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LARGE DEVIATIONS AND RUIN PROBABILITIES FOR SOLUTIONS TO
STOCHASTIC RECURRENCE EQUATIONS WITH HEAVY-TAILED INNOVATIONS

DIMITRIOS G. KONSTANTINIDES AND THOMAS MIKOSCH

ABSTRACT. In this paper we consider the stochastic recurrence equation Y; = A;Y;—1 + B: for an iid
sequence of pairs (A¢, By) of non-negative random variables, where we assume that By is regularly varying
with index x > 0 and EAf < 1. We show that the stationary solution (Y;) to this equation has regularly
varying finite-dimensional distributions with index . This implies that the partial sums S, = Y1 +---+Y,
of this process are regularly varying. In particular, the relation P(Sy, > z) ~ cinP(Y1 > z) as ¢ — oo
holds for some constant ¢; > 0. For k > 1, we also study the large deviation probabilities P(Sn, — ESyp > x),
r > xp, for some sequence x,, — oo whose growth depends on the heaviness of the tail of the distribution
of Y1. We show that the relation P(S, — ESp, > z) ~ can P(Y1 > z) holds uniformly for z > z, and
some constant cg > 0. Then we apply the large deviation results to derive bounds for the ruin probability
Y(u) = P(sup,>q((Sn — ESn) —pun) > u) for any g > 0. We show that 1(u) ~ cgu P(Y1 > u)p~ 1 (k—1)"1
for some constant ¢z > 0. In contrast to the case of iid regularly varying Y’s, when the above results hold
with ¢ = c2 = ¢3 = 1, the constants c1, c2 and c3 are different from 1.

1. INTRODUCTION

The stochastic recurrence equation
(1.1) Yi=AYi1+B:, te€i,

and its stationary solution have attracted quite a few attention over the last years. Here ((A¢, By)) is an iid
sequence of pairs of non-negative random variables A; and B;. (In what follows, we write A, B,Y, ..., for
generic elements of the stationary sequences (A;), (B:), (Yz), etc. We also write ¢ for any positive constant
whose value is not of interest.)

Major applications of stochastic recurrence equations are in financial time series analysis. For example,
the squares of the GARCH process can be embedded in a stochastic recurrence equation of type (1.1); we
refer to Section 8.4 in Embrechts et al. [14] for an introduction to stochastic recurrence equations and
Basrak et al. [1] and Mikosch [20] for recent surveys on the mathematics of GARCH models, their properties
and relation with stochastic recurrence equations. The stochastic recurrence equation approach has also
proved useful for the estimation of GARCH and related models; see Straumann and Mikosch [34, 35, 24].
In a financial or insurance context, the stochastic recurrence equation (1.1) has natural interpretations. For
example, B; can be considered as annual payment and A; as a discount factor. The value Y; is then the
aggregated value of past discounted payments. In a life insurance context, (Y;) is referred to as a perpetuity;
see for example Dufresne [13]. Stochastic recurrence equations have also been used to describe evolutions in
biology; see Baxendale and Khasminskii [2] and the references therein.

It will be convenient to use the notation

I = Iy =1l .
1, s>t,
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2 D.G. KONSTANTINIDES AND T. MIKOSCH

It is well known (Bougerol and Picard [5]) that (1.1) has a unique strictly stationary ergodic causal solution
(V) (i.e., Y; is a function only of (A4, By),s < t) if and only if

(1.2) —00< FlogA<0 and FElogtB < oo.

In what follows, we always assume this condition to be satisfied. The stationary solution has representation

t t—1
(13) Y; = Z HH—Lt B, = B + Z Hi+1,t B;,, teZ.

We say that any non-negative random variable Z and its distribution are regularly varying with index &
if its right tail is of the form

P(Z>x)=%, x>0,

for some x > 0 and a slowly varying function L. A result of Kesten [19] shows that the stationary solution
to the stochastic recurrence equation (1.1) has regularly varying distribution, under quite general conditions
on A and B. We cite this benchmark result for comparison with the results we obtain in this paper.

Theorem 1.1. (Kesten [19]) Assume that the following conditions hold:

e For somee >0, FA° < 1.
e The set

{log(an-+-a1): n>1, an---a1 >0 and ayp,...,a1 € the support of Pa}

generates a dense group in R with respect to summation and the Euclidean topology. Here Py denotes
the distribution of A.
e There exists kg > 0 such that

(1.4) EA™ > 1,
and E (A”O log™ A) < 00.
Then the following statements hold:
(1) There exists a unique solution r € (0, ko] to the equation

EA® =1.

(2) If EB" < oo, there exists a unique strictly stationary ergodic causal solution (Y:) to the stochastic
recurrence equation (1.1) with representation (1.3).

