)

U(z) ~ 2’7 L(x) asx — 0

if and only if

S,(U,x) ~x"7L(xz) asxz — oo.
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1.2.2 Sums and products of regularly varying random variables

In this subsection, we define random variables with regularly varying tails and discuss
some of the well known results on sums and product of such random variables. For a
nice detailed overview of the properties of sum and products of random variables with

regularly varying tails, we refer to Jessen and Mikosch! (2006)).

Definition 1.2.4. (a) We say a nonnegative (real) random variable X with distri-
bution function F' has a regularly varying tail of index —q, if the tail of the

distribution function 1 — F(-) := F(-) = P[X > ] € RV_,.

(b) A finite measure p on R, is said to have regularly varying tail of index —c, if

p(-,00) € RV_,.

Remark 1.2.1. (i) It is implicit in the definition that we require F'(x) and pu(z,o0) to

be positive for all x € Ry to make sense of the definition.

(i) It is clear from of Subsection that, if F' or u has regularly varying tail of

index —a, then we necessarily have o > 0.

(iii) If X is nonnegative random variable having regularly varying tail of index —«

with a > 0, then E[X?] < oo for 8 < a and E[X”] = oo for 3 > a.

(iv) By Theorem 3.6 of Resnick| (2007), Definition a) is equivalent to the existence
of a positive function a(-) € RV)/,, such that tP[X/a(t) € -] has a vague limit
in My ((0,00]), where the limit is a nondegenerate Radon measure. The limiting

measure necessarily takes values cx™® on set (z, oo], for some constant ¢ > 0.
The definition for regular variation of not necessarily positive random variable extends

in a very natural way to accommodate both the tails of random variable.

Definition 1.2.5. A random variable X (not necessarily positive) has a regularly varying

tail of index —a with a > 0 if | X| > -] € RV_, and

P[X < —z]

_ 1.2.4
P[|X|>x]—>qasx—>oo, ( )

with 0 < p <1 and p+ g = 1. We shall often call (1.2.4)) as the tail balance condition.
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Now we state some properties of random variables with regularly varying tails which
shall be useful later. The next result is a reformulation of Karamata’s Theorem [[.2.1] in

terms of the distribution functions.
Theorem 1.2.5 (Bingham et al., |1987, Theorems 1.6.4, 1.6.5 and 1.7.2).
(i) Suppose F' has regularly varying tail of index —a with o > 0 and > a. Then

_ 9F(z)  B-a
mlgrolo TP F(dy) == (1.2.5)

Conversely, if 8 > « and (1.2.5)) holds then F' has a reqularly varying tail of index
—a. If B =« then F(x) = o(z=*L(x)) for some slowly varying function L.

(ii) Suppose F has regularly varying tail of index —« with o > 0 and 5 < «. Then

) ?F(z)  B-a
xlglgo = yPF(dy) == (1.2.6)

Conversely, if B < a and (1.2.6) holds, then F has a reqularly varying tail of

index —o.

(iii) The function x f(nyF(dy) is slowly varying if and only if F(x) =
o(z77 [§ Yy F(dy)) for some~ > 0.

The following result is a reformulation of the Potter’s bound described in Theo-

rem [[.2.2] in terms of distribution functions and random variables.

Theorem 1.2.6 (Resnick and Willekens, 1991}, Lemma 2.2). Let Z be a nonnegative
random variable with distribution function F which has reqularly varying tail of index
—o with a > 0. Given € > 0, there exists vog = xo(€), K = K(€) > 0 such that, for any

c>0:

F(z/c) (1+ €)™ ife>1,z/c> xg
——= <

) (1.2.7)

(I1+e)c* ¢ ifc<l,z> xo.
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and

1 a—+€ a—i—ef . 1
E[(cZ A 2)*] < (142t (z) ez 1afez o (1.2.8)

(1+e)c*xvF(x) ifc<1,z > x.
We now state an important result about sums of i.i.d. random variables with regularly

varying tails, which is extended to the free probability setup in Chapter

Lemma 1.2.1 (Embrechts et al., 1997, Lemma 1.3.1). If {X;} are i.i.d. nonnegative
random wvariables with reqularly varying tails of index —a with o > 0, then for each

n €N,

n
p [Z X > x] ~nP[X1>zx] as z— 0. (1.2.9)
i=1

This property is often referred to as the principle of one large jump, since (|1.2.9))
implies P[S,, > z] ~ P[M,, > z] where S,, = > " | X; and M,, = max{X1,--- ,X,}.

Proof. We now briefly indicate the proof of the above result for n = 2. As {X; + X5 >
x} D{X1 >z} U{Xy > z} we get,

P[X1+X2 >$] ZP[XI >[13] —‘rP[XQ >.’IJ](1—|—O(1))
For the upper bound choose ¢ € (0,1) and observe,

P[X; + X2 > 2] < P[X; > (1 - 8)z] + P[Xa > (1 — §)z] + P[X; > 62| P[X2 > oa].

=P[X; > (1 = 8)z] + P[X2 > (1 - 6)z](1 +o(1)),

and the result now follows by taking ¢ | 0. O

Remark 1.2.2. Note that the above proof also shows that is X and Y are nonnegative
random variables with regularly varying tails of index —« and —3, @ > 0 and 5 > 0
with a < 3 then

PIX+Y >z]~PX >z2] as z— 0.

So the random variable with heavier tail dominates the sum.

The following result considers weighted sum of i.i.d. (not necessarily nonnegative)

random variables with regularly varying tails.
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Lemma 1.2.2 (Embrechts et al., 1997, Lemma A3.26). Let {Z;} be an i.i.d. sequence
of random wvariables having reqularly varying tails of index —a with o > 0, where they
satisfy the tail balance condition (1.2.4). Then for any sequence of real constants {1;}

and m > 1,

m
PY1Z1+ -+ pmZm > ] ~ Pl 21| > 2]y [p()* + ()],
i=1

The above result can be extended to infinite weighted series of i.i.d. random variables
with regularly varying tails. The following result considers X = Z;; Y;Z; for an ii.d.
sequence {Z;} of random variables with regularly varying tails of index —a. This kind
of infinite series appears in the study of the extreme value properties of linear processes
and autoregressive processes. Before proceeding with the tail behavior of this series, one
needs to consider the almost sure finiteness of the series, which follows from Three Series
Theorem. The almost sure finiteness and tail behavior of X were considered by |Cline

(1983). See also Theorem 2.2 of Kokoszka and Taqqu| (1996).

Theorem 1.2.7. Let {Z;} be an i.i.d. sequence of random variables with regularly
varying tails of index —a with o > 0, which satisfy the tail balance condition (1.2.4]).
Let {1;} be a sequence of real valued weights. Assume that one of the following condition

holds:
(i) a>2, E[Z]] =0 and > 22, ¢? < o0;
(i) a € (1,2], E[Z1] =0 and > ;2 [¢i|* ¢ < oo for some € > 0;
(iii) o€ (0,1], D=2, |¥s]|* € < o0, for some € > 0.
Then X = Z;’il V;jZ; converges almost surely and
PIX > z] ~ P[|Z1] > ] i ()" +a(¥;)") -
i=1

The product behavior of the random variables with regularly varying tails is as
important as the sum of such random variables. The product behavior is a bit more
delicate than the sums. For a review of the results on product of random variables we

refer to Section 4 of \Jessen and Mikosch| (2006).
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Theorem 1.2.8 (Jessen and Mikosch), 2006, Lemma 4.2). Let X1, Xo- -+, X,, be i.i.d.
random variables, with P[X1 > x] ~ c®x~% for some ¢ > 0. Then

nflcnoz

™ %log" tx. (1.2.10)

Theorem 1.2.9. Suppose X and © are independent nonnegative random variables and

X has reqularly varying tail of index —a with o > 0.

(i) If © has regularly varying tail of index —a with o > 0, then ©X also has regularly

varying tail of inder —«.

(ii) If there exists an € > 0, such that E[@*T¢] < oo, then

P[OX > z] ~ E[0°]P[X > z]. (1.2.11)

(ii) Under the assumptions of part|[(ii))

P[OX > z]
sup

— - — —E[6“* 0 .
WP DI S 4] [O% — as y — oo

(iv) If P[X > x| =2~ for x > 1 and E[©Y] < 0o, then holds.

Proof of part |(i)| can be found on page 245 of [Embrechts and Goldie| (1980). The
proof of part is indicated in Lemma 4.2 of [Jessen and Mikosch| (2006)). In the
subsequent chapters we come across the results of part and part Part is also
known as Breiman’s Theorem and was derived in Breiman| (1965)). Part was used in

various places but an explicit proof appears in Lemma 5.1 of Maulik and Zwart| (2006)).

1.3 Class of heavy tailed distributions and its subclasses

In Lemma we saw that the sum of random variables with regularly varying tails
satisfy the principle of one large jump. This property is in general exhibited by a
larger class. The random variables which satisfy the principle of one large jump are
known as the subexponential random variables. We now give a formal definition of the

subexponential distribution functions and look into some of their properties. Throughout



12 Chapter 1: An introduction to heavy tailed distributions

this section we assume that the distribution functions has support unbounded above,

that is, Fi(x) > 0 for all x.

Definition 1.3.1. A distribution function F' on (0, 00) is called subexponential if for all
n> 2,

F*n(z) ~nF(x) as z — o0. (1.3.1)

Here F*" denotes the n-fold convolution power of F. The class of subexponential

distribution functions is denoted by S.

By Lemma [1.2.1] any distribution function with regularly varying tail satisfies the
above equation ([1.3.1)) and hence they form a subclass of the subexponential distributions.

Some other examples are

(i) Lognormal: P[X > z] = Ple*#TN > 2], y € R, 0 > 0 with N as standard normal

random variable.
(ii) Weibull: P[X > 2] =e™ %" ¢ >0and 0 < a < 1.

As stated above one of the most important features of the subexponential distributions
is the principle of single large jump, which can be briefly summarized as follows: if
X1,...,X,, are i.i.d. random variables with subexponential distribution functions, then
the probability that their sum will be large is of the same order as that their maximum

will be large. We formalize this in the following proposition.

Proposition 1.3.1 (Principle of one large jump). If Xi,...,X, are i.i.d. random

variables with subexponential distribution functions, then as x — oo,
PXi+...+4X,>z]|~PXjV...VX, >z
Proof. Observe that, by the subexponential property, we have, as x — oo,

PIX) 4+ -+ X, > 2] = F(x) ~ nF(z) ~ 1 — (F(x)" = P[Xy + - + X, > 2]
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The principle of one large jump is very important in modeling ruins under catastrophic
events. While in the usual scenarios, individually small shocks build up to create a large
aggregate shock, in catastrophic models, one single large shock is the cause of ruin. Such
a property makes the subexponential distributions an ideal choice for modelling ruin
and insurance problem and has caused wide interest in the probability literature (cf.
Embrechts et al., 1997, [Rolski et al. [1999). Historically, this class was first studied by
Cistjakov| (1964) where he showed an application to branching processes. The connection
with branching process was later elaborately studied by |Chover et al.| (1973aljb)).

The above definition is also closely related to two other concepts originating in

reliability theory, namely hazard function and hazard rate.

Definition 1.3.2. For a distribution function F', we define the hazard function
R(z) = —log F(z).

If, further, the distribution function is absolutely continuous with density function f, we

define the hazard rate r as the derivative of R. In particular, we have

Since we assume that the distribution function F' has support unbounded above, the
hazard function is well defined.

As shown in the subexponentiality of random variables with regularly varying tails,
the lower bound is almost trivial and does not require the regularly varying property.
The next Lemma provides a sufficient condition on subexponentiality. The proof of the

next result appears as Lemma 1.3.4 of [Embrechts et al.| (1997)).

Lemma 1.3.1. If

then F' is subexponential.

Pitman! (1980]) provided a necessary and sufficient condition for identifying subexpo-

nential distribution functions.
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Theorem 1.3.1. Let F' be an absolutely continuous distribution function supported on
the nonnegative real line with hazard rate function v, which is eventually non-increasing
and goes to 0. Then F' is a subexponential distribution function if and only if

lim V@) F(dy) = 1.

T—00 0

If R denotes the hazard function, then a sufficient condition for the subexponentiality of

F is the integrability of exp(xr(xz) — R(z))r(x) over the nonnegative real line.

An application of the sufficient part of the theorem shows that Weibull distribution
with shape parameter o < 1 is subexponential. Since the definition of subexponential
property does not depend on the scale factor a, we assume a = 1. Then F(z) = exp(—z%)
for x > 0 giving R(x) = 2 and r(z) = az® 1. Since a < 1, the hazard function decreases
to 0. So exp(ar(z) — R(z))r(z) = ar® Lexp(—(1 — a)z®), which is integrable over the
positive real line, as 0 < o < 1.

Although the definition of subexponential distributions require the equation
to hold for all n (or, for n = 2 in Lemma, but was shown in [Embrechts and Goldie
(1980) that it is enough to check for some n > 2.

Proposition 1.3.2 (Embrechts et al., 1997, Lemma A3.14). Let F be a distribution

function supported on the nonnegative real line, such that, for some n € N, we have,

: ()
lim sup — <n.

Then F is a suberponential distribution function.

Cistjakov| (1964) showed that the subexponential distributions form a part of larger
class of distributions which are called heavy tailed distributions. We now define heavy

tailed distributions and analogously light tailed distributions.

Definition 1.3.3. We say a random variable X is heavy tailed if, for all A > 0, E[e*¥X] =

00, or equivalently, if for all A > 0, e’ P[X > z] — o0 as ¢ — oc.

Also we give a definition for light tailed distribution in view of the above definition.
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Definition 1.3.4. A random variable X is called light tailed if E[e’X] < oo for some

A > 0.

For light tailed distributions on [0, 00) we have all moments finite.

Clearly, Definition requires that F(x) > 0 for all € R, which is the standing
assumption. The definition requires that the tail of the distribution function decays
slower than any exponential function. This is the reason that sometimes such distribution
functions are also called subexponential distribution functions. However, as per the
convention introduced by the seminal work of Teugels| (1975), we have reserved that
terminology for the class defined in Definition [1.3.1] The heavy-tailed property, the

hazard function and the decay of the tail are related in the following theorem:

Theorem 1.3.2 (Foss et al., [2009, Theorem 2.6). For a distribution function F with

support unbounded above, the following statements are equivalent:
(i) F is a heavy-tailed distribution.
(ii) liminf, oo R(x)/x = 0.
(iii) For all A > 0, limsup,_, ., e\ F(r) = cc.

Definition defines subexponential distribution functions, when they are sup-
ported on the nonnegative real line only. If we allow the distribution function to be
supported on the entire real line, may hold even for light-tailed distribution. See
Example 3.3 of [Foss et al.| (2009) for one such distribution function. One easy way to
extend the notion to all distribution functions is to restrict the distribution function to

the nonnegative real line by considering

F(z), ifz>0,
Fy(z) =

0, otherwise

and requiring ((1.3.1)) to hold for F}.

The class of subexponential distributions satisfies the important property of being

long tailed and long tailed distributions in turn have the property of being heavy tailed.
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Definition 1.3.5. A distribution function F on R is called long tailed, if F(x) > 0 for

all x and, for any real number y,

F(x—y)~F(z) as x— oo. (1.3.2)

The class of long-tailed distributions is denoted by L.

Since the function F is monotone, it can be easily checked that the convergence is

uniform in y on every compact interval.

Remark 1.3.1. Tt is important to note that the long tailed distributions are related to

the slowly varying functions in the following manner
Fe L ifandonlyif F(In()) € RVj. (1.3.3)

Cistjakov| (1964) introduced the classes of subexponential, heavy tailed and long

tailed distributions and showed the following containment.

Proposition 1.3.3 (Cistjakov, 1964, Lemma 2 and Theorem 2). Any long-tailed distri-
bution function is heavy-tailed. Any subexponential distribution function (supported on

the nonnegative real line) is long-tailed.

The class of subexponential distributions has found wide application in different
branches of probability theory other than branching process, for which it was originally
introduced by [Cistjakov (1964). The following result shows that if two distribution
functions have tails of comparable order and one of them is subexponential, then the

other is also subexponential.

Definition 1.3.6. We say that two distribution functions F' and G are tail equivalent,

if there exists a number ¢ € (0, 00), such that G(x) ~ cF(x).

The proof of the following result can be found as Lemma A3.15 of [Embrechts et al.
(1997).

Proposition 1.3.4. If F' is a subexponential distribution function and G is tail equivalent

to F', then G is also subexponential.
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Remark 1.3.2. We can take F' and G to be supported even on the entire real line. The
subexponentiality will depend on the corresponding distribution functions F; and G,

which will also be tail equivalent.

Proposition and Theorem together can be used to show that lognormal
distribution is subexponential. While the tail of the lognormal distribution is not easy
to understand, Mill’s ratio can be used to easily approximate it by a nice nonincreasing
continuous function. So we first consider a distribution function which has this tail and
hence is tail equivalent to the lognormal distribution. The corresponding hazard rate
and hazard function do not satisfy the sufficient integrability condition of Theorem [1.3.1
around 0. However, we can still alter the distribution function in a neighborhood of 0
to make things integrable, yet maintain tail equivalence, which is a behavior around
infinity. Thus the new distribution function will be subexponential and hence, by
Proposition the lognormal distribution will also be subexponential.

Proposition shows that the class of subexponential distribution functions is
closed under tail equivalence. Closure of the class of long-tailed and heavy-tailed
distribution functions under tail equivalence is trivial. Similar questions are of general
interest in this area of probability theory. One of such operations for the question of
closure is convolution. Clearly if F' and G are heavy-tailed, then so is F' % G. Similar
result is true for long-tailed distributions as well; see Section 2.7 of [Foss et al.| (2009). In
fact, it is also proved there that if F is long-tailed and G(z) = o(F(x)), then F * G is
also long-tailed. However, in general, the class of subexponential distributions is not
closed under convolution; see Leslie (1989) for a counterexample. Other interesting
operations include finite mixture and product. In particular, if F' and G are heavy-tailed
(long-tailed respectively) distribution functions, then for any p € (0,1), the mixture
distribution function pF + (1 — p)G and F'G (the distribution function of the maximum
of two independent random variables with distributions F' and G) are also heavy-tailed
(long-tailed respectively). However, such closures fail for the class of subexponential
distributions. The failures are not coincidental, but they are closely related. To state
the corresponding result, we need to introduce the following notion from [Embrechts and

Goldie| (1980).
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Definition 1.3.7. Two distribution functions F' and G are called maz-sum equivalent

and is denoted by F ~y; G, if F x G(z) ~ F(x) + G(x).

Note that, if X and Y are two independent random variables with distribution
functions F' and G respectively, where F' ~y; G, then P[X +Y > 2] = F*G(z) ~
F(z)+G(z) ~ F(2)+G(x)— F(x)G(z) = P[X VY > x], which suggests the terminology.
Also, if F' ~j; F, then F is subexponential.

The following theorem relates the closure of the class of subexponential distribution

functions under convolution, finite mixture and product with max-sum equivalence.

Theorem 1.3.3 (Embrechts and Goldie, 1980, Theorem 2). Let F' and G be two

subexponential distribution functions. Then the following statements are equivalent:
(i) F * G is subexponential.
(ii) pF + (1 — p)G is subexponential for all p € [0, 1].

(iii) pF + (1 — p)G is subexponential for some p € (0,1).

(iv) F ~yn G.
(v) FG is subexponential.

Thus, the counterexample from Leslie| (1989) for closure under convolution will also
work for finite mixture and product.

The product of independent random variables with regularly varying tails were
studied by Breiman| (1965)). Further details are given in Theorem The product of
independent random variables with subexponential distribution functions is not as well
behaved as the class of random variables with regularly varying tails. It was extensively
studied in |Cline and Samorodnitsky| (1994)). We now state two results from |Cline and

Samorodnitsky| (1994) without proofs.

Proposition 1.3.5 (Cline and Samorodnitsky, (1994, Theorem 2.1). Assume X andY to
be independent positive random variables with distribution functions F' and G respectively

and let the distribution of XY be denoted by H. Suppose F' is subexponential.

(i) Suppose there exists a function a : (0,00) — (0,00) satisfying:
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(a) a(t) T oo ast — oo;
(b) ﬁ%oo as t — 0o;
(c) F(t—a(t)) ~ F(t) ast — oo;

(d) G(a(t)) = o(H(t)) as t — oo.
Then H is subexponential.

(ii) IfY is bounded random variable, then H is subexponential.

1.3.1 Some other useful classes of distributions

The light tailed counterparts of subexponential and long tailed classes are the classes
S(7) and L(7) respectively, which we describe now. They will be useful in dealing with
the weighted sums of random variables with regularly varying tail in the Chapter [2| In
Remark we saw the relationship between the random variables with slowly varying
tails and random variables with long tailed distribution functions. In general the class
of distribution having regularly varying tails of index —v with v > 0 can be related to a

class L(7).

Definition 1.3.8. A distribution function F' on (0, 00) belongs to the class £(y) with
~v > 0, if for all real u,
F(x —
lim T@ = (1.3.4)

Alternatively, one can say F(In(-)) € RV_, if and only if F € L(¥).

The analogous counterpart of the subexponential class is the class S(7).

Definition 1.3.9. A distribution function F' on (0, 00) belongs to the class S(y) with
v >0,if F e L(y) and

lim TXE@ / T v E(dy). (1.3.5)
0

When v = 0 we get back the long tailed and subexponential classes. Note that when
~ = 0 in Definition the condition that F' € L£(v) is automatically satisfied due to
Proposition m These classes were initially introduced by |Chover et al.| (1973alb) in
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the theory of branching process and they were further studied by |Klippelberg (1988
1989)) . Kliippelberg (1988, 1989) also studied the densities of the class S(v). To describe

them we now introduce two more classes Sy4(y) and S*.

Definition 1.3.10. A function f : R — Ry such that f(z) > 0 on [A,c0) for some
A € Ry belongs to the class Sy(v) with v > 0 if

T—00

. L [T —y) o [T udu < oo
o gm [Ty =2 [ < s
iz -

(44) lim f()y) =€’ forall y € R
T—00 T

Definition 1.3.11. A distribution function F' belongs to the class &* if it has finite

expectation p and

o [TEE =y
lim /0 WF(y)dy = 2. (1.3.6)

T—00

The classes S;4(y) and S(y) can be linked in the following way. For f € S;(7) define

a distribution concentrated on (0, 00) by

F@%_ﬁV@MQ

o fy)dy
Then F' € S(7y) (see Kliippelberg, 1989, Theorem 1.1). It was also shown in Theorem 3.2

of Kliuppelberg (1988)) that S* is a proper subclass of the subexponential distributions.

Example 1.3.1 (Generalized inverse Gaussian distribution (GIGD), [Klippelberg, [1989)).
For a > 0, b > 0 and ¢ < 0, the density of GIGD is given by

-1

flx) = <b>c/2 (zKC(\/%)) 2L exp <—;(aac—1 + bx)) . zeR,

a

where K, is the modified Bessel function of third kind with index ¢. Then f € S;(b/2)
and hence the distribution function F' € S(b/2).

In the next theorem we summarize the relationship between the classes described
before. To describe the containment we need to define another class of distribution

functions first.

Definition 1.3.12. A distribution function on [0, c0) belongs to the class D of dominated
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variations if

F
lim sup = (=) < 00. (1.3.7)

Theorem 1.3.4 (Embrechts and Omey, 1984, Goldie, 1978, |Kliippelberg, 1988).
(1) The class of distribution functions RV_,, D, L, S satisfy

RV_,cDNnLcCSCL

and all the classes are contained in the class of heavy tailed distribution functions.

(2) If F has finite expectation and F € DN L, then F € §* C S.

1.4 Extreme value theory and regular variations

The regularly varying functions also play an important role in the theory of extreme
values. In this section we briefly point out the role of regularly varying functions in the
extreme value theory.

Let X1, Xo,---, X, be ii.d. random variables with a nondegenerate distribution
function F on R. The study of M, = max(X;, Xo, -, X,) is often known as the
extreme value theory. It is easy to see that if we denote xp as the right end point of
F, that is, xp := sup{z : F(x) < 1}, then M,, — xp in probability and since M, is
increasing, we also have M,, — xr almost surely. Since one does not arrive at anything
deeply interesting in terms of almost sure convergence or convergence in probability so

it is of major importance to study the distributional convergence of M,,.

Definition 1.4.1. A distribution function F', belongs to the maximum domain of

attraction of G, if G is nondegenerate and there exists a,, > 0 and b,, € R such that

P {M"_b" < :g] = F"(apz + by) = G(z). (1.4.1)

an,
If this happens then we write F' € D(G).

Now a major challenge is to classify the possible distributions G that can arise in
the above limit. The distribution function G can be classified into three types, namely

Fréchet, Weibull and Gumbel. The initial study was carried out by |[Fisher and Tippett
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(1928) and |Gnedenko| (1943|) and later elaborated by Balkema and de Haan (1972),

'de Haan| (1970, [1971). A nice treatment of this can be found in the monographs by
Beirlant et al.| (2004)), |[de Haan and Ferreira, (2006), Embrechts et al.| (1997), Galambos|

(1978), Resnick| (1987). The major tool used in the proof of the above result is the

convergence of types. Since we shall use the result, we state it for future use.

Theorem 1.4.1 (Convergence of types). Suppose U(x) and V(x) are two nondegenerate
distribution functions. Suppose for n > 1, there exists distribution function Fy, scaling

constants o, an > 0 and centering constants By, b, € R such that

Fo(apz + by) = U(x) and  Fp(anx + Bn) = V(z).

Then as n — oo,

-b
A0, B —bn
an an

— BeR and V(x)=U(Az+ B).

Definition 1.4.2. A nondegenerate distribution function F' is called maz-stable if for

all n € N, there exists a,, > 0, b, € R such that F(z)" = F(anz + by).

The next theorem characterizes the class of extreme value distributions. This result

was proved by [Fisher and Tippett| (1928) and Gnedenkol (1943).

Theorem 1.4.2. Suppose there exists a, > 0, b, € R, n > 1 such that

Mn_ n
P [b < m] = F"(apx + by) — G(x)

Gn

where G is nondegenerate, then G can be suitable scaled and centered to be one of the

following forms:

0, if x <0,
(i) Fréchet : ®,(x) =

exp(—z~%), ifx>0;

—(— a’ - 0’
(il) Weibull : Wy (x) = exp(—(—x) ifr <

1, if £ > 0;
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(iii) Gumbel :  A(x) =exp(—e™*), z € R.

These three types of distributions are known as the extreme value distributions. It is
well known that the class of extreme value distributions is same as the class of max-stable
distributions. A different choice of centering gives another parametrization of the above

limits called Generalized Extreme Value distributions.

Definition 1.4.3 (Generalized Extreme Value Distributions). For any v € R, define

the generalized extreme value distribution function G, as follows:

exp <_(1 +7x)_%> , fory#0and 14~z >0,
Gy(z) =

exp (—e %), for v = 0.

Note that for v = 0, we have Go(x) = A(z). For v > 0, 1 + vz > 0 implies > —1/~
and after a shift it is of the same type as ®, with « =1/y. When v <0, 1 — |y|z >0
implies < 1/|y| and again after a shift, this of the same type as ¥, with a = 1/|7]|.
We often use this parametrization of the limits and write F' € D(G,).

Note that as 1 — A(x) ~ e~ ", it has all moments finite and hence it is not heavy
tailed. Now as 1 — ®,(x) ~ z~¢, this is heavy tailed. For ¥, we have the right end
point xr to be finite. At this stage we want to point out the relation between extreme
value theory and regular variation. The next result not only gives the relation, but also
gives the properties of the centering and scaling needed in . For stating the result,

we need to introduce the notation for left continuous inverse of a nondecreasing function.

Definition 1.4.4. Suppose f is a nondecreasing function on R. The (left continuous)

inverse of f is defined as

fy) =inf{s: f(s) 2y}

Suppose f(o0) = oo and f € RV, with 0 < o < 00, then it is known (Resnick, |1987,
Proposition 0.8) that f € RV} q.

Theorem 1.4.3. A distribution function F € D(G) if and only if
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(i) (y>0): zp =00 and F € RV_1. In this case
vy

1

-
F'(apx +by) = ®1(z) with a,, = <F> (n), b, =0.

1

=

(i) (v <0): zp < oo and F (zp — 1) € RV1. In this case
Y

1 «—

~

(iii) (v=0): zp < o0 and

F(t t
T G k7 Q) (1.4.2)
ttxp F(t)
for some positive function f. If (1.4.2) holds for some positive function f, then

[ F(s)ds < oo fort < zp and

fth F(s)ds

, t<xp.

In this case,

F™ant + b)) — A(z)  with by = (;) (n) and an = f(bn).

