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ASYMPTOTICS FOR WEIGHTED RANDOM SUMS

MARIANA OLVERA-CRAVIOTO,* Columbia University

Abstract

Let {X;} be a sequence of independent, identically distributed random variables with an
intermediate regularly varying right tail . Let (N, Cy, Cz, .. .) be a nonnegative random
vector independent of the {X;} with N € N U {co}. We study the weighted random
sum Sy = ZZN=1 CiX;, and its maximum, My = sup; ;41 Z;‘:l C;X;. This type
of sum appears in the analysis of stochastic recursions, including weighted branching
processes and autoregressive processes. In particular, we derive conditions under which
P(My > x) ~P(Sy > x) ~ E[ZZN=1 F(x/C,-)] as x — o00. When E[X{] > 0 and
the distribution of Zy = Z,N:l C; is also intermediate regularly varying, we obtain
the asymptotics P(My > x) ~ P(Sy > x) ~ E[va=1 F(x/C)H1+P(Zy > x/E[X1)).
For completeness, when the distribution of Zy is intermediate regularly varying and
heavier than F, we also obtain conditions under which the asymptotic relations P(My >
x) ~P(Sy > x) ~P(Zy > x/E[X1]) hold.

Keywords: Randomly weighted sum; randomly stopped sum; heavy tail; intermediate
regular variation; regular variation; Breiman’s theorem
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1. Introduction

The analysis of randomly weighted sums plays an important role in the insurance and
economic literature. A well-known example in ruin theory interprets the weights as discount
factors and the sequence { X; } as the net losses of an insurance company to analyze the probability
of ruin either in finite or infinite time (see, e.g. [19]). In economics, the {X;} can be interpreted
as net incomes of an investment and the weights as random return rates (see, e.g. [11]). In
general, randomly weighted sums appear in the analysis of random stochastic equations (e.g.
autoregressive processes), and have applications in many areas beyond those mentioned above.
If we further assume that the number of terms in the sum can be random, we obtain a randomly
stopped and randomly weighted sum. Such weighted random sums appear in the context of
weighted branching processes and fixed-point equations of smoothing transforms (see [1], [12],
and [15]), and, more recently, in the analysis of information ranking algorithms, e.g. Google’s
PageRank (see [13] and [20]). In all the examples mentioned above, the {X;} are often assumed
to be heavy tailed. Hence, the results in this paper combine two different topics in the literature
for sums of heavy-tailed random variables: the analysis of randomly weighted sums and the
analysis of randomly stopped sums.

Consider a sequence {X;};> of independent, identically distributed (i.i.d.) random variables
with finite mean and a heavy right tail distribution F, where by heavy we mean E[e®X 1+] =00
for all ¢ > 0, and xT = max{x,0}. Let (N,C;,Cs,...) bea nonnegative random vector
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independent of the {X;} with N € NU {co}. We study the asymptotic behavior of the randomly
weighted and randomly stopped sum ZlN: 1 Ci X, and of its maximum, Sup; <z - y+| Zi‘: 1 CiXi;
the weights {C;} are allowed to be arbitrarily dependent and may depend on N as well, and the
convention throughout the paper is that N + 1 = oo if N = co. We point out that it is possible
to avoid the introduction of N by redefining the weights C; = C; 1(i < N) and considering the
sum Y ;2 C;X;, but to emphasize the possibility of having a random number of summands,
we choose to keep the results in this paper in terms of N. Throughout the paper, we use
f(x) ~ g(x) asx — oo to denote limy_ f(x)/g(x) = 1,and f(x) < g(x) asx — oo to
denote f(x) = O(g(x)) and g(x) = O(f(x)).

Although the literature of both weighted random sums and randomly stopped sums is
extensive, this is the first paper, to the author’s knowledge, to combine the two, and in doing
S0, to obtain the N = oo case under conditions that are close to the best possible. The main
results also include an analysis of the cases where the asymptotic behavior of the weighted
random sum does not follow the so-called one-big-jump principle (P(3_7_, X; > x) ~ nF(x)
as x — 00), and instead is dominated by the sum of the weights, which until now had only
been done for the special case C; = 1 (see [9] and [14]).

To gain some insight into the asymptotics

k N N
P< sup ZCiXi >x> NP(ZCiXi > x) NE[Z F(%)} asx — oo, (1.1)
i=1 !

1<k<N+1 i—1 i=1

note that if the {X;} are i.i.d. and heavy tailed, and the weights {C;} satisfy suitable conditions,
then the random variables {C; X;};>1 behave as if they were independent, and the one-big-jump
principle gives (1.1). The asymptotic relation

P<§: CiX; > x> ~ E[i Cf‘i|l7(x) as x — 00
i=1

i=1

was established in [18] for nonnegative and regularly varying {X;} (denoted {X;} in R_,,
a > 0), and (1.1) was proven in [11] for real valued {X;} with a regularly varying right tail and
deterministic N for both N = n (finite) and N = oo. The setting where the {X;} are real valued
with right tails in the extended regular variation class was studied in [21] (N = n) and [22]
(both N = nand N = 00); in the latter the {X;} were allowed to be generally dependent with no
bivariate upper tail dependence. Deterministic, real-valued weights with the {X;} in R_, were
considered in [16]. We point out that in all the mentioned works where N = oo, the conditions
imposed on the weights are considerably stronger than those imposed for a finite number of
terms. The first result in this paper establishes (1.1) fori.i.d., real valued {X;} with finite mean,
aright tail in the intermediate regular variation class, and N potentially random; the conditions
on the weights are basically the same regardless of whether N is deterministic, random, or
infinite. Results for more general classes of heavy-tailed distributions but stronger conditions
on the weights and N = n are given in [19] (for bounded weights) and [6] (for C; = ]_[’]= 1Y
and {Y;} > 01i.i.d. from a specific class of distributions). The finite-mean restriction is due
to our interest in analyzing the asymptotic behavior of the randomly weighted and randomly
stopped sum when it is not solely determined by the one-big-jump principle.

As mentioned earlier, the scope of this paper is to combine the analysis of randomly weighted
sums with that of randomly stopped sums. For instance, if we set C; = 1 for alli > 1 then the
subexponential asymptotics P(Z?zl X; > x) ~nP(X| > x) are known to hold, under suitable

https://doi.org/10.1239/aap/1354716592 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1354716592

1144 M. OLVERA-CRAVIOTO

conditions on N, even for a random number of summands. The asymptotic relation

N
P(Z X; > x) ~E[N]F(x) asx — 00 (1.2)
i=1

has a long history (see, e.g. [2], [10], and the references therein), although the analysis when
N does not have finite exponential moments is more recent. Relation (1.2) was established
in [8] for several different sets of conditions on N and the {X;}, including some where N may
be subexponential. Results imposing no conditions on N and the {X;} in either the regularly
varying or semiexponential classes were derived in [5]. The most general conditions were
recently derived in [9] for { X;} in the class *, which includes most subexponential distributions
with finite mean. Moreover, the results in [9] also include the case where the asymptotic behavior
of the randomly stopped sum is not solely determined by the one-big-jump principle, and, in
particular, it was shown that

k

P( sup > X; >x> ~P<2N:Xi >x>

Isk<N+1— i=1

~ E[N]F(x) +P<N > ﬁ) as x — 0o,

provided that the {X;} belong to %, E[X] > 0, and N belongs to the intermediate regular
variation class. The term P(N > x/E[X]) corresponds to the situation where the asymptotic
behavior of the random sum is determined by the law of large numbers. This last asymptotic
relation was previously proven in [14] for the case where both N and X are nonnegative
and belong to R_y with o > 1, P(N > x) ~ cP(X; > x) for some constant ¢ > 0,
and E[X;] < oo. All the results in [9] are readily applicable to our randomly weighted
sums setting provided that the {C;} are i.i.d. and independent of N, and that the sequence
{C; X} belongs to 8*. The second result in this paper extends the analysis to allow the vector
(N, Cq, C3,...) to have an arbitrary distribution, but restricts the {X;} to belonging to the
intermediate regular variation class. In this context, the term P(N > x/E[X1]) is replaced by
P(YN, Ci > x/E[X1)).

For completeness, the third and final result in this paper corresponds to the case where the
behavior of the randomly stopped and randomly weighted sum is completely determined by
the effects of the sum ZlNzl C;, which, when the weights {C;} are i.i.d. and independent of
N, corresponds to the dominance of the law of large numbers. The intuition remains the same
in the presence of weights, as it corresponds to the situation where all the {X;} behave in an
ordinary way, i.e. according to their mean, and it is the sum of the weights that is unusually
large. Related results to those of Theorem 2.3 can be found in [14] for a regularly varying
number of summands, N, C; = 1, and nonnegative {X;} with lighter tails than N.