(3) If EB" < oo, then Y is regularly varying with index x > 0. In particular, there exists ¢ > 0 such
that

PY >z)~cz™ ™, z—00.

Condition (1.4) is crucial. Goldie and Griibel [16] show that P(Y > z) can decay exponentially fast to
zero if (1.4) is not satisfied. Notice that (1.4) ensures that the support of A is spread out sufficiently far.

The set-up of this paper is different from the one in Kesten’s Theorem 1.1. The latter result is surprising
insofar that a light-tailed distribution of A (such as the exponential or the truncated normal distribution)
can cause the stationary solution (Y;) to (1.1) to have a marginal distribution with Pareto-like tails. In this
paper we consider the case when B is regularly varying with index x and A has lighter right tail than B. In
this case the conditions of Kesten’s theorem are not met. In particular, we always assume that FA" < 1.
The marginal distribution of the stationary solution (Y;) turns out to be regularly varying with the same
index k as the innovations By.

It is the objective of this paper to study the interplay of the regular variation of Y and the particular
dependence structure of the Y;’s with respect to the partial sums

Sp=Y1+---+Y,, n>1.
Due to (multivariate) regular variation of the finite-dimensional distributions of (Y;), Sy, is regularly varying
with index &, and we establish the precise tail asymptotics for P(S, > x) for fixed n and as x — oo. We
will see that, in contrast to iid regularly varying random variables Y; (cf. Lemma 1.3.1 in [14]), the relation
P(S, > x)

= >2
) nP(Y > x) =

)
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does not hold for the stationary solution (Y;) to (1.1), neither under the conditions of Kesten’s theorem nor
under the conditions imposed in this paper; see Section 3.3. We will show in Proposition 3.2 that

(1.5) lim MzE@EH)RHI—EAR)n}fE(iH-)N n>2
. o P(Y > {E) v 7 o £ T 5 = 4.

A question which is closely related to (1.5) concerns the large deviations of the partial sum process (Sy,).
In this case, one is interested in the asymptotic behavior of the tail P(S,, > z,) for real sequences (z)
increasing to infinity sufficiently fast. Classical results (see for example A.V. Nagaev [26], S.V. Nagaev [27],
Cline and Hsing [7]; cf. the surveys in Section 8.6 in [14] and Mikosch and Nagaev [21]) say that for iid (Y})
and thresholds x,, — oo, the relation

(1.6) P(S, >z, ~ nPY >uz,)

~ P(max(Y1,...,Y,) > x,)
holds. For reasons of comparison, we quote a general large deviation result for iid random variables.

Theorem 1.2. Assume that B > 0 is reqularly varying with index k > 0.
(1) (A.V. Nagaev [26]; cf. S.V. Nagaev [27]) Assume that k> 2. Then

P (Z(Bt — EB) > x) =®(z/v/n)(1+0(1)) +nP(B>x)(1+0(1)),

t=1

as n — oo and uniformly for x > \/n, where ® = 1 — ® is the right tail of the standard normal
distribution function ®. In particular,

P (Z(Bt — EB) > a:) =®(z/v/n) (1 +0(1))

t=1

uniformly for vn <z <+ /anlogn and a < k — 2, and

P (i(Bt — EB) > a:) =nP(B>z)(1+0(1))

t=1

uniformly for x > y/an logn and a > k — 2.
(2) (Cline, Hsing [7]) Assume that k € (1,2). Then

(1.7) P (i(Bt — EB) > x) =nP(B>z)(l+o0(1)),

t=1
as n — oo and uniformly for x > ay c,, where (ay) satisfies n P(B > a,) ~ 1 and (c,) is any
sequence satisfying ¢, — oo.

The uniformity of these large deviation results refers to the fact that the error bounds hold uniformly for
the indicated z-regions. For example, in the case k € (1,2), (1.7) means that
P(3i_i(B: — EB) > )
nP(B > x)

(1.8) lim sup 1l=0

n—oo IZI’IL

where x,, = a,, ¢,.
We will show in Theorem 4.2 that the following analog to Theorem 1.2 holds, under the more restrictive
condition that (A;) and (B;) are independent:

PSu=ESi>2) _ _pap (iﬂ>
=0

nP(Y > ) =0

(1.9) lim sup

n—oo :EZ:E’IL

The question about large deviations is closely related to the ruin probability of the random walk (.S,,).
Given that FY < oo, this is the probability

w(u):P<sup[(Sn—ESn)—un] >u> >0,

n>1
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It is one of the very well studied objects of applied probability theory, starting with classical work by
Cramér in the 1930s. For iid regularly varying and, more generally, subexponential Y;’s the asymptotic
behavior of 1 (u) as u — oo was studied by various authors; see Chapter 1 in Embrechts et al. [14]. The
following benchmark result is classical in the context of ruin for heavy-tailed distributions. We cite it here
for comparison with the results of this paper.