1.5 Summary of the thesis

This thesis considers three problems where regularly varying functions play an important
role. The problems are from classical as well as free probability theory. The first two
problems described in Subsections and involve the tail behavior of randomly
weighted sums and the tail behavior of products of random variables from conditional
extreme value model. The third problem described in Subsection [1.5.3| provides the
extension of the notion of subexponentiality to the free probability theory. It shows that
the probability distribution functions with regularly varying tails play as important a

role in free probability theory as in classical probability.

(i) Suppose {X;}:>1 is a sequence i.i.d. random variables having regularly varying
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(iii)

tails of index —a with a > 0 and {©;};>1 is a sequence of positive random
variables independent of {X;};>;. We obtain sufficient conditions, which ensure
that Xy = Yoo, ©:X; has regularly varying tails, under reduced conditions
involving the summability of only a-th moments of {O;}+>;. Motivated by |Denisov,
and Zwart| (2007), we reduce the moment conditions required in determining the
series behavior. For a converse result to the problem above, we suppose that
X(oo) = Yooy ©:X; converges with probability 1 and has regularly varying tail
of index —a, where a > 0. Also assume {©;};> are positive random variables
independent of the positive i.i.d. sequence {X;};>1. We obtain sufficient moment
conditions on {O;}, so that the regularly varying tail of X (c0) Guarantees the same

for Xj.

In much of the probability literature on the product of random variables with
regularly varying tails, the random variables are taken to be independent. We
extend the results to a suitable dependence structure. The conditional extreme
value models were introduced by [Heffernan and Tawn/ (2004) and later elaborated
upon by Heffernan and Resnick| (2007) to model the multivariate regular variation
and accommodate the notions of asymptotic independence and dependence. We
explore the behavior of XY, when (X,Y) follow the conditional extreme value

model.

Free probability theory is a fast emerging area of interest and it is worthwhile to look
into the role of regularly varying functions in the free probability theory. It is already
known that they play a very crucial role in determining the behavior of domains of
attraction of stable laws (Bercovici and Pata;, 1999, [2000a)). In classical probability
theory, the subexponential random variables play an important role in the class of
heavy-tailed random variables. We extend the notion of subexponentiality to the
free probability setup. We show the class is nonempty. In fact, we show that it
contains all random variables with regularly varying tails. In the process, we prove
results giving the relation between the error terms in Laurent series expansions of

Voiculescu and Cauchy transforms, which can be of independent interest.
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1.5.1 Tail behavior of randomly weighted sums

We consider a problem about the tail behavior of the randomly weighted sum and its
converse. The details of this problem is available in Chapter [2| and is based on |Hazra
and Maulik| (2010b).

If {¢:}+>1 is a sequence of positive real numbers satisfying suitable summability
conditions and {X;} are i.i.d. random variables with regularly varying tails of index —«
with a > 0, then > ;% ¢;X; has regularly varying tails with same index (see Resnick,
1987, Section 4.5, for details). One may replace the constant coefficients by a sequence of
positive random variables {O;};>; independent of {X;};>1 to consider the tail behavior
of X0y = Y21 ©:X;. Observe that the tail behavior of the product in one particular
term can be controlled by the moment conditions on ©; according to Breiman’s theorem.
Recall from Theorem that Breiman’s result gives: if E[@%"¢] < oo for some
€ > 0 and X has regularly varying tail with index —a where a > 0 then ©.X also has
regularly varying tail of index —c«. In fact in this case, P[@X > z] ~ E[OY]|P[X > z]
holds. When one considers the series X (., then both the small and the large values of
© need to be managed. The large values are controlled by Breiman’s result. Resnick

and Willekens| (1991)) assumed the following moment conditions on {O;};>1:

(i) When 0 < a < 1, then for some € > 0,

o0

> (B[O 4+ 071) < o0. (1.5.1)
t=1

(ii) When « > 1, then for some € > 0,

> (El07 )7 + El07 )77 ) < oo (1.5.2)
t=1

Then they showed that X has regularly varying tail of index —a. Note that the

conditions (1.5.1)) and (1.5.2]) also hold for & > 1 and 0 < a < 1 respectively. Zhang

et al.| (2009) extended the result to random variables with extended regularly varying
tails. Further review of the existing literature in the topic is available in Chapter [2| It

can be easily verified that the series converges almost surely under the above moment
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conditions (see Jessen and Mikosch, [2006, [Mikosch and Samorodnitsky}, 2000)).

In many cases, the existence of moments of © of order strictly greater that o becomes
too strong an assumption in Breiman’s result. In fact, the condition > 7°, F[Of"€] < oo
can become too restrictive for regularly varying tail property of X ). For example, if we
take a sequence of random variables such that > 72, E[©7¢] = oo, but Y%, E[0:*] < 0o
and {X;} to be standard Pareto with parameter —a where 0 < a < 1, then it can be
shown that X (. still has regularly varying tail of index —a. Denisov and Zwart| (2007)
relaxed the moment condition in Breiman’s result by assuming the finiteness of a-th
moment of © alone. They also assumed the natural condition that © has lighter tail
than X, that is, P[@ > z] = o(P[X > z]) as x — oo. They replaced the requirement
of the existence of higher moments by some further sufficient conditions on the slowly
varying part in P[X > z]. We exhibit that these conditions have a natural extension
when we consider the randomly weighted sums and series.

We consider a sequence of identically distributed random variables {X;};>1 with
regularly varying tails of index —a, where a > 0. We reduce the independence assumption

to that of pairwise asymptotically independence, that is,

P[X; >z, X > z]
P[Xs > 7]

— 0 as x — oo for s # t. (1.5.3)

The nonnegativity of the summands can also be replaced by the weaker condition of the
negligibility of the left tail compared to the right tail, that is, P[X < —z] = o(P[X > z])
as ¢ — 0o. We also consider another sequence of non-negative random variables {O;}+>1

independent of {X;} such that P[®; > z] = o(P[X; > z]) for all ¢ > 1 and satisfying :

(i) When 0 < o < 1,

> E[6,] < 0. (1.5.4)
t=1
(ii) When 1 < a < o0,
(E[@ta])a%e < 00 for some € > 0. (1.5.5)
t=1

Note again that the conditions ((1.5.4]) and (|1.5.5]) also hold for « > 1 and 0 < a < 1
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respectively. In Chapter [2| we show that under the natural uniform extensions of the

conditions on {X;, ©;}¢>1 given in Denisov and Zwart, (2007), we have

P [ max Z@tXt>x

1<k<oo

~P[X(x) > 2] ~ P[X; > 2] ) _E[Of (1.5.6)
t=1

It should be noted above that in conditions and we reduce the assumption
of existence of moments of © of order strictly greater than « as well as the extra
summability conditions of the moments.

Till now, we have discussed how the regular variation of the tail of X; forces
the same for X () under various weights and dependence structure. Jacobsen et al.
(2009) discussed a converse problem. They considered a sequence of i.i.d. positive
random variables {X;};>1 and a non-random sequence {c;} satisfying some summability
assumptions, so that Y 7, ¢; Xy < oo almost surely and has regularly varying tail of
index —a with a > 0. Then they showed under suitable assumptions that X; has
regularly varying tail with same index. Motivated by this converse problem, we obtain
sufficient conditions, which guarantee a regularly varying tail of Xj, whenever X
has one. We show in Theorem 2, if {X;,t > 1} is a sequence of positive, identically
distributed and pairwise asymptotically independent random variables, {Oy,t > 1} is a

sequence of positive random variables independent of {X;,¢ > 1} satisfying the moment

condition (L1.5.1]) or (1.5.2) such that Xy = > ;2 ©;X; is finite almost surely and has

regularly varying tail of index —a with @ > 0, and
0 .
> E[OfT] £ 0 for all ¢ € R, (1.5.7)
t=1

then X7 has regularly varying tail of index —a.
The condition (L.5.7)) is necessary for the above theorem. In fact, in Theorem [2.4.3]

we show that whenever there exists a sequence of positive random variables {©;,¢ > 1}

which for some a > 0, satisfies the appropriate moment condition ([1.5.1]) or (1.5.2]), but
the condition (L.5.7) fails, that is, > ;= E[O77%0] = 0 for some ¢y, then there exists a

sequence of i.i.d. random variables {X;}, whose common marginal distribution function

does not have regularly varying tail, yet the series X () = Y oi2 1 04X, converges almost
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surely and X () has regularly varying tail of index —a.

1.5.2 Products in the Conditional Extreme Value model

The joint distribution of two random variables is said to be asymptotically independent,
if the suitably centered and scaled coordinatewise maximum of n i.i.d. observations from
the distribution has a non-degenerate limit, which is a product measure. It follows form
Proposition 5.27 of Resnick| (1987) that this is equivalent to the pairwise asymptotic
independence between the two marginals as described in . However, this concept
is too weak to conclude anything useful about the product of random variables, which is
the main issue in this problem. So this concept was replaced by a stronger condition in
Maulik et al.| (2002). They assumed that

tP Kbi(t)y) c ] ¥ (v x @) () on (0,09] % [0,09], (1.5.8)

where X and Y are strictly positive random variables and b(t) = inf{x : P[X > z| < 1/t},
v is a Radon measure on (0, c0] and G is a probability measure with G(0, 00) = 1. Note
that this implies that X has regularly varying tail of index —a, for some a > 0,
v(z,00) = cx™® for some ¢ € (0,00) and (X,Y) are asymptotically independent in the
sense defined above. It was shown in Maulik et al.| (2002) that if (X,Y") has the above
dependence structure , then, under some moment conditions, the product has
regularly varying tail, whose behavior is similar to that of the heavier of the two factors.

Suppose that (X,Y’) are multivariate regularly varying in the sense that there exists

regularly varying functions b(-) and a(-) and a Radon measure p(-) such that

P (2o} €] % u() on 0,002\ {(0,0)}.
(am) <

If the limit measure u satisfies 1((0,00]%) > 0, (X,Y) are said to be asymptotically
dependent. Maulik et al| (2002) showed that, for asymptotically dependent (X,Y"), the
random variables X, Y and XY have regularly varying tails of indices —«, —f and
—af/(a+ B), for some «, 8 > 0. Thus, the product behavior for jointly multivariate
regularly varying random variables is in contrast to the case when (X,Y") follow .
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This causes an interest about the behavior of the product of multivariate regularly
varying random variables, which have other types of joint distribution.

The conditional extreme value model (CEVM) provides a rich source of dependence
structure for multivariate regularly varying random variables. The model extends
to include the limit measures which are not in product form. This model was introduced
as the usual ones in multivariate extreme value theory suffer a lot either from the presence
of asymptotic independence or the absence of one or more components in domain of
attraction of an univariate extreme value. The model was first proposed by [Heffernan
and Tawn (2004) and then further formalized and analyzed by Heffernan and Resnick
(2007)). We now briefly describe the model.

Let (X,Y) be a two-dimensional real-valued random vector and let F' denote the
marginal distribution function of Y. (X,Y’) is said to be from a conditional extreme

value model if the following conditions hold:

(i) The marginal distribution function F' is in the domain of attraction of an extreme

value distribution G, for some v € R as in Definition

(ii) There exists a positive valued function o and a real valued function 5 and a
non-null Radon measure p on Borel subsets of [—o0, 0o] X E(v), where E = {y €

R : 1+ ~y > 0}, such that

(a)

e[ ) ] o

on [—o00, 00] X E(v), and
(b) for each y € EM, pu((—o0, 2] x (y, 00)) is a non-degenerate distribution function
in z.
(iii) The function H(x) = p((—o0,z] x (0,00)) is a probability distribution.

The above conditions imply that if (x,0) is a continuity point of u(-), then

X —B(t)
a(t)

<z|Y >bt)| - H(z), as t— oo,
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which suggests the name of this class of distribution functions. [Heffernan and Resnick
(2007) showed that for a conditional extreme value model, there exists functions 1 (-),

1a(+) such that,
a(tx)

: _ . B(tx) — B
Am gy~ Gil@)and o lim e

= tho()

hold uniformly on compact subsets of (0,00). We must also necessarily have, for some

p €R, YP1(x) = 2P, > 0 and either 19 is 0 or, for some k € R, on = > 0,

Bz —1), when p # 0,
Ya(z) ="
klogx, when p = 0.

In Chapter [3| we study the tail behavior of the product XY, when (X,Y’) belongs
to the conditional extreme value model. The discussion in Chapter |3|is based on |Hazra

and Maulik (2011). Throughout this thesis we assume (¢1(z),%2(x)) # (1,0). More

precisely, we considered the following cases:

(i) When v > 0 and p > 0, then under some tail conditions XY has regularly varying
tail of index —1/(y 4 p). This situation was similar to the case when (X,Y") satisfy

multivariate regular variation with asymptotic dependence.

(i) When v < 0 and p < 0, the situation is more complicated. Here b(t) — b(c0) < oo,
and S(t) — B(c0) < 0o as t — 0o, and the regularly varying property of Y occurs

at B(00). We further divided this into following subcases:

(a) Suppose v < p, f(c0) > 0 and b(co) > 0 and also assume X and Y are strictly
positive. Then under some moment conditions on X, we have (b(c0)/3(00) —
XY)~! has regularly varying tail of index —1/|p|.

(b) If (o) = 0 = b(o0) and X and Y, then (XY)~! has regularly varying tail
of index —1/(1y] + |pl)-

(c) Suppose the B(c0) = 0 and b(co) = 1 with Y > 0. Then —(XY)~! has

regularly varying tail of index —1/|p|.



32 Chapter 1: An introduction to heavy tailed distributions

(d) If both B(c0) and b(co) are strictly less than zero, then (XY — B(00)b(c0)) !

has regularly varying tail of index —1/|p|.

(iii) Let p > 0 and v < 0 and assume that b(co) > 0 and Y > 0. The product XY has
regularly varying tail of index —1/|v|, provided some moment conditions on X

gets satisfied.

(iv) If p < 0 and v > 0 then XY has a regularly varying tail of index —1/7.

1.5.3 Sums of free random variables with regularly varying tails

Free probability theory is the non-commutative analogue of the classical probability
theory. In free probability theory, the notion of independent random variables is replaced
by freely independent operators on some suitable Hilbert space. A non-commutative
probability space is a pair (A, 7), where A is a unital complex algebra and 7 is a linear
functional on A satisfying 7(1) = 1. A non-commutative analogue of independence,
based on free products, was introduced by Voiculescu (1986). A family of unital
subalgebras {A;};c;r C A is called a family of free algebras, if T(ay - - - ay,) = 0, whenever
7(aj) = 0, a; € A;; and i; # ;41 for all j. The above setup is suitable for dealing
with bounded random variables. In order to deal with unbounded random variables
we need to consider a tracial W*-probability space (A, 7), where A is a von Neumann
algebra and 7 is a normal faithful tracial state. A self-adjoint operator X is said to
be affiliated to A, if u(X) € A for any bounded Borel function w on the real line
R. A self-adjoint operator affiliated to A will also be called a random variable. The
notion of freeness was extended to this context by Bercovici and Voiculescu (1993).
The self-adjoint operators {X;}1<;<) affiliated with a von Neumann algebra A are
called freely independent, or simply free, if and only if the algebras generated by the
operators, { f(X;) : f bounded measurable};<;<, are free. Given a self-adjoint operator

X affiliated with A, the law of X is the unique probability measure px on R satisfying

rux) = | T u(t)dux (1)

—00
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for every bounded Borel function u on R. If e4 denote the projection valued spectral
measure associated with X evaluated at the set A, then it is easy to see that px (—o0, x] =
T(€(—00,2)(X)). The distribution function of X, denoted by Fx, is given by Fx(r) =
pix (=00, .

The measure p * v is the classical convolution of the measures p and v, which also
corresponds to the probability law of random variable X 4+ Y where X and Y are
independent and have laws p and v respectively. Now it is well known that given two
measures u and v, there exists a tracial W*-probability space (A, 7) and free random
variables X and Y affiliated to A such that p and v are the laws of X and Y respectively.
Now p H v denotes the law of X + Y. This is well defined as the law of X + Y does not
depend on the particular choices of X and Y, except for the fact that X and Y have
laws p and v respectively and they are free. The free convolution was first introduced in
Voiculescu (1986|) for compactly supported measures, extended by Maassen| (1992) to
measures with finite variance and by Bercovici and Voiculescu, (1993]) to measures with
unbounded support.

The relationship between * and H convolution is very striking. There are many
similarities, for example, in characterizations of infinitely divisible and stable laws
(Bercovici and Patay, 1999, [2000al), weak law of large numbers (Bercovici and Pata, (1996))
and central limit theorem (Maassenl, 1992, [Patal, 1996, |[Voiculescu, |1985)). Analogues of
many other classical theories have also been derived. In recent times, links with extreme
value theory (Ben Arous and Kargin, 2010, |[Ben Arous and Voiculescu, 2006) and de
Finetti type theorems (Banica et al., 2010) are of major interest. However, there are
differences as well. Cramer’s theorem (Bercovici and Voiculescu, 1995) and Raikov’s
theorem (Benaych-Georges, 2006) fail to extend to the non-commutative setup. Further
details about free probability and free convolution is provided in Chapter [

In Chapter [4, we study some heavy tailed properties of the distributions under
non-commutative setup. [Hazra and Maulik| (2010a)) extended the definition of subexpo-

nentiality given in Definition to the free setup.

Definition 1.5.1. A probability measure p on (0, 00) is said to be free subezponential
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if for all n,

Bﬂn(

p(x,00) = (pB - B p)(x,00) ~ nu(x,00), as x — oo. (1.5.9)
—_——

n—times
In Theorem we show that if u has regularly varying tail of index —a with
a > 0, then p is free subexponential. Thus probability measures with regularly varying
tails not only form a subclass of the classical subexponential probability measures, but
they also form a subclass of the free subexponential. Theorem and the related
results in Chapter {4 are based on Hazra and Maulik (2010a).

The above definition can be rewritten in terms of distribution functions as well. A

distribution function F is called free subexponetial if for all n € N, FEn(x) ~ nF(z) as
x — 00. A random element X affiliated to a tracial W*-probability space is called free
subexponential, if its distribution is so.

Due to the lack of coordinate systems and expressions for joint distributions in terms
of measures, the proofs of the above results deviates from the classical ones. When dealing
with convolutions in the free setup, the best way is to go via Cauchy and Voiculescu
transforms. The proof of the above theorem involves obtaining a relationship between
Cauchy and Voiculescu transforms. Since, probability distribution function with regularly
varying tails do not have all moments finite, their Cauchy and Voiculescu transforms will
have Laurent series expansions of only finite order. We obtain a relationship between
the remainder terms in two expansions, which is new in literature and is an extension
of proved in Bercovici and Patal (1999)), where only one term expansion was
considered. In Theorems [4.3.1 we obtain sharper results by considering higher
order expansions of Cauchy and Voiculescu transforms of distribution functions with
regularly varying tails. This relation can be of independent interest in free probability
theory.

To study the relationship between the remainder terms in the expansion of Cauchy
and Voiculescu transforms, we derive two interesting results from complex analysis. We
consider Taylor series expansion of finite order of an analytic function, as well as the
remainder term, which is assumed to have suitable regularly varying properties besides

other regularity conditions. We show in Theorems and that such properties
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are inherited by the remainder terms of of the reciprocals and inverses of the analytic
functions respectively. We also use Karamata’s Tauberian theorems and other results
to relate the remainder term in the expansion of Cauchy transform and the regularly

varying tail of the distribution function.
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Chapter 2

Tail behavior of randomly

weighted sums

2.1 Introduction

Let {X;,t > 1} be a sequence of identically distributed, pairwise asymptotically inde-
pendent, cf. (2.2.1)), random variables and {©;,¢ > 1} be a sequence of positive random
variables independent of the sequence {X;,¢ > 1}. We shall discuss the tail probabilities
and almost sure convergence of X () = > 72, 0;X;" (recall that X+ = max{0, X}) and
mMaxi<k<oo Zle 0. X, in particular, when X,’s belong to the class of random variables
with regularly varying tail and {©;,¢ > 1} satisfies some moment conditions. In recent
times, there have been quite a few articles devoted to the asymptotic tail behavior of
randomly weighted sums and their maxima. See, for example,Chen et al.| (2005, [Hult
and Samorodnitsky| (2008)), Resnick and Willekens| (1991), Wang and Tang| (2006), Zhang
et al.| (2009).

The question about the tail behavior of the infinite series X () with non-random 6
and i.i.d. X; having regularly varying tails has been studied well in the literature, as it
arises in the context of the linear processes, including ARMA and FARIMA processes.
We refer to |Jessen and Mikosch! (2006) for a review of the results. The case, when ©;’s
are random, arises in various areas, especially in actuarial and economic situations and

stochastic recurrence equation. For various applications, see Hult and Samorodnitsky

37
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(2008)), Zhang et al. (2009).

Resnick and Willekens| (1991) showed that if {X;} is a sequence of i.i.d. nonnegative
random variables with regularly varying tail of index —«, where a > 0 and {©;} is
another sequence of positive random variables independent of {X;}, the series X (o0)
has regularly varying tail under the following conditions, which we shall call the RW

conditions:

(RW1) If 0 < a < 1, then for some € € (0, ), >0, B[O + 09 < oco.

(RW2) If 1 < a < oo, then for some € € (0,a), Y22, (E[OF + 08~ 6])a+e < 0.

In this case, we have P[X ooy > 2] ~ 322 E[OFf] P[X] > 2] as 2 — oo.

Remark 2.1.1. Each of the RW conditions implies the other for the respective ranges of

a. In particular, if 0 < o < 1, choose € < € such that o + ¢’ < 1. Note that

[e.9]

D RO + 057 <2 B[00 g, 51 + 07 L, <1]]
t=1 t=1

o0 oo
<2 B[O Ue,51) + OF Ljo,<q] 2D B[O+ 677 < o0.
t=1 t=1
Further, since a + € < 1, we also have Z;’il(E[@f“/ + @f‘_el])ﬁ < 0o. On the
other hand, if > 1 and € > 0, then a4+ ¢ > 1 and the condition 2|) implies
S EO8T + 087 < o0

Zhang et al| (2009) considered the tails of > ;" ; ©;X; and the tails of their maxima,
when {X;} are pairwise asymptotically independent and have extended regularly varying
and negligible left tail and {©;} are positive random variables independent of {X;}. The
sufficient conditions for the tails to be regularly varying are almost similar.

While the tail behavior of X (. requires only the a-th moments of ©;’s, we require
existence and summability of some extra moments in the RW conditions. Note that
Ot acts as a dominator for [©; > 1] and ©9 ¢ acts as a dominator for [©; < 1]. In
some cases, the assumption of existence and summability of extra moments can become

restrictive. We now consider such an example.

Example 2.1.1. Consider {©;} such that > 2, E[O@?*] = oo for all ¢ > 0 but

Yo E[09] < co. (A particular choice of such {6}, for @ < 1 is as follows: Oy
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takes values 2!/t2/® and 0 with probability 27% and 1 — 27 respectively.) Also let
{X:} be ii.d. Pareto with parameter a < 1, independent of {©;}. Then it turns out,
after some easy calculations, that Y ;°, ©;X; is finite almost surely and has regularly

varying tail of index —a.

This leads to the question whether we can reduce the moment conditions on ©; to
obtain the regular variation of the tail for X/.).

The situation becomes clearer when we consider a general term of the series. It
involves the product ©;X;. Using Breiman’s theorem, see Theorem , the tail
behavior of the product depends on the moments of ©;. Recall that Breiman’s theorem
states, if X is a random variable with regularly varying tail of index —« for some o > 0
and is independent of a positive random variable © satisfying E[@“"¢] < co for some
€ > 0, then,

lim P[OX > z] ~ E[O@%] P[X > z]. (2.1.1)

Tr—00

Note that, in this case, we work with a probability measure P[©; € -], unlike in the
problem of the weighted sum, where a o-finite measure » ;o P[© € -] is considered. In
this case, we can consider the dominator as 1 on [© < 1] instead of ©* ¢, since 1 is
integrable with respect to a probability measure.

Denisov and Zwart| (2007) relaxed the existence of (a + €) moments in Breiman’s
theorem to E[©%] < co. They also made the further natural assumption that P[© >
z] = o(P[X > z]). However, to obtain (2.1.1)), the weaker moment assumption needed
to be compensated. They obtained some sufficient conditions for to hold. In
Sections and we find conditions similar to those obtained by Denisov and Zwart
(2007), which will guarantee the regular variation of X ..

In the above discussion, we considered the effect of the tail of X in determining the
tail of X (). However, the converse question is also equally interesting. More specifically,
let {X;} be a sequence of identically distributed, asymptotically independent, positive
random variables, independent of another sequence of positive random variables {©;}.
As before, we define X () = Yoo, ©:X;. Assume that X, (c0) Converges with probability
one and has regularly varying tail of index —«a with a > 0. In Section [2.4] we obtain

sufficient conditions which will ensure that X; has a regularly varying tail of index —«
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as well.

Similar converse questions regarding Breiman’s theorem have recently been
considered in the literature. Suppose X and Y are positive random variables with
E[Y*"¢] < oo and the product XY has regularly varying tail of index —ca, @ > 0. Then
it was shown in |Jacobsen et al.| (2009) that X has regularly varying tail of same index
and hence holds. They have also obtained similar results for the weighted series,
when the weights {©;} are nonrandom. We shall extend this result for product to the
case of randomly weighted series under appropriate conditions.

In Section [2.2) we describe the conditions imposed by |Denisov and Zwart, (2007) and
study the tail behavior when finite weighted sums are considered. In Section [2.3| we
describe the tail behavior of the series of randomly weighted sums. In Section we
consider the converse problem described above. We prove the converse result is true
under the RW conditions and the extra assumption of nonvanishing Mellin transform.

We also show the necessity of this extra assumption.

2.2 Some preliminary results

We call two random variables X; and Xs to be asymptotically independent if

. P[Xy > z,Xe > 1
lim

=0, fort=1,2. 2.2.1
oot P[Xt N :E] 07 or ) ( )

Remark 2.2.1. It is should be noted that the above notion of asymptotic independence is
useful when X; and X3 have similar tail behavior, that is, lim, . P[X; > z]/ P[ Xy > z]

exists and is positive. In fact we use it for such cases only.

See Ledford and Tawn| (1996, |1997) or Chapter 6.5 of |[Resnick| (2007) for discussions
on asymptotic independence. Note that, we require Fy(z) > 0 for all z > 0 and ¢t = 1, 2.
Observe that if X1 and X5 are independent, then they are also asymptotically independent.
Thus the results under pairwise asymptotic independence condition continue to hold in
the independent setup.

A random variable X is said to have negligible left tail with respect to the right one,
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if
. PIX < —z]
| —— =0. 2.2.2
P >4 (2:2.2)

Note that we require P[X > z] > 0 for all z > 0.
Now, we gather a few results important for the present chapter. Our next Lemma
states that by Karamata’s representation, a slowly varying function L can be one of the

following form.

Lemma 2.2.1 (Denisov and Zwart|, 2007, Lemma 2.1). Let L be slowly varying. Then

L admits precisely one of the following four representations:

(ii) L(z) = c(z)/P[V > logx],
(i) L(z) = ¢(z) P[U > log ],
(iv) L(z) = c¢(z) P[U > logx]/ P[V > logz].

In the above representations, c(x) is a function converging to ¢ € (0,00), and U and V

are two independent long-tailed random variables with hazard rates converging to 0.

We shall refer to a slowly varying function L as of type 1, type 2, type 3 or type 4,
according to the above representations.

Denisov and Zwart (2007)) introduced the following sufficient conditions on the slowly
varying part L of the regularly varying tail of index —a of a random variable X with

distribution function F(z) = 27“L(z) for Breiman’s theorem to hold:
(DZ1) Assume limy o0 SUpyep o) L(y)/L(x) 1= D1 < o0.
(DZ2) Assume L is of type 3 or type 4 and L(e*) € S;.
(DZ3) Assume L is of type 3 or type 4, U € §* and P[© > z| = o(z7*P[U > log z]).

(DZ4) When E[U] = oo or equivalently E[X?] = oo, define m(z) = [j v*F(dv) —
00. Assume limsup,_ ., sup g<,<, L(y)/L(z) := D2 < oo and P[® > x| =
o(P[X > z]|/m(x)).
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We shall refer to these conditions as the DZ conditions. A short discussion on several
classes of distribution functions involved in the statements of the DZ conditions are
available in Section|1.3| For further discussions on the DZ conditions, we refer to Denisov;

and Zwart| (2007). Denisov and Zwart proved the following lemma:

Lemma 2.2.2 (Denisov and Zwart, 2007, Section 2). Let X be a nonnegative random
variable with regularly varying tail of index —a, o > 0 and © be a positive random
variable independent of X such that E[©%] < co and P[© > z] = o(P[X > z]). If X and
© satisfy any one of the DZ conditions, then holds.