We end this section with two potential applications. The first one concerns information
ranking algorithms, such as Google’s PageRank algorithm for ranking webpages in the World
Wide Web (WWW). If we let R denote the (scale-free) rank of a randomly chosen webpage
and N denote the number of webpages pointing to it (in-degree), and set C; = ¢/D;, where
D; is the number of outbound links (out-degree) of the ith neighboring page and 0 < ¢ < 11is
a predetermined constant, then it can be shown that R (approximately) satisfies the stochastic
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fixed-point equation

N
R%ZCZ'R,-—G—(I—C), (1.3)

i=1

where the {R;} are i.i.d. copies of R, independent of (N, Cy, C3,...),and * 2> denotes equality
in distribution. In the WWW, as in many other social networks, both the in-degree N and
the effective out-degree D; are assumed to be regularly varying. The problem of interest is
to determine the proportion of highly ranked pages, which translates into the analysis of the
asymptotic behavior of P(R > x). The stochastic model leading to (1.3), for the case of i.i.d.
weights {C;} independent of N, was introduced in [20], and has been studied in detail in [13].
The more realistic case where the vector (N, Cy, Ca, ...) is generally correlated serves as a
motivating example for the results presented here.

The second application concerns ruin probabilities. A well-known example in ruin theory
where randomly weighted sums appear is in the analysis of discrete-time risk models (see,
e.g. [19] and [21]). Let {D;} be a sequence of i.i.d. nonnegative random variables representing
discount factors per period, and let {X;} be another sequence of i.i.d. real-valued random
variables, independent of the {D;}, used to denote the per period net losses of an insurance
company; in many settings the {X;} are assumed to have a heavy right tail. Set the weight
C = sz: 1 Dj to be the compound discount factor for period i. If the insurance company
starts with an initial capital x then its discounted surplus after n periods is given by

n
anx—ZCix,», n>1; Wo = x.

The quantities of interest are the probabilities of ruin in finite and infinite times, respectively
given by
k

CiX; d P Ci X; .
(gkafnz >x> an (supz : l>x)

k=054

The rest of the paper is organized as follows. Upper bounds for the maximum of the
randomly weighted sum are derived in Section 3, and lower bounds for the randomly stopped
and randomly weighted sum are derived in Section 4. Finally, the proofs of the main results
are given in Section 5.

2. Main results
We start by giving some definitions needed for the statement of the main theorems.

Definition 2.1. Let X be a random variable with right tail distribution F(x) =P(X > x). We
say that F belongs to the intermediate regular variation (IRV) class if

- F((1=8)x)
lim lim sup ————— =
0 x—o0 F(x)

We refer the reader to Chapter 2 of [3] for the definitions of regular variation (R _ ), extended
regular variation (ERV), and O-regular variation (ORV) that are mentioned throughout the paper.
It is well known that R_, C ERV C IRV C ORV.
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Definition 2.2. Let F(x) = P(X > x) and f(x) = — log F (x), and define
f) = liminf(f (hx) — f(x)), £ = limsup(f (Ax) — f(x)),

xX—>00
) @)

ay = lm ﬂf lim
A—>00 logk r—oo log A

The constant « ; is known as the lower Matuszewska index of f and B is known as the upper
Matuszewska index of f, and they satisfy 0 < ay < By < o0.

Remark. For the ORV family, Theorem 3.4.3 of [3] gives 0 < ay < By < 0o. Furthermore,
the constants (—c, —d) in the definition of the ERV class satisfy ¢ < oy < By < d (see [3,
p. 68]).

We are now ready to state the three main theorems of this paper. The first one corresponds to
the setting where the one-big-jump principle dominates the behavior of the weighted random
sum and its maximum. Since the weights {C;} are nonnegative, we use the convention that
F(t/C;) =0foranyr > 0if C; = 0.

Theorem 2.1. Suppose that {X;} is a sequence of i.i.d. random variables with right tail
distribution F € IRV, Matuszewska indices 0 < ay < By < oo, and E[1X1]'t] < o0
for some 0 < ¢ < ay. Let (N, Cy, Ca,...) be a nonnegative random vector independent of

the {X;} with N € N U {00}, satisfying E[Y", C*/ ] < 00 and B[Y, €] < 00, If

E[N] < oo then the condition E[ZIN aj ¢
almost surely (a.s.). If

(@) E[X:1] <0,
(b) E[X11=0and P(Zy > x) = O(F(x)) as x — 00, or
(©) E[X1] >0andP(Zy > x) = O(F(x)) as x — 0o

1 < oo canbedropped. Let Zy = Zl 1Ci <00

holds, then, as x — 00,

N

P( sup Zcx >x>~P<lZ;CX >x>~E|:ZF(%)] .1

I<k<N+1;_{ i=1 !

Remark. It is known that, when N = n, it is enough to have E[Zf\’:l C;Sf+8] < oo for (2.1)
to hold (see [21] and [22]). Note that, for a finite number of terms, this moment condition on
the weights implies that

n
(L2 DV < 3@ TP < oo,

i=1
which in turn implies that P(Z, > x) = o(F (x)) (since xPr+¢F(x) — 00). However, for
N = oo and ﬂ r > 1, the existing literature (e.g. [11], [18], and [22]), in which it is
assumed that F € ERV(—c, —d), requires the conditions ) ; _1(E[Cd+8])1/(d+8) < o0 and
Zioil(E[Cic_E])l/(d"’s) < 00, which again imply thatE[Zfof 8] < 00. In view of Theorem 2.1,
the existing conditions are clearly too strong, and a simple example where (2.1) holds but
Zioil (E[C lfi Tepl/d+e) = o s given below. Moreover, that the conditions of Theorem 2.1 are
close to being the best possible will follow from Theorem 2.2.
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Example 2.1. Suppose that, as x — 00, F(x) =< x~* for some @ > 1, P(N > x) < F(x),
and E[X{] = 0. Furtherng)re, assume that the {C;} are i.i.d. and indepgndent of N, with
E[Ci”s] < 00. Now write C; = C; 1(i < N) so that ZlNzl CiX; = Y 2, CiX;, and note that,
for some constant K > 0,

K —
la/(a+€) -

Z(E[Cot+€])l/(ﬂl+£) (E[CO(+€] 1/(a+e) ZP(N > l)]/(l)l+€) > Z

i=1 i=1

Remarks. (i) The conditions of Theorem 2.1 are very similar to those in Theorem 1 of [9] once
we replace the random time 7 by the random sum of the weights Zy = ZlNzl C;.

(ii) The stronger condition E[|X1|'*¢] < oo, instead of only E[| X|] < oo, might be avoidable
with a different proof technique.

The next result corresponds to the case where the behavior of the weighted random sum and
its maximum might be influenced by both the one-big-jump principle and the distribution of
the sum of the weights. This case also illustrates that, when E[X] > 0, the conditions from
Theorem 2.1 are the best possible.

Theorem 2.2. Suppose that {X;} is a sequence of i.i.d. random variables with right tail
distribution F € IRV, Matuszewska indices 0 < ay < By < o0, E[X1] > 0, and E[| X, |1+8]
oo for some 0 < ¢ < ay. Let (N, Cy,C2, .. ) be a nonnegative random vector mdependent
of the {X;} with N € N U {o0}, satlsﬁ/mg E[Zl ICO[’r 1 < 0o and E[Zl , C: Pr ™1 < 00 If
E[N] < oo then the condition E[ lel C?f ] < oo canbedropped. Let Zy = lel Ci <
a.s., and suppose further that its tail distribution G € IRV. Then, as x — 00,

k N

P, 6= ) ~ (L e = o)
e[S (2)] (T )

Remark. If {X;} is a sequence of i.i.d. random variables from R_, with « > 1, then
E[YN, F(x/C:)] can be replaced with E[Y ;" C¥]F (x) in Theorems 2.1 and 2.2. In this
setting, Theorems 2.1 and 2.2 are generalizations of Breiman’s theorem to more than one
summand and dependent weights.

The third, as well as the last, result corresponds to the case where the behavior of the
weighted random sum is dominated solely by the sum of the weights. Note that it is not
necessary for the { X; } to have any particular structure beyond certain moments and the condition
P(X1 > x) =o(P(Zy > x)) as x — o0.