Theorem 1.3. Assume that B is reqularly varying with index x > 1. Then for any pu > 0,

nzl \i=1

" 11
P(sup (Z(Bt—EB)—,un> >u> N; 1uP(B>u), u— 00.

In Theorem 4.9 we prove an analogous result for (Y3):

(1.10) v~ panE (i nl) wP(Y > u).
=0

N;Ii—].

The results of this paper are derived by applications of the heavy-tailed large deviations heuristics. In the
case of iid Y;’s this means that a large deviation of the random walk S, from its mean E.S, must be due
to exactly one unusually large value Y;, whereas the Y;’s for s # ¢ are small compared to Y;. We refer to
Samorodnitsky [32] for a review on these heuristics which can be exploited in the context of various applied
probability models. For dependent Y;’s, as considered in this paper, the large deviations heuristics has
to be combined with the understanding of the dependence structure of the random walk S;, exceeding high
thresholds. In the proof of the ruin probability result it turns out that the ruin probability of the random walk
(S) behaves very much like the ruin probability of the random walk ;" , B;Cy, where Cy = > 02 Tl 41,
t € Z. This is another stationary sequence, but under the conditions of this paper its marginal distributions
have tails less heavy than (B;). Since we assume independence of (A¢) and (By), hence of (Ct) and (By), in
Section 4.2, it is likely that a large value of S, is now caused by a large value B;C}, which in turn is caused
by a large value of B;. We make this intuition precise by showing (1.10).

The results (1.5) on the tail of S,, for fixed n, (1.9) on the large deviations of (S,) and (1.10) on the
ruin probability of (S,,) and their analogs for iid Y}’s illustrate some crucial differences between the behavior
of a random walk with dependent and independent heavy-tailed step sizes far away from the origin. The
constants on the right-hand sides of (1.5), (1.9) and (1.10), which differ from those in the case of iid regularly
varying Y;’s, can be considered as alternative measures of the extremal clustering behavior of the Y;’s. Similar
results were obtained only for a few classes of stationary processes (Y;). Those include results by Mikosch
and Samorodnitsky [22, 23] on large deviations and ruin for random walks with step sizes which constitute
a linear process with regularly varying innovations or a stationary ergodic stable process, and by Davis and
Hsing [8] on large deviations for random walks with infinite variance regularly varying step sizes. So far
the known results do not allow one to draw a general picture which would allow one to classify stationary
sequences of regularly varying random variables Y; with respect to their extremal behavior of the random
walk with negative drift ((S, — ES,,) — un). The cited results and also those of the present paper are steps
in the search for appropriate measures of extremal dependence in a stationary sequence by studying the
behavior of suitable functionals acting on the sequence.

The paper is organized as follows. In Section 2 we give conditions under which the stationary solution
(Yz) to the stochastic recurrence equation (1.1) has regularly varying finite-dimensional distributions. In
Section 3 we consider applications of this property to the weak convergence of related point processes, the
central limit theorem of (.S, ) and the partial maxima of (¥;). In Section 4.1 we study the large deviations
of (S,,) and in Section 4.2 we give our main result on the asymptotic behavior of the ruin probability ¥ (u).
Since the proofs of the main results are quite technical, we postpone them to particular sections at the end
of the paper. The proof of Theorem 4.2 will be given in Section 5 and the one of Theorem 4.9 in Section 6.

2. REGULAR VARIATION OF THE SOLUTION TO THE STOCHASTIC RECURRENCE EQUATION

2.1. Preliminaries. We start with some auxiliary results in order to establish regular variation of Y. In
what follows, we write F(z) =1 — F(x) for the right tail of any distribution function F.
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Lemma 2.1. (Davis and Resnick [11]) Let F be a distribution function concentrated on (0,00). Assume

Z1, ..., Zy are non-negative random variables satisfying
P(Z; >
(2.1) lm 2> _

for some non-negative finite values c¢;, where F(x) = P(Z1 < x), and
P(21 >x,Z; > J))

2.2 lim — =0, i1#7.
(2.2) Jim ) 7
Then
P(Zi+ -+ Z,
lim ( 1+_+ >x):C1+~'-+Cn.

= F()

We will frequently make use of the following elementary property which was proved by Breiman [6] in a
special case. We refer to it as Breiman’s result and prove a uniform version of it for further use.