The next result shows that asymptotic independence is preserved under multiplication,

when the DZ conditions are assumed.

Lemma 2.2.3. Let X1, X2 be two positive, asymptotically independent, identically
distributed random wvariables with common regularly varying tail of index —«a, where
a > 0. Let ©1 and Oy be two other positive random variables independent of the pair
(X1, X2) satisfying E[OF] < oo, t = 1,2. Also suppose that P[O; > z] = o(P[X7 > z])
fort = 1,2 and the pairs (01, X1) and (©2, Xs) satisfy any one of the DZ conditions.

Then ©1X1 and ©2 Xy are asymptotically independent.

Proof. Here and later G will denote the joint distribution function of (01, ©3) and G

will denote the marginal distribution functions of ©j.

[@1X1>x @2X2>.%' // // X1>x/u X2>.Z'/U]
G(du,d
P[Xl > .%' u<v u>v Xl > I‘] ( U7 U)

/ P[X1 > x/v, X2 > x/v] P[ X1 > x/v]
—Jo P[Xl > 1‘/'0] P[Xl > l’]

(G1 4+ G2)(dv).

The integrand converges to 0. Also, the first factor of the integrand is bounded by 1 and
hence the integrand is bounded by the second factor, which converges to v®. Further,

using Lemma [2.2.2] we have

OOP[Xl >.73/U] [@1X1 >x]—|—P[@2X1 >$]
/0 P[X; > 2] (Gr+ Ga)(dv) = P[X; > 1]

E[0%] + B [09] = /Ooo (G + Go)(dv).
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Then the result follows using Pratt’s lemma, cf. [Pratt| (1960). O

The next lemma shows that if the left tail of X is negligible when compared to the
right tail then the product has also such a behavior.

Lemma 2.2.4. Let X have regularly varying tail of index —«, for some o > 0 satisfy-
ing (2.2.2) and © be independent of X satisfying E[OY] < co and P[® > z] = o(P[X >
x]). Also suppose that (©,X) satisfy one of the DZ conditions. Then, for any u > 0,

lim POX < —ux] 0
z=00 P[OX >x]

The proof is exactly similar to that of Lemma [2.2.3] except for the fact that the first
factor in the integrand is bounded, as, using (2.2.2), P[X < —z]/P[X > z] is bounded.
We skip the proof.

The following result from |[Davis and Resnick (1996) considers a simple case of the

tail of sum of finitely many random variables.

Lemma 2.2.5 (Davis and Resnick, (1996, Lemma 2.1). Suppose Y1,Ya,...,Y) are non-
negative, pairwise asymptotically independent (but not necessarily identically distributed)
random variables with regularly varying tails of common index —«, where o > 0. If, for

t=1,2,...,k, P[Y; > z]/P[Y1 > 2| — ¢, then

Py, Yi > 4]
P[Y1 > z]

—Cc+c+ -+ C.

We have the following corollary by applying Lemma with ¥; = ©,X," and the

modified Breiman’s theorem in Lemma P.2.9] under the DZ conditions.

Corollary 2.2.1. Let {X;} be a sequence of pairwise asymptotically independent, iden-
tically distributed random variables with common reqularly varying tail of indexr —a,
where a > 0, which is independent of another sequence of positive random variables {©;}
satisfying E[OF] < oo, for all t. Also assume that, for all t, P[0y > x] = o(P[X1 > z])

and the pairs (O, Xy) satisfy one of the DZ conditions. Then we have

k
Z@tX+>x] ~ P[X] > 7] ZE@“
t=1

t=1
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Using Lemmas [2.2.2 and Corollary we obtain the following result, which
is an extension of Theorem 3.1(a) of Zhang et al.| (2009). (Note that the proof of
Theorem 3.1(a) of [Zhang et al| (2009) require only the results obtained in Lemmas [2.2.2}-

and Corollary )

Proposition 2.2.1. Let {X;} be a sequence of pairwise asymptotically independent,
identically distributed random variables with common regularly varying tail of indexr —ca,
for some a > 0 satisfying , which is independent of another sequence of positive
random variables {©.}. Further assume that, for all t, P[©; > z] = o(P[X1 > z]) and
E[©%] < co. Also assume that the pairs (O, X;) satisfy one of the DZ conditions. Then,

~ P[X} > 1] Zn:E[@?].

t=1

t=1

[J%Z@Xt ’

Proof of Propositon[2.2.1. The proof is similar to that of Theorem 3.1(a) of [Zhang et al.

(2009). We provide a sketch for the completeness. Since {©;}:>1 are positive, we have

i:@tXt < max Z@tXt < Z@tXt—i_, n Z 1.
t=1

1<k<n

Thus it suffices to show for n > 1,

n n
P Z 0, X, > ZE] ~ P[X; > 7] ZE[@?], as r — 00 (2.2.3)
t=1 t=1
: P19Xe>a] (o
S — > . 2.
hgfgp PIX, > 1] > ;E[@t] (2.2.4)

Note that (2.2.3) immediately follows from Corollary Also note that (2.2.4))
holds for n = 1 by the modified Breiman’s theorem given in Lemma [2.2.2] Suppose

n > 2. Let v > 1 be a constant and set y = (v —1)/(n — 1). Clearly y > 0.

n
P Z@tXt >.’L‘] >P
t=1

n
Z@tXt >, max 0,X; > vr
— 1<s<n
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n

>y P

s=1
- > P
1<k#I<n

= Ay — Ag. (2.2.5)

n
Z@tXt >1x,0,X, > vx]
t=1

n
Z 0. Xy > 2,0, X > vx, 0, X; > vx
t=1

For A1 in (2.2.5)), we have

P

n
Z@tXt >1,0,Xs > vm]
t=1

n
Z@tXt >2,0,Xs >v1,0;X; > —yr,1<j<n,j#s
t=1

>P[0,Xs >vx,0;X; > —yx,1 < j<n,j#s]

>P

n
>1- | P[O,X, <va]+ > P[O;X; < —ya]

j=1
J#s

It follows from Lemma [2.2.4]
P[0;X; = —ya]

1i
$1—>Holo P [@jX]’ > ZL']

=0 for1<j<n.

Therefore we have,
n

. Ay ) P[O:X;s > vz] e
| — >1 —_— =y E[©%]. 2.2.
U pr s ) 2 s T T S Ber (220

For As in (2.2.5) by Lemma we have for 1 < k #1<n,

lim P> 1, 60X > 2,0, Xy > vz, ©0,X; > va]
T—00 P[@le > .’E]

< =% Lim P [@ka > v, 0,X; > vx]

=0.
- T—00 P[@le > vx]

So this implies, by Lemma Ay = o(P[X; > z]). Now letting v — 1 in (2.2.6),

we get the result.
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O]

2.3 The tail of the weighted sum under the DZ conditions

In Proposition [2.2.1} we saw that the conditions on the slowly varying function helps us
to reduce the moment conditions on {©;} for the finite sum. However we need some
additional hypotheses to handle the infinite series. To study the almost sure convergence
of X(oo) = D52, ©X;", observe that the partial sums S, = ;" ©,X;" increase to
X (). We shall show in the following results that P[X () > z] ~ P[X1 > 2] ;2| E[Of]
under suitable conditions. Thus if ;2 E[Of] < oo, then lim, o P[X (o) > 2] = 0 and
X(c0) 1s finite almost surely.

To obtain the required tail behavior, we shall assume the following conditions, which
weaken the moment requirements of {©;} assumed in the conditions and
given in Resnick and Willekens| (1991):

(RW1') For 0 < v < 1, > ;2 E[O%] < 0.
(RW2') For 1 < ar < 00, for some € > 0, Eﬁl(E[G?])%ﬂ < 00.

‘We shall call these conditions modified RW moment conditions.

Remark 2.3.1. As observed in Remark 2.1.7] for & > 1 and € > 0, the finiteness of the
sum in (RW2') implies > ;2 (E[©9]) < co. Thus to check the almost sure finiteness of

X(o0); it 1s enough to check the tail asymptotics condition:

o0
P[X(o) > 2] ~ P[X1 > 2] > E[OF].
t=1
We shall prove it under the above model together with the assumption that P[©; >
x] = o(P[X1 > z]) and one of the DZ conditions. We need to assume an extra summability
condition for uniform convergence, when the conditions (DZ2), (DZ3)) or (DZ4}) hold.

Further note that ©1X1 < maxi<n<oo Z?zl 60:X; < X(oo) and hence the almost sure

finiteness of X (c0) Suarantees that maxj<n<oo Z?Zl ©;X; is a valid random variable.

Theorem 2.3.1. Suppose that {X;} is a sequence of pairwise asymptotically independent,

identically distributed random variables with common regularly varying tail of index —c,
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where o > 0, satisfying (2.2.2)), which is independent of another sequence of positive

random variables {©:}. Also assume that P[O; > z] = o(P[X > z]), the pairs (O, X;)
satisfy one of the four DZ conditions (DZ1)-(DZ4) and, depending on the value of o, the
modified RW moment conditions (RW1) or (RW2/) holds. If the pairs (O, X;) satisfy

DZ condition (DZ2)), (DZ3|) or (DZ4), define

Cy =

and further assume that

P[@t >x]
SUPz PX>a]

P[@t >£B}
SUPy 7= P|U>log z]’

Pl©
sSup, pgxiia;]}m(x)v

o0

Z C; < 00,
t=1

© 1

Z Core < o0,
t=1

Then

n
P [ max Z@tXt>l'

1<n<oo P

and X ) 18 almost surely finite.

~ P[X(OO) >

when (DZ2)) holds,
when (DZ3)) holds,

when (DZ4) holds,

when a < 1,

when o > 1.

Proof. For any m > 1, we have, by Proposition [2.2.1

>
P llg}zi}goZ@tXt > x] P

leading to

lim inf

T—r00

m
(0%
1glza<xm2®tXt :L'] PX) >z ;E [Of]

P[Xl > a;]

Plmaxi<p<oo )1y Xt > 7] > i E[Of

z] ~ P[X1 > 2] ) E[6F]

(2.3.1)

(2.3.2)

(2.3.3)

Similarly, comparing with the partial sums and using Proposition [2.2.1], we also get

liminf ————

T—00 X1 > x]

P[ )>JJ

ZE@O‘
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For the other inequality, observe that for any natural number m, 0 < § < 1 and

x>0,

max 0:X; >z
[1<7’L<o<>Z et

<P

max Z@tXt > (1 — (5)

1<n<m

oo®tX+>6$.
> oo =i

t=m-+1

For the first term, by Proposition and the regular variation of the tail of X, we

have,
lim P [maxlgngm Z?:l @tXt > (1 — 5)1‘]
T—00 P[X; > z]

Also, for X, we have,

> oX) >

t=m+1

P [X(oo)y>2] < P|D O,X}>(1-0)
t=1

and a similar result holds for the first term.
Then, as X7 is a random variable with regularly varying tail, to complete the proof,

it is enough to show that,

P[Z)?im—i-l (_‘)75‘)(15Jr > iL']

lim li = 0. 2.3.4
mgnoo linﬁ\s;p P[Xl > LE] ( )
Now,
)
P Z (_)tXt-‘r > J,’]
t=m+1
eS) oo oo
<P| \/ &X}>z[+P| > ox >z \/ @txjgm]
t=m+1 t=m+1 t=m+1
< Z [0,X; > z]+ P Z O X g, x by > @ (2.3.5)
t=m+1 t=m+1
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We bound the final term of separately in the cases a < 1 and o > 1. In the
rest of the proof, for a > 1, we shall choose € > 0, so that the condition holds.
We first consider the case o < 1. By Markov inequality, the final term of gets
bounded above by

ZliE[GtXM[@txkx]} - Zl/o xl/UE | Xi L g | Geldv) (2.3.6)
t=m+ t=m+

oo ~ E[X;"1
) / X <ol e i),
0

Ml z/vP[X; > x/v]

Now, using Karamata’s theorem (see Theorem [1.2.1]), we have

E [Xf l[xrsm}] _a
emoo  zP[X; >z 1-a

and, for x < 1, we have E[Xt‘"]1[Xt+gv/v]]/(gvP[Xt+ > z]) < 1/P[X;” > 1]. Thus,
E[X;LII[X:SJC/U]]/(:B P[X;” > z]) is bounded on (0,00). So the final term of (2.3.5))
becomes bounded by a multiple of > 2 . P[0;X; > z].

When « > 1, using Markov inequality on the final term of (2.3.5)), we get a bound

for it as

) o+e€
1
pote E [( Z GtX;_]l[@tX;rﬁx]> ] ’

t=m+1

and then using Minkowski’s inequality, this gets further bounded by

1 }aJre

{ i (E Lalﬂ (O:X)™ ]l[etxt*sﬂp B
:{ i [/ooo(x/v)—(we)E [(Xt*)“ﬁH[ngm/v}]Gt(dv)] aie}aﬂ v

t=m+1

t=m+1
+ % a+e
o0 0o E X+ aTe I[ 4 /v a+te
t=m+1 | /0 (x/v)eTeP[X," > x/v]

Then, again using Karamata’s theorem, the first factor of the integrand converges to a/e
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and, arguing as in the case a < 1, is bounded. Thus the final term of (2.3.5)) is bounded
by a multiple of [S5°, .| (P[0:X; > a])l/(et9)]jate,

Combining the two cases for «, we get, for some L > 0,

[@tXt>{E]
Ll t m—+1 W, WhenOé<1,

P[5 s O X >
[Zt_erl e 7] < PO X >x]
P[Xl > .Z‘] Zt m+1 P[X1>x]

1 qate
+1y [Efimﬂ (%) ME} , when o > 1.

To prove , we shall show

P[@tXt > CE]
o s <5 (2.3.8)

for all large values of x, where

e,
ZBt<oo, for a < 1,

= (2.3.9)

> 1
ZB{”G < oo, for a > 1.
t=1
As mentioned in Remark 2.3.1) for « > 1 and ¢ >0, > ;2 B 1/a+6 < oo will also imply
Y ioqy By < 0o. Thus, for both the cases of & < 1 and a > 1, the sums involved will be
bounded by the tail sum of a convergent series and hence will hold.
First observe that

POX: > a] _ / SR> 2l ), (2:3.10)
0

P[X 1> :L‘]

We break the range of integration into three intervals (0, 1], (1, z] and (x, c0), where we
choose a suitably large = greater than 1.

Since F is regularly varying of index —a with o > 0, P[X; > x/v]/P[X; > 7]

converges uniformly to v* for v € (0,1) or equivalently 1/v € (1,00). Hence the integral
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in (2.3.10) over the first interval can be bounded, for all large enough z, as

LP[Xy > z/v] o
/0 ST Geld) < 2E(O7] (2.3.11)

For the integral in ([2.3.10]) over the third interval, we have, for all large enough x,
by (231 (for the conditions (DZ2), (DZ3) and (DZd) only),

/oo P[Xl > x/v]Gt(d’U) < P[@t > l’]

P[Xl > Q/J} - P[Xl > x]
EL[SS] <2D; EL[%!], by Markov’s inequality, when (DZ1]) holds,
Ct, when -DZ2 holds,
< (2.3.12)
PO;>x
c(:c)x—‘[" ;[U>]logx] < %Ct’ when " holds,
C, as m(x) — oo, when (DZ4)) holds.

Note that, when the condition holds and L is of type 4, we can ignore the factor
P[V > log z], as it is bounded by 1.

Finally, we consider the integral in over the second interval separately for
each of the DZ conditions. We begin with the condition . In this case, we have,

for all large enough z,
T PIX1 > z/v] ¢ L L(z/v)
/1 T Gilar) < /1 v G
L(y)

< sup ——<E[0f] <2D;E[©f]. (2.3.13)
y€[l,z] (x)

Next we consider the condition (DZ2)). Integrating by parts, we have

/j m@(dw < P[O; > 1] +/1“ mdﬁm > x/v].

Using Markov’s inequality and (2.3.1]) respectively in each of the terms, we have

P[Xl > ’U]

TP[Xy > z/v]
/1 1> /Y] prx, = o P X > o/l

DI, = o] CH(®) SBI&f + Gy /1
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Substituting u = log v, the second term becomes, for all large z,

logz  Pllog X| > u]
C dy P llog X7 >1 —
t/o Pllog X; > logz] [log X > logx —u]

< 2C; Elexp(a(log X1)T)] < 2C, E[X7,

where the inequalities follow, since L(e*) € Sy implies (log X1)" € S(a), cf. Klippelberg
(1989). Thus,

*PXy > x/v] N .
/1 mGt(d”) < E[67] + 2C E[XT]. (2.3.14)

Next we consider the condition (DZ3]). In this case, we have

TP >w/e] s [TLEY) e
/1 e, ) /1 Gi(dv)

P[Xl > ] L(w)
c(x/v) /x P[U > log x — log v]
< sup G (dv).
veE[l,z] C(HZ) 1 P[U > log .I'] t( )

If L is of type 4, the ratio L(z/v)/L(z) has an extra factor P[V > logz]/P[V >
log x — log v], which is bounded by 1. Thus the above estimate works if L is either of
type 3 or of type 4. Since c(z) — ¢ € (0,00), we have sup,¢y ) c(x/v)/c(x) = L < oco.

Integrating by parts, the integral becomes

T P[U > logz — log ]
“Gy(d
/1 P[U > log z] v Gi(dv)
*P[U > logz — logv]|P[O; >v] 4
<PlO; >1 47 d
< Pl&; ]+/1 P[U > log ] v v
¥ PlO; > v]v®

—d, P 1 —1 .
+/1 PIU > Tog ] [U > log x — log ]

The first term is bounded by E[©f] by Markov’s inequality. By (2.3.1)), the second term
gets bounded by, for all large enough z,

a0t/ PIU > logx —log o] PIU > logv] )y ) < 90y B[O,
1

P[U > log z]

as U belongs to §*. Again, by (2.3.1)), the third term gets bounded by, for all large
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enough =,

c, /x P[U > logv]d, P[U > log x — log v] <10,
1

P[U > log z]
as U belongs to §* and hence is subexponential, cf. Klippelberg (1988). Combining the

bounds for the three terms, we get

/w PIXL > 2/0] 0oy < Lo {B[69] + 2(a B[U] + 2)C). (2.3.15)
1

P[X 1> .TU]
Finally we consider the condition (DZ4). In this case, we split the interval (1, z] into
two subintervals (1, /z] and (1/z, z] and bound the integrals on each of the subintervals

separately. We begin with the integral on the subinterval (1, /x].

Vi L(zfv) , L(z/v) (V" §
/1 () v Gy(dv) SUES(11171\>/5] L(2) /1 v*Gy(dv) < D9 E[OY].

For the integral over (y/z,z], we integrate by parts to obtain

‘ L(J:/v)va v T xa/QL(ﬁ) ’ P[@t > ’U} v Lz /v
| i Gl < PO > Vil S | SR e )

By Markov’s inequality, the first term is bounded by D9 E[©f]. The second term becomes,

using (2.3.1)),

Combining the bounds for the integrals over each subinterval, we get

v P[Xl > a:/v] N
/1 PN, S g @) = D2QREOF] + ). (2.3.16)

Combining all the bounds in ([2.3.11))—(2.3.16)), for some constant B, we can choose
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the bound in (2.3.8)) as
5 BE[Of], when the condition (DZ1)) holds,
t p—

B(E[©%] + C;), when the conditions (DZ2)), (DZ3)) or (DZ4) hold.

Then, for a < 1, the summability condition follows from the condition
alone under the condition and from the condition together with
under the conditions (DZ2)), (DZ3)) or (DZ4)). For o > 1, under the condition , the
summability condition follows from the condition . Finally, to check the
summability condition for o > 1, under the condition (DZ2)), (DZ3)) or (DZ4),

observe that as a > 1 and ¢ > 0, we have

1
(E[O9] + Cy)ave < (B[O]) = + O

and we get the desired condition from the condition (RW2'), together with (2.3.3). O

2.4 The tails of the summands from the tail of the sum

In this section, we address the converse problem of studying the tail behavior of X3
based on the tail behavior of X(.,. For the converse problem, we restrict ourselves to
the setup where the sequence {X;} is positive and pairwise asymptotically independent
and the other sequence {O;} is positive and independent of the sequence {X;}, such that
X(s0) is finite with probability one and has regularly varying tail of index —«. Depending
on the value of o, we assume the usual RW moment conditions (RWT)) or (RW2) for the

sequence {O;}, instead of the modified ones. Then, under a further assumption of the
non-vanishing Mellin transform along the vertical line of the complex plane with the
real part «, we shall show that X; also has regularly varying tail of index —a.

We use the extension of the notion of product of two independent positive random
variables to the product convolution of two measures on (0, 00), which we allow to be
o-finite. For two o-finite measures v and p on (0, 00), we define the product convolution

as

v (B) = [ v B)pldo)
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for any Borel subset B of (0, 00). We shall need the following result from |[Jacobsen et al.

(2009).

Theorem 2.4.1 (Jacobsen et all 2009, Theorem 2.3). Let a non-zero o-finite measure

p on (0,00) satisfies, for some o > 0, € € (0,a) and all p € R,

/000 (y* vV y*) p(dy) < oo (2.4.1)
and
/0 "y p(dy) £ 0. (2.42)

Suppose, for another o-finite measure v on (0,00), the product convolution measure

v ® p has a regularly varying tail of index —a and

Jy plx/y, 00)v(dy) 0. (2.4.3)

lim lim su
b0 aee. (v ® p)(,00)

Then the measure v has a reqularly varying tail of index —a as well and

. v®p(x,00 RN
hmp()z/o y*p(dy).

oo v(x,00)

Conversely, if (2.4.1) holds but (2.4.2) fails for the measure p, then there exists a

o-finite measure v without regularly varying tail, such that v ® p has regularly varying

tail of index —av and (2.4.3)) holds.

Remark 2.4.1. Jacobsen et al.| (2009) gave an explicit construction of the o-finite measure
v in Theorem above. In fact, if fails for 8 = By, then, for any real number a
and b satisfying 0 < a? + b% < 1, we can define g(x) = 1 + a cos(3o log x) + bsin(fBg log z)
and dv = gdv,, will qualify for the measure in the converse part, where v, is the o-finite
measure given by v, (z,00) = 2~ for any x > 0.

It is easy to check that 0 < g(x) < 2 for all x > 0 and hence

v(z,00) <2z~ 7. (2.4.4)
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Also, it is known from Theorem 2.1 of |Jacobsen et al.| (2009) that
v®p=|pllava; (2.4.5)

where [[plla = [5 y*p(dy) < oo, by @-41).

We are now ready to state the main result of this section.

Theorem 2.4.2. Let {X;,t > 1} be a sequence of identically distributed, pairwise
asymptotically independent positive random variables and {©,t > 1} be a sequence of
positive random variables independent of { Xy}, such that X ooy = Y2 ©;X; is finite
with probability one and has regularly varying tail of index —a, where a > 0. Let
{©y,t > 1} satisfy the appropriate RW condition (RW1)) or (RW2), depending on the
value of a.. If we further have, for all € R,

o0

> ElO; ) £ 0, (2.4.6)
t=1

then X1 has regularly varying tail of inder —a and, as x — oo,

oo
P[X () > 2] ~ P[X1 > 7] ZE[@?] as x — oo.
t=1
We shall prove Theorem [2.4.2] in several steps. We collect the preliminary steps,

which will also be useful for a converse to Theorem [2.4.2] into three separate lemmas.

The first lemma controls the tail of the sum X/).

Lemma 2.4.1. Let {X;} be a sequence of identically distributed positive random variables
and {©.} be a sequence of positive random variables independent of {X;}. Suppose that
the tail of X1 is dominated by a bounded regularly varying function R of index —a, where
a >0, that is, for all x > 0,

P[X1 > z] < R(z). (2.4.7)

Also assume that {©} satisfies the appropriate RW condition depending on the value of
«. Then,
PR g1 ©1Xy >

lim li =
mgnoo liri)s;ip R(.’L’)
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and

o0
Pl X
lim limsup Z M = 0.
m—0o0 4 yno 1 R($)
Proof. From (2.3.5)), we have
o o o
Pl Y oX;>z[< > POX >2+P| > O Xile,x<y>x|. (248)

Using (2.4.7)), the summands of the first term on the right side of (2.4.8)) can be bounded
as

P[OX,; > 2] /O TP > 1 /ulGy(du) < /0 " R(a/u)Gi(du). (2.4.9)

Before analyzing the second term on the right side of (2.4.8]), observe that, for v > «,
we have, using Fubini’s theorem, (2.4.7) and Karamata’s theorem successively

E [X{1x,<y] < ’y/ WL P[X; > uldu < fy/ W R(u)du ~ 5 Oé:lﬂR(aU).
0 0 -
Thus, there exists constant M = M (), such that, for all z > 0,
eV E [ X 1[x,<] < MR(x). (2.4.10)

We bound the second term on the right side of (2.4.8)), using (2.4.10), separately for
the cases @ < 1 and a > 1. For a < 1, we use (2.3.6)) and (2.4.10) with v = 1, to get

P[ > Xl x, <y >x] <M(1) > /0 h R(x/u)Gy(du). (2.4.11)

t=m-+1 t=m+1

For a > 1, we use (2.3.7)) and (2.4.10) with v = a + €, to get

i </OOO R(w/u)Gt(du)> al+e] e |

t=m-+1
(2.4.12)
Combining (2.4.9), (2.4.11)) and (2.4.12)) with the bound in (2.4.8), the proof will be

P [ Z ®tXt]l[9tXt§x] > l‘] < M(Oé+€)
t=m-+1
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complete if we show
[e.@]

lim limsup Z / R(z/u) Gi(du) =0, for a < 1,
0

M—=00 g svoo R(x)

t=m+1
(/00" R](%a(:gb) Gt(du)) S 0, for a > 1.

Note that, for a > 1, as in Remark the second limit above gives the first one as

(2.4.13)

o
and lim limsup Z
=m

well.

We bound the integrand using a variant of Potter’s bound (see (L.2.7)) . Let € >0
be as in the RW conditions. Then there exists a xg and a constant M > 0 such that, for
T > xg, we have

R(z/u) Mu®=¢, ifu <1,

< (2.4.14)
Muote, if 1 <u < x/xo.

We split the range of integration in into three intervals, namely (0, 1],
(1,2 /z0] and (z/zg,00). For x > o, we bound the integrand over the first two integrals
using and hence the integrals get bounded by a multiple of E[O% ] and E[O% "]
respectively. As R is bounded, by Markov’s inequality, the third integral gets bounded
by a multiple of z5 ™ E[©"]/{z*T¢R(x)}. Putting all the bounds together, we have

T REM) G a-e ot | T0 " EIOF]
[ BB Gy < s (Elg) + Bleg ™+ )

r@teR(x)

Then, (2.4.13)) holds for a@ < 1 using the condition (RW1]) and the fact that R is regularly

varying of index —a. For o > 1, we need to further observe that, as o + € > 1, we have

®Re/w) 0 T (e preate 4 26T EIOFT] ]
([ TR ean) ™ < arvi | (mtop=-+miep ) + 2
ro (E[OF ) 7+

xR(q:)a%re

< M (E[02] + B[O¢+]) = +

and (2.4.13)) holds using the condition (RW2) and the fact that R is regularly varying of

index —a. O

The next lemma considers the joint distribution of (0;X71,©2X2) and shows they are
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“somewhat” asymptotically independent, if (X1, X2) are asymptotically independent.

Lemma 2.4.2. Let (X1, X3) and (0©1,03) be two independent random vectors, such
that each coordinate of either vector is positive. We assume that X1 and Xo have same
distribution with their common tail dominated by a reqularly varying function R of index
—a with a > 0, as in . We also assume that R stays bounded away from 0 on
any bounded interval. We further assume that both ©1 and O2 have (« + €)-th moments

finite. Then
P[@le > (L‘,@QXQ > 1‘]

li =0.
Proof. By asymptotic independence and ([2.4.7)), we have
P[X1 >z, X2 > z] = o(R(x)). (2.4.15)

Further, since R is bounded away from 0 on any bounded interval, P[X; > z, X9 > z] is
bounded by a multiple of R(z). Then,

R0 = @ G(du, dv)

[+ [z etntaz ey,

/oo P[;ﬁ > x/u, Xo > x/u]
0 R(z)
/0 e xg(in(z 2 ()G + Ga) )
2§t (B[O + E[057))
roTeR(x) ’

P[@le >.T,G)QX2>$ 7713 X1 >x/u XQ>1‘/’U]
0

IN

(G1 + G2)(du)

for any x¢ > 0. The integrand in the first term goes to 0, using (2.4.15)) and the regular
variation of R. Further choose x¢ as in Potter’s bound (2.4.14)). Then, the integrand of

the first term is bounded by a multiple of 1 + u®*¢

, which is integrable with respect to
G1 + Go. So, by Dominated Convergence Theorem, the first term goes to 0. For this

choice of xg, the second term also goes to 0, as R is regularly varying of index —a. [

The next lemma compares > ;" | P[0:X; > z] and P [Y ;" ©,X; > x].
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Lemma 2.4.3. Let {X;} and {©.} be two sequences of positive random variables. Then,

we have, for any % <d<1landm>2,

PO X; > 2] — > ) PlOX,>56,X, >1]  (24.16)
1<s#t<m

Z @tXt > IL'] >
t=1

itJ:

and

m

P Z@tXt > ﬂ?] SZ [@tXt > QZ]
t=1 t

1-9 1-96

1<s#t<m

Proof. The first inequality (2.4.16|) follows from the fact that

Z 0 X > 33] U [0:X; > x]
t=1 t=1

and Bonferroni’s inequality.