Theorem 2.3. Let (N, Cy, Ca,...) be a nonnegative random vector with N € N U {oo}.
Define Zy = ZINZI Ci < 00 a.s., and assume that it has a right tail distribution G € IRV
with Matuszewska indices 0 < oy < By < 00. Suppose that {X;} is a sequence of i.i.d.
random variables, independent of (N, C1, Ca, ...), with E[X1] > 0 and E[| X |1+€] < 00 for

some 0 < & < ag. Suppose further that E[ Z, lCag ‘1 < o0, E[X:fv:l C;Sg+£] < oo, and
P(X| > x) = o(P(Zy > x)). IfE[N] < oo then the condition E[Y__; C;*"°] < 0o can be
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dropped. Then, as x — 00,

N

k N
X
P( sup ZCiXi > .X) ~ P(Z CiXi > )C) ~ P(Z Cl‘ > m)
i=1 i=l1

I<k<N+1;-;

3. The upper bound

Before proceeding with the derivation of the auxiliary results that will be needed for the
proofs of the main theorems, we state here the notation that will be used in the remainder of
the paper, as well as the main assumption satisfied by the random variables {X;} and the vector
(N,Cq,Ca, .. ).

Assumption 3.1. Let {X;} be a sequence of i.i.d. real-valued random variables with common
tail distribution F(x) = P(X| > x) and finite mean n = E[X1], and let (N,Cy, C3,...)
represent a nonnegative random vector, independent of the {X;}, with N € N U {oco}. The
vector (N, C1, Ca,...) is assumed to be generally dependent and the weights {C;} are not
necessarily identically distributed.

We will alsouse || - |, = (E[] - ¥ DY? to denote the L p-norm, the operator #A to denote the
cardinality of a set A, and the notation x V y = max{x, y} and x A y = min{x, y}. The letter
K will be used to denote a generic positive constant, which is not always the same in different
parts of the paper, i.e. K = K + 1, K = 2K, etc.

The following random variables will be used throughout the paper:

k
Se=Y CiXi, k € NU {00},
i=1

MN = sup Sk9
I<k<N+1

N
Zy = Z Ci,
i=1

ING)=#{1<i<N+1:C; >t},
ING)=#1<i<N+1:CX; >t}
Lyt)=#{1<i<N+1:CiX; < —t}.

Note that, when N is finite a.s., the supremum in the definition of My can be replaced by a
maximum and all the ranges 1 <i < N + 1 can be replaced by 1 < i < N. Recall that, since
the weights {C;} are nonnegative, the convention is that F(¢/C;) = 0 and F(—t/C;) = 0 for
anyt > 0if C; = 0.

The first result in this section provides a bound for the partial maximum of sums of
independent random variables with finite exponential moments.

Lemma 3.1. Let {V;};>1 be a sequence of independent random variables. Then, for all 9 > 0,

k

m
P Vi>t)<e ™ 1, E[e?V]).
(lrfr}ceg(mz P > )_e l_[max{ [e” "]}

i=1 i=1
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Proof. The inequality trivially holds in the case E[e?"i] = oo for some i. Thus, we assume
that E[e?Vi] < coforalli = 1, ..., m. Let

k

k
Ly = exp{e Y Vi gokw)}, ¢i(6) = log [ [ E[e?V1.

i=1 i=1

Then Ly is a nonnegative martingale satisfying E[Ly] = 1. Define t = inf{k > 1: Zf: Vi >
t}. Then, by Proposition 3.1 and Theorem 3.2 of [2, Chapter XIII], there exists a probability
measure P such that

<lr<r}(a<meV, > t) =P(t <m)

= E[L7' 1z <m)]

< E[exp{—@ > V,»} 1(r < m)] [ [ max{1. E[e?¥1)
i=1

i=1
—ezm oV,
e Hmax{l,E[e 1.
i=1

The following result gives exponential bounds for sums of independent truncated random
variables, and it follows the same classical heavy-tailed techniques from [4] and [17] (see
also [5]). Note that all of the results in this and the next section are given for random variables
satisfying only moment conditions, that is, neither the {X;} nor the vector (N, Cy, Ca, ...) are
assumed to belong to any particular class of distributions.

Lemma 3.2. Suppose that the {X;} and the vector (N, C1, Ca, .. .) satisfy Assumption 3.1 with
vn = I X1l < oo for some n > 1. Then, for any 0 < u < v such that

1 n—1 v 1
- <6 := log| — ) < —,
v v u u

any z > 0, and any A C R, we have

k

P( sup > CiXi (CiX; <v) >z, Zy € A, IN(1> = o)
I<k<N+1—{ Vn

Ky, +
< E|:1(ZN e A) exp{—@z + (M'f‘ m) 92N}j|»

where K = K(n) > 1 is a constant that does not depend on the distributions of X1, N, C1,
Co,....

Proof. LetX 2 X1,Y; = C;X;,and S\ = Y; 1(Y; < v) + -+ + ¥ 1(¥; < v). By condi-
tioning on (N, Cy, Ca, ...) we obtain

P( max S,E)>z, Zy €A, IN<M>=O)
1<k<NAn Y

- E[l(ZN €A, 1N<yi> - O>P<1<§(n<a]z]§An sV > ¢ ‘ N An,Cy, ...,CNA,,)}.
n =H_=
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Note that, conditionalon (N An, C1, ..., Cnan), S,EU) is asum of independent random variables,
so, by Lemma 3.1,

P( max >z NAanCp....Cym)

1<k<NAn
NAn
< e % [ ] max{1, B[ 1= | N Cy, ..., Cyanl}
i=1
NAn
=z ]_[ max{1, E[e?Yi 10i=v) | ¢,

i=1
We now bound the individual expectations using integration by parts as follows:
E[e”" 1=V | ¢;] = E[e” 1(Y; < v) | Gi] + E[1(Y; > v) | Ci]

v
=/ " P(Y; edt | C))+P(Y; >v | C)

—00

1 1/6 1
=P<Y,'§§‘Cj>+/ GIP(YiEdl|Cl')+CP(Y,'>§‘C,‘)

o0
— P, >v | C)+PY; >v | C)
v

1/6
+/ (e9’—1—9t)P(Yiedt|C,~)+9/ P > 1| Cy)de
—00 1/6

1
<1+0E[Y; | Ci]+eP<Yi > 5 ‘ Ci)

1/6 v
+/ " —1—0n)PY; €dt | C)) +9/ "PY; > 1| C)dt.
—00 1/6
If # > 2 then the inequality e/ — 1 — ¢ < t2¢!" for ¢ € R gives
1/6 00
/ € —1-0nPY; edr | C)) < e92/ *P(Y; e dt | C;) =0’ E[Y? | Ci].
—0o0 —o0

If 1 < n < 2 then integration by parts, a change of variables, Markov’s inequality, and the
same inequality used above give

1/6
/ € —1-0n)PY; edr | C;)
—0o0

00 1/6
=0f A—e P < —u | Ci)du+/ " —1—01)PY; €dt | C))
0 0

00 1/6
< 9/ 1 —e ")ENY;|" | Cilu" du +e92f P?P(Y; €dt | C))
0 0

1/6 | _ o—bu 00
<E[Y;|" | Ci]<92/ —— ' du +9/ u " du)
0 Ou 1/6

1/6
+e9'7/ t"P(Y; edt | Cy)
0
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) 1/6 on
<E[|Y;|" | Ci]<9 f ul—"du+—1+e9">
0

1 1
=0"E[|Y;|" | C;]| ——— + —— +¢]),
2—n n—1

where in the third inequality we used the observation that 1 — e™" < ¢ for all # > 0. We then
have

1/6
/ @ —1—0nPY; edr | C;) < K16"2CI" P E[|X|"2], (3.1

o0
where K1 = Ki(p) =e+ (2 =)'+ —=1"H1(1 < 5 < 2). Also, for n > 0, we use
Markov’s inequality to obtain

1 v
eP<Yi>—'Ci)+9/ P > 1| Cy)de
0 1/6

v
<eE[|Y:|" | C;16" +E[|Y;|" | Ci]f et~ dt.
1/6

To analyze the remaining integral, we split it as follows:

v (1/0)v(v/2) v
9/ e dr < 9”’7/ e dr + 9/ e dt
1/6 1/6 /2

1
< eneev/2 +0vl—nf e@vuu—n du
1/2

1
< gnefv/2 4 9v17"2’7/‘ eV du
1/2
< @MeV/2 4 2nefvy T,
Hence,
1 v
eP(Y,» > ' Cl-) +9/ e P(Y; > 1| Ci)dt < K2"vTCIEX]"],  (3.2)
1/6
where K> = K»(17) = sup,~(et"e™ + t"e~"/2 4 2M). Combining (3.1) and (3.2) we obtain