Lemma 2.2. (Breiman [6]) Let £, n be non-negative non-degenerate random variables such that & is reqularly
varying with index xk > 0 and EntT¢ < co for some € > 0. Then for any sequence T, — oo,

. Pn > x)
lim sup |————= — En®| =0.
oo, | PE>@)
This means that the product £ 7 inherits regular variation from &.
Proof. Fix M > 0. Then
P(§n > )
A = — - 2 _FEp”
(@) P(€ > z)
Py > ) }
= e Y dP(n<y
/[O,M] [ P(§ > ) ( )
Py > x)

—En"I(a,00)(0) +/ dP(n <y)

(M,0) P(€> )
= Ai(x) — As+ As(z).
Obviously,
Mli_r)rloo Ay =0.

Moreover, the uniform convergence theorem for regularly varying functions (see Bingham et al. [4]) implies
that for every fixed M > 0,

Py >x)
sup |Aq(z)] < sup/ ’7— FldP(n <
a:Za:"| 1( )| 2Ty J[0,M] P(f > CE) Y (77 y)
Py > )
< sup sup |——= —y” 0.
- mzfnys}\%‘ P>z |7

An application of the Potter bounds for regularly varying functions (see Bingham et al. [4], p. 25) yields for
x,x/y > xo, for sufficiently large o > 0 and all y > M > 1 that

PE>2/y) _ te
P

Hence

P(n> /)
sup |As(x <  sup / y"tedP(n <y) + sup ——L
:cZ:cn| 3( )| z>x, J M<y<z/zo ( ) z>x, P(¢>x)

— 0

by first letting n — oo and then M — oo, since En®*¢ < co. This proves the lemma. (|
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We now turn to the stochastic recurrence equation (1.1). After n iterations we obtain

(2.3) Yo =, Y+ > Tij1n By

t=1

As in Section 1, we assume that ((A¢, B)) is an iid sequence of pairs of non-negative random variables A;
and B;. In addition, suppose that B is regularly varying with index x > 0 and FA®t% < oo for some ¢ > 0.
Then Breiman’s result (Lemma 2.2) applies:

P(Hilei > x)

(24) P(B > x)

~ (BEA®")™! asz — 0.

The following result will be crucial for the property of regular variation of the finite-dimensional distri-
butions of the stationary solution (Y,) to (1.1). For its formulation we assume that Yy = ¢ in (2.3) for some
constant ¢. We use the same notation (Y,,) in this case, slightly abusing notation since (Y,) is then not the
stationary solution to (1.1).

Proposition 2.3. Assume B is reqularly varying with index k > 0 and EAT? < oo for some § > 0. Then
the following relation holds for fized n > 1 and Y,, defined in (2.3) with Yo = c:

I
—

n

P(Y, >x)~P(B>x) (EA®)', asx — oc.

s
I
<)

Proof. We write
Z():l_.[nc7 Zt:Htletv tzl,...7’l’L.
Observe that

Yn :HnC+ZHt+17nBt iHnC—"ZHt—lBt :ZZt'
t=1 t=1 =0

We have for 1 <i < j <mn,
P(Zl > x,Zj > J)) < P(Hi_l min(Bi,Hm_l Bj) > JJ)

Since EA®9 < o0 and B is regularly varying with index &, we can find a function g(z) — oo such that
g(x)/x — 0, and P(max(4;,11;) > g(z)) = o(P(B > x)). Hence, for i < j,
]D(Zz >, Zj > .’E) < P(Hi,1 min(Bi, Hi,j,1 BJ) > x,max(Ai, Hl) > g(x))
P(B > x) - P(B >z)

P(Hi,1 min(Bi, Hi,j,1 Bj) > x,max(Ai, Hl) < g(x))

+ P(B>x)

P(max(A;,11;) > g(x)) L P(Il;_1 B; > x, 141 51 B; > z/g(x))
- P(B > x) P(B > x)

= o(l)+(EA®Y2P(B > x/g(z)) (1+0(1)) — 0.

In the last step we made multiple use of Breiman’s result and the independence of II;_1 B; and II; 11 ;1 B;.
By Markov’s inequality, we also have for 1 <i < n,
P(Zo >ux,Z; >£C)
P(B > x)

P(Zy > z) o (BAR+On g=r=0
P(B>z) — P(B>z)

< — 0.