For the second inequality (2.4.17)), observe that

P Z@tXt > .T] < ZP[@tXt > (5.T] + P
= t=1

k m
Z@tXt >z, \/ 0: X < 6%] .

t=1 t=1
Next we estimate the second term as

P [i etXt >, \n} G)tXt < (5.’17]

t=1 t=1

Z ®tXt >, \/ @tXt < (SZL‘ \/ G)tXt
t=1

3
L

p'%s

xZ
P Z@tXt > x, \/ 60:X; <0x,0,X, > %
Lt=1 t=1

©
Il
—

A
NE
-

Y OuX: > 2,0,X, < 6z,0,X, > x]
m
t 1

@
Il
—

IA
NE
.

§ j@txt (1-6)z,0,X, > —
m
t;és

@
Il
—_
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< ZZ P |:®tXt > ;l__i.’lf, @sXs > :787,:|

1<s#t<m
1-96 1-0
<Y TP [@txt R 195] |
1<s#t<m
since § > 1/2 and m > 2 imply (1 —9)/(m —1) < 1/m. O

With the above three lemmas, we are now ready to show the tail equivalence of the

distribution of X () and > 72, P[0 X; € -].

Proposition 2.4.1. Let {X;,t > 1} be a sequence of identically distributed, pairwise
asymptotically independent positive random variables and {©,t > 1} be a sequence of
positive random variables independent of { Xy}, such that X ooy = Y2 ©:X; is finite
with probability one and has regularly varying tail of index —ca, where a > 0. Let

{Oy,t > 1} satisfy the appropriate RW condition (RW1)) or (RW2)), depending on the

value of a. Then, as © — o0,
> PO1X; > 1] ~ P[X(o) > .

t=1

Proof. We first show that the tail of X; can be dominated by a multiple of the tail of

X(o0)» s0 that Lemmas [2.4.1 and [2.4.2 apply. Note that the tail of X (., is bounded

and stays bounded away from 0 on any bounded interval. As ©; is a positive random

variable, choose n > 0 such that P[©; > n] > 0. Then, for all z > 0,
P[X(oo) > 771'] > P[@le > 771',@1 > 77] > P[Xl > .’L‘] P[@l > ?7].

Further, using the regular variation of the tail of X (), X; satisfies (2.4.7) with R as a
multiple of P[X () > -]. Thus, from Lemmas and we have,

P01 O > 1]

n%gnoo harjrl)sip PX () > 7] =0, (2.4.18)
lim lim sup POX: >3] _ 0, (2.4.19)
m—00 1 300 Mo P[X(OO) > x]
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and, for any s # t,

. P[@sXs >, 60:X; > .I']
1 = 0. 2.4.20

Choose any 6 > 0. Then

m
Z@tXt>x +P

t=1

P [X() > (1+0)z] <P

i @tXt > 533‘] s

t=m+1

and from ([2.4.18) and the regular variation of the tail of X (., we have

P> X
lim liminf [Zt:1 01X > 2] >

Further, using the trivial bound P[} ", ©,X; > x] < P[X (o) > ], we have

P> L, 0:X PIS™. ©,X
1 < lim liminf 2= O Xt > 2] < lim limsup 221 01X > 2]

<1. (24.21
m—00 T—00 P[X(oo) > 3:] T om0 goyeo P[X(oo) > JI] N ( )

We next replace P[>} ©;X; > z] in the numerator by > ", P[0, X; > z]. We
obtain the upper bound first. From ([2.4.16f), (2.4.20) and (2.4.21)), we get

m PlOX
lim sup Zt:l [@t t>x]

<1

and letting m — oo, we get the upper bound. The lower bound follows using exactly

similar lines, but using (2.4.17) and the regular variation of the tail of X, instead
of (2.4.16]). Putting together, we get

Zﬁl P[@tXt > l’] Z?il P{@tXt > ZL‘]

< li im i < li i <1. 4.
LS R s S e S s <t 24
Then the result follows combining (2.4.19)) and ([2.4.22]). O

We are now ready to prove Theorem [2.4.2

Proof of Theorem[2.4.3. Let v be the law of X; and define the measure p(-) =
>0, P[0, € -]. As observed in Remark under the RW conditions, for all values of
a, we have > 72, E[097¢] < co. Thus, p is a o-finite measure. Also, by Proposition



2.4 The tails of the summands from the tail of the sum 63

we have v ® p(z,00) = > 72 P[0, X; > z] ~ P[X (o) > x]. Hence v ® p has regularly
varying tail of index —a.. As v is a probability measure, by Remark 2.4 of [Jacobsen et al.

(2009), (2.4.3) holds. The RW condition implies (2.4.1)). Finally, (2.4.2)) holds, since,
for all B8 € R, we have, from [2.4.6), [;°y*"p(dy) = > 52, E[07"] + 0. Hence, by

Theorem [2.4.1} X has regularly varying tail of index —a. O

As in Theorem (2.4.6)) is necessary for Theorem and we give its converse

below.

Theorem 2.4.3. Let {©;,t > 1} be a sequence of positive random variables satisfying
the condition (RW1)) or (RW2), for some a > 0, but Y ;= E[@f‘+w°] = 0 for some

Bo € R. Then there exists a sequence of i.i.d. positive random variables {X;}, such
that Xy does not have a regularly varying tail, but X is finite almost surely and has

reqularly varying tail of index —a.
The proof depends on an analogue of Proposition [2.4.1

Proposition 2.4.2. Let {X;,t > 1} be a sequence of identically distributed, pairwise

asymptotically independent positive random variables and {©,t > 1} be a sequence of

positive random variables satisfying the condition (RW1)) or (RW2) for some a > 0 and

independent of {X¢}. If > 70 P[©:Xy > ] is regularly varying of index —a, then, as
T — 00,

[0.9]

> PO1X; > ] ~ P[X(o) > 1]

t=1

and X () 1s finite with probability one.

Proof. We shall denote R(z) =Y 12, P[©;X; > z]. As ©; is a positive random variable,
choose 1 > 0 such that P[®; > 5] > 0. Then, for all x > 0, we have R(z) > P[©;X; >
nr,01 > n] > P[X1 > z]P[©1 > n] and using the regular variation of R, the tail of
X is dominated by a constant multiple of R. Also, note that, R is bounded and stays
bounded away from 0 on any bounded interval. Then, from Lemmas and we

have

P> 2 1 0:X >
lim limsup izt O X 9”]:0, (2.4.23)

M—=00 g soo R(aj)
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o0

lim lim sup PIOX: >a] _ (2.4.24)
m—o0 360 1 R(.’L‘)
and, for any s # t,
P[O.X, > z,0,X
lim DlOsXs > 2.0 X > 2] (2.4.25)
200 R(x)

Using ([2.4.24]), we have

" PlO:X, m plO,X
1 < lim liminf 2i=1 PO X; > ] < lim limsup 2ot P[O:Xy > a] <1

As in the proof of Proposition using (2.4.16)), (2.4.17) and ([2.4.25)), the above

inequalities reduce to

1 < lim liminf D421 O Xy > 2] lim lim sup > it ©:X; > 2]

m—00 T—00 R(l’) T Moo oo R($)

and the tail equivalence follows using ([2.4.23]) and the regular variation of R. Since

R(z) — 0, the tail equivalence also shows the almost sure finiteness of X(). O
Next, we prove Theorem [2.4.3| using the converse part of Theorem [2.4.1

Proof of Theorem [2.4.3 Define the measure p(-) = Y 72, P[©; € -]. By the RW moment
condition, the measure p is o-finite. Further, we have, fooo yotiP p(dy) = 0. Now by
converse part of Theorem there exists a o-finite measure v, whose tail is not
regularly varying, but v ® p has regularly varying tail. Next, define a probability measure
w using the o-finite measure v as in Theorem 3.1 of |Jacobsen et al.| (2009). Choose b > 1,

such that v(b,00) < 1 and define a probability measure on (0, c0) by

w(B) =v(BnN (b)) + (1 —v(b,o0))1lp(1), where B is Borel subset of (0,00).
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First observe that

v(y,o0), fory>b,
p(y,00) = v(b,o0), forl<y<b,

1, for y < 1.

Thus, p does not have a regularly varying tail and

1 p(a,00) = [ o /u,cc)plan
z/b
:/0 v(z/u,00)p(du) + v(b,o00)plx/b, x) + plx, o)

o
=v® p(z,00) — 22~ / u®p(d
/b

v(b, 00)plz/b, x) + plx, 00).

Now, using the bound from and (12.4.5)), the second term is bounded by, for x > b,

v® p(x,o0)

2
g

o0
/ up(du) = ofu ® p(r, 20))
z/b
as x — 00, since fooo u®tp(du) < oo by the RW conditions. The sum of the last two

terms can be bounded by

1+ (b co)bte [
;a-&-e) /O u * p(du) = O(V®p($7oo))7

as x — 00, since v ® p(x,00) is regularly varying of index —«a. Thus, u ® p(x,00) ~
v ® p(z,00) as © — oo and hence is regularly varying of index —a.

Let X; be an i.i.d. sequence with common law p. Then, X7 does not have regularly
varying tail. Further, by Proposition m X(co) 1s finite with probability one and

P[X (o) > ] ~ p® p(x,00) is regularly varying of index —a. O
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Chapter 3

Products in CEVM

3.1 Introduction

The classical multivariate extreme value theory tries to capture the extremal dependence
between the components under a multivariate domain of attraction condition and it
requires each of the components to be in domain of attraction of a univariate extreme
value distribution. The multivariate extreme value theory has a rich theory but has
some limitations as it fails to capture the dependence structure. The concept of tail
dependence is an alternative way of detecting this dependence. The concept was first
proposed by [Ledford and Tawn| (1996}, 1997)) and then elaborated upon by Maulik and
Resnick (2004), Resnick (2002). A different approach towards modeling multivariate
extreme value distributions was given by |Heffernan and Tawn| (2004) by conditioning on
one of the components to be extreme. Further properties of this conditional model were
subsequently studied by |Das and Resnick| (2011)), Heffernan and Resnick (2007)).

An important dependence structure in multivariate extreme value theory is that of
asymptotic independence. Recall from Section that the joint distribution of two
random variable is asymptotically independent if the the nondegenerate limit of suitably
centered and scaled coordinate wise partial maximums is a product measure. One of
the limitations of the asymptotic independence model is that it is too large a class to
conclude anything interesting, for example, about product of two random variables. In

another approach, a smaller class was considered by Maulik et al.| (2002). They assumed

67
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that (X,Y") satisfy the following vague convergence:

tP K%Y) € ] 5 (v x H)(-) on M4((0,00] x [0, 00]), (3.1.1)

where M, ((0, 0o] x [0, 00]) denotes the space of nonnegative Radon measures on (0, co] x
[0, 00] and v(z,00] = 27, for some o > 0 and H is a probability distribution supported
on (0,00). The tail behavior of the product XY under the assumption and
some further moment conditions was obtained by Maulik et al.| (2002). The conditional
model can be viewed as an extension of the above model. Under the conditional model,
the limit of the vague convergence need not be a product measure and it happens in
the space My ([—oo, oo] % Em) with v € R, where E? s the right closure of the set
{r e R:14~x > 0}. (See Section for details.) In this thesis we mainly focus on
the product behavior when the limiting measure in the conditional model is not of the
product form.

Products of random variables and their domains of attraction are important theo-
retical issues which have a lot of applications ranging from Internet traffic to insurance
models. We study the product of two random variables whose joint distribution satisfies
the conditional extreme value model. In particular we try to see the role of regular
variation in determining the behavior of the product. When ~ > 0, then it is easy to
describe the behavior of the product under certain conditions. However, when vy < 0,
some complications arise due to the presence of finite upper end point. We remark that
we do not deal with the other case of v = 0 in this thesis. Like in the case of Gumbel
domain of attraction for maximum of i.i.d. observations, the case v = 0 will require more
careful and detailed analysis.

In Section [3.2] we briefly describe the conditional extreme value model and state some
properties and nomenclatures, which we use throughout this Chapter. In Section
we provide an overview of our results, which are presented in the later sections. In
Section B.4] we reduce the conditional extreme value model defined in Section 3.2 to
simpler forms for special cases. In Section [3.5] we describe the behavior of the product of
random variables following conditional model under some appropriate conditions. In

Section we make some remarks on the assumptions used in the results. In the final
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Section we present an example of a conditional model where the assumptions of the

Theorems in Section do not hold, yet we look at the product behavior.

3.2 Conditional extreme value model

In this section, we provide the notations used in this Chapter and the basic model. Some
of the definitions and notations have already been introduced in Chapter [1, but we recall
them again together with the new ones to put all the relevant definitions at one place
for quick reference.

()

Let EO) be the interval {z € R : 14 vz > 0} and E' " be its right closure in the

extended real line [—00, 00]. Thus, we have

(=1/7,00), ify >0, (=1/7,00],  ify >0,
EM — (—00, 00), if v =0, and 7 = (—00, o0, if v =0,
(—o0,—1/v), ify <0, (—o0,—1/7], ify<0.

For any v € R, recall from Definition the generalized extreme value distribution

is denoted by G. It is supported on E™ and is given by, for z € E(),

G (x) = exp (—(1 + ’)/1')7%> , for v #0,

exp(—e™ ), for v = 0.

Definition 3.2.1 (Conditional extreme value model). The real valued random vector

(X,Y) satisfies conditional extreme value model (CEVM) if

(1) The marginal distribution of Y is in the domain of attraction of an extreme value
distribution G, that is, there exists a positive valued function a and a real valued

function b such that (T.4.1) holds on E), with G = G,

(2) There exists a positive valued function o and a real valued function S and a

non-null Radon measure p on Borel subsets of (—co,00) x E() such that

(2A) tP [(X;(%(t), Y;ég”) € ] 2 u(-) on [—oo, 00] x E(V), as t — o0.
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(2B) for each y € EO), pu((—00, 2] x (y, 00)) is a nondegenerate distribution function

in x.

The function « is regularly varying of index p € R and for the function g,
limy o0 % exists for all z > 0 and is called 9 (z), say, (cf. Heffernan and
Resnick, 2007). We further have (cf.|de Haan and Ferreiral 2006, Theorem B.2.1)

either v = 0 or, for some real number &,

E(gzr —1), when p#0,
V() ="
klogx, when p = 0.

(3) The function H(z) = pu((—o0,z] x (0,00)) is a probability distribution.

If (X,Y) satisfy Conditions 7, then we say (X,Y) € CEVM («,B;a,b;p) in
[—00, 0] X ED.

Note that, by Condition , H is a nondegenerate probability distribution function.
Also, Condition is equivalent to the convergence

tPIX < a(t)e+ B(1),Y > a(t)y + b(t)] = p((—00, 2] x (y,00))

for all y € E® and continuity points (z,y) of the measure u. Note that, for (X,Y) €

CEV M («a, B;a,b; ) in [—00, 00] X E” we have, for all z € [—o0, 0], as t — o0,

<z

X~ ()
g [ a(l)

Y > b(t)] s H(x),

which motivates the name of the model.

Remark 3.2.1. Occasionally, we shall also be interested in pair of random variables
(X,Y) which satisfy Conditions and (2B), without any reference to Conditions
and [3] We shall then say that (X,Y’) satisfies Conditions and with parameters
(o, Bya,b; ) on E, where a and 8 will denote the scaling and centering of X, a and b
will denote the scaling and centering of ¥ and p will denote the nondegenerate limiting
distribution and F is the space on which the convergence takes place. In Definition [3.2.1

()

we have E = [—00,00] x E' .
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Definition 3.2.2. The pair of nonnegative random variables (Z1, Z2) is said to be

standard multivariate reqularly varying on [0, 00] x (0, 00] if, as t — oo
VAR,
tP [(1 f) € ] X () in My ([0, 00] x (0, 00]).

In such cases we have (71, Z2) € CEVM (t,0;t,0;v) in [0, 00] x (0,00]. The above

convergence implies that v(-) is homogeneous of order —1, that is,
v(eA) = ¢ ty(A) for all ¢ > 0

where A is a Borel subset of [0, 00] x (0, 00]. By homogeneity arguments it follows that

for r > 0,

x
vi{(x,y) € [0,00| X (0,00|: x4+ 1y >,
{(w9) € [0.00] x (0.00] 2y > 7, 2

€A}
1 x

= ,y) € 10, x (0, rx+y>1,——€A
P y) €0,00) X (0,00) w4y > 1, € A}

=7~ LS(A),

where S is a measure on {(z,y) : © +y = 1,0 < z < 1}. The measure S is called
the spectral measure corresponding to v(-), while the measure v is called the stan-
dardized measure. It was shown in Heffernan and Resnick| (2007) that whenever
(X,Y) €e CEVM(a,B;a,b; 1) in [—00,00] X EY with (p,(x)) # (0,0), we have the
standardization (f1(X), f2(Y)) € CEVM(t,0;¢,0;v) on the cone [0,00] x (0, 00|, for
some monotone transformations f; and fy. |Das and Resnick (2011) showed that this
standardized measure v is not a product measure. Throughout this Chapter we assume
that (p,¥(x)) # (0,0) and consider the product of X and Y. We remark that although
the model can be standardized in this case, the standardization does not help one to

conclude about the behavior of XY
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3.3 A brief overview of the results

In this section we give a brief description of the results. First note that if (X,Y) €
CEV M (a, B;a,b; 1) on [—oo, 0] XE(V), then o € RV, and a € RV,, where a and a were
the scalings for X and Y respectively. While Y € D(G,) necessarily holds, it need not a
priori follow that X € D(G)). We classify the problem according to the parameters
and p. We break the problem into four cases depending on whether the parameters
and p are positive or negative. In Section [3.4] we show that, depending on the properties
of the scaling and centering parameters, we can first reduce the basic convergence in
conditional model to an equivalent convergence with the limiting measure satisfying
nondegeneracy condition in an appropriate cone. The reduction of the basic convergence
helps us to compute the convergence of the product with ease in Section |3.5

Case I: p and v positive: This is an easier case and the behavior is quiet similar
to the classical multivariate extreme theory. In Theorem [3.5.1) we show that under
appropriate tail condition on X, the product XY has regularly varying tail of index
—1/(p+ ). It is not assumed that X € D(G,), but in Section [3.6| we show that the tail
condition is satisfied when X € D(G),). It may happen that X is in some other domain
of attraction but still the tail condition holds. We also present a situation where the tail
condition may fail.

In all the remaining cases, at least one of the indices p and v will be negative. A
negative value for v will require that the upper endpoint of Y is indeed b(co). However,
as has been noted below, the same need not be true for p, X and (c0). Yet, we shall
assume that whenever p < 0, the upper endpoint of the support of X is f(o0). Further,
we shall assume at least one of the factors X and Y to be nonnegative. If both the
factors take negative values, then, the product of the negative numbers being positive,
their left tails will contribute to the right tail of the product as well. In fact, it will
become important in that case to compare the relative heaviness of the two contributions.
This can be easily done by breaking each random variable into its negative and positive
parts. For the product of two negative parts, the relevant model should be built on
(=X, -Y) and the analysis becomes same after that. While these details increase the

bookkeeping, they do not provide any new insight into the problem. So we shall refrain
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from considering the situations where both X and Y take negative values, except in
Subcases II(b) and II(d) below, where both X and Y are nonpositive and we get some
interesting result about the lower tail of the product XY easily.

Case II: p and v negative: In Section [3.4] we first reduce the basic convergence
to an equivalent convergence where regular variation can play an important role. In
this case both b(t) and [(¢) have finite limits b(co) and [(oco) respectively. Since
Y € D(G,), b(oo) is the right end point of Y. However, 3(co) need not be the right
end point of X in general, yet throughout we shall assume it to be so. In Section
we reduce the conditional model (X,Y) € CEV M (v, 8;a,b; 1) to (X,Y) which satisfies
Conditions and with parameters (&, 0;a,0;v) on [0, 00] x (0, 00|, where,

X

Il
o
B
(oW
~
Il

(3.3.1)

and & and a are some appropriate scalings and v is a transformed measure. Regular
variation at the right end point plays a crucial role during the determination the product
behavior in this case. Depending on the right end point, we break the problem into few
subcases which are interesting.

Subcase II(a): [(oco0) and b(co) positive: If the right end points are positive,
then, without loss of generality, we assume them to be 1. In Theorem we show that
if X and Y both have positive right end points, then (1 — XY)~! has regularly varying
tail of index —1/|p|, under some further sufficient moment conditions. In Section
we give an example where the moment condition fails, yet the product shows the tail
behavior predicted by Theorem |3.5.2

Subcase II(b): [(c0) and b(co) zero: In Theorem we show that if both
right end points are zero, then the product convergence is a simple consequence of the
result in Case I. In this case (XY)~! has regularly varying tail of index —1/(|p| + |7]).

Subcase II(c): B(cc) zero and b(co) positive: We show in Theorem [3.5.4] that
if Y is a nonnegative random variable having positive right end point, then under some
appropriate moment conditions —(XY)™! has regularly varying tail of index —1/|p|.

Subcase II(d): [(co0) and b(co) negative: When both the right end points are

negative, then, without loss of generality, we assume them to be —1. In Theorem [3.5.5
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we show that (XY — 1)~! has regularly varying tail of index —1/|p|.

There are a few more cases beyond the four subcases considered above, when both
p and ~ are negative. For example, consider the case when Y has right end point zero
and X has positive right end point 3(c0). By our discussion above, X should have the
support [0, 3(c0)]. Again, the product has right end point 0 and the behavior of X
around zero becomes important. Thus, to get something interesting in this case one
must have a conditional model which gives adequate information about the behavior
of X around the left end point. So it becomes natural to model (—X,Y’), which has
already been considered in Subcase II(b). A similar situation occurs when (c0) < 0
and b(co) > 0. Here, again, the problem reduces to that in Subcase II(d) by modeling
(X,-Y). We refer to Remark for a discussion on this subcase.

Case III: p positive and v negative: In this case we assume b(co) > 0 and also
a(t) ~ 1/a(t) which implies that p = —y. We show in Theorem that XY has
regularly varying tail of index —1/|].

Case IV: p negative and ~ positive: In Theorem we show that XY has
regularly varying tail of index —1/~.

Finally we end this section by summarizing the results in a tabular form:

Table 3.1: Behavior of products

Index of o | Index of @ | Theorem number Nature Regular variation
p>0 v >0 Theorem (3.5.1 XY RV_1/(v4p)
p>0
o~ % vy=—p<0| Theorem|3.5.6 XY RV_y1/1
p<0 v<p Theorem [3.5.2] | (8(c0)b(o0) — XY)~! RV_y/|y
550 y=0p Theorem [3.5.2 | (8(c0)b(c0) — XY)~! RV_,,

p <0 v <0 Theorem |3.5.3 (XY)fl RV_; (71+1pD)
p<0 v <0 Theorem [3.5.4 —(XY)! RV_y/|y
p<0 v>0 Theorem [3.5.7] XY RVy/,
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3.4 Some transformations of CEVM according to param-

eters v and p

In this section we reduce the basic convergence in Condition to an equivalent
convergence in some appropriate subspace of R? to facilitate our calculations of product
of two variables following conditional extreme value model. We now discuss the four
cases considered in Section [3.3

Case I: p and ~ positive: In this case we assume Y is nonnegative. Let
(X,Y) € CEVM (a, B;a,b; u) on [—o0, 00] X EY. Now by the domain of attraction con-
dition (1.4.1)) and Corollary 1.2.4 of|de Haan and Ferreira (2006)), we have, b(t) ~ a(t) /7,
as t — oo. Also, from Theorem 3.1.12 (a),(c) of |[Bingham et al.| (1987) it follows that

() 0 when ¢ =0
lim —= =
t—oo Qv t)

=

when g # 0.

Now using the above conditions and translating X and Y coordinates we get that (X,Y)
satisfies Conditions and with parameters (o, 0;a,0;v) on D := [—o0, 00] X
(0,00], for some nondegenerate measure v which is obtained from p by translations
on both axes. So in Theorem which deals with product XY in Case I, we
assume that (X,Y") satisfies Conditions and with parameters («a, 0;a,0; ) on
D = [—00, 0] x (0, 00] for some nondegenerate Radon measure v.

Case II: p and 7 negative: Recall that in this case E(v) = (—oo, \71\] Since
Y € D(G,) with v < 0, it follows from Lemma 1.2.9 of de Haan and Ferreira| (2006)

that lims_,o b(t) =: b(c0) exists and is finite and as ¢ — oo we have,

b(oo) —b(t) 1
oty hI

Moreover b(oo) turns out to be the right end point of Y. Hence in this case, without

loss of generality we take a(t) = |v|(b(occ) — b(t)) and it easily follows that, for y > 0,

-

lim tP =y,

t—o00

>y

Y
a(t)~!



76 Chapter 3: Products in CEVM

where Y is defined in (3.3.1). Now observe that (X,Y) € CEVM(«,S;a,b;u) on
[—00, 00] X EY gives (X, )N/) which satisfies Conditions (2A)) and (2B)) with parameters
(O[, B; 1/(1(t), 0; ,UQ) on D, where,

pa([ =00, (3 00]) = ([ =00.2] x (= . ).
Ny
Now since p < 0, we get by Theorem B.22 of de Haan and Ferreira (2006) that
lim;_,o0 5(t) = B(00) exists and is finite. It may happen that X has a different right end
point than (c0), but we assume $(00) to be its right end point to avoid complications.
In X coordinate we can do a similar transformation as the Y variable, to get

(b(oo) = ¥Y)~*

X5 _
a(t)—1

a(t)  ~

Kifa(t)z +5(0) =P | >y

— 477 pa([—00, 2] x (y,00]) = K(x).

When o # 0, we have, as t — oo,

5(00(1(;)5(75) . |;|' (3.4.1)

Now by convergence of types theorem (see Theorem [1.4.1)), as t — oo, we have,
Ki(|pl(B(o0) = B(t))x + B(t)) = K ().
Define,

" when Py # 0
a(t) _ [o[(B(c0)—5(2)) 2 and a(t) _ L (3'4‘2)

ﬁ when 1o = 0

Using (3.4.2)) we get, as t — oo,

e 1% —00, -1 + L] x (y, 00 or
tP[X Y>y]_> pia([—00, =3 + 7] X (y,00])  for ¥2 #0 (3.4

pa([—o0, —%] X (y,00]) for 9 = 0.

In Section we deal with Case Il by breaking it up into different subcases as
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pointed out in Section So, in Theorems [3.5.2 we assume that ()? , 17) satisfy
Conditions and with parameters (@, 0;a,0;v) on [0,00] x (0, 00|, for some
nondegenerate Radon measure v.

Case III: p positive and v negative: Since Y € D(G,), we can do a transforma-
tion similar to that in Case IL So in this case (X,Y) satisfies Conditions and
with parameters (o, 5;a,0; ug) on [—oo, 00| X (0, 00], for some nondegenerate measure
H3-

Now since p > 0, we can do a translation in the first coordinate to get (X, }7) which
satisfies Conditions and with parameters (a,0;a,0;v) on [—oo, 00] x (0, 00]
for some nondegenerate measure v. In Theorem we deal with product behavior in
this case.

Case IV: p negative and v positive: We assume that 3(c0), the right end point
of X is positive. Now, as in Case II, we use to get the following convergence for

x> 0and y >0,

(Blo)-X) _ ¥ _ L [X-B0) _ Bleo) -8 ¥
S ”’a(t)”%”[ o) T T e aw Y
—>u<[—x+‘i‘,oo]><(y,oo]> as t — 00.

So in Theorem m which derives the product behavior in Case IV, we assume (/3(o0) —
X,Y) satisfies Conditions and with parameters (o, 0; a, 0; ) on [0, 0o x (0, 0o],
for some nondegenerate Radon measure v.