Bl 1= | c,-]1<cl~ < i)
Y

< (14 6C; E[X]+ K16"2C"? E[|X|"?] + K»e""v~1C E[|X|"]) 1(ci < i)
Vn

nA2—1 n—1
<1+6C E[X]+C; <K19W<1) E[|X|""2] + Kzeevv_”(l) E[|X|’7]).
Yn Vn
We now use the observation that E[| X |"?] = || X || nn2 nA2

< |IXI|ly"" =y, ~ toobtain
B[/ 1= | ci]l(cl- < i)
n

1+ 60Cin + Ciyy(K10"2u" 1 4 Kpe? v~
1+0Ciu+ QC,-)/nK3(0”A2_1u”A2_1 + vy gy
1 4+0Ciu+0Ciya(d,u,v),

nA2
nA2

IA

IA
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where K3 = K3(n) = max{K{(n), K2(n)}. By using the inequality 1 +¢ < e forall ¢ € R, it
follows that

P( max S\ >z, Zy €4, 1N<l) = 0)
1<k<NAn Vn

NAn
< E[I(ZN e A)e* ]"[ max{1, 1 +0uC; + 0a(6, u, v)y,,Ci}]

i=1

NAn
< E[I(ZN € A)e™% [ ] max(l, e9MCf+9“(9’”’">Van}]

i=1

= E[1(Zy € A)e 07HH+aCuvy) 02y

=3e(())

which, by assumption, satisfies 1/v < 6 < 1/u, and note that

Now choose

— K3 ((n — 1) log(v/u))"?
a®,u,v) = 1= 1) log(v/) (1 + o/ )
_ K e (log r>W>

= (n— 1D log(v/u) <1 +o=D fgfl) A1)

Defining
— KO = 2 a2 gy (og D
K=K = — <1 +(m—-1) ?:I]) prre

gives

P( max S,EU) >z, ZN EA, IN<1) =0)
1<k<NAn Vn

<E|1(Zy € A)expy—Oz+ |\ pu+———) 0ZNnny |-
log(v/u)

The result now follows by taking n — oo.

The main result of this section, given in Proposition 3.1 below, provides upper bounds for
P(Mp > x). The idea of the proof is to split this probability into several smaller probabilities
corresponding to the different possible behaviors of Zy and Jy(-). The bound derived in
Lemma 3.2 will be essential to the analysis of all the probabilities involving truncated
summands. The lemma given below provides a bound for the probability of two or more
summands being large.

Lemma 3.3. Suppose that the {X;} and the vector (N, Cy, Ca, .. .) satisfy Assumption 3.1 with
Yide = | X1ll14e < 00 for some e > 0. Let 0 < v < 1, w = x'™"/yi4¢, and y = x/log x.
Fix ¢ > 0. Then there exist constants K, xo > 0 such that, for all x > x,

N
E|:1(IN(w) - O)ZF(%”.
i=1 !

1+e
- K (logx)
v

P(Uv(y) 22, Zy < cx, Iy(w) =0)
X
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Proof. We start by conditioning on ¥ = o (N, Cy, C», ...) to obtain

PUn(y) =22, Zy < cx, In(w) =0)
=E[l(Zy < cx, In(w) = 0)E[1(Un(y) = 2) | F1I

=E|1(Zy < cx, IN(w) = 0)E[1< U (©@xi>y cix;> y}>
o I<i<j<N+1

dl

<E[1(Zy <cx, Iyw)=0) Y E[NGX; >y, C;Xj>)) | ?]}
- I<i<j<N+1

=E[1(Zy < cx, INw)=0) ) F<CL)F(CLJ”

- 1<i<j<N+1

} N 2
<E[1(Zy <cx, IN(w) = 0)(2 F(%)) }

- i=1 !

where in the third equality we used the conditional independence of the {C; X;} given ¥, and
the independence of the {X;} and (N, Cy, C2, ...). We now use Markov’s inequality to obtam

N N
I y —1—¢ 1+¢ 1+¢ —1—¢ ,8
> :F(C—j)sy Bl Yo cft < kv swp €) 2

=1 =1 1<j<N+1
It follows that
)]

N
< Ky_l_EwExE[l(IN(w) —0)) F <Cl)}

i=1

K (logx)!+¢ N
= — [1(1N<w>—0)z ( )}

The next preliminary lemma shows that if the summands are heavily truncated then the
supremum of the sums is unlikely to be large.

|:1(ZN <cx, Iyn(w) = 0)( <

Q|\<

Lemma 3.4. Suppose that the {X;} and the vector (N, C1, C3, .. .) satisfy Assumption 3.1 with
Vide = IX1ll14e < 0o for somee > 0. Let0 < v < 1, w = x'7V/y14,, y = x/logx, and
0 < 1/ylogx <68 < 1. Then,

k

P< sup ZC,-X,- 1(CiX; <y)>dx, Zy <y, In(w) = 0) = o(xfh)
I<k<N+1%;

as x — oo forany h > 0.
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Proof. We use Lemma 3.2 with A = (—o00,y],v=y,z=46x,andu = x!'=V. Then

k
P( sup > CiXi(CiX; <y)>68x, Zy <y, In(w) = 0)
I<k<N+15-

Ky14e +
< E[I(ZN <y exp{—%x + (M + m) QZN}i|,

where 6 = (¢/y) log(y/u) = (¢logx/x)log(x"/log x). Note that, for these choices of y and
u, there exists xog = xo(B8, &) > 0 such that the conditions on 6 required by Lemma 3.2 are
satisfied for all x > xp. Moreover, on the set {Zy < y} we have

K * Jogx K JIogx
—osx+ [+ KV N oz < —psx(1 - lulylogx — Kyiyey+/logx
log(y/u) X x log(xV/log x)
K
< _95x<1 el Vm)
Jdogx  /logx
=

loglog x 2K Y1+
—evd(l 21— —=—=2)(1- ,
8”("“)( vlogx>< Jlogx

where in the last inequality we used || < E[|X1]] < (B[|X|"T])"V/(+8 =y . and K > 1.
We then have, for sufficiently large x,

K +
E|1(Zy < y)expl —08x + [+ — 24 ) gzy ! | <eevdloenro (33
log(y/w)

where

) ] loglog x ] 2K y14e

X) = — —_ .
¢ vlogx J/log x
Since § > 1/4/log x, it holds that

efsv8(10gx)2<p(x) < efev(logx)yz(p(x) — O(Xh)

as x — oo forany h > 0.

The last preliminary lemma of this section provides a bound for the case when the summands
are moderately truncated and Z is not too large.

Lemma 3.5. Suppose that the {X;} and the vector (N, C1, Ca, ...) satisfy Assumption 3.1 with
w > 0and yise = |Xillige < 00 for some e > 0. Let 0 < v < 1, w = x'7"/pi4e,
y=x/logx,and 0 < 1//logx < § < 1. Then, as x — o0,

P(MN > x I =8)x) =0, y < Zy < —— Iy(w) =0>
L+

= 0<x—8“/2P(zN > y) + e evVlogx/n P(ZN > 21) 1(p > 0)).
"
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Proof. Let A = (y, x/(u+8)), v = (1—38)x,andu = x'~V. Then, by Lemma 3.2 we have

P(MN >, N =8)x) =0,y < Zy < —— Iy(w) = 0)
TR )
k
X
< P( sup Y CiXil(CiXi < (1=8)x) >x. y<Zy < ——. Iy(w) = 0)
1<k<N+1'=; m+é

> exp{—ex + (u PN $4 VNN >+02N” (3.4)
b log((1 — 8)x") ’ '

where 6 = elog((1 —8)x")/((1 — 8)x). We now separate the rest of the analysis into two
cases.
Case 1: u = 0. Equation (3.4) is bounded by

Kyite
exp{—@x(l - m)}P(zN >y)

K V1
< Kexp —evl1— yl+6—0gx
Tog((1 — &)x)

X
<E|1 < Zy <
B [(y N=r

) logx} P(Zy > y)

K
< ——=P(Zy > y) for sufficiently large x.
xEv/2

Case 2: > 0. Note that

Kyi4e eKyi4e
_— NS —mm—mm < 00,
log((1 —8)x") (I =8)(n+9d)

so (3.4) is bounded by

X
KE|1(y < Zy < e9<x“ZN>]
[ (y N= M+5)
< KE[I(y <Zy <> )e‘”k’g"(x“‘zm/x}
N T u+d

=£E 1{y<zy< X esvulongN/x )
XV w44

Now note that by writing 1(y < Zy < x/(u+9)) < 1(y < Zy < x/Q2u)) + 1(x/2n) <
Zn < x/(u+8)) (if § > u, the second indicator is 0) we obtain

LE 1 y<Zy< X esu;LlongN/x
xav - M+5

1 efvplogx/(u+8) X

Since

x—suesvulogx/(p,—i-(?) _ e—svSlogx/(p,—i—S) < ex {_ 81)«/10gx } < Ke—t" fTogx /1t
= < exp — 1 < Ke s
w1/ logx

the result follows.
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We are now ready to provide upper bounds for P(My > x). As mentioned earlier, the idea is
to split the probability into all the different combinations of events relating Zy and Jy(-). We
emphasize again that no particular structure on the distributions of Zy or the {X;} is imposed
beyond moment conditions.