Hence we are in the framework of Lemma 2.1 with ¢y = 0 and ¢; = (EA®)"™1 i =1,...,n; see (2.4). This
proves the proposition. O
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2.2. Univariate regular variation of Y. In this section we prove regular variation of the marginal distri-
bution of the stationary solution to the stochastic recurrence equation (1.1). From Proposition 2.3 and the
representation (1.3) of the stationary solution (Y;) we conclude that

n n—1
P - I, B;
(25) lim inf M (21:1 1 > J))

> = EA®).
vt P(B > 1) = s P(B > 1) ;( )

Letting n — oo yields a lower bound for P(Y > z). We want to show that
(2.6) P(Y >2)~P(B>x) Y (BA®)', x— oo,
i=0

under the conditions that B is regularly varying with index x > 0 and EA® < 1. Obviously, only if the latter
condition holds relation (2.6) is meaningful. This also means that the conditions of Kesten’s Theorem 1.1
cannot be satisfied. In that case, the index of regular variation k of Y satisfies FA®” = 1 and EB" < oc.
Since in our case B is assumed to be regularly varying with index x, the moment condition on B is not
necessarily met either.

Proposition 2.4. Assume that B is reqularly varying with index k > 0, EA®T® < oo for some § > 0 and
EA® < 1. Then a unique strictly stationary solution (Yi) to the stochastic recurrence equation (1.1) ewists
and satisfies

P(Y >2)~P(B>z)(1—-EA")"".

The result and its proof are in the spirit of Resnick [29], pages 229-230, who treats the case of infinite moving
averages with regularly varying innovations, Davis and Resnick [11], who treat the bilinear process with
regularly varying innovations, and to Resnick and Willekens [30]. The latter authors consider a stochastic
recurrence equation of type (1.1) with regularly varying B, but (A4;) and (B;) are independent in their case.
The latter condition is often not satisfied in applications. For example, the squares of an ARCH(1) process
satisfy an equation of type (1.1) with A; and B, dependent for every ¢; see for example Embrechts et al.
[14], Section 8.4.

Proof. The function
g(h) = BA"

satisfies g(0) = 1, g(k) < 1 and it is continuous and convex in [0, k]. Therefore ¢g’(0+) = Elog A < 0.
Moreover, since EBY < oo for v < &, both conditions in (1.2) are satisfied and, hence, a unique stationary
solution (Y;) to (1.1) exists.

Since we have already proved the lower bound in (2.5), we focus on the upper bound. We make use of
the representation

o0
y4 Z ;1 By,
i=1
which follows from (1.3). We have for small € > 0,

P(Y>l‘) SP (zn:ﬂi_quj > (1—8)$> +P< i Hi—lBi >€$> :Il(l‘)—l—lg(.r).

i=1 i=n+1
From Proposition 2.3 with ¢ = 0 and regular variation of B we have

n—1

(2.7) L(z)~(1—e)"P(B>z) ) (EA"),

Hence
o I(x) 4
v <L — K .
161%1 nhm hin sup B> (1 - EA")
It suffices to show that

L L(z)
P PG s )



8 D.G. KONSTANTINIDES AND T. MIKOSCH

We have

A

Ig(af) < Z P(Hi_l B; > J?) + P ( Z Hi—lBiI[O,g;] (Hi—l Bl) > EZ‘)
i=n+1 i=n+1

= 121(.13) —|—122(.13)

First assume that x < 1. Write p = k 4+ §. Since the function g(h) is continuous, g(k) < 1 and g(p) < oo
for small §, we may assume without loss of generality that p < 1 and g(p + 0) < 1. Applying Markov’s
inequality, we have

Io(z) < (ex)™” Z E(Il;—1 B;)? Ijg 2 (i1 B;) .

1=n+1
Moreover,
E(II;_1 B;)? Iy ,1(I1;_1 B;
Ji(z) = (ILi—1 B;)? 9 o) (ILi—1 By)
xP P(B > x)
>  EBPIg./a(B EBPIy (B
= / ap—[o’ /]( )dP(Hz_lga 7[0’]( )

0 EBPI ,1(B) zP P(B > x)

An application of Karamata’s theorem yields for some positive constant c,

EBPI .1 (B)

(2:8) @ P(B>z) =

z>0.
Since EBPIjy 4 (B) is regularly varying with index J = p — x, the Potter bounds (Bingham et al. [4], p. 25)
for regularly varying functions ensure that for any a € (0,1), v > 0, and for sufficiently large x,

EBPIg 4/4)(B)

e s < a0
E[BPljp,2(B)]

This implies for large z, v € (0, %) and for all 4,

1 00
J7($) < c |:/ ap—é—’y dP(Hi_l < a) +/ a? dP(Hi_l < CL)
0 1
< e[(BARTY)T 4 (BAP)T
< erttt

)

for some r € (0,1). Indeed, since g(p + 0) < 1, the convexity of the function g(h) and ¢g(0) = 1 imply that
max(g(k —),9(p)) <r < 1. We