We thus observe that if (X,Y) € CEV M («, 8;a,b; ), then in Cases I, IT, IIT and IV
respectively, (X,Y), (X,Y), (X,Y) and (8(c0) — X,Y) satisfy Conditions and
with some positive scaling parameters, zero centering parameters and a nondegenerate
limiting Radon measure on D = [—00, 00] x (0, 00]. In future sections, whenever we refer
to Conditions and with respect to the transformed variables alone without
any reference to the CEVM model for the original pair (X,Y), we shall denote, by an
abuse of notation, the limiting Radon measure for the transformed random variables as

u as well.
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3.5 Behavior of the product under conditional model

Now we study the product behavior when (X,Y) € CEV M («, 8;a,b; 1). In all the cases
we assume Conditions (2A)) and (2B]) on the suitably transformed versions of (X,Y’), so
that centering is not required.

Case I: p and ~ positive: We begin with the case where both p and  are positive.

Theorem 3.5.1. Let p > 0,7 > 0 and Y be a nonnegative random variable. As-
sume (X,Y) satisfies Conditions (2A) and (2B|) with parameters (o, 0;a,0; 1) on

D := [—00,00] x (0,00]. Also assume
X
lim lim sup ¢ P [" > Z] = 0. (3.5.1)
el t—5o00 Oé(t) €

Then, XY has regularly varying tail of index —1/(v + p) and tP [XY/(a(t)a(t)) € ]

converges vaguely to some nondegenerate Radon measure on [—oo,00] \ {0}.
Remark 3.5.1. Please see Section [3.6| for the cases where the condition (3.5.1]) holds.
Proof. For € > 0 and z > 0 observe that the set,

A, ={(z,y) € D:xy > 2,y > €}
is a relatively compact set in D and p is a Radon measure. Note that,

| ) < 4] =1 e >

First letting ¢ — oo and then € | 0 through a sequence such that A, . is a p-continuity
set, the left side and the first term on the right side converge to p{(z,y) € D : zy > z}.
The second term on the right side is negligible by the assumed tail condition (3.5.1)).
Combining all, we have the required result when z > 0. By similar arguments one can

show the above convergence on the sets of the form (—oo, —z) with z > 0, also. O

Spectral form for product: For simplicity let us assume that X is nonnegative as
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well. Then the vague convergence in M, (D) can be thought of as vague convergence in

M ([0, 00] x (0,00]). By Theorem we have,

tli>rrolotP [a(t)ay(t) > z] = p{(z,y) € [0,00] x (0,00] : zy > z}.

Since p > 0 and v > 0, it is known that there exists @(t) ~ «(t) and a(t) ~ a(t) such

that they are eventually differentiable and strictly increasing. Also 2 P and

aa(fm)) — 27 as t — oo. Hence,

a“ (X) a= (V) X a(te) Y a(ty)
bt >y]:tp[a<t>§a(t)’a<t>>a<f>

— ([0, 2] x (y7, 00])

= uTy ([0, 2] x (y, ),

tP

where Ty (x,y) = (z'/7,y*/7). Let S be the spectral measure for the standardized pair
(@ (X),a"(Y)) corresponding to uT; *. Then,

u{(x,y) € [0,00] x (0,00] : zy > 2z}

=uTy H{(x,y) € [0,00] x (0,00] : 2Py” > z}
/ / r~2drS(dw)
w€[0,1) Jrrtrwe(1—w)¥ >z

/ / r~2drS(dw)
wel0,1) ZPJW

(wP(1—=w)7) P"l"‘/

=z P+’Y / prr’y(l —w)p+vS(dw)
wel0,1)

So finally we have,

lim ¢tP

t—o00

[a()tjzf(t) > z] = p{(z,y) € [0,00] x (0,00] : zy > z}

— wﬁ(l—w)ﬁS(dw).
wel(0,1)
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Case II: p and v negative: As has been already pointed out, 5(cc) need not be
the right endpoint X. However, we shall assume it to be so. The tail behavior of XY
strongly depends on the right end points of X and Y. There are several possibilities
which may arise, but it may not always be possible to predict the tail behavior of XY
in all the cases. We shall deal with few interesting cases. See Section [3.3| for a discussion

in this regard. Regarding one of the cases left out, see Remark Recall that,
from (3.3.1]) we have,
1 B XY
B(00)b(00) = XY B(00)X + b(co)Y — 1

(3.5.3)

Subcase II(a): [(o0) and b(co) positive: After scaling X and Y suitably, without

loss of generality, we can assume that S(c0) =1 = b(c0).

Theorem 3.5.2. Suppose X andY are nonnegative and ()Af, )7) satisfies Conditions
and with parameters (&, 0;a,0; ) on [0,00] x (0,00]. Assume E [)?1/|p|+5] < 0
for some § > 0 and either v < p or a(t)/a(t) remains bounded. Then (1 — XY)~!
has regularly varying tail of index —1/|p| and, ast — oo, tP [(1 — XY) !/a(t) € -]

converges vaguely to some nondegenerate Radon measure on (0,00].
We start with a technical lemma.

Lemma 3.5.1. For 0 <t; <ty <oo and z > 0, we denote the set
Vv[tl,tg],z = {(l’,y) S [07 OO] X (0700] HES [tlatQ]ay > Z}' (354)

Suppose that {(Z14, Z2)} is a sequence of pairs of nonnegative random variables and
there exists a Radon measure v(-) in [0,00] X (0,00] such that they satisfy the following
two conditions.

Condition A: For 0 <ty <tz < oo and z > 0, whenever Vi, 1,1 . is a v-continuily set,

we have, as t — 00,

tP [(Z1, Zat) € V[tl,tg],z] = V(Vit, t0,2)-
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Condition B: For any zy € (0,00) we have as t — oo,
tP [(th,th) c V[O,oo],zo] — f(Zo) c (0,00)

Then, as t — oo,

A%

tP [(th,ZQt) S ] — V()
i M+([O, OO] X (07 OO])
Proof. Fix a zp € (0,00) and define the following probability measures on [0, 0o] X (zg, 00):

tP[(Zut, Zot) € -]
P [(Z1t, Zot) € V10,00],20

Q) = 7 and Q() =

From condition A and B it follows that,

Qt(‘/[tl,tg],z) — Q(‘/[tl,tg],z)

as t — oo, whenever V};, 4, . is v-continuity set. Now following the arguments in
the proof of Theorem 2.1 of [Maulik et al.| (2002), it follows that @; converges weakly
to @ on [0,00] x (29,00). Since a Borel set with boundary having zero @) measure
is equivalent to having measure zero with respect to the measure v we have that
tP [(Z14, Zot) € B] — v(B) for any Borel subset B of [0, 00] X (zg, 00], having boundary
with zero v measure.

Let K be a v-continuity set as well as a relatively compact set in [0, co] x (0, 0o]. Then
there exists zyp > 0 such that K C [0, 00] X (zp,00]. Then K is Borel in [0, c0] X (zg, 00)

and also a v-continuity set. Hence we have,
tP [(th, ZQt) S K] =tP [(th, Z2t) S K] — I/(K)

This shows that t P [(Z14, Zat) € -] vaguely converges to v on [0, co] x (0, oo]. O

From (3.5.3), the behavior of XY will be determined by the pair (XY, X +Y —1).

So we next prove a result about the joint convergence of product and the sum.
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Lemma 3.5.2. Let v < 0,p < 0 and ()?,17) satisfies Conditions and with
parameters (o, 0;a,0; u). IfE [)?1”7""5} < 0o for some 6 > 0, then ()ZEN/,)N(—HN/—I) also
satisfies Conditions and with parameters (aa, O;E,O;uTgl) on [0, 00] x (0, 00]
where To(x,y) = (x2y,y).

Proof. First observe that from the compactification arguments used in Lemma [3.5.1| and

the basic convergence in Condition (2A)) satisfied by the pair ()Z' , 17), it follows that

Xy Y
Pl = | €| 2 uTy'() in M : 5.
Ka(t)a’(t)”d(t)> € ] = pTy (-) in My ([0,00] x (0, 00]) (3.5.5)
Let 0 <t <t2 < oo and z > 0. Assume that uT{l(a‘/[tl’tsz) = 0, where V};, 4, . is
defined in (3.5.4). Since X is nonnegative, X is greater than or equal to 1 and hence for

a lower bound we get,

XY X+Y-1 v
aan’  aw) € Vi ta]2

XY
a)a(t)

liminf¢tP
t—o0

Y
S [tl,tg] - > Z

*a(t)

> lim tP
t—o00

= :uT2_1 (Wh,tz],z)' (356)

For the upper bound, choose 0 < € < z, such that 1/|a(t)| < €/2 (since a(t) € RV_,)
and uTy " (0V}y, 1a),2—c) = 0. Then,

XY X+vV-1
p
! (a(t)a(t)’ at) ) ) V[“’”]’Z]
XY X+4Y-1 X e
<tP — < =
=t (a(t)a(t)’ o) ) € Viewsalor 3y < 2]
XY X+4Y-1 X e
P el
it (a(t)a(t)’ ) > € Vitaalo 3y > 2]
[ XY Y X e
<P | gp |
<t a(t)a(t) € [tl,tQ],,d(t) >z—€| +1t 'd(t) > 2]
r S > E | x1/hl+é
(KT T T e ]
a(t)a(t)” a(t) @t)e) e

The first term converges to pT% 1(V[t1,t2}’z,€), while the second sum converges to zero,
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since a(t) € RV_,. Now letting e — 0 satisfying the defining conditions, we obtain the
upper bound, which is same as the lower bound (3.5.6). Thus we get that,

lim ¢t P

t—o00

(X? X+Y

a(ha(t) alt) = 1Ty (Vs 1).2)

) € th,tg],z

Hence Condition A of Lemma [3.5.1] is satisfied.
Now if we fix zg € (0,00) and let € > 0 satisfy the conditions as in the upper bound

above, then

XY X+Y-1 X+Y -1
tpl(&(t)a(t)’ ) >€V[07°°1’Z°] =ty A
Y X
< il _ bl
<tP [?i(t) >z9g—€| +tP ) >
—>(Zo—6)%.

Hence the upper bound for the required limit in Condition B of Lemma follows by

letting € — 0. The lower bound easily follows from the domain of attraction condition on

_XY )?4:)7—1)
a(t)a(t)’ a(t)

and hence the result follows from Lemma [3.5.11 O

Y and the fact that X > 1. So Condition B is also satisfied by the pair (

Proof of Theorem[3.5.3. Denote W' = XY, W” = X+Y —1 and note that (1-XY) ! =

W' /W". So from previous lemma it follows that,

Let w € (0,00) and € > 0 and consider the set,
Bye={(z,y) € [0,00] x (0,00] : & > yw,y > €}. (3.5.7)

Then, for € > 0, we have,
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Since the set is bounded away from both the axes, the first sum converges to uTy *(By.c)
by the vague convergence of (W', W"). Now since X >0 we have X +Y —1>Y — 1,

and hence for large ¢ we get,

(1-XY)! Y -1
tP !a(t)>w’fi(t) Sﬁk]

1 1
AP|XY >1- — YV <1-—
wa(t)

<tP -

wa(t)  (a(t)ex+1)

1= S

Sy a(t)er+

X > - ]
< Cltw k) E [X777)

where,

1
W-HS

~ (11 +9)
ctwi = () | e @
@)mt alt)er +1 v (Gmes+ am)

which goes to zero as t — oo, since a(t) € RV_, and a(t)/a(t) remains bounded. [

Remark 3.5.2. Theorem requires that (1/|p|+6)-th moment of X is finite. However,
this condition is not necessary. In the final section we give an example where this moment

condition is not satisfied but we still obtain the tail behavior of the product.

Subcase II(b): [(c0) = 0 and b(co) = 0: In this case, both X and Y are
nonpositive, but the product XY is nonnegative. Thus, the right tail behavior of XY
will be controlled by the left tail behaviors of X and Y, which we cannot control much
using CEVM. However, CEVM gives some information about the left tail behavior of

XY at 0, which we summarize below.

Note that in this case, from (3.3.1) and (3.4.2), we have X = —1/X,Y = —1/Y and
a(t) = —=1/(|p|B(t)), a(t) = 1/a(t). From Theorem the behavior of the product

XY around zero, or equivalently the behavior of the reciprocal of the product XY

around infinity, follows immediately.

Theorem 3.5.3. If p <0, v <0 and ()N(,XN/) satisfies Conditions (2A)) and (2B|) with
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parameters (&, 0;a,0; p). Also suppose,

X
limlimsupt P ~7>E =0
el0  t—oco Oé(t) €

Then (XY)™! has regqularly varying tail with index —1/(|y| + |p|) and as t — oo,

tP[(XY) ™t/ (a(t)a(t)) € -] converge to some nondegenerate Radon measure on (0, oc].
Subcase II(c): [(co) =0 and b(co) = 1: Now note that from (3.5.3)) we have,
1 XY
XYy yv-1
Theorem 3.5.4. Suppose Y is nonnegative and ()?,17) satisfies Conditions (2A)
and (2B) with parameters (a,0;a,0;p). If E [f(l/w‘“s} < oo for some § >

0, then —(XY)™' has regularly varying tail of index —1/|p| and as t — oo,

tP [—(XY)"!/a(t) € -] converge vaguely to some nondegenerate measure on (0, oc).

Proof. Under the given hypothesis, and the fact that a(t) — oo, it can be shown
by arguments similar to Lemma [3.5.2] that, ¢ P [(}??/(a(t)a(t)), Y - 1) /a(t)) c }

converges vaguely to some nondegenerate Radon measure in M, ([0, oco] x (0, 00].
Next for z > 0 and € > 0, so that the set B, . as in (3.5.7)) is a continuity set of the

limit measure. Note that

Xy Y-1
tr [(&'(t)&’(t)’ 0 ) € Bac
Xy Y-1
<&(t)2i(t)’ &) ) € Bac

The term on the left side and the first term on the right side converge as t — oo

XY 17—1<6.

<tP — >z, — <
at)(y —1) a(t)

+tP

due to the vague convergence mentioned at the beginning of the proof. Letting ¢ | 0
appropriately, we get the required limit. For the second term on the right side observe
that,

tP >z, Y <a(t)e+1

X}~/ > 2z, }:7 ! <e|l <tP {(XY)_l
at)(y —1) a(t)
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T ~1
<QP4L§Qf>%1—YZr;L*

| a(t) a(t)e+1

[ XY 1 1
<tP|—>—Y <1 - —+1——

L a(t) z a(t)e+1

- 1
cip|-x< 2O | _plgs 0

i 1 — m O[(t)/z

1

) ﬁ+6
<tE_XUMHﬂ ( a@yf >p

- = s

The last expression tends to zero as a(t) — oo and a € RV, O

Subcase II(d): [(co) and b(co) negative: As in Subcase II(a), after suitable

scaling, without loss of generality, we can assume that §(c0) = b(c0) = —1. Again,
from (3.5.3)), we have -
1 XY
XY -1 X+4+Y+1

and to get the behavior of the product around 1 we first need to derive the joint
convergence of ()Z' 17, X+Y+ 1). Using an argument very similar to Theorem we

immediately obtain the following result.

Theorem 3.5.5. Let ()2,57) satisfy Conditions and with parameters
(a,0;a,0; 1) and E [)?ﬁﬂs] < oo for some § > 0. If either v < p or a(t)/a(t) re-
mains bounded, then (XY — 1)~ has regularly varying tail of index —1/|p| and as
t — oo, tP[(XY —1)71/a(t) € -] converges vaguely to some nondegenerate Radon

measure on (0, 00].

Remark 3.5.3. The other case when (c0) = 1 and b(co) = 0 is not easy to derive
from the information about the conditional extreme value model. In this case the right
endpoint of the product is zero and behavior of X around zero seems to be important.
But the conditional model gives us the regular variation behavior around one and not

around zero.

Case I1I: p positive and + negative: In this case we shall assume that X is
nonnegative and the upper endpoint of Y, b(co) is positive. If b(co) < 0, then the
behavior of X around its lower endpoint will play a crucial role in the behavior of the

product XY, which becomes negative. However, the behavior of X around its lower
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endpoint is not controlled by the conditional model and we are unable to conclude about
the product behavior when b(co) < 0. So we only consider the case b(co) > 0. We also

make the assumption that «(t) ~ a(t), which requires that p = |v/.

Theorem 3.5.6. Let X be nonnegative and Y have upper endpoint b(co) > 0. Assume
that (X,Y) satisfies Conditions and with parameters(c, 0;a, 0; p) with o(t) ~
1/a(t) = a(t) and E [X1/|'Y|+5] < oo for some § > 0, then XY has reqularly varying
tail of index —1/|y| and as t — oo, we have tP [ XY /a(t) € -] converges vaguely to a

nondegenerate Radon measure on (0, 0c].

Proof. As a(t) ~ a(t), convergence of types allows us to change «(t) to a(t) and hence
(X,?) satisfy Conditions (2A]) and (2B]) with parameters (a, 0;a,0; ). Using the fact
that ¥ = (b(co) — Y)~!, we have
Y -1
XY =X %
Y
Using arguments similar to Proposition 4 of Heffernan and Resnick! (2007)), it can be

shown that as t — oo,

in M4 ([0, o0] x (0, o0]), where T5(z,y) = (x/y, b(c0)y). Since a(t) — oo, we further have,

() e oo

as t — oo,

tP

Now applying the map T(x,y) = (xy,y) to the above vague convergence and using
compactification arguments similar to that in the proof of Theorem 2.1 of [Maulik et al.

(2002), we have,

tP

<;(b(ooa)(5t/)— 3 b<ooa>(1;)— 1) . ] 5 T,

Recalling the facts that XY = X (b(c0)Y — 1)/Y and a(t) — oo and reversing the
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arguments in the second coordinate, we have,

tP

(%%) c ] 5 Tt T, (3.5.8)

where T4 (z,y) = (=, b(%.o)) If ¢ > 0 and z > 0 we have following series of inequalities,

XY (XY 1 ~
tP i > z,% < 6] =tP a0 > z, boo) =V < a(t)e]
(XY 1
=tP kD] >z, Y <b(oo) — 6(t)e]
[ X 1\
<tP _% >z<b(oo)—a,(t)e> ]
B [xm*) L\
= (o= 7)™ 0
since a € RV},

Now observe that

XY Y XY
tP ~7>Z,~7>€ StP —_— >z
a(t) a(t) a(t)
X Y XY Y
S<tP | =~ >2, =~ >€| +tP | == > 2, == <¢€|.
a(t) a(t) a(t) a(t)

The last term on the right side is negligible by the previous argument and the left side
and the first term on the right side converge due to the vague convergence in ((3.5.§]).

The result then follows by letting € — 0. O

Case IV: p negative and ~ positive: In this case we shall assume that Y is
nonnegative, f(c0) > 0 and (o0) is the upper endpoint of X. Arguing as in Case III,
we neglect the possibility that §(co) < 0. Thus we further assume 0 < X < f(00). Since
X becomes bounded, the product of XY inherits its behavior from the tail behavior of
Y.

Theorem 3.5.7. Assume that both X and Y are nonnegative random variables with

B(c0) being the upper endpoint of X. Let (f(o0) — X,Y) satisfies Conditions (2A)
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and (2B|) with parameters (a,0;a,0; 1) on [0,00] x (0,00], for some nondegenerate
Radon measure u. Then XY has reqularly varying tail of index —1/~ and for all z > 0,
we have

XY _1 1
tP[>z] —z iﬂ(oo)i, as t — oo.

a(t)
Proof. First we prove the upper bound which, in fact, does not use the conditional

model. Observe that

tP [f(z; > z] =tP [f(g >z, X <B(oo)}

=P Hﬁ) z B(Zo)} - <6(ZO)> e

To prove the lower bound we use the basic convergence in Condition (2A)) for the

2=

pair (8(c0) — X,Y'). Before we show the lower bound, first observe that by arguments
similar to the proof of Theorem 2.1 of [Maulik et al. (2002) we have,

N[CEE

a(t)a(t) ’a(t)> < ] 5 uTyt() ast — oo (3.5.9)

in M4 ([0,00] x (0,00]), where recall that Tx(x,y) = (zy,y). Now to show the lower
bound, first fix a large M > 0 and € > 0 such that «a(t) < € for large ¢ (recall that
a € RV_, and «(t) — 0 in this case). Note that

XY ] L [(X-Be)Y | Aoy
tP [a(t)>z} =tP a0 a(t) + o(t) z]
(Bloe) - XY _ BV
2P |y S M > e M (t)}
(B(o0) = X)Y B(e0)Y
>tP a(t)a(t)SM’a(t)>z+M€]

Lty <[0,M] x (Z;(f)eoo]) |

using (3.5.9). First letting e — 0 and then letting M — oo, so that

T3 (910, M] x (2/B(c0),00])) =0,
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we get that

liminf P[> 2] 2 Ty (0.50)  (2/B(oc). ) = =7 Bloc)

3.6 Some remarks on the tail condition (3.5.1])

We have already noted that the compactification arguments in Section [3.5| require
some conditions on the tails of associated random variables. Except in Theorem [3.5.1
they have been replaced by some moment conditions, using Markov inequality. The
tail condition in Theorem can also be replaced by the following moment
condition:

If for some § > 0, we have E[|X|'/#%9] < oo, then holds, as o € RV,

In general, if (X,Y) follows CEVM model, it need not be true that X € D(G,).
However, if X € D(G,) with scaling and centering functions a(t) and §(t) and X > 0,
then the moment condition . In fact,
limsuptP {X > Z]

PRIVNS a(t) = e
is a constant multiple of (z/€)~1/?, which goes to zero as € — 0.

The tail condition continues to hold in certain other cases as well. Suppose
that X > 0 and X € D(G)) with scaling and centering A(t) and B(t) and A < p. In
this case, o € RV, and A € RV). Thus, a(t)/A(t) — oo. Hence, for any € > 0, we have

o[- i 20

is of order of (a(t)/A(t))~'/*, which goes to zero and ([3.5.1)) holds. However, it would

be interesting to see the effect of A and B as scaling and centering in CEVM model.

Since, « is of an order higher than A, the limit, as expected, becomes degenerate.

Proposition 3.6.1. Let the pair (X,Y) € CEVM («, B;a,b; ) with p >0 and v > 0.
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Assume X € D(G)) with p > X\ and centering and scaling as A(t) and B(t). If

Y — b(t)

. X — B(t)
lim tP W

— <
00 Al =0

>y

exists for all continuity points (x,y) € R x EM), then, for any fized y € B, as x varies

in R, the limit measure assigns same values to the sets of the form [—oo, x| X (y, 00].

Proof. Observe that

Alt) — B(t) = B{) _ At B(t)\ B 11
o) el alh) (“M)‘aaﬁox(“x)‘p'
Therefore we have,
i X — B(t) Y —b(t)
S e P [ A =" e o y]
= jim o | 200 < 2 BOZP X005 o0, xoc)
which is independent of x. O

We would also like to consider the remaining case, namely, when X > 0 and

X € D(G)) with scaling A and A > p. Clearly, we have a(t)/A(t) — 0. Thus, for any

tP [Ofé) > ’j —tP [A)((t) > ZZEEH — o0

€ > 0, we have

Hence (3.5.1)) cannot hold and Theorem is of no use. The next result show that
in this case we have multivariate extreme value model with the limiting measure being

concentrated on the axes, which gives asymptotic independence.

Theorem 3.6.1. Let (X,Y) € CEVM(«,0;a,0;u) on the cone [0,00] x (0,00] and
X € D(G)) with X > p and scaling A(t) € RV_y. Also assume that X € D(G,) with
A > pand A(t)/a(t) — co. Then

tP [(z‘f(if)’ a}(/t)) € ] (3.6.1)

converges vaguely to a nondegenerate Radon measure on [0,00]? \ {(0,0)}, which is
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concentrated on the azes.

Proof. We first show the vague convergence on [0,00]%\ {(0,0)}. Let z > 0, > 0. Then,

2| (55 ) € (0] x 0]

A(t) a(t)
X Y X Y
=tP|—= tP|— —tP | —= — .
w277 7] P [ 2
The first two terms converge due to the domain of attraction conditions on X and Y.
For the last term, by the CEVM conditions and the fact that A(t)/«(t) — oo, we have

X Y B X Alt) Y
tP [A(t) >x,@ >y] =tP [a(t) >xa(t)’a(t) >y] — 0. (3.6.2)

This establishes (3.6.1]). However, using x = y in (3.6.2)), we find that the limit measure

does not put any mass on (0, oc]?. O

Remark 3.6.1. Since, we have asymptotic independence, several different behaviors for
the product are possible, as it has been illustrated in Maulik et al.| (2002).

While we have established asymptotic independence on the larger cone [0, 00]? \ {0}
in Theorem [3.6.1, CEVM gives another nondegenerate limit p on the smaller cone
[0,00] x (0,00]. Thus, (X,Y") exhibits hidden regular variation, as described in Maulik!
and Resnick| (2004])), Resnick| (2002).

3.7 Example

We now consider the moment condition in Theorem [3.5.2l We show that the condition
is not necessary by providing an example, where the condition fails, but we explicitly
calculate the tail behavior of XY.

Let X and Z be two independent random variables, where X follows Beta distribution
with parameters 1 and a and Z is supported on [0, 1] and is in D(G_; ), for some a > 0
and b > 0. Thus, we have P[X > 2] = (1 — 2)® and P[Z > 1 — 1] = 2P L(z) for some
slowly varying function L. Let G denote the distribution function of the random variable

Y = X AZ. Then G(z) = (1 — 2)*™L(;LX) and hence Y € D(G_1/(a+p))- Clearly, for
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X=1 /(1= X), we have E[)Z' @+t = 00 and the moment condition in Theorem fails
for p=—1/(a +b).

We further define
1

1 (16 @)
where the left-continuous inverse is defined in Definition Since, Y € D(G_1/(a45));

a(t)

we have from Corollary 1.2.4 of |[de Haan and Ferreira (2006)),

Ei(t)aer N
GO (3.7.1)
Then, for x > y > 0, we have,
X Y _ _ 1
tP [Zit) < x,% > y] =tP |a(t)(X —1) < —;,a(t)(Y— 1) > _y]
1 1 1
=P 1= S <X <1 2> 1 g
=l = L)
%L(%i)b) e T T e

where we use in the last step. Thus, (X,Y) satisfies Conditions and
with p=7v=—1/(a +).

Finally, we directly calculate the asymptotic tail behavior of the product. For
simplicity of the notations, for y > 0, let us denote ¢(t) = 1 — 1/(a(t)y). Since
@ € RV /(qqb), as t — 00, we have c(t) — 1. Also, a(t) = 1/((1 — c(t))y). Then,

tP[XY>1—a,(1)y] =a-t /1 P[Z>cf)] (1—s)""tds
Ve
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substituting s = 1 — z(1 — ¢(t)),

1

14+/e(t)
—a(l — c(t))*tbgs # (- Z)bza_l () z
== () [ it (U )

0

1/2

~a(l — ct) e <(1 — 1(t))y) L (1 i@(t)) 0/(1 — )b gy,

where, in the last step, we use Dominated Convergence Theorem and the facts that

c(t) — 1 and

. <1 T c<ct(>t>)<1 - z)) ~ ((1 - c<ct(>t>)<1 - z>> ~ <1 i(tc)a))

uniformly on bounded intervals of z. Finally, using (3.7.1)), definition of ¢(t), to get,

1/2
_ —1
tP [(1XY> > y} —q-y (@) /(1 — 2)b207 14z,

at)
0



Chapter 4

Sums of free random variables

with regularly varying tails

4.1 Introduction

In this chapter we show an application of regular variations to free probability theory.
In Lemma we saw that random variables (or distribution functions) with regularly
varying tails are in the class of subexponential ones and satisfy the principle of one large
jump. In terms of probability measures on [0,00) we can reformulate it to say, measures

with regularly varying index —a, o > 0 satisfy the following property for all n > 1,
Wz, 00) ~ nu(x,00) as x — oo.

In Chapter |I] we saw many properties of the subexponential distributions. We shall
now show that this property of measures with regularly varying tails is not restricted
to classical convolution on the space of probability measures, but they extend to free
probability theory as introduced in Section The concept of freeness allows one to
describe a convolution on the space of all probability measures which is known as the
free convolution. Free convolution between two measures p and v is denoted by u H v.

In Theorem we show that a probability measure p with regularly varying tail on

95
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[0, 00) satisfies the following property for all n > 1,

p (2, 00) ~ npu(x, 00) as x — oo.