Proposition 3.1. Suppose that the {X;} and the vector (N, C1, Ca, ...) satzsfy Assumptlon 3.1
with Y14 = || X1ll14e < 00 for some ¢ > 0. In addition, assume that E[ Zl 1 C ] < 00
for some B > 0. Then, there exist constants K, xo > 0 such that, for all x 2 xo and

0<1/Jlogx <6 <1,
(@) for u >0,
N1 = 8)x
PMy > x) < E[I(IN(w) = O)ZF<?>i| +P((u+8)Zn > x)

i=1

(log x)!*¢ 1
+K<—x [1<1N(w)_0)2 ( >}+—x5+8/2)

+ K<x—€"/2P(ZN > y) + e—evVioex/u P<ZN > 21> 1 > 0)>,
m

(b) foru <0,

N
P(My > x) sE[l(le) =0)) F ( )}

i=1
(log x)!*¢ N 1
+K<x—v [I(IN(w>—0>§ ( )} xm/z),

where 'y = x/logx, v =2¢/2(B8 + ¢)), and w = xl_"/yH_E.
Proof. We separate the analysis into two cases: u > 0 and u < 0.
Case 1: 1 > 0. We start by splitting the probability as follows:
P(My > x) <PMy > x, (0+38)Zy <x)+P{(u+8)Zn > x)
<PWMy > x, JIN((1 =8)x) =0, (u+8)Zn <x, INy(w) =0) (3.5)
+PUyw) = 1) + P(Uy((1 = 8)x) = 1, In(w) =0)
+P((u+8)Zn > x).
Let ¥ =0 (N, Cy, Ca, ...), and recall that the { X; } are independent of (N, Cy, C», ...). Then,
from the union bound we obtain
P(Un((1—=8)x) =1, Iy(w) =0)
_ N
=E[1(Uy(w) = O)E[I(U{Cixi > (1 —8)x}) ' }‘ﬂ
- i=1
N
<E 1(IN(w) = O)ZE 1(C; X; > (1 —6)x) | J"]]
i=1

_s
—E 1(IN(w)—O)Z ( = )X)] (3.6)
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Applying the union bound, Fubini’s theorem, and the conditional Markov inequality, we

obtain
N
I(U{Ci > w}):|
i=1

P(Iy(w) = 1) =E

o

E[1(N = 1) E[1(C; > w) | N]]

1 o
< = ZE[C{”E 1(N > 0)]
yﬂ+s 5
_ lte +e
= cBre2 [Z ¢ ] 3.7

Now, to analyze the probability in (3.5), split it according to how many summands are greater
than y as follows:

P(My > x, IN((1 =8)x) =0, Zy <y, In(w) =0)

+P<MN =2, (L= 8)x) =0, y < Zy < ——_ Iy(w) = 0)
u+34

=PMy >x, IN(y) =0, Zy <y, In(w) =0) (3-8)
+PMy >x, IN(y) =1, IN(1 =8)x) =0, Zy <y, In(w) =0) (3.9
+PMy >x, IN(Y) 22, IN((1 =8)x) =0, Zy <y, IN(w) =0)  (3.10)

+P<MN >x, IN((=8)x)=0,y < Zy < 18’ Iy(w) = O). (3.11
n

We start by analyzing (3.9), which we can bound by separating the summands in M into those
that are smaller than or equal to y and those that are greater than y, as the following derivation
shows:

P(My > x, IN(y) =1, IN(1 =8)x) =0, Zy <y, In(w) =0)
k k

=P< sup {ZC,’X[ 1(C; X; Sy)+ZCiXi 1(C; X; >y)} > X

Isk<N+11; i=1

IN) =1 In((A=8)x) =0, Zy <y, IN(w) = 0)
k

< P( sup Zcixi 1(CiX; <y)>68x, Zy <y, In(w) = 0). (3.12)
1<k<N+1 i=1
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We can bound (3.8) similarly to obtain

PMy > x, IN(y) =0, Zy <y, In(w) =0)
k

= P< sup > CiXiH(CiX; <y)>x, IN(G) =0, Zy <y, Iy(w) = 0)
1<k<N+1 i—1
k
< P( sup Y CiX;1(CiXi <y) > x, Zy <y, In(w) = 0). (3.13)
I<k<N+1;{

Clearly, (3.13) is not greater than (3.12), and to bound (3.12), we use Lemma 3.4 to obtain

k

K
P( sup Y CiX; 1(CiXi < y) > dx, Zy <y, Iv(w) = 0) <=
I<k<N+15; X

for any & > O (in particular, h = 8 + ¢/2).
By Lemma 3.3, (3.10) is bounded by

1+4¢ N
PUNG) 22, Zy < v, In(w) = 0) = Z00ED 7 E[1(1N<w> 0y F<l)}.
x&v C;

i=1
Finally, by Lemma 3.5, (3.11) is bounded by

P(MN =%, IN((1=8)x) =0, y < Zy < —
1w+

5 In(w) = 0)
< K(}c_”/2 P(Zy > y) + e_svlegx/“P(ZN > 21) 1(n > 0)).
n

This completes the case.

Case 2: 1 < 0. The case of negative mean requires some additional work, since in order
to use the preliminary lemmas we need to have some control over Zy. For this purpose, let
k =2(B +¢)/(ve|u|) and define T = sup{l <n < N: Z, < kx}. Now split the probability
of interest as

P(My > x) <P(Un((1=90)x) = 1, Iy(w) =0) +P(Un(w) = ) (3.14)

+PMy > x, IN((1 =8)x) =0, Iy(w) =0),

and note that the probabilities in (3.14) are bounded by (3.6) and (3.7). For the remaining
probability, we use the union bound to obtain

PMy > x, IJN((1 =8)x) =0, In(w) =0)

< P( sup Sp > x, In((1—8)x) =0, In(w) = o) (3.15)
1<k<t+1
+P( sup Sk > x, IN((1—8)x) =0, Iy(w) =0, T < N). (3.16)
T<k<N+1

Since T < N and Z; < kx, (3.15) is bounded by

PM; >x, J; (1 =68)x)=0, Z; <kx, Iy(w) =0).
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We now split this last probability in a similar way to the previous case:

PM; > x, J;(1=68)x)=0, Z; <kx, Iyn(w) =0)

<PWM; >x, J;(¥) =0, Z; <«kx, I;(w) =0) (3.17)
+PM; >x, J;(y) =1, J; (1 =8)x) =0, Z; <kx, I;(w) =0) (3.18)
+P(J:(y) =2, Z; <«kx, INn(w) =0). (3.19)

By using the same arguments as in the i > 0 case, we find that the sum of the probabilities
in (3.17) and (3.18) is bounded by

k
2P( sup Y CiXi N(CiX; <y) > 6x, Zr < x, I (w) =0>,

1<k<rt i=1
which, by Lemma 3.2 (withu = x=v v = y, A = (—00,kx],and N = 7), is in turn bounded
by

Ky14e + —0s
2E(1(Z; < —06 — - ) 6Z <2 x
[( ’—”)exp{ ”(“ +1og(xv/1ogx)> =

for sufficiently large x and 6 = (elogx/x)log(x”/logx). We now note that, since § >
1//Tog x, then e %0 < g—#vlogxlogx"/logx) — (x—F=#/2) 35 x — oco. By adapting the proof
of Lemma 3.3 to substitute N by 7 but keeping the condition Iy (w) = 0, we find that (3.19) is

bounded by
K (log x)'*¢ [y
———E 1(IN(w):O);F &

1+e N
< K(longf) E[I(IN(w) —0Y) F(%)}
i=1 !

Finally, to analyze (3.16), let X; = X; — u/2, S = C1 X1 + - - - + Cx X, and note that we
can write the probability as

P( sup <§k _ I“'f") > x, In((1=8)x) =0, Iyw) =0, T < N)

t<k<N+1

~ z
< P( sup S — '“'T“ >x, IN((1=8)x) =0, Iy(w) =0, T < N)

T<k<N+1
C;
§P< sup X< (1—8)x+ 2'“') (1+¥),

r<k<N+l

In(w) =0, 7 < )

SP( sup C,X 1
]<k<N+1

<({-98)x +$> > <1+%>x,

In(w) = 0)- (3.20)

https://doi.org/10.1239/aap/1354716592 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1354716592

1160 M. OLVERA-CRAVIOTO

By Lemma 3.2 (withu = Vv =(01-=8)x+ [n|lw/2, and A = R), (3.20) is bounded by

|l I Kyite * —p(1+]
E -1+ — - — Z < wlie/2)x
[exp{ 4’( T >x+<2+1og<v/u> prNg]=c

for sufficiently large x, where ¢ = (¢/((1 — 8)x + |u|w/2)) log((1 — 8)x¥ + ||/ 2Y1+e))-
The last step is to note that

(14 |l /2)ex

B (Lt I/
(1= 8)x + [uw/2

log((l oy 4 M ) _ log((1 — 8)x") + o(1)
2Y14e -6

< —<1 + %) logx" + O(1)

=—(B+e+ev)logx + O(1)

as x — oo, which implies that (3.20) is o(x~P~%). This completes the proof.

4. The lower bound

We give in this section lower bounds for the tail distribution of the randomly weighted and
randomly stopped sum. The idea of the proof is to split the probability P(Sy > x) into several
different probabilities, similarly to what was done for the upper bounds, and just keep those
that determine the asymptotics. The first lemma is a preliminary step for Lemma 4.2, and the
main lower bounds are given in Lemmas 4.2 and 4.3.

Lemma 4.1. Suppose that the {X;} and the vector (N, C1, Ca, .. .) satisfy Assumption 3.1 with
Vite = | X1ll14e < 00 for some e > 0. Let0 <v < 1, w = xl_”/st, y = x/logx, and
8 > 0. Then, there exist constants K, xo > 0 such that, for all x > x,

PUN(1+&x)=1,Zy =y, INn(w) =0)

N
> E[I(ZN <y, Inw)=0)) F(“z&ﬂ
i=1 i

K N/«
T v log x E|:1(IN(w) =0 ;F(F)]

Proof. Let B; = {CiX; > (1 4+ d)x, SUP < j<N+1, j£i Cij < A+dx, Zy <y,
Iy (w) = 0}, and note that the B;s are disjoint. Therefore,

N

N
PUN(L+8)x) =1, Zy <y, Iy(w) =0) = E[l(U Bi>] = E[Z 1(31-)].
i=1

i=1

Let # = o(N, Cq, Ca, ...), and use the independence of the {X;} and ¥ to obtain

N
E[Z 1(B,-)}
i=1

=E[1Zy <. Iy(w) =0)
N

x Y B[ICX > A+001( s CX; = (1 +0x) | F]]

i=1 1<j<N-+1, j#i
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N
= E[I(ZN =y, In(w) = O)ZE[I(CiXi > (1+8)x) | ?]}

i=1

- E|:1(ZN =y, In(w) =0)

X ;E[I(CiXi > (1 +8)x)1(1§j<sl.\}1fl’j# CiX;> +8)x) ‘ 37]:|

N
> E[l(zN <y, In(w) =0) Y F((lzﬂﬂ

i=1 !

- E|:1(ZN <y, In(w) =0)

Y E[I(CiX,‘>(l+8)x)1(Cij>(1+8)x)|?]i|,
1<i#j<N+1

where in the last step we used the union bound. To bound the last expectation, note that the
conditional independence of the {C; X;} given ¥ yields

E|:1(ZN <y, In(w) =0) Z E[1(C;X; > (14+8)x) 1(C;jX; > (14+8)x) | 3"]:|
l<i#j<N+1

N 2
< E[l(zN <y, In(w) = m(Z F(“Zﬂ)) }
i=1 !

Now use the same arguments from Lemma 3.3 to see that this last term is bounded from above

by
K N (1 +8)x

i=1 !

K Mo [x
= gy o =0 ()|

The following result provides the first of the two terms determining the asymptotic behavior
of P(Sy > x), the one corresponding to the one-big-jump principle. Lemma 4.3 below will
give the term corresponding to the case where the sum of the weights, Zy, is large.

Lemma 4.2. Suppose that the {X;} and the vector (N, Cy, Ca, .. .) satisfy Assumption 3.1 with

Yide = IX1ll11e < 00 for somee > 0. Let0 < v < 1, w = x'™/y14¢, y = x/logx, and
0 < 1/J/logx <& < 1. Then, for any h > 0, there exist constants K, xo > 0 such that, for all
X = X0,

P(Sy >x, IN(1+8)x) =1, Ly(y) =0, Zy <y, Iy(w) =0)

N
> E|:1(ZN =y In(w) =0) Zﬁ<azﬂ)}

i=1

(log x)* Yo« 1
_K< RT E[l(IN(w):O)I;F(a)}JFF).

https://doi.org/10.1239/aap/1354716592 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1354716592

1162 M. OLVERA-CRAVIOTO

Proof. We start by noting that

P(Sy > x, In((1+8)x) = 1, Ly(y) =0, Zy <y, In(w) =0)
=PUN(1+8x) =1, Zy <y, In(w) =0) 4.1
—PUN+8)x) =1, Ly(y) = 1, Zy <y, In(w) =0) (4.2)
—Ply =x, IN((A+8x) =1, Ln(y) =0, Zy <y, IN(w) =0). 4.3)

From Lemma 4.1 we find that (4.1) is greater than or equal to

N[+ K S
E[I(ZN <y, Iy(w) = O)ZF<( -g )xﬂ o E|:1(IN(U)) = O)ZF<%)}
i i=1 !

i=1

To bound (4.2), note that
{(INn((1+8)x) =1, Ly(y) = 1} = U {CiXi > A+d)x, C;X; <—y}
I<i#j<N+1

Now let ¥ = o (N, Cq, C2, ...), and use the union bound plus the conditional independence
of the {C; X;} given ¥ to obtain

P(Un((A+8&)x) =1, Ly(y) = 1, Zy <y, In(w) =0)
=E[l(Zy =y, IN(w) =0 E[A(Un((1+8x) = 1, Ly(y) = D) | F1I

_((1+38
SE[I(ZNSy,IN(w):O) Z F<( Z-)X)F(_Cljﬂ

l

1<i#j<N+1
N N
cofuseer oA ) E(-2)
i=1 ! j=1 J

Using the same arguments from Lemma 3.3, we see that the last expectation is bounded by

N N
Kw® - ((1+8x K (log x)® _( x
B[ v =0 DA(EE ) [« S v =0 D F(F )|

Finally, to bound (4.3), note that

{Sv =x, IN((1+8)x) = 1, Ly(y) =0}

N
c ZCiXi 1(—y <CX; <(1+4+d)x) < —8x}
i=1

IN

N
D CGXi UCiIXi| < y) < —ax}
i=1

N

N
D GIXICiIXi| < y) = 5x},

i=1
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from where it follows that

P(Sy =x, IN((1+8)x) > 1, Ly(y) =0, Zy <y, Iy(w) =0)
N
< P(Z CilXi| (Ci|X;| < y) = x, Zy <y, Iy(w) = 0>.
i=1
Now apply Lemma 3.4 with X; replaced by |X;| to obtain
N
P(Z CiIXi| (G| Xi| < y) = 8x, Zy <y, Iy(w) = 0) = o(x™")
i=1
as x — oo forall 4 > 0.
Combining the bounds derived above for (4.1), (4.2), and (4.3) gives the result.