The space of all measures which satisfy the above property will be called free
subexponential measures (see Definition . Section elaborates upon Section
and provides an extended review of the useful notions and results of free probability
theory. We refer to the monographs by Nica and Speicher| (2006), |Voiculescu et al.| (1992
for the basic definitions of free probability. Towards the end of Section [4.2] once we
have introduced the important concepts, we introduce the main problem considered in
the rest of the chapter. In Section [£.2.2] we also provide a sketch of the chapter and an
approach to the proof of Theorem [4.2.2

4.2 Basic setup and results

4.2.1 Free probability

The notion of freeness was first introduces by [Voiculescu| (1986)). The definition was
motivated by his study on certain types of von Neumann algebras. The relationship of
freeness with random matrices established in |Voiculescu| (1991) was a major advancement
in this area. Some of the notions in this Subsection has already been in introduced in

Section We define them here formally and elaborate upon them.

Definition 4.2.1. A non-commutative probability space is a pair (A, 7) where A is a

unital complex algebra and 7 is a linear functional on A4 satisfying 7(1) = 1.

Given elements aj, a9, - ,ar € A and indices i(1),i(2),--- ,i(n) < k, the numbers
T(ai(l)ai(g) e ai(n)) denote a moments. In analogy to the fact from the classical proba-
bility theory, where, in certain cases, the moments determine a distribution function,
the collection of all moments involving a1, aso, - - ,ay is called the joint distribution of
a1, a9, - Q.

Now we give two examples of non-commutative probability spaces. The first example

indicates the motivation behind the nomenclature of a probability space.
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Example 4.2.1. (i) Let (©, F,P) be a probability space in the classical sense. Let
A = L>°(Q,P) be the set of bounded random variables and

(a) = /a(w)d P(w).

In this case, the random variables actually commute.

(ii) Let H be a Hilbert space and A = B(#) be the space of all bounded operators on
H. The fundamental states are of the form 7(a) = (n,an) where n € H is a vector

of norm 1.

Having defined the non-commutative probability spaces, we now give the definition

of freeness.

Definition 4.2.2. Let (A, 7) be a non-commutative probability space. A family of unital
subalgebras {A;}ic; C A is called free if 7(ay ---a,) = 0 whenever 7(a;) =0, a; € A;;

and ij 7é ’L'j+1 for all j

Next we briefly describe some of the properties of freeness in this setup.
Freeness allows easy calculation of the mixed moments from the knowledge of
moments of the individual elements. For example, if A and B are free, then one has, for

a,ar,az € Aand b,by,by € B,
(i) 7(ab) = 7(a)7(b);
(ii) 7(a1baz) = T(a1a2)7(b);
(iii) 7(a1bragba) = 7(a1a2)7(01)7(b2) + 7(a1)7(az)7(brb2) — 7(a1)7(b1)7(a2)7(b).

In all the above examples one has to first center the elements and use the freeness
condition. If & = a — 7(a) and b = b— 7(b), then 7(ab) = 0 by freeness. Also, by linearity
of 7, we have 7(ab) = 7(ab) — 7(a)7(b) which leads to Other claims can similarly be
checked.

Much of the calculations of moments using the above methods involve combinatorial
arguments. In the combinatorial theory of free probability, it turns out that calculating

moments is often difficult. In some such cases, the calculation of “free cumulants” are
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more advantageous. In order to describe the free cumulants one uses a subclass of the

partitions known as non-crossing partitions.

Definition 4.2.3. Let n be a natural number. We call 7 = {Vi,--- , V,.} to be a partition
of S=1{1,2,--- ,n} if and only if V; for 1 <i < r are pairwise disjoint and their union
is S. Vi,---,V, are called the blocks of the partition 7. If two elements p and ¢ are in

the same block then one writes p ~ q.

Definition 4.2.4. A partition w is called crossing if there exists 1 < p; < q1 < p2 <
g2 < n such that p; ~; p2 #r q1 ~» go. A partition which is not crossing, is called a

non-crossing partition. The set of non-crossing partitions of S is denoted by NC(S).

Consider a collection {I,, : A™ — C}>2; of multilinear functionals on a fixed complex
algebra A. Given a non-empty set J = {i; < iy < --+ < i,,} of positive integers, define

[({ai}ies) = lm(aiy, - - a;,,). Further, if 7 € NC(J), define

e({aities) = [] ((aitiev).

Ven
We are now ready to introduce the free cumulants.

Definition 4.2.5. Let (A, 7) be a non-commutative probability space. The free cumu-
lants are defined as a collection of multilinear functions «,, : A™ — C by the following

system of equations:

T(arag - ap) = Z Kr(a1,ag, -, ap). (4.2.1)
TENC(n)

It can be easily shown that free cumulants are well defined. The first few free
cumulants can be calculated as follows. For n = 1, we have from , k1(ar) = 7(a1)
which is the mean. For n = 2, one gets the covariance, ko(a1,a2) = 7(a1a2) — 7(a1)7(az).

Freeness can also be characterized in terms of cumulants. In fact, freeness is equivalent

to vanishing of mixed cumulants. More precisely, we have the following result.

Theorem 4.2.1 (Nica and Speicher} 2006, Theorem11.16). The elements {a;}icr of a
complex unital algebra A are free if and only if kn (a1, -, ain)) = 0 whenever n > 2

and there exists k,l such that i(k) # i(l).
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Denote by kyp(a) := kp(a,- - ,a) the n-th cumulant of a. When @ and b are free then

from Theorem one can conclude that, for all n > 1,
En(a+0) = kp(a) + kn(b). (4.2.2)

Definition 4.2.6. For an element a, the formal power series
Ru(z) = Z Fnt1(a)z"
n>0
is called the R transform of a.

By (4.2.2)), the R transform in free probability plays a role similar to the logarithm

of the characteristic function in classical probability. If a and b are free, we have,
Raip(2) = Ra(z) + Rp(2).

The relationship between the moments and cumulants in (4.2.1]) can be translated to
the following relationship between the formal power series. For a proof of the following

Proposition we refer to Chapter 11 of |[Nica and Speicher| (2006).

Proposition 4.2.1. Let (my)p>1 and (kn)n>1 be two sequences of complex numbers

and consider the corresponding power series:
o0 oo
M(z) = 1+Zmnz” and C(z)= 1+Z/€nz".
n=1 n=1

Then the following statements are equivalent:

(i) For alln>1,

ma= D, Re= DL AR

TENC(n) m={Vi,,V;}
TeNC(n)

(ii) For alln > 1, (with my := 1) one has,

n
my, = E E RsMgy <+ - My .

s=1 iy, ,is€{0,1, ,n—s}
i1+ Fis=n—s
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(i) C(zM(z)) = M(z).

Definition 4.2.7. For an element a of (A, 7), the Cauchy transform is the formal power

series given by

Ga(z) = Z TZZJ(:?’ where my,(a) = 7(a"). (4.2.3)
n=0

Now from Proposition the Cauchy transform and the R transform of a random

variable a is related by the following relationship:

G, <Ra(2’) + i) =z.

Although the above things are done in terms of formal power series, they can be
made rigorous when the algebra is a C'*-algebra or von Neuman algebra and the element

is self-adjoint.

Definition 4.2.8. Suppose A is a von Neumann algebra. A linear functional 7: A — C

with 7(1) = 1 is called:
(i) state: if 7(a) > 0 for a > 0;
(ii) tracial : if 7(ab) = 7(ba);
(iii) faithful: if 7(aa*) = 0 implies a = 0;

(iv) normal : if for any net {ag} of nonnegative elements of .A monotonically decreasing

to zero, we have infz 7(ag) = 0.

A self-adjoint element of a C*-algebra is often called a random variable or a random
element. Consider a self-adjoint element or a random variable X of a C*-algebra A
equipped with a state 7. Then there exists a compactly supported measure px on R,

such that, for all n € N

(X = /R £ ().

We further have that Gx is an analytic function and

Gx(z)=7((z—X)™") :/Rzit’ux(dt)’ for z € CT.



4.2 Basic setup and results 101

In general, the above definition works for any measure p on R. We denote the Cauchy
transform of a measure p by G,. Some further properties of the Cauchy transform for

general measures is dealt in Section [4.3]

4.2.2 Main results

The basic notions in free probability theory described in Subsection [4.2.1] are well suited
for bounded random variables which correspond to compactly supported measures.
However, our interest is in probability measures with regularly varying tails which have
unbounded support and hence one has to consider unbounded random variables. In order
to deal with unbounded random variables we need to consider a tracial W*-probability
space (A, 7) with a von Neumann algebra A and a normal faithful tracial state 7. See
Definition for the related concepts. By unbounded random variables, we shall
mean self-adjoint operators affiliated to a von Neumann algebra 4. For definition of
affiliated random variables and freeness for unbounded random variables, please see
Subsection [.5.3] of Chapter [T}

Recall that, given two measures p and v, there exists a unique measure u H v, called
the free convolution of p and v, such that whenever X and Y are two free random
elements on a tracial W* probability space (A, 7), the random element X + Y has the
law p H v. The definition of subexponential distributions can be easily extended to the
non-commutative setup by replacing the classical convolution powers by free convolution
ones and this leads to Definition of free subexponential probability measures. A
probability measure p on [0, 00) is said to be free subexponential if p(z,00) > 0 for all
x > 0 and for all n,

Bﬂn(

p(x,00) = (B - - B u)(x,00) ~ nu(x,00) as x — 0.
—_——

n times
The above definition can be rewritten in terms of distribution functions as well. A
distribution function F is called free subexponetial if for all n € N, F&(z) ~ nF(x) as
x — 00. A random element X affiliated to a tracial W*-probability space is called free
subexponential, if its distribution is so. One immediate consequence of the definition of

free subexponentiality is the principle of one large jump.
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Ben Arous and Voiculescu (2006) showed that for two distribution functions F' and G,
there exists a unique measure F'M G, such that whenever X and Y are two free random
elements on a tracial W*-probability space, F' MG will become the distribution of X VY.
Here X VY is the maximum of two self-adjoint operators defined using the spectral
calculus via the projection-valued operators, see Ben Arous and Voiculescu| (2006) for
details. Ben Arous and Voiculescu| (2006) showed that FMG(z) = max((F+G—1)(x),0),
and hence F¥"(z) = max((nF — (n — 1))(x),0). Then, we have, for each n, m(m) ~

nF(x) as x — oco. Thus, by definition of free subexponentiality, we have

Proposition 4.2.2 (Free one large jump principle). Free subexponential distributions
satisfy the principle of one large jump, namely, if F is free subexponential, then, for

every n,

FBn(g) ~ FMn(z) as 2 — .

The distributions with regularly varying tails of index —a, with @ > 0, form an
important class of examples of subexponential distributions in the classical setup. We
show in Theorem [£.2.2] that the distributions with regularly varying tails of index —a,

a > 0 also form a subclass of the free subexponential distributions.

Theorem 4.2.2. If F' has reqularly varying tail of index —a with o > 0, then F is free

subexponential.

While it need not be assumed that the measure is concentrated on [0,00), both
the notions of free subexponentiality and regular variation are defined in terms of the
measure restricted to [0, 00). Thus we shall assume the measure to be supported on [0, 00)
except for the definitions of the relevant transforms in the initial part of Subsection
and in the statement and the proof of Theorem

Due to the lack of coordinate systems and expressions for joint distributions of
non-commutative random elements in terms of probability measures, the proofs of the
above results deviate from the classical ones. In absence of the higher moments of
the distributions with regularly varying tails, we cannot use the usual moment-based
approach used in free probability theory. Instead, Cauchy and Voiculescu transforms

become the natural tools to deal with the free convolution of measures. While Cauchy
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transform has already been introduced, we define Voiculescu transform in Section 1.3} We
then discuss the relationship between the remainder terms of Laurent series expansions
of Cauchy and Voiculescu transforms of measures with regularly varying tail of index
—a. We need to consider four cases separately depending on the maximum number
p of integer moments that the measure p may have. For a nonnegative integer p, let
us denote the class of all probability measures p on [0, 00) with [~ t*du(t) < oo, but
fooo tPTdu(t) = oo, by M,,. We shall also denote the class of all probability measures p
in M,, with regularly varying tail of index —a by M,, . Note that, we necessarily have
a € [p,p + 1]. Theorems summarize the relationships among the remainder
terms for various choices of o and p. These theorems are the key tools of this Chapter.
Section is concluded with two Abel-Tauber type results for Stieltjes transform of
measures with regularly varying tail. We then prove Theorem in Section [4.4] using
Theorems [4.3.1H4.3.4. We use the final two sections to prove Theorems [4.3.1H4.3.4
In Section [£.5], we collect some results about the remainder term in Laurent series
expansion of Cauchy transform of measures with regularly varying tails. In Section
we study the relationship between the remainder terms in Laurent expansions of Cauchy
and Voiculescu transforms through a general analysis of the remainder terms of Taylor
expansions of a suitable class of functions and their inverses or reciprocals. Combining,

the results of Sections [4.5 and we prove Theorems [4.3.1}{4.3.4

4.3 Some transforms and their related properties

In this section, we collect some notations, definitions and results to be used later
in this Chapter. In Subsection [4.3.1], we define the concept of non-tangential limits.
Various transforms in non-commutative probability theory, like Cauchy, Voiculescu
and R transforms are introduced in Subsection Theorems regarding
the relationship between the remainder terms of Laurent expansions of Cauchy and
Voiculescu transforms are given in this subsection as well. Finally, in Subsection [4.3.3

two results about measures with regularly varying tails are given.
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4.3.1 Non-tangential limits and notations

Recall that, the complex plane is denoted by C and for a complex number z, £z and
Sz denotes the real and imaginary parts respectively. We say z goes to infinity (zero
respectively) non-tangentially to R (n.t.), if z goes to infinity (zero respectively), while
Rz/Sz stays bounded. We can then define that a function f converges or stays bounded
as z goes to infinity (or zero) n.t. To elaborate upon the notion, given positive numbers

1, § and M, let us define the following cones:
(i) Ty ={2€C":|Rz| <nSz} and Iy py = {z €T : |z| > M},
(i) Ay ={2€C : |Rz| < =Sz} and A, 5 = {z € A, : [2| < 6},

where C* and C™ are the upper and the lower halves of the complex plane respectively,
namely, Ct = {z € C: 3z > 0} and C~ = —C*. Then we shall say that f(z) — [ as
z goes to oo n.t., if for any € > 0 and 7 > 0, there exists M = M(n,€) > 0, such that
|f(2) — | <€, whenever z € Iy 3s. The boundedness can be defined analogously.

We shall write f(z) = g(2), f(z) = o(g(2)) and f(z) = O(g(z)) as z — oo n.t. to
mean that f(z)/g(z) converges to a non-zero limit, f(z)/g(z) — 0 and f(z)/g(z) stays
bounded as z — oo n.t. respectively. If the non-zero limit is 1 in the first case, we write
f(z) ~ g(z) as z — oo n.t. For f(z) = o(g(z)) as z — oo n.t., we shall also use the
notations f(z) < ¢g(z) and g(z) > f(z) as z — oo n.t.

The map 2z — 1/z maps the set I'; ;5 onto A, 5 for each positive n and J. Thus the

analogous concepts can be defined for z — 0 n.t. using A, 5.

4.3.2 Cauchy and Voiculescu Transform

Recall that for a probability measure p, its Cauchy transform is defined as

>~ 1
Gu(z) = / P 7jdp(t), z€Ct.

Note that G, maps C* to C~. Set F,, = 1/G,,, which maps C* to C*. We shall be also
interested in the function H,(2) = G(1/2) which maps C~ to C~.
By Proposition 5.4 and Corollary 5.5 of |Bercovici and Voiculescul (1993)), for all n > 0

and for all € € (0,1 A 1), there exists § = 6(n) small enough, such that H, is a conformal
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bijection from A, 5 onto an open set D, 5, where the range sets satisfy

Anfe,(le)é CDys C Ar]+e,(1+e)6-

If we define D = Uy;»0D,, 5(,), then we can obtain an analytic function L, with
domain D by patching up the inverses of H, on D, 5., for each n > 0. In this case L,
becomes the right inverse of H,, on D. Also it was shown that the sets of type A, 5 were
contained in the unique connected component of the set H,; L(D). It follows that H,, is
the right inverse of L, on A, s and hence on the whole connected component by analytic
continuation.

We then define R and Voiculescu transforms of the probability measure p respectively

as:

1 1

R,(z) = m - and  ¢,(2) = R,(1/2). (4.3.1)

Also, if X is a (self-adjoint) random element in a W*-algebra A with an associated
measure /i, then R, coincides with the formal definition given in Definition f.2.6] Arguing
as in the case of G,(1/2), it can be shown that Fy, has a left inverse, denoted by F,~ Lon

a suitable domain and, in that case, we have

Bercovici and Voiculescu| (1993) established the following relation between free

convolution and Voiculescu and R transforms. For probability measures y and v,
Gumy = ¢+ ¢y and Rymy = R, + Ry,

wherever all the functions involved are defined.
We shall also need to analyze the power and Taylor series expansions of the above
transforms. For Taylor series expansion of a function, we need to define the remainder

term appropriately, so that it becomes amenable to the later calculations. In fact, for a
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function A with Taylor series expansion of order p, we define the remainder term as

ra(z) =z"" (A(Z) - Z aiz") : (4.3.2)

Note that, we divide by 2P after subtracting the polynomial part.

For compactly supported measure p, [Speicher| (1994) showed that, in an appropriate
neighborhood of zero, R, (2) = > 22, Kj41(p)2?, where {r;(1)} denotes the free cumulant
sequence of the probability measure p. For probability measures p with finite p moments,
Taylor expansions of R, and H,, are given by Theorems 1.3 and 1.5 of Benaych-Georges
(2005):

p—1 p+1
R,(2) = Z /1j+1(u)zj+zp_17"RN(z), and H,(z) = ij_l(u)zj—i—szrHH (2), (4.3.3)
§=0 j=1

where the remainder terms rr,(2) = rr(z) = o(1) and rg,(2) = rg(z) =o(1) as z = 0
n.t. are defined along the lines of ([£.3.2), {k;(1) : j < p} denotes the free cumulant
sequence of p as before and {m;(n) : j < p} denotes the moment sequence of the
probability measure p. When there is no possibility of confusion, we shall sometimes
suppress the measure involved in the notation for the moment and the cumulant sequences,
as well as the remainder terms. In the study of stable laws and the infinitely divisible laws,
the following relationship between Cauchy and Voiculescu transforms of a probability
measure p, obtained in Proposition 2.5 of |[Bercovici and Patal (1999)), played a crucial
role:

bu(2) ~ 22 [Gu(z) - j 85 7 = 00 b, (4.3.4)

Depending on the number of moments that the probability measure p may have, its
Cauchy and Voiculescu transforms can have Laurent series expansions of higher order.
Motivated by this fact, for probability measures p € M,, (that is, when p has only p
integral moments), we introduce the remainder terms in Laurent series expansion of

Cauchy and Voiculescu transforms (in analogy to the remainder terms in Taylor series
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expansion):
ra,(2) =ra(z) = 227 Gu(z) — ij_l(u)z*j (4.3.5)
and

1o, (2) = 1o(2) = 2271 [ du(z) — Z rip(p)20 |, (4.3.6)

where we shall again suppress the measure i in the notation if there is no possibility of

confusion. In (4.3.6)), we interpret the sum on the right side as zero, when p = 0. Using

the remainder terms defined in (4.3.5) and (4.3.6)) we provide extensions of (4.3.4) in
Theorems for different choices of o and p. We split the statements into four

cases as follows: (i) p is a positive integer and « € (p,p+ 1), (ii) p is a positive integer
and o = p, (iii) p =0 and « € [0,1) and (iv) p is a nonnegative integer and o« = p + 1
giving rise to Theorems respectively.

We first consider the case where p is a positive integer and o € (p,p + 1).

Theorem 4.3.1. Let ;1 be a probability measure in the class My, and o € (p,p+1). The

following statements are equivalent:
(i) wu(y,o0) is reqularly varying of index —c.
(il) Sra(iy) is regularly varying of index —(a — p).

(iii) Sre(iy) is regularly varying of index —(a — p), Rry(iy) >y~ ! as y — oo and

re(2) > 271 as 2 — o0 n.t.

If any of the above statements holds, we also have, as z — oo n.t.,

rG(2) ~re(2) > 27k (4.3.7)
as y — 0o,
m(p+1—a) 1
Sro(iy) ~ Sra(iy) ~ —— vy, 00) > — (4.3.8)
COs —5—— Y
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and
m(p+2—a)

1
iy YV 1y, 0) > " (4.3.9)
S1In ————

2

Rry(iy) ~ Rra(iy) ~ —
Next we consider the case where p is a positive integer and o = p.

Theorem 4.3.2. Let p be a probability measure in the class M,,. The following state-

ments are equivalent:
(i) u(y,o00) is regularly varying of index —p.
(il) Sra(iy) is slowly varying.

(iil) Srg(iy) is slowly varying, Rre(iy) >y~ asy — 00 and rg(z) > 27! as z —

n.t.

If any of the above statements holds, we also have, as z — oo n.t.,

ra(z) ~re(z) > 27 (4.3.10)
as y — 0o,
1
Sry(iy) ~ Sra(iy) ~ —gypu(y, 00) > ; (4.3.11)
and
1
Rry(iy) ~ Rra(iy) > y (4.3.12)

In the third case, we consider « € [0, 1).

Theorem 4.3.3. Let i be a probability measure in the class My and o € [0,1). The

ollowing statements are equivalent:

following statement walent
(i) wu(y,o0) is reqularly varying of index —c.
(i) Sra(iy) is regularly varying of indexr —c.

(ili) Qry(iy) is regularly varying of index —a, Rry(iy) =~ Srg(iy) as y — oo and

re(z) > 271 as 2 — o0 n.t.

If any of the above statements holds, we also have, as z — oo n.t.,

ra(z) ~re(z) > 27 (4.3.13)
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as y — 0o,
m(l—a) 1
Srg(iy) ~ Sraliy) ~ ——2z uly,00) > = (4.3.14)
cos 75 y
and
. . 1
Rry(iy) ~ Rrg(iy) ~ —dap(y, 00) > . (4.3.15)
where
T(2—a)
g - Sirf% , when a >0,
W=
1, when a = 0.

Finally, we consider the case where p is a nonnegative integer and o« = p + 1.

Theorem 4.3.4. Let v be a probability measure in the class My, and § € (0,1/2). The

following statements are equivalent:
(i) wu(y,o0) is reqularly varying of index —(p + 1).
(il) Rrg(iy) is regularly varying of index —1.

(iil) Rry(iy) is regularly varying of index —1, y=! < Sry(iy) < y~1=6/2) g5y — 0

and 27t < ry(z) < 277 as z — oo n.t.

If any of the above statements holds, we also have, as z — oo n.t.,

2 <rg(z) ~rg(z) < 278 (4.3.16)
as y — oo,
y~ B/« Ry (iy) ~ Rra(iy) ~ —gyp,u(y, 00) < y~1=6/2) (4.3.17)
and
y~! < Sry(iy) ~ Sraliy) < y~ P2, (4.3.18)

It is easy to obtain the equivalent statements for H,, and R, through the simple
observation that G,(z) = H,(1/z) and ¢,(2) = R,(1/z). For p = 0, Theorems
and together give a special case of for the probability measures with
regularly varying tail and infinite mean. However, Theorems give more
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detailed asymptotic behavior of the real and imaginary parts separately, which is
required for our analysis.
4.3.3 Karamata type results

We provide here two results for regularly varying functions, which we shall be using in
the proofs of our results. They are variants of Karamata’s Abel-Tauber theorem for
Stieltjes transform (see, Theorem which explains the regular variation of Cauchy
transform of measures with regularly varying tails.

The first result is quoted from Bercovici and Pata (1999).

Proposition 4.3.1 (Bercovici and Pata, [1999|, Corollary 5.4). Let p be a positive Borel

measure on [0,00) and fix o € [0,2). Then the following statements are equivalent:
(i) y — p[0,y] is regularly varying of index c.
(i) y— [3° ﬁdp(t) is regularly varying of index —(2 — «).

If either of the above conditions is satisfied, then

* 1 5 00,y
—— dp(t) ~ —2 ! — 00.
/0 2 + o2 p(t) sin % 12 a5y = 0

The constant pre-factor on the right side is interpreted as 1 when a = 0.
The second result uses a different integrand.

Proposition 4.3.2. Let p be a finite positive Borel measure on [0,00) and fiz o € [0,2).

Then the following statements are equivalent:
(i) y+— p(y,0) is reqularly varying of indexr —c.
(ii) y — fooo %dp(t) is reqularly varying of index —a.

If either of the above conditions is satisfied, then

[ee} t2 %
dp(t) ~ , — 0.
/0 Pyt~ guamply00) asy = oo

The constant pre-factor on the right side is interpreted as 1 when a = 0.
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Proof. Define dp(y) = p(y/s,00)ds. By a variant of Karamata’s theorem given in

Theorem [1.2.1], as o < 2, we have

pl0,y] ~ _1 2 YP(\/Y,0) (4.3.19)

1-3

is regularly varying of index 1 — /2. Then, we have,

oo 42 2sds
L 2 dp(t)
0 + y (s +y?)
_ /°° 2p(0.) 1, [ A0
o (s2+y%)? o (s+y?)?
Now, first applying Theorem as p[0, y] is regularly varying of index 1 — /2 € (0, 2]
and then (4.3.19)), we have

0o 42 1— Q)T 5719 42 Ta
/ 1-9)7% 2P[7?J]N 2 ).
0

—d
2t~ g y

4.4 Free subexponentiality of measures with regularly

varying tails

We now use Theorems to prove Theorem We shall first look at the tail
behavior of the free convolution of two probability measures with regularly varying tails
and which are tail balanced. Theorem will be proved by suitable choices of the two

measures.

Lemma 4.4.1. Suppose p and v are two probability measures on [0, 00) with reqularly
varying tails, which are tail balanced, that is, for some ¢ > 0, we have v(y, 00) ~ ¢ u(y, 00).

Then
pBv(y,00) ~ (1+c)u(y, o0).

Proof. We shall now indicate the associated probability measures in the remainder terms,
moments and the cumulants to avoid any confusion. Since p and v are tail balanced and

have regularly varying tails, for some nonnegative integer p and « € [p,p + 1], we have
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both £ and v in the same class My, . When « € [p,p+ 1), depending on the choice of p

and «, we apply one of Theorems 4.3.1], [4.3.2| and [4.3.3| on the imaginary parts of the

remainder terms in Laurent expansion of Voiculescu transforms. On the other hand, for
a =p+ 1, we apply Theorem [4.3.4] on the real parts of the corresponding objects. We

work out only the case a € [p,p + 1) in details, while the other case & = p + 1 is similar.

For a € [p,p+ 1), by Theorems 4.3.1 we have

T, (2) > 21 and 1y, (2) > 27! (4.4.1)
Rrg, (—iy) >y~ and  Rry, (—iy) >y (4.4.2)
m(p+l1—a) m(p+l—a)
Srg,, (iy) ~ _wypﬂ(% o0) and  Sry, (iy) ~ —Wypu(y, 00). (4.4.3)
2 2

For p =0 and a € [0,1), we further have

Sy, (1Y) = Rry, (iy) = p(y,00) and  Qry, (iy) ~ Rry, (iy) = v(y, o). (4.4.4)

We also know that, both Voiculescu transforms and cumulants add up in case of free

convolution. Hence,

T, (2) = 76, (2) + 7, (2). (4.4.5)

Further, we shall have k,(u B v) < oo, but kp41(p B v) = oo and similar results hold
for the moments of u H v as well. Then Theorems will also apply for p Hv.
Thus, applying (4.4.5) and its real and imaginary parts evaluated at z = iy, together

with (4.4.1)—(4.4.4) respectively, we get,

1

To,m,(2) > 27 as z » oont,

Rro,m, (iy) >y Lasy — oo

and
w(p+l—a)

876, (1) ~ —(1+ ¢) —2—syPu(y, 00) as y — oo, (4.4.6)
COS —5
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which is regularly varying of index —(a — p). Further, for p =0 and « € [0,1), we have

ST%EEV (iy) =~ %Tdmaau (iy).

In the last two steps, we also use the hypothesis that v(y,00) ~ cu(y,00) as y — oo.

Thus, again using Theorems |4.3.1 we have

m(ptl-a)
_# D ~ o .
—rag ¥ HEV(:00) ~ S, (). (4.4.7)
2
Combining (4.4.6)) and (4.4.7)), the result follows. 0

We are now ready to prove the subexponentiality of a distribution with regularly

varying tail.

Proof of Theorem [{.2.3. Let u be the probability measure on [0, c0) associated with the
distribution function F;. Then u also has regularly varying tail of index —a. We prove
that

5" (y, 00) ~ npuly, 00), as y — 0o (4.4.8)

by induction on n. To prove (4.4.8), for n = 2, apply Lemma with both the
probability measures as p and the constant ¢ = 1. Next assume (4.4.8)) holds for n = m.
To prove (4.4.8), for n = m + 1, apply Lemma again with the probability measures

p and p®™ and the constant ¢ = m. O

4.5 Cauchy transform of measures with regularly varying
tail
As a first step towards proving Theorems [4.3.1 we now collect some results about

rc(z), when the probability measure p has regularly varying tails. These results will be

be useful in showing equivalence between the tail of p and rg(iy). It is easy to see by

1 "o £\ 1
z—t_zzj“_(z) z—t

Jj=0

induction that
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Integrating and multiplying by 2P*!, we get

oo gp+1
rg(z):/o T du(). (4.5.1)

z—t

We use (4.5.1]) to obtain asymptotic upper and lower bounds for r¢(2) as z — oo n.t.
Similar results about 7 can be obtained easily from the fact that rg(z) = rg(1/z), but

will not be stated separately. We consider the lower bound first.

Proposition 4.5.1. Suppose yn € M, for some nonnegative integer p, then
< rg(2) as 2 — oo n.t.

Proof. We need to show that, for any n > 0, as |z| — oo with z in the cone Iy, we
have |zrg(z)| — oo. Note that, for z = x + iy € I';), we have |z| < ny. Now, as

|z —t]?> = (2 —t)(£ —t) and 2(Z — t) = |2|? — 2t, using ({@.5.1)), we have,

00 tp+1 5 00 thrl 00 tp+2
() == [ du) = [ dut) 2 [ dute),
0 22— 0 o lz—t

t |z — t]?

which gives

o] +1 00 42
R(zra(z)) = |z]2/ |tp () —§Rz/0 ‘ tp_tpdm) (4.5.2)
and
fo'e) p+2
S(zra(2)) = Sz /0 Mdu(t). (4.5.3)

On I’ and for t € [0,ny], |t — x| <t + |z| < 2ny. Thus, we have,

 |z|2ptl ny y2etl p 1 ny iy
du(t)> | —¥C ) > / £) = 00, (4.5.4
/0 e u<>_/0 TR u<>_1+4772/0 u(t) (4.5.4)

since 1 € M,,.
Now fix n > 0, and consider a sequence {z, = x, + iy, } in Iy, such that |z,| — oo,

that is, |z,| < uy, and y, — co. If possible, suppose that {|z,rq(z)|} is a bounded
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sequence, then both the real and the imaginary parts of the sequence will be bounded.

However, then the boundedness of the real part and (4.5.2)) and (4.5.4) give

o0 tp+2
R ——du(t)| = oo.
w s u()‘ -

Then, using (4.5.3]) and the fact that |[Rz| < 7Sz on Iy, we have

1 0o ypt2
S(znra(zn)) = — ’?Rzn/ |
n 0

——du(t)| —
- u<>] .

which contradicts the fact that the imaginary part of the sequence {z,rg(z,)} is bounded

and completes the proof. O

We now consider the upper bound for r¢(z). The result and the proof of the following

proposition are inspired by Lemma 5.2(iii) of Bercovici and Patal (2000b)).

Proposition 4.5.2. Let p be a probability measure in the class My o for some nonneg-

ative integer p and o € (p,p + 1]. Then, for any 5 € [0, (a —p)/(a —p + 1)), we have

ra(z) = o(z7") as z — oo n.t. (4.5.5)

Remark 4.5.1. We consider the consider principal branch of logarithm of a complex
number with positive imaginary part, while defining the fractional powers in (4.5.5])

above and elsewhere.

Remark 4.5.2. Note that (4.5.5) holds also for p = a with 5 = 0, which can be readily
seen from Theorem 1.5 of Benaych-Georges| (2005]).

Proof of Proposition[{.5.3. Define a measure py as dpo(t) = tPdu(t). Since p € My, po
is a finite measure. Further, since p < «, using Theorem we have pg(y, 00) ~
—ai_pypu(y, 00), which is regularly varying of index —(a — p).

Now fix n > 0. Tt is easy to check that for t > 0 and z € T, t/|z — t| < /1 +72.
For z = z + iy, we have |z — t| > y and hence for t € [0, y*/(®~P+D] we have t/|z — t| <
y~(@=p)/(@=p+1)  Then, using and the definition of po,

Ira(z)] < /0

YU/ (a=p+D)

t
2 1/(a—p+1)
Z_t‘dpg(t)—F 1+7]po<y ,oo)
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< y(ap)/(ap+1)/ tpdu(t) 4+ 4/1+ 77200 <y1/(04*p+1)’ OO) = o(y*5)7
0

for any € [0, (o —p)/(a —p+ 1)), as the second term is regularly varying of index
—(a—p)/(a—p+1). Further, for z = x4 iy € Ty, we have |z| = /22 + y% < yy/1 + 1?2,

and hence we have the required result. ]

Next we specialize to the asymptotic behavior of rg(iy), as y — oo. Observe that

[e'e) tp—l—l

mdu(t). (4.5.6)

. o 2 .
Rra(iy) = —/ mdu(t) and SQrg(iy) = —y/
0 Y 0

Proposition 4.5.3. Let u be a probability measure in the class M.
If o € (p,p+ 1), then the following statements are equivalent:

(i) w has regularly varying tail of index —c.
(ii) Rre(iy) is regularly varying of index —(a — p).
(i) Sre(iy) is regularly varying of index —(a — p).

If any of the above statements holds, then

. mw(a—p) m(a—p)
sin =5+ . cos .
47r(10+273a) Rre(iy) ~ ﬁpﬂfa) Sra(iy) ~ —yPu(y, o0) as y — oo.
2 2

Further, Rra(iy) >y~ and Srg(iy) >yt as y — oo.
If o = p, then the statements and above are equivalent. Also, if either of the

statements holds, then
Sra(iy) ~ —gypu(y, 00) as y — 0o. (4.5.7)

Further, Sra(iy) >y~ asy — oo.
If « = p+ 1, then the statements and above are equivalent. Also, if either of

the statements holds, then

, ™
Rra(iy) ~ —Eypu(y, o0) as y — 0o. (4.5.8)
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Further, for any € > 0, Rrg(iy) >y~ 119 as y — 0.

Remark 4.5.3. Note that, for « = p + 1, Rrg(iy) is regularly varying of index —1 and
the asymptotic lower bound Rrg(iy) > y~! need not hold. This causes some difficulty
in the proofs of Propositions [£.6.1] and [£.6.2] The lack of the asymptotic lower bound

has to be compensated for by the stronger upper bound obtained in Proposition [4.5.2
which holds for @« = p 4+ 1. This is reflected in the condition for the class
Rp,p with 3 > 0, defined in Section @ Further note that, the situation reverses for
a = p, as Proposition need not hold. The case, where a € (p,p + 1) is not an
integer, is simple, as the asymptotic lower bounds hold for both the real and imaginary
parts of r¢(iy) (Proposition , as well as, the stronger asymptotic upper bound
works (Proposition 4.5.2). However, the case of non-integer a € (p,p + 1) is treated
simultaneously with the case a = p as the class R, o (cf. Section in Propositions m
and [£.6.2

Proof of Proposition[{.5.3. The asymptotic lower bounds for the real and the imaginary
parts of rg(iy) are immediate from and respectively. So, we only need to
show and the equivalence between (fif) and when « € (p,p+1] and and
the equivalence between (jil) and when o € [p,p+1).

Let dpj(t) = tPT7du(t), for j = 1,2. Then, by Theorem , we have, for
a€p,p+1), p1[0,y] ~ a/(p+ 1 — a)yP u(y, 00), which is regularly varying of index
p+1—ac(0,1], and, for a € (p,p+ 1], p2[0,y] ~ a/(p + 2 — a)yP 2 u(y, 00), which is
regularly varying of index p + 2 — a € [1,2). Further, from , we get

& 1 ©° 1
Rra(iy) = /0 deg(t) and SQrg(iy) = y/o mdm (t).
Then the results follow immediately from Proposition O

While asymptotic equivalences between Rrg(iy) and tail of p for a = p and Srg(iy)
and tail of u for &« = p+ 1 are not true in general, we obtain the relevant asymptotic

bounds in these cases. We also obtain the exact asymptotic orders when p = 0.

Proposition 4.5.4. Consider a probability measure p in the class M,.
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If 1 has regularly varying tail of index —p, then, for any e > 0, Rrg(iy) > y~° as
y — 0o. Further, if p =0, then Rrg(iy) ~ —u(y,o0) as y — oo.
If 1 has regularly varying tail of index —(p + 1), then Srg(iy) is regularly varying of

index —1 and y~! < Srg(iy) < y~(179) 45y — oo, for any e > 0.

Remark 4.5.4. Note that, in the case a = p + 1, the lower bound for Srg(iy) is sharper

than Rrg(iy) and is same as that of Srg(iy) for the case a € [p,p + 1).

Proof of Proposition[4.5.4). First consider the case where u has regularly varying tail of
index —p. Recall from the proof of Proposition that dpo(t) = tPdu(t). However,
in the current situation Theorem will not apply. If p = 0, then pg = p and

po(y, <) is slowly varying. If p > 0, observe that, as [ #’du(t) < oo, we have

Yy Yy
pul00) =3y 0) 4 [0 uls,00)ds ~p [0 Vs, 0)ds,
0 0

which is again slowly varying, where we use Theorem [1.2.1l Thus, in either case,

po(y,00) is slowly varying and converges to zero as y — oo. Now, from (4.5.6) and
Proposition we also have

. o0 t2
Rrin) = = [ zdeo(®) ~ (%)

as y — 00. Since pg(y, 00) is slowly varying, thus, for any € > 0, we have |y*Rrg(iy)| — oo
as y — 00. Also, for p =0, we have Rrg(iy) ~ —po(y, 0) = —p(y, o).

Next consider the case, where 1 € M), has regularly varying tail of index —(p + 1).
Define again dp;(t) = tP*1du(t). Then,

0] = 0+ 1) [Pl 00)ds = o) ~ (1) [l

is slowly varying, again by Theorem Then, by (4.5.6) and Proposition we

have

Fdpi(t) 1
Pty oy

Sraliy) = y /0

P1 [07 y}

is regularly varying of index —1. Further, p1[0,y] — fooo tPTdu(t) = oo as y — oo. Then

the asymptotic upper and lower bounds follow immediately. O
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4.6 Relationship between Cauchy and Voiculescu trans-

form

The results of the last section relate the tail of a regularly varying probability measure and
the behavior of the remainder term in Laurent series expansion of its Cauchy transform.
In this section, we shall relate the remainder terms in Laurent series expansion of Cauchy
and Voiculescu transforms. Finally, we collect the results from Sections and to
prove Theorems [4.3.1H4.3.4

To study the relation between the remainder terms in Laurent series expansion of
Cauchy and Voiculescu transforms, we consider a class of functions, which include the
functions H,, for the probability measures p with regularly varying tails. We then show
that when the inverse and the reciprocal of the functions in the class appropriately
defined, the inverse and the reciprocal are also in the same class.

Let H denote the set of analytic functions A having a domain D4 such that for all
positive 7, there exists § > 0 with A, s C Daj.

For a nonnegative integer p and 8 € [0,1/2), let R, 3 denote the set of all functions
A € H which satisfy the following conditions:

(R1) A has Taylor series expansion with real coefficients of the form

P
A(z) =z + Z a; 20T 4 2P (2),
j=1

where a1, ...,a, are real numbers. For p = 0, we interpret the sum in the middle

term as absent.
(R2) z < r4(2) < 27 as z — 0 n.t.
(R3) Rra(—iy) > y't8/2 and Sra(—iy) >y as y — 0+.
For p = 0 = 3, we further require that
(R4) Rra(—iy) =~ Sra(—iy) as y — 0+.

For 8 € (0,1/2), we further require that,
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(R4A") Rra(—iy) < y' P2 and SQra(—iy) < y' P2 asy — 0+.

Note that the functions in R, g satisfy f for p > 1. For p = 0 = 3, the
functions in R, g satisfy f as well as . Finally, for nonnegative integers p
and 3 € (0,1/2), the functions in R, 4 satify (RI1)-(R3) and (R4”).

The classes R, 3 as p varies nonnegative integers and f varies over [0, 1/2], include
the functions H,, where u € M, , with p varying over nonnegative integers and o varying

over [p,p+ 1].

Case I: p positive integer and « € [p,p + 1): By Proposition [4.5.1 and [4.5.3] we
have H,, € Ry 0.

Case II: p =0, o € [0,1): By Proposition 4.5.1} 4.5.3|and 4.5.4, H,, € Ro.

Proposition is required to prove for p = a = 0 only.

Case III: p nonnegative integer, & = p + 1: By Proposition and H,, will
be in R, 3 for any § € (0,1/2).

We do not impose the condition Rr4(—iy) ~ Sra(—iy) for p > 0, as it may fail for
some measures in M, .
The first result deals with the reciprocals. Note that U(z) and zU(z) have the same

remainder functions and if one belongs to the class H, so does the other.

Proposition 4.6.1. Suppose zU(z) € H be a function belonging to R,z for some
nonnegative integer p and 0 < 8 < 1/2, such that U does not vanish in a neighborhood
of zero. Further assume that V =1/U also belongs to H. Then 2V (z) is also in R, 3.

Furthermore, we have,

(F1) rv(z) ~ —ry(z), as z — 0 n.t.,

(F2) Rry(—iy) ~ —Rry(—iy), as y — 0+, and
(F3) Sry(—iy) ~ —=Sry(—iy), as y — 0+.

The second result shows that for each of the above classes, when we consider a

bijective function from the class, its inverse is also in the same class.

Proposition 4.6.2. Suppose U € H be a bijective function with the inverse in H as
well and U € Ry, g for some nonnegative integer p and 0 < < 1/2. Then the inverse

V is also in Ry, g. Furthermore, we have,
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(11) ry(z) ~ —ry(2), as z — 0 n.t.,
(12) Rrv(—iy) ~ —Rry(—iy), as y — 0+, and

(13) Sry(—iy) ~ —Sry(—iy), as y — 0+.

Next we prove Propositions [4.6.1] and [4.6.2] In both the proofs, all the limits will

be taken as z — 0 n.t. or y — 04, unless otherwise mentioned and these conventions
will not be stated repeatedly. We shall also use that, for any nonnegative integer p and

B €10,1/2), with U € R, 3, we have

[Rry(—iy)| < |ru(=iy)| <1 and  |[Sry(=iy)| < |ro(—iy)] < 1. (4.6.1)

The proofs of Propositions [4.6.1] and [4.6.2| will be broken down into cases p = 0 and

p > 1. Each of these cases will be further split into subcases 5 =0 and 8 € (0,1/2). The
case p > 1 is more invloved compared to the case p = 0. However, the proofs, specially
that of Proposition has substantial part in common.

We first prove the result regarding the reciprocal.

Proof of Proposition[4.6.1. Observe that if we verify (F1)—-(F3), then 2V (2) is automat-

ically in R, 3 as well, since V(z) and 2V (z) have same remainder functions. We shall
prove (F1)-(F3)) using the fact that V(z) = 1/U(z) and the properties of U as an element
of Rp 3.

Case I: p = 0. Let zU(z) = z + zry(z) be a function in this class. Then V(z) =
1—ry(2)+O(ry(2)[?). By uniqueness of Taylor expansion from Lemma A.1 of Benaych]

Georges| (2005), we have
rv(2) = —ru(2) + O([ru (2)?). (4.6.2)

Since, by (R2)), ry(2) < 1, we have ry(z) ~ —ry(z), which checks (F'1]).
Further, evaluating (4.6.2)) at z = —iy and equating the real and the imaginary parts,

we have

Rry (—iy) = —Rry (—iy) + O(|ru (—iy)*)
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and

Sry (—iy) = =Sy (—iy) + O(lru(—iy) ).

Thus, to obtain the equivalences and (F3), it is enough to show that |ry(—iy)> =
|Rry(—iy)|? + |Sry(—iy)|? is negligible with respect to both the real and the imaginary
parts of riy(—iy). We prove the negligibility seperately for two subcases § = 0 and
g€ (0,1/2).

Subcase Ia: p =0, § = 0. Using and Rry(—iy) =~ Sry(—iy) from ,
we have the required negligibility condition.

Subcase Ib: p =0, g € (0,1/2). Using (R3] and (R4")), we have

Sro(i)l® _ " (Sroi\ s
Rro (i)~ RroCi] \ gt )Y

and
Rru(—iy)l> _ y Ry (—iy)| 2y175_>0
Sro(=ip)] — Sro(—ig)] \ g5 '

They, together with , give the required negligibility condition, thus proving
and .

Case II: p > 1. Let 2U(2) = 2+ 31, u;zI ™ + 2PTlry(2) be a function in this
class. Note that, as p > 1 and by (R2), as z < ry(z), we have Z§:1 ;2 + 2Pry(z) =
u1z + O(2ry(2)). Thus, using (R2)), we have,

V(z)=1+) (-1) (Z U 2™ + ZPTU(Z)> + (—1)PFLE TP L O (2P (2)).
7j=1 m=1

Now we expand the second term on the right side. As z < ry(z) from (R2), all
powers of z with indices greater than (p+ 1) can be absorbed in the last term on the right
side. Then collect the (p + 1)-th powers of z in the second and third terms to get c¢32P*!
for some real number ¢;. The remaining powers of z form a polynomial P(z) of degree

at most p with real coeflicients. Finally we consider the terms containing some power
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of ri7(z). Tt will contain terms of the form 21 (2Pry(2))2 for integers I; > 0 and o > 1,
with the leading term being —zPry;(z). Since p > 1 and from (R2)) we have ry(z) < 1,

the remaining terms can be absorbed in the last term on the right side. Thus, we get,
V(2) =14 P(2) — 2Pry(2) + c12PT + O(2P T lry (2)).

By uniqueness of Taylor series expansion from Lemma A.1 of Benaych-Georges (2005),
we have

rv(z) = —ry(2) + c1z + O(zry(2)).

The form of ry immediately gives ry(z) ~ —ry(2), since z < ry(z), by (R2). This
proves ([F'1)).

Also, using (4.6.1), Sry(—iy) = —Sry(—iy) + O(y) and as y < Sry(—iy)
from (R3), we have Qry(—iy) ~ —Sry(—iy). This shows (F3). Further, as ¢
is real, Rry(—iy) = —Rry(—iy) + O(y|lru(—iy)|). Thus, to conclude (F2), it is

enough to show that y|ry(—iy)| < Rry(—iy), for which it is enough to show that
ySry(—iy) < Rry(—iy). We show this seperately for two subcases.
Subcase ITa: p > 1, § = 0. We have by (R3|),
ySru(—iy) y

o (i) Rro(y)

Subcase ITIb: p > 1, 8 € (0,1/2). Using the properties (R3) and (R4”) we get,

ySru(—iy) y P Qry(—iy) g

Rro(=iy) — ®ru(—iy) 2 Y
It is easy to see that the limit is zero in either subcase. O
Before proving the result regarding the inverse, we provide a result connecting a
function in the class H and its derivative.

Lemma 4.6.1. Let v € H satisfy v(z) = o(2%) as z — 0 n.t., for some real number 3.

Then v'(2) = o(2°~1) as z — 0 n.t.

Proof. The result for 5 = 0 follows from the calculations in the proof of Proposition A.1(ii)
of Benaych-Georges| (2005). For the general case, define w(z) = 2~ %v(z). Then w € H



124 Chapter 4: Sums of free random variables with regularly varying tails

and w(z) = o(1). So by the case 8 = 0, we have w'(z) = -z 1v(2) + 275/ (2) =
o(z™1). Thus, zw'(z) = —Bz Pv(2) + z=P=De/(2), where the left side and the first term

on the right side are o(1) and hence the second term on the right side is o(1) as well. [
We are now ready to prove the result regarding the inverse.

Proof of Proposition[{.6.3 We begin with some estimates which work for all values of p

and [ before breaking into cases and subcases. Since U is of the form

P
U(z)=z+ Z uj 27T 4 2Py (2)
j=1
and ry(z) < 1, by Proposition A.3 of Benaych-Georges (2005)), the inverse function V'

also has the same form with the remainder term ry satisfying
rv(z) < 1. (4.6.3)

Also note that V(z) ~ z. Further, Lemma A.1 of |[Benaych-Georges| (2005) shows that the
coefficients are determined by the limits of the derivatives of the function at 0. Hence,
the real coefficients of U guarantee that the coefficients of V' are real. So we only need
to check the asymptotic equivalences of the remainder functions given in f. We
shall achieve this by analyzing I(z) = ry(V(z)) — ru(z), the fact that U(V (z)) = z and

the properties of U as an element in R, g. For that purpose, we define

1(z) = rp(V(2)) — () = / Qe

z

where 7, is the closed line segment joining z and V(z). By definition of the class H,
given any 1 > 0, there exists § > 0, such that A, s C Dy. Since V(2) ~ z as z — 0 n.t.,
given any n > 0, there exists § > 0, such that both z and V'(z) belong to A, 5 and hence
7. is contained in A, 5 C Dy. (Note that A, s is a convex set.) Thus 77, is defined on

the entire line v,. We shall need the following estimate that

[1(z)| < | sup rr (O] =V (2) - 2| sup (O] = [V(2) = 2lIry (Co(2))];
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for some (p(z) € 7., since v, is compact. Note that (y(z) = z + 0(z)(V(z) — z), for
some A(z) € [0,1] and hence (y(2) ~ z. Now, ry(z) = o(2?) by and thus, by
Lemma we have 77;((o(2)) = 0((o(2)? 1) = o(2P~1). Further estimates for I(2)
depend on the functions of V'(z) which are separate for the cases p = 0 and p > 1. Using
V(2) = z+ 2ry(z) for p=0 and V(2) = z 4+ O(2?) for p > 1, we have,

OZ’BT z or =
1(z)) = { 0TV forp =0 (4.6.4)

o(z118), for p > 1.

Case I: p=0. Then U(z) = z+ zry(z) and V(z) = 2+ zry(z). Using U(V (2)) = z
and I(z) =ry(V(z)) —ru(z), we get 0 = zry(z) + (2 + 2rv(z))(ru(z) + I(2)). Further
canceling z and using (4.6.3)), we have

0=ru(z) +rv(z) +ru(z)rv(z) + O(1(2)). (4.6.5)

Using (4.6.4) for p = 0 and ry(z) < 1 from (R2), we have ry(z) ~ —ry(z), which
proves . Further, using (R2|) and evaluating at z = —iy, we have, for g € [0,1/2),

rv (—iy)| < o (4.6.6)
Evaluating at z = 1y and equating the real and the imaginary parts, we have
0 =Rry(—iy) + Rry (—iy) + O(jru (—iy)||rv (—iy)|) + O(|I(—iy)]) (4.6.7)
and
0 = Sru(—iy) + Srv (i) + O(ro (—iy)lirv (—i)) + O(I(=ig)).  (4.68)

We split the proofs of and for the case p = 0 into further subcases f = 0 and
B€(0,1/2).
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Subcase Ia: p =0, § =0. By for z = —iy and (R4)), we have,
[(—iy)| < [rv(=iy)| ~ |[ru(—iy)| = [Rru(—iy)| = [Sro(—iy)|.

Thus, the last term on the right hand side of (4.6.7)) and (4.6.8)) are negligible with respect
to Rry(—iy) and Sry(—iy) respectively. Then, further using ry(—iy) — 0 from (R2)),

the third term on the right hand side of (4.6.7) and (4.6.8) are negligible with respect

to Rry(—iy) and Sry(—iy) respectively and hence we get Rry(—iy) ~ —Rry (—iy) and
Sry(—iy) ~ —Sry(—iy), which prove and (I3).
Subcase Ib: p =0, g € (0,1/2). We have, by (R3) and (R4")),

slSru(=iy)| _ Sru(=iy)l y™72
[Rry (—iy)| y! A Ry (—iy)|
and
glRroCiyl _ FroCw)l  y s g
|Sro(—iy)l y! A2 Sy (—iy)|

They, together with ([@.6.1)), give 3°|ry(—iy)| is negligible with respect to both the real
and the imaginary parts of ry(—iy). Further, using (4.6.4) and (4.6.6) respectively, we

have
I(—iy)| < ¥ lrv (=iy)| ~ ¥°|ro(=iy)|  and  |ro(—iy)ry(—iy)| < y°|ro(—iy)|.

Thus, both [I(—iy)| and |ry(—iy)ry(—iy)| which are the last two terms of
and (4.6.8), are negligible with respect to both the real and the imaginary parts of
ry(—iy). Then, from (4.6.7)) and (4.6.8), we immediately have Rry(—iy) ~ —Rry (—iy)
and QSry(—iy) ~ —Sry(—iy), which prove and (I3).

Case II: p > 1. In this case U(z) = z + 3 7_, u;zI T 4 2Pt (2) and V(z) =

z4 30 0T 2P ey (2) = 2(1 4 v12(1 + 0(1))). Using 2 = U(V(2)) and canceling

z on both sides, we have
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m—+1
P . P P A
0= Zvjz]+1 + 2Py (2) + Z U | 2+ Zvjzﬁl + 2Pty (2)
j=1 m=1 j=1

4 2Pt (rU(z) + I(z)) (1 +(p+1viz(l+ 0(1))). (4.6.9)

Note that all the coefficients on the right side are real. We collect the powers of z till
degree p + 1 on the right side in the polynomial Q(z). Let ¢’ € R be the coefficient of
2P*2 on the right side. The remaining powers of z on the right side will be O(2P*3).
We next consider the terms with r/(z) as a factor and observe that 2P™lry (2) is the
leading term and the remaining terms contribute O(2P*2ry/(z)). Finally, the last term on
the right side gives 2P lry(z) + O(2P™ry(2)) + O(2PT1(2)). Since z < ry(z) by (R2),
the term O(zP*3) can be absorbed in O(2P*2ry(2)). Combining the above facts and

dividing by 2Pt1, we get,
0=2""Q) + (ry(2) + 2+ 0(I(2)) + O(zry(2))) + (rv(2) + O(zry(2))). (4.6.10)

As I(z) < 2P < 2z < ry(2) by and (R2), we have ry(z) + ¢’z + O(I(z)) +
O(zry(z)) = ru(2)(1 +0(1)). Also ry(z) + O(zrv(2)) = rv(2)(1 + o(1)). Thus, the
last two terms on the right hand side of goes to zero. However, the first term
on the right hand side of , (@ being a polynomial of degree at most p, becomes
unbounded unless Q = 0. So we must have () = 0. Thus, simplifies to

ry(2) + 2+ O(I(2)) + O(z2ry(2)) = —rv(2) + O(zry (2)). (4.6.11)

As observed earlier, the left side is ry7(2)(1 4+ o(1)) and the right side is —ry(2)(1 + o(1))
giving 7y (2) ~ —rv(2), which proves (1))
Further, as in the case p = 0, we have (4.6.6) from ry(z) ~ —ry(z). Also, (4.6.11])

becomes

—ry(z) = rp(2) + 2+ O(I1(2)) + O(zry(2)). (4.6.12)

Evaluating (4.6.12)) at z = —iy and equating the imaginary parts, we have, using (4.6.4)),

—Sry (—iy) = Sry(—iy) + O(y).
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This gives ([3)), that is, —Sry(—iy) ~ Sry(—iy), since y < Sry(—iy) by (R3).
Evaluating (4.6.11)) at 2 = —iy again and now equating the real parts, we have, as ¢/

is real,

—Rry (—iy) = Rry(—iy) + O(|I(—iy)|) + O(y|ru(—iy))).

From (£.6.4) and (R3), we have |I(—iy)| < y'™# < Rry(—iy). Thus, to obtain ([2)),
that is, —Rry(—iy) ~ Rry(—iy), we only need to show that y|ry(—iy)| < Rry(—iy),

which follows using ry(—iy) ~ —ry(—iy), (4.6.6) and (R3]), since

ylru(=iy)l _ yl A2 !TU(—iy)\yﬁ/z
[Rry(—iy)|  |Rru(—iy)]  y°

O]

We wrap up the Chapter by collecting the results from Sections and and
proving Theorems 4.3.4

Proofs of Theorems [{.3.1H{.3.4. We shall prove all the theorems together, as the proofs

are very similar.

The statements involving the tail of the probability measure p and the remainder
term in Laurent expansion of Cauchy transform, r¢, can be obtained from the results in
Section as follows: For all the theorems, the equivalence of the statements ({il) and
about the tail of the probability measure and Cauchy transform (the imaginary part in
Theorems and the real part in Theorem are given in Proposition m
The asymptotic equivalences between the tail of the measure and (the real and the imagi-
nary parts of) the remainder term in Laurent series expansion of Cauchy transform, given
in (4.3.8), (4.3.9), (4.3.11)), (4.3.14]) and are also given in Proposition The
similar asymptotic equivalence in follows from Propositions and for
the cases a € (0,1) and o = 1 respectively. We consider the asymptotic upper and lower
bounds next. The asymptotic lower bounds in (4.3.7), (4.3.10), (4.3.13)) and
follow from Proposition m The asymptotic upper bound in follows from
Proposition [£.5.2] The asymptotic lower bounds in (4.3.8), (4.3.9), (4.3.11)), (4.3.14)

and (4.3.17)) follow from Proposition m The asymptotic upper bound in (4.3.17)
follows from the fact that yPu(y,c0) is a regularly varying function of index —1. The
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asymptotic lower bound in follows from Proposition while the asymp-
totic lower bound in follows as the tail of the measure is regularly varying of
index —a with a € [0,1). Finally both the asymptotic bounds in follow from
Proposition [£.5.4]

To complete the proofs of Theorems we need to check the equivalence
of the statements and involving the remainder terms in Laurent expansion of
Cauchy and Voiculescu transforms for all the theorems and the asymptotic equivalences
between the remainder terms in Laurent series expansion of Cauchy and Voiculescu
transforms and their real and imaginary parts given in f. Note that all
these claims about Cauchy and Voiculescu transforms of ;1 have analogues about H,
and R, due to the facts that rq(2) = ru(1/2) and rg(z) = rr(1/z). We shall actually
deal with the functions H, and R,,.

For any probability measure p € M, the function H = H,, is invertible, belongs to
the class H and the leading term of its Taylor expansion is z. Further, by Proposition A.3
of Benaych-Georges| (2005), the above statement about H is equivalent to the same
statement about its inverse, denoted by L = L,. Since the leading term of Taylor
expansion of L has leading term z, the leading term of Taylor expansion of L(z)/z is 1
and it is also in ‘H. Define K(z) = z/L(z). Then K is also in H and its Taylor expansion
has leading term 1. We shall also use the following facts obtained from :

2R, (z) = (K(z) —1) and zK(z)=z(1+ zR.(2)). (4.6.13)

Hence Taylor expansion of K will also lead to a Taylor expansion of R of degree one less
than that of K. However, due to the definition of the remainder term of Taylor expansion
given in , the corresponding remainder terms will be related by rx = rg. Thus,
we can move from the function rg to rx (= rg) through inverse and reciprocal and vice

versa as follows:

2)=H (2 L K(2)= ZZ R(z)=E&-1
H(z) OO oy, B T, k() SO R,
Proposition [£.6.2] z Proposition [.6.]] TK=TR

(4.6.14)

These observations set up the stage for Propositions |4.6.1] and [4.6.2l We shall use
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the class R, o for Theorems and the class R, 3 with any 5 € (0,1/2) for
Theorem [£.3.4]

Suppose p € M), with a € [p,p+ 1). This condition holds for Theorems
and we prove these three theorems first. In these cases, H,(z) and 2K (2) = z(14+ 2R, (2))
necessarily have Taylor expansions of the form given in the hypothesis for the class
Rpo with rp(z) < 1 and rg(z) < 1 as z — oo.

For all three theorems, first assume the statement that Qrg(iy) is regularly
varying of index —(a — p). Then, from the already proven lower bounds in (4.3.7)-
(1.3.15), we have the asymptotic lower bounds for rg(z), Rra(iy) and Sre(iy) under
the setup of each of the three theorems. They translate to the asymptotic lower bounds
for the function H,, as required by the hypotheses and . The asymptotic
upper bound in holds, as the remainder term in Taylor series expansion of H
satisfies ry < 1. For Theorem [4.3.3] we have p = 0 and we need to check the extra
condition , which follows from the already proven asymptotic equivalences
and . Thus, for each of Theorems H,, belongs to Rp..

We now refer to the schematic diagram given in . As H,, is also invertible
with L = H~! € H, by Proposition we also have L € R, and ry(z) ~ —rp(2),
Rri(—iy) ~ —Rrp(—iy) and Sry(—iy) ~ —Srp(—iy). Clearly, then Proposition [4.6.1]
applies to the function L(z)/z, which has reciprocal K € H. Thus, rx and ry, satisfy
the relevant asymptotic equivalences. Furthermore, since, rp = rx, combining, we
have rg(z) ~ rr(z), Rru(—iy) ~ Rrr(—iy) and Sry(—iy) ~ Srr(—iy). Further, for
Theorem we have p = 0 and H € R, satisfies . Hence, we also have
Rrr(—iy) = Srr(—iy). Then R, inherits the appropriate properties from H,, and passes
them on to ¢, which gives us the statement about the remainder term in Laurent
expansion of Voiculescu transform in each of Theorems

Conversely, assume the statement . Then the assumptions on ry imply the
analogous properties for rp = rg. Further, as p is in M, 2K (2) = 2(1 + 2R,(2))
satisfies the hypothesis for the class Rp. Also, the remainder term of Taylor
series expansion of zK(z) is also given by rgp = rg < 1. The lower bound for the
imaginary part of the remainder term in the hypothesis follows from its regular
variation and the fact that a € [p,p + 1). The lower bound in the hypothesis
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is part of the statement . The lower bound for the real part of the remainder
term in the hypothesis is also a part of the statement for Theorems m
and while it follows from the statement for Theorem as both the real
and imaginary parts become asymptotically equivalent and regularly varying of index «
with « € [0,1). Finally, the asymptotic equivalence in for Theorem is a part
of the statement (fif). Thus, again for each of Theorems 2K (z) belongs to
Rpo. Then apply Proposition on K and then Proposition on z/K(z) = L(z)
to obtain H,(z). Arguing, by checking the asymptotic equivalences as in the direct case,
we obtain the required conclusions about ry and hence rg given in the statement
for each of Theorems [A.3.TH4.3.3]

The argument is same in the case @ = p+ 1, which applies to Theorem with the
observation that the stronger bounds required in the hypotheses , and

with 8 > 0 is assumed for r, and hence for rz and is proved for r and hence for 7 in

Proposition and O



132 Chapter 4: Sums of free random variables with regularly varying tails




Bibliography

A. A. Balkema and L. de Haan. On R. von Mises’ condition for the domain of attraction

of exp(—e™®)1. Ann. Math. Statist., 43:1352-1354, 1972. ISSN 0003-4851.

T. Banica, S. Curran, and R. Speicher. De finetti theorems for easy quantum groups.

To appear in Ann. Probab., 2010. URL http://arxiv.org/abs/0907.3314.

J. Beirlant, Y. Goegebeur, J. Teugels, and J. Segers. Statistics of extremes. Wiley Series
in Probability and Statistics. John Wiley & Sons Ltd., Chichester, 2004. ISBN 0-471-
97647-4. doi: 10.1002/0470012382. URL http://dx.doi.org/10.1002/0470012382.

Theory and applications, With contributions from Daniel De Waal and Chris Ferro.

G. Ben Arous and V. Kargin. Free point processes and free extreme values. Probab.
Theory Related Fields, 147(1-2):161-183, 2010. ISSN 0178-8051. doi: 10.1007/
s00440-009-0204-z. URL http://dx.doi.org/10.1007/s00440-009-0204~-z.

G. Ben Arous and D. V. Voiculescu. Free extreme values. Ann. Probab., 34(5):2037-2059,
2006. ISSN 0091-1798. doi: 10.1214/009117906000000016. URL http://dx.doi.org/
10.1214/009117906000000016.

F. Benaych-Georges. Failure of the Raikov theorem for free random variables. In
Séminaire de Probabilités XXX VIII, volume 1857 of Lecture Notes in Math., pages
313-319. Springer, Berlin, 2005.

F. Benaych-Georges. Taylor expansions of R-transforms: application to supports and
moments. Indiana Univ. Math. J., 55(2):465-481, 2006. ISSN 0022-2518. doi: 10.
1512/iumj.2006.55.2691. URL http://dx.doi.org/10.1512/iumj.2006.55.2691.

133


http://arxiv.org/abs/0907.3314
http://dx.doi.org/10.1002/0470012382
http://dx.doi.org/10.1007/s00440-009-0204-z
http://dx.doi.org/10.1214/009117906000000016
http://dx.doi.org/10.1214/009117906000000016
http://dx.doi.org/10.1512/iumj.2006.55.2691

BIBLIOGRAPHY BIBLIOGRAPHY

H. Bercovici and V. Pata. The law of large numbers for free identically distributed
random variables. Ann. Probab., 24(1):453-465, 1996. ISSN 0091-1798. doi: 10.1214/
aop/1042644726. URL http://dx.doi.org/10.1214/aop/1042644726.

H. Bercovici and V. Pata. Stable laws and domains of attraction in free probability theory.
Ann. of Math. (2), 149(3):1023-1060, 1999. ISSN 0003-486X. doi: 10.2307/121080.
URL http://dx.doi.org/10.2307/121080. With an appendix by Philippe Biane.

H. Bercovici and V. Pata. A free analogue of Hincin’s characterization of infi-
nite divisibility. Proc. Amer. Math. Soc., 128(4):1011-1015, 2000a. ISSN 0002-
9939. doi: 10.1090/S0002-9939-99-05087-X. URL http://dx.doi.org/10.1090/

S50002-9939-99-05087-X.

H. Bercovici and V. Pata. Functions of regular variation and freely stable laws. Ann.
Mat. Pura Appl. (4), 178:245-269, 2000b. ISSN 0003-4622. doi: 10.1007/BF02505898.
URL http://dx.doi.org/10.1007/BF02505898.

H. Bercovici and D. Voiculescu. Free convolution of measures with unbounded support.
Indiana Univ. Math. J., 42(3):733-773, 1993. ISSN 0022-2518. doi: 10.1512/iumj.
1993.42.42033. URL http://dx.doi.org/10.1512/iumj.1993.42.42033.

H. Bercovici and D. Voiculescu. Superconvergence to the central limit and failure
of the Cramér theorem for free random variables. Probab. Theory Related Fields,
103(2):215-222, 1995. ISSN 0178-8051. doi: 10.1007/BF01204215. URL http:

//dx.doi.org/10.1007/BF01204215.

N. H. Bingham, C. M. Goldie, and J. L. Teugels. Regular variation, volume 27 of
Encyclopedia of Mathematics and its Applications. Cambridge University Press,
Cambridge, 1987. ISBN 0-521-30787-2.

L. Breiman. On some limit theorems similar to the arc-sin law. Teor. Verojatnost. i

Primenen., 10:351-360, 1965. ISSN 0040-361x.

Y. Chen, K. W. Ng, and Q. Tang. Weighted sums of subexponential random variables
and their maxima. Adv. in Appl. Probab., 37(2):510-522, 2005. ISSN 0001-8678. doi:
10.1239/aap/1118858636. URL http://dx.doi.org/10.1239/aap/1118858636.


http://dx.doi.org/10.1214/aop/1042644726
http://dx.doi.org/10.2307/121080
http://dx.doi.org/10.1090/S0002-9939-99-05087-X
http://dx.doi.org/10.1090/S0002-9939-99-05087-X
http://dx.doi.org/10.1007/BF02505898
http://dx.doi.org/10.1512/iumj.1993.42.42033
http://dx.doi.org/10.1007/BF01204215
http://dx.doi.org/10.1007/BF01204215
http://dx.doi.org/10.1239/aap/1118858636

BIBLIOGRAPHY 135

J. Chover, P. Ney, and S. Wainger. Degeneracy properties of subcritical branching
processes. Ann. Probability, 1:663-673, 1973a.

J. Chover, P. Ney, and S. Wainger. Functions of probability measures. J. Analyse Math.,
26:255-302, 1973b. ISSN 0021-7670.

V. P. Cistjakov. A theorem on sums of independent positive random variables and its
applications to branching random processes. Teor. Verojatnost. v Primenen, 9:710-718,

1964. ISSN 0040-361x.

D. B. H. Cline. FEstimation and linear prediction for regression, autoregression and
ARMA with infinite variance data. ProQuest LLC, Ann Arbor, MI, 1983. Thesis
(Ph.D.)-Colorado State University.

D. B. H. Cline and G. Samorodnitsky. Subexponentiality of the product of independent
random variables. Stochastic Process. Appl., 49(1):75-98, 1994. ISSN 0304-4149. doi:
10.1016,/0304-4149(94)90113-9. URL http://dx.doi.org/10.1016/0304-4149 (94)
90113-9.

B. Das and S. Resnick. Conditioning on an extreme component: Model consistency and
regular variation on cones. Bernoulli, 17(1):226-252, 2011. doi: 10.3150/10-BEJ271.
URL http://dx.doi.org/10.3150/10-BEJ271.

R. A. Davis and S. I. Resnick. Limit theory for bilinear processes with heavy-tailed
noise. Ann. Appl. Probab., 6(4):1191-1210, 1996. ISSN 1050-5164. doi: 10.1214/acap/
1035463328. URL http://dx.doi.org/10.1214/ao0ap/1035463328.

L. de Haan. On regular variation and its application to the weak convergence of sam-
ple extremes, volume 32 of Mathematical Centre Tracts. Mathematisch Centrum,

Amsterdam, 1970.

L. de Haan. A form of regular variation and its application to the domain of attraction of
the double exponential distribution. Z. Wahrscheinlichkeitstheorie und Verw. Gebiete,

17:241-258, 1971.


http://dx.doi.org/10.1016/0304-4149(94)90113-9
http://dx.doi.org/10.1016/0304-4149(94)90113-9
http://dx.doi.org/10.3150/10-BEJ271
http://dx.doi.org/10.1214/aoap/1035463328

BIBLIOGRAPHY BIBLIOGRAPHY

L. de Haan and J. de Ronde. Sea and wind: multivariate extremes at work. Extremes,
1(1):7-45, 1998. ISSN 1386-1999. doi: 10.1023/A:1009909800311. URL http://dx.
doi.org/10.1023/A:1009909800311.

L. de Haan and A. Ferreira. Eztreme value theory. Springer Series in Operations Research
and Financial Engineering. Springer, New York, 2006. ISBN 978-0-387-23946-0; 0-387-
23946-4. An introduction.

D. Denisov and B. Zwart. On a theorem of Breiman and a class of random difference
equations. J. Appl. Probab., 44(4):1031-1046, 2007. ISSN 0021-9002. doi: 10.1239/
jap/1197908822. URL http://dx.doi.org/10.1239/jap/1197908822.

P. Embrechts and C. M. Goldie. On closure and factorization properties of subexponential
and related distributions. J. Austral. Math. Soc. Ser. A, 29(2):243-256, 1980. ISSN
0263-6115.

P. Embrechts and E. Omey. A property of longtailed distributions. J. Appl. Probab., 21
(1):80-87, 1984. ISSN 0021-9002.

P. Embrechts, C. Kliippelberg, and T. Mikosch. Modelling extremal events, volume 33
of Applications of Mathematics (New York). Springer-Verlag, Berlin, 1997. ISBN
3-540-60931-8. For insurance and finance.

W. Feller. An introduction to probability theory and its applications. Vol. II. Second
edition. John Wiley & Sons Inc., New York, 1971.

R. Fisher and L. Tippett. Limiting forms of the frequency distribution of the largest or
smallest member of a sample. Proc. Cambridge Philos. Soc., 24:180-190, 1928.

S. Foss, D. Korshunov, and S. Zachary. An introduction to heavy tailed and subexponential
distributions. 2009. URL http://www.mfo.de/publications/owp/2009/0WP2009_

13.pdf.

J. Galambos. The asymptotic theory of extreme order statistics. John Wiley & Sons,
New York-Chichester-Brisbane, 1978. ISBN 0-471-02148-2. Wiley Series in Probability

and Mathematical Statistics.


http://dx.doi.org/10.1023/A:1009909800311
http://dx.doi.org/10.1023/A:1009909800311
http://dx.doi.org/10.1239/jap/1197908822
http://www.mfo.de/publications/owp/2009/OWP2009_13.pdf
http://www.mfo.de/publications/owp/2009/OWP2009_13.pdf

BIBLIOGRAPHY 137

B. Gnedenko. Sur la distribution limite du terme maximum d’une série aléatoire. Ann.

of Math. (2), 44:423-453, 1943. ISSN 0003-486X.

B. V. Gnedenko and A. N. Kolmogorov. Limit distributions for sums of independent
random variables. Translated from the Russian, annotated, and revised by K. L.
Chung. With appendices by J. L. Doob and P. L. Hsu. Revised edition. Addison-
Wesley Publishing Co., Reading, Mass.-London-Don Mills., Ont., 1968.

C. M. Goldie. Subexponential distributions and dominated-variation tails. J. Appl.
Probability, 15(2):440-442, 1978. ISSN 0021-9002.

R. S. Hazra and K. Maulik. Free subexponentiality. Submitted., 2010a. URL http:
//arxiv.org/abs/1009.4786

R. S. Hazra and K. Maulik. Tail behavior of randomly weighted sums. Submitted.,
2010b. URL http://arxiv.org/abs/1011.4349.

R. S. Hazra and K. Maulik. Products in conditional extreme value model. Submitted.,

2011. URL http://arxiv.org/abs/1104.1688.

D. Heath, S. Resnick, and G. Samorodnitsky. How system performance is affected
by the interplay of averages in a fluid queue with long range dependence induced
by heavy tails. Ann. Appl. Probab., 9(2):352-375, 1999. ISSN 1050-5164. doi:
10.1214/a0ap/1029962746. URL http://dx.doi.org/10.1214/acap/1029962746.

J. E. Heffernan and S. I. Resnick. Limit laws for random vectors with an extreme

component. Ann. Appl. Probab., 17(2):537-571, 2007. ISSN 1050-5164.

J. E. Heffernan and J. A. Tawn. A conditional approach for multivariate extreme values.
J. R. Stat. Soc. Ser. B Stat. Methodol., 66(3):497-546, 2004. ISSN 1369-7412. doi:
10.1111/j.1467-9868.2004.02050.x. URL http://dx.doi.org/10.1111/].1467-9868)
2004.02050.x. With discussions and reply by the authors.

H. Hult and G. Samorodnitsky. Tail probabilities for infinite series of regularly varying
random vectors. Bernoulli, 14(3):838-864, 2008. ISSN 1350-7265. doi: 10.3150/
08-BEJ125. URL http://dx.doi.org/10.3150/08-BEJ125.


http://arxiv.org/abs/1009.4786
http://arxiv.org/abs/1009.4786
http://arxiv.org/abs/1011.4349
http://arxiv.org/abs/1104.1688
http://dx.doi.org/10.1214/aoap/1029962746
http://dx.doi.org/10.1111/j.1467-9868.2004.02050.x
http://dx.doi.org/10.1111/j.1467-9868.2004.02050.x
http://dx.doi.org/10.3150/08-BEJ125

BIBLIOGRAPHY BIBLIOGRAPHY

M. Jacobsen, T. Mikosch, J. Rosinski, and G. Samorodnitsky. Inverse problems for
regular variation of linear filters, a cancellation property for o-finite measures and
identification of stable laws. Ann. Appl. Probab., 19(1):210-242, 2009. ISSN 1050-5164.
doi: 10.1214/08-AAP540. URL http://dx.doi.org/10.1214/08-AAP540.

A. H. Jessen and T. Mikosch. Regularly varying functions. Publ. Inst. Math. (Beograd)
(N.S.), 80(94):171-192, 2006. ISSN 0350-1302. doi: 10.2298/PIM0694171J. URL
http://dx.doi.org/10.2298/PIM0694171]

C. Kliippelberg. Subexponential distributions and integrated tails. J. Appl. Probab., 25
(1):132-141, 1988. ISSN 0021-9002.

C. Kliippelberg. Subexponential distributions and characterizations of related classes.
Probab. Theory Related Fields, 82(2):259-269, 1989. ISSN 0178-8051. doi: 10.1007/
BF00354763. URL http://dx.doi.org/10.1007/BF00354763.

P. S. Kokoszka and M. S. Taqqu. Parameter estimation for infinite variance fractional
ARIMA. Ann. Statist., 24(5):1880-1913, 1996. ISSN 0090-5364. doi: 10.1214/aos/
1069362302. URL http://dx.doi.org/10.1214/a0s/1069362302.

A. W. Ledford and J. A. Tawn. Statistics for near independence in multivariate extreme

values. Biometrika, 83(1):169-187, 1996. ISSN 0006-3444.

A. W. Ledford and J. A. Tawn. Modelling dependence within joint tail regions. J. Roy.
Statist. Soc. Ser. B, 59(2):475-499, 1997. ISSN 0035-9246.

J. R. Leslie. On the nonclosure under convolution of the subexponential family. J. Appl.

Probab., 26(1):58-66, 1989. ISSN 0021-9002.

H. Maassen. Addition of freely independent random variables. J. Funct. Anal., 106
(2):409-438, 1992. ISSN 0022-1236. doi: 10.1016/0022-1236(92)90055-N. URL
http://dx.doi.org/10.1016/0022-1236(92)90055-N.

K. Maulik and S. Resnick. Characterizations and examples of hidden regular variation.

Extremes, 7(1):31-67 (2005), 2004. ISSN 1386-1999.


http://dx.doi.org/10.1214/08-AAP540
http://dx.doi.org/10.2298/PIM0694171J
http://dx.doi.org/10.1007/BF00354763
http://dx.doi.org/10.1214/aos/1069362302
http://dx.doi.org/10.1016/0022-1236(92)90055-N

BIBLIOGRAPHY 139

K. Maulik and B. Zwart. Tail asymptotics for exponential functionals of Lévy processes.
Stochastic Process. Appl., 116(2):156-177, 2006. ISSN 0304-4149. doi: 10.1016/j.spa.
2005.09.002. URL http://dx.doi.org/10.1016/j.spa.2005.09.002.

K. Maulik, S. Resnick, and H. Rootzén. Asymptotic independence and a network traffic
model. J. Appl. Probab., 39(4):671-699, 2002. ISSN 0021-9002.

T. Mikosch and G. Samorodnitsky. The supremum of a negative drift random walk
with dependent heavy-tailed steps. Ann. Appl. Probab., 10(3):1025-1064, 2000. ISSN
1050-5164. doi: 10.1214/aocap/1019487517. URL http://dx.doi.org/10.1214/aoap/
1019487517.

T. Mikosch, S. Resnick, H. Rootzén, and A. Stegeman. Is network traffic approximated
by stable Lévy motion or fractional Brownian motion? Ann. Appl. Probab., 12(1):
23-68, 2002. ISSN 1050-5164. doi: 10.1214/a0ap/1015961155. URL http://dx.doi.
org/10.1214/a0ap/1015961155.

A. Nica and R. Speicher. Lectures on the combinatorics of free probability, volume
335 of London Mathematical Society Lecture Note Series. Cambridge University
Press, Cambridge, 2006. ISBN 978-0-521-85852-6; 0-521-85852-6. doi: 10.1017/
CB0O9780511735127. URL http://dx.doi.org/10.1017/CB09780511735127.

V. Pata. The central limit theorem for free additive convolution. J. Funct. Anal.,
140(2):359-380, 1996. ISSN 0022-1236. doi: 10.1006/jfan.1996.0112. URL http:
//dx.doi.org/10.1006/jfan.1996.0112.

E. J. G. Pitman. Subexponential distribution functions. J. Austral. Math. Soc. Ser. A,
29(3):337-347, 1980. ISSN 0263-6115.

J. W. Pratt. On interchanging limits and integrals. Ann. Math. Statist., 31:74-77, 1960.
ISSN 0003-4851.

S. Resnick. Hidden regular variation, second order regular variation and asymptotic

independence. Ezxtremes, 5(4):303-336 (2003), 2002. ISSN 1386-1999.


http://dx.doi.org/10.1016/j.spa.2005.09.002
http://dx.doi.org/10.1214/aoap/1019487517
http://dx.doi.org/10.1214/aoap/1019487517
http://dx.doi.org/10.1214/aoap/1015961155
http://dx.doi.org/10.1214/aoap/1015961155
http://dx.doi.org/10.1017/CBO9780511735127
http://dx.doi.org/10.1006/jfan.1996.0112
http://dx.doi.org/10.1006/jfan.1996.0112

BIBLIOGRAPHY BIBLIOGRAPHY

S. I. Resnick. Fxtreme values, reqular variation, and point processes, volume 4 of Applied
Probability. A Series of the Applied Probability Trust. Springer-Verlag, New York,
1987. ISBN 0-387-96481-9.

S. I. Resnick. Heavy-tail phenomena. Springer Series in Operations Research and
Financial Engineering. Springer, New York, 2007. ISBN 978-0-387-24272-9; 0-387-
24272-4. Probabilistic and statistical modeling.

S. I. Resnick and E. Willekens. Moving averages with random coefficients and random
coefficient autoregressive models. Comm. Statist. Stochastic Models, 7(4):511-525,
1991. ISSN 0882-0287.

T. Rolski, H. Schmidli, V. Schmidt, and J. Teugels. Stochastic processes for insurance
and finance. Wiley Series in Probability and Statistics. John Wiley & Sons Ltd.,
Chichester, 1999. ISBN 0-471-95925-1. doi: 10.1002/9780470317044. URL http:
//dx.doi.org/10.1002/9780470317044.

R. Speicher. Multiplicative functions on the lattice of noncrossing partitions and free
convolution. Math. Ann., 298(4):611-628, 1994. ISSN 0025-5831. doi: 10.1007/
BF01459754. URL http://dx.doi.org/10.1007/BF01459754

J. L. Teugels. The class of subexponential distributions. Ann. Probability, 3(6):1000-1011,
1975.

D. Voiculescu. Symmetries of some reduced free product C*-algebras. In Operator
algebras and their connections with topology and ergodic theory (Busteni, 1983),
volume 1132 of Lecture Notes in Math., pages 556—588. Springer, Berlin, 1985. doi:
10.1007/BFb0074909. URL http://dx.doi.org/10.1007/BFb0074909.

D. Voiculescu. Addition of certain noncommuting random variables. J. Funct. Anal.,
66(3):323-346, 1986. ISSN 0022-1236. doi: 10.1016/0022-1236(86)90062-5. URL
http://dx.doi.org/10.1016/0022-1236(86)90062-5!

D. Voiculescu. Limit laws for random matrices and free products. Invent. Math.,
104(1):201-220, 1991. ISSN 0020-9910. doi: 10.1007/BF01245072. URL http:
//dx.doi.org/10.1007/BF01245072.


http://dx.doi.org/10.1002/9780470317044
http://dx.doi.org/10.1002/9780470317044
http://dx.doi.org/10.1007/BF01459754
http://dx.doi.org/10.1007/BFb0074909
http://dx.doi.org/10.1016/0022-1236(86)90062-5
http://dx.doi.org/10.1007/BF01245072
http://dx.doi.org/10.1007/BF01245072

BIBLIOGRAPHY 141

D. V. Voiculescu, K. J. Dykema, and A. Nica. Free random variables, volume 1 of
CRM Monograph Series. American Mathematical Society, Providence, RI, 1992.
ISBN 0-8218-6999-X. A noncommutative probability approach to free products with
applications to random matrices, operator algebras and harmonic analysis on free

groups.

D. Wang and Q. Tang. Tail probabilities of randomly weighted sums of random variables
with dominated variation. Stoch. Models, 22(2):253-272, 2006. ISSN 1532-6349. doi: 10.
1080/15326340600649029. URL http://dx.doi.org/10.1080/15326340600649029.

Y. Zhang, X. Shen, and C. Weng. Approximation of the tail probability of randomly
weighted sums and applications. Stochastic Process. Appl., 119(2):655-675, 2009.
ISSN 0304-4149. doi: 10.1016/j.spa.2008.03.004. URL http://dx.doi.org/10.1016/
j.spa.2008.03.004.


http://dx.doi.org/10.1080/15326340600649029
http://dx.doi.org/10.1016/j.spa.2008.03.004
http://dx.doi.org/10.1016/j.spa.2008.03.004

	An introduction to heavy tailed distributions
	Introduction
	Notations

	Regularly varying functions and random variables
	Some well known results about regular variations
	Sums and products of regularly varying random variables

	Class of heavy tailed distributions and its subclasses
	Some other useful classes of distributions

	Extreme value theory and regular variations
	Summary of the thesis
	Tail behavior of randomly weighted sums
	Products in the Conditional Extreme Value model
	Sums of free random variables with regularly varying tails


	Tail behavior of randomly weighted sums
	Introduction
	Some preliminary results
	The tail of the weighted sum under the DZ conditions
	The tails of the summands from the tail of the sum

	Products in CEVM
	Introduction
	Conditional extreme value model
	A brief overview of the results
	Some transformations of CEVM according to parameters  and 
	Behavior of the product under conditional model
	Some remarks on the tail condition (3.5.1)
	Example

	Sums of free random variables with regularly varying tails
	Introduction
	Basic setup and results
	Free probability
	Main results

	Some transforms and their related properties
	Non-tangential limits and notations
	Cauchy and Voiculescu Transform
	Karamata type results

	Free subexponentiality of measures with regularly varying tails
	Cauchy transform of measures with regularly varying tail
	Relationship between Cauchy and Voiculescu transform

	Bibliography