Lemma 4.3. Suppose that the {X;} and the vector (N, C1, Ca, .. .) satisfy Assumption 3.1 with
w > 0and y14¢ = | X1ll1+e < 00 for some ¢ > 0. In addition, assume that Zy < o0
a.s. and E[Z{VZI C;SH] < oo forsome B > 0. Letv = ¢/2(B + ¢)), w = xl_”/yprg, and
0<1/J/logx <68 < % Then there exist constants K, xo > 0 such that, for all x > x,

146
P<SN >x, Zy > M, Iy(w) = 0)
1 K
Sp(zy > LEDN  peenviomip( 7 o XY o K
1 w) " xPren
Proof. We start by noting that
1+6
P(SN >x, ZN > u, Iy (w) =0>
1456 1456
> P(ZN > u) —P(SN < zy s LT =o> —P(Unw) > 1).
n

From (3.7) we obtain
P(Iy(w) > 1) < Kx~F~¢/2,

Now let )_(i =u—-X;, )A(,' =un/2 - X;, SN = Zf\;l C,‘)_(,', and SN = ZIN=1 C,‘.)A(,‘. Note that

1456
P(SN <x. Zy > SO =o>
_ 146 4
_ P(SN > uzy—x, LY P ) = 0) (4.4)
1 1
N 7 4
+P(SN > “’TN X, Zn > 2 Ivw) =0>. (4.5)
m

To analyze (4.4), define Jv@) =#{1 <i < N+ 1: C;X; > t} and note that (4.4) is bounded

by
_ 1+ 4
P(SN ssx, DY g ) = 0)
w w
_ _ 1+ 8)x 4x
<P|{Sy =éx, IN(x) =0, ———— < Zy < —, In(w) =0 (4.6)
w
1+6)x

+P(fN(x) > 1, < Zy < 4%7 Iy(w) = 0). 4.7
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By Lemma 3.2 withv = x, u = x7V, and A = ((1 + 8)x /i, 4x/ul, (4.6) is bounded by

N
P(Z C,‘X,‘ I(C,‘Xi <x)>dx,

i=1

1+ 4 K|IX
1t 1

log(xV)

4K | X

< exp{—eax + %Gx} P(ZN > f)
e log(x Z

< Kefeua/logx P(ZN -~ £>,
"

where 6 = (¢/x)log(x"). To analyze (4.7), let ¥ = o (N, Cy, C3,...) and use the union
bound to see that it is bounded by

14+6 4
u <Zy < _x’ Iy (w) :0>
n

EH@ e Zn <X ) = o) E[1(Jy(x) > 1) | ?]}
m "

N
< E[l(w <Zy =2, Iy = 0) Y _ECiX;i > x) | Ci]}

128 2 iz
- N
(1 )]
- %p(zN . %) “8)
Now, to analyze (4.5), define Jn ) =#{1<i<N+1: CiX; > t} and split the probability

into
A HZN 4x ~
P Sy > 5 —x,Zy>—, In(w) =0, Jy(uZNy) =0
7

A /LZN 4x ~
+P| Sy > — % Zy > —, In(w) =0, INn(uZn) > 1
"
N Z 4x
< P(Z CRNCX <pzy) = BN —x zy > 2 Iyw) = 0) (4.9)
i=1 2 H

4 A
+P<zN > 2 Iyw) =0, Jy(uZy) = 1>. (4.10)
%

Applying the same steps used to derive (4.8), we see that (4.10) is bounded by

N
E[|Xl|”€]E[1(ZN -2 v = 0)(MZN)16 ZC}”}
m

i=1
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Finally, to bound (4.9), we can repeat the proof of Lemma 3.2, with the difference that Zy
now appears in the truncation and the level to be exceeded. Set v = uZy, u = xt=v,
z=uZn/2—x,and ® = (¢/(LZN)) log(x_H‘”uZN), and note that on the set {Zy > 4x/u}
we have 1/v < ® < 1/u for sufficiently large x, as required. Now, using the same proof as
that of Lemma 3.2, we see that (4.9) is bounded, for sufficiently large x, by

4 z KIX +
EIZN>_x expy —© BN _ + _ﬁ+¢ OZy
. 2 27 loga~ T uzy)

< E|:1<ZN > ﬁ)e(ﬂ(uzn}ﬂﬂ]
I

Now note that on {Zy > 4x/u} we have

_®<MZN B x) __&WmZn/2 = x) o

g uZy) < — 2 log(@x"),
,uZN 4

which shows that (4.9) is bounded by K XTEV/AP(Zy > 4x /). This completes the proof.

5. Proofs of the main theorems

In this section we give the proofs of the theorems in Section 2. We start by stating two
preliminary lemmas. Lemma 5.1 is included only for completeness since part (a) is a direct
consequence of the representation theorem for the ORV class, Theorem 2.2.7 of [3], and part (b)
is contained in Theorem 2.3 of [7].

Lemma 5.1. Suppose that F € ORV with Matuszewska indices 0 < ay < By < oo. Then,
forany e > 0,

(a) there exists xo > 0 such that F(x) > x~Pr—¢ for all x > x,

(b) there exist xg > 0 and M < oo such that, for all . > 1 and x > Xx,

ik—ﬂf—g < _F_(Ax) < MYt
M T F(x)

The second preliminary lemma below establishes the one-big-jump asymptotics for the
random weighted sum using the properties of the IRV class.

Lemma 5.2. Suppose_ that the {X;} and the vector (N, C1, Ca, ...) satisfy Assumption 3.1.
Assume further that F € IRV and has Matuszewska indices 0 < ay < By < oo, and that
ZN < o0 a.s., E[ZIN=1 C?j "1 < 00 and E[Zf-v:1 Cffﬂ?] < oo for some 0 < ¢ < ay. If
E[N] < oo then the condition E[ZlN:l C;xf_g] < 00 can be dropped. Letv = ¢/(2(Bf + ¢)),
y >0 w=x!"V/y, y=x/logx, and 8§ = 1//Togx. Then, as x — 00,

N

=k F(E)]

N
~ E|:1(IN(w) =0y F((lzﬂ)}

i=1
=U
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N
~ E[I(ZN <y. Ivw) =0y F((l Z.S)X)}

i=1 L

=:L.
Proof. We start with the upper bounds,
2 N
F((1=38)x/C; _ F((1—8)t
l<j<N+1 F(X/CJ) i=1 Ci t>x/w F(l)

and L < M. It follows that
. L . U
limsup — < limsup — < 1.
X—>00 X—> 00

Now, for the lower bounds we have

U>M-— E[I(IN(w)>1)Z ( )]

i=1
and

~ ' F((L48)x/Cj) tn =(
L > E|:1(IN(U)) =0 _inf | T F(/Cy ; F(E)]

N
—E|:1(ZN >y, In(w) = O)Zﬁ<é)}
i=1
B AGET) (X
R i Gt LR ()]
N - X
—E|:1(ZN >y, In(w) = O)ZF<5)]

i=I
It remains to show that
o By (w) 2 DS Fe/Col 4+ ENZy >y, Iv(w) = 0) S, F(x/Co))
X—> 00 M

To obtain a lower bound for Ml, we use Lemma 5.1(b) and Fatou’s lemma as follows:

.. M F( /C) ﬂf+8i|
im in F(x)>1~:[21§n3£f o } KE[ZC ‘AC > 0. (5.1)

=0.

lim inf

Thus, it suffices to prove that

5.2)

0= lim E[I(IN(w) > 1)2 F(X/C’)}

F(x)

= hm E|:1(ZN >y, Iy(w) —O)ZM]

F(x)
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We analyze the second limit by noting that by Lemma 5.1(b) we have, for all sufficiently large x,

[1(ZN >y, Iy(w) = O)Z %} < KE[ZC cffﬂ
i=1

N
<K E[Z Cf‘f‘s} +K E[Z cf‘f“}
i=1

i=1
< 00,

so, by dominated convergence,

F(X/C)i|
limsupE|1(Zy > vy, IN(w) =0 _—
im sup [(N v, In(w) )Z o
N p p
< KE|:limsup1(ZN > y)ZC;xf_s v ijfﬂ]
X—> 00 i—=1
=0. (5.3)

For the limit in (5.2), we first split the expectation to obtain

[1(1N<w> > 1)2 F(x(/xf )] < E|:1(1N(w) > 1)2 Fﬁ;‘(/f D1 = w)}

+E[1(1N(w) > 1)ZM].

54
&R oY

Dominated convergence again gives

lim supE|:1(IN(w) > 1) Z P/ 1(C; < w)}

X—>00 P F(x)
N
<K E|:lim sup L(Iy(w) = 1Y ¢ F v cff”]
X—>00 i=1
=0.
Finally, to bound (5.4), note that, by (3.7),

N N
E[I(IN(w) > 1)21(@- > w)i| < E[Z 1(C; > w)] < %.
i=1 i=1 X

The observation that, by Lemma 5.1(a), lim_, oo x#/7¢/2 F (x) = 0o completes the proof.
Remark. The proof given above requires that E[Zl e TRy Cf; ! '+8] < oo to derive (5.3),

which is clearly implied by the two conditions E[Zi=1 C; rE ] < oo and E[ZZ-N=1 C;ng] <
oo. To see that the first condition can be dropped when E[N] < oo, note that

N N
E[Z ' Cff”] <E[N]+ E[Z cffﬂ < 0.
i=1

i=1
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We are now ready to prove the main theorems from Section 2. The first result corresponds
to the setting where the asymptotic behavior of both P(My > x) and P(Sy > x) is determined
by the one-big-jump principle.

Proof of Theorem 2.1. Leta = ay, B = By, and M = E[ZZN=1 F(x/C_‘i)]. Note that by
(5.1) we have M > K F(x), and by Lemma 5.1(a) we have limy_, xPHhF (x) = oo for any
h > 0, from where it follows that

Kx P82 = o(M) (5.5)
asx — oo. Letv =¢/2(B+¢)), w = x'""/y14e, y = x/logx, and § = 1//Togx. Then,
from Lemmas 4.2 and 5.2 we obtain, for all three cases,

.. PMy>x) .. . _P(Sy>x)
e ey =t

For the upper bound, we first note that, by Lemma 5.1(b),

1 1+¢
L S [1(1N(w)—0)2 (2)]
 (og)’™ o 1(Iy (w) = 0) ( >_ﬂ_sﬁ<i>
< B 1y - z 5]

K (log x)A+1+2¢
S xal)

— o(M) (5.6)

M

for all sufficiently large x. We split the rest of the analysis of the upper bounds into the three
different cases.

Case I: p < 0. Itfollows, from Proposition 3.1(b), Lemma 5.2, and relations (5.5) and (5.6),
that P(M )

. N > X
limsup ——— < 1.
e M

Case 2: = 0and P(Zy > x) = O(F(x)). We use Proposition 3.1(a), Lemma 5.2, and

relations (5.5) and (5.6) to obtain
P(My > x) P(8Zy > x) + Kx~2P(Zy > y)

limsup —— < 1+ limsu
X—)(X)p M x%oop M

To see that the last limit is 0, use Lemma 5.1 to obtain

, P(8Zy > x) + Kx¢"/2P(Zy > y) . F(x/8) + x¢"2F(y)
lim sup < K limsu =
X—00 M xX—00 F(x)

X B+e
< K lim sup<8°‘5 + xg"/z(—> )
x—00 y

ki 1 (log x)P+e
= 2P (og ) @72 R

=0.
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Case 3: u > 0and P(Zy > x) = o(F(x)). We use Proposition 3.1(a), Lemma 5.2, and
relations (5.5) and (5.6) to obtain

. P(My > x)
limsuyp ——
X—>00 M
P((u+8)Zy > x) + Kx2P(Zy > y) + Ke ¥V P(Zy > x/(2u))
M
P 8)Z —evvlogx/ip(z
<1+ K Timsup ((u +6) N>x)+_e ( N>}’)'
X—>00 F(x)

< 1+ limsup

X—> 00

For the first summand in the limit, we use Lemma 5.1 to see that

lim sup P((u+8)Zy > x) < lim sup P((u+8)Zy > x) lim sup F(x/(ﬂ +98))
x—>00 F(x) T x>0 F(x/(,u—{—S)) Y00 F(x)
< K lim sup P(va > */(n+9)
oo F(o/(u+9))

=0.

For the second limit, we use Lemma 5.1 again as follows:

e WlR R p(Zy > ) L P(Zy > y) e VIRTHE(y)
lim sup = < lim sup = =
X—>00 F(x) X—00 F(y) F(x)
P(Z
< lim sup MK lim sup e ~€VV192 ¥/ K (Jog x)P+e
X—>00 F(y X—>00
=0.

The next proof corresponds to the setting where the asymptotic behavior of P(My > x) and
P(Sy > x) is determined by both the one-big-jump principle and the tail behavior of Zy.

Proof of Theorem 2.2. Leta = ay, B = By, and M = E[X:INI1 F(x/C:i)]. Note that by
(5.1) we have Ml > K F'(x), and, by Lemma 5.1(a), we have lim,_, xPThF(x) = oo for any
h > 0, from where it follows that Kx #7¢/2 = o(M) as x — oo. Let v = ¢/(2(8 + ¢)),

w=x""Y/y14e, y =x/logx,and § = 1//Togx.
Note that since Zy is intermediate regularly varying,

P((u+8)Zy > x) ~ P(ZN > f)
m

as x — 00. Also, since IRV C ORYV, it holds that

L Py > x/Qu)
oy P(Zy > x/m)

Moreover, if we let 0 < B, < oo be the lower Matuszewska index of G(x) =P(Zy > x), then
Lemma 5.1(b) gives

—811/2P A 1 Bgte
lim sup u (Zy > 3) < K lim sup x ~*"/2 <£) =0.
X—00 P(Zy > x/n) X—00 19
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These observations combined with Proposition 3.1(a), Lemma 5.2, and relations (5.5) and (5.6)
give
P(MN > x)
lim sup
x—>o0o M+P(Zy > x/1)
—sv/ZP VA —evy/logx/n P(Z 2
§1+Khmsupx (Zn >y)+e (Zn > x/(21))
x—>00 P(Zy > x/n)

=1

For the lower bound, we use P(Zy > (1 4+ 8)x/u) ~ P(Zy > x/un), Lemmas 4.2, 4.3
and 5.2, and relations (5.5) and (5.6) to obtain

L P(My > x) P(Sy > x)
lim inf > liminf
x—>00 M+P(Zy > x/p) = x>0 M+P(Zy >X/M)

This completes the proof.

The last proof corresponds to the setting where the tail behavior of P(My > x) and
P(Sy > x) is solely determined by the sum of the weights, Z.

Proof of Theorem 2.3. Let o = ag, p = g, v = ¢/(2(B +¢)), w = 7V e,
y =x/logx,and § = 1/,/logx. Recall that F(x) =P(X| > x)and G(x) = P(Zy > x).
Note that, since G € IRV, then

(1 +8)x x

as x — oo.
We start with the upper bound, for which we use Proposition 3.1(a) to obtain

P(My > x)
lim sup ———
x—oo P(Zy > x/p)

1
< 1 + Klimsup ——
x»oop P(Zy > X/M)

x {E[l(IN(w) =0) Z F(%)]

(1ogx)1+f 1
— [1<1N<w)—0>2 ( >]+xﬁ+—/2

+x sv/ZP(ZN -~ y) _i_esv./]ogx//j,P(ZN - (2x ))}
n

Since the distribution of Zy belongs to IRV C OR, then lim,_, oo x#T¢/2P(Zy > x/p) =
by Lemma 5.1(a). Also, by the same arguments used in the proof of Theorem 2.2,

. xEv/2 P(Zy > ) + e—evvlogx/n P(Zy > x/(2u))
lim sup =0.
0 P(Zy > x/w)
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For the two remaining terms, we use Lemma 5.1 to obtain, for sufficiently large x,

1 K L (=)
G(x/pL){E[l(IN(w)_O)ZF( C )]
log x)1+¢ N
o w012

() Y G- a)x/c,)}
= G(n{ [ () ; G/

(logx)”f [ G(y/C)) “
- < 7 1 —
+— (Iy(w) = O)ZG(x/,u)

F(t) N( C; >a—8 ( G >ﬂ+8:|
——E| K _
= l:l?w G(t){ [ ; 1-d0pu v 1-98)u
Ite a x 97 4\ Bte
+ME[K2(2> v(ﬁ) ”
o o NP ny

F(t 1 B+142¢
< K sup (){1+(0gx) }
t>y/u) G(t) xEU
F(t
<K sup L
t>y/w G(t)

Since F(x) = o(G(x)) asx — 00, we have lim SUP, 00 SUP;> y /) F(t)/é(t) = 0. The expec-
tation preceding the supremumls finite 1feltherE[Zl 1 C"‘ 1< ooandE[Zl | CﬁH] < 00,
or E[N] < oo and E[Zl 1 G +g] < o0 (see the remark followmg the proof of Lemma 5.2).
For the lower bound, we use P(Zy > (1 +8)x/u) ~ P(Zy > x/un) and Lemma 4.3 to
obtain
P(My > x) L P(Sy > x) -

liminf ———— > liminf >
x=00 P(Zy > x/u) = x—o0 P(Zn > x/u)

This completes the proof.
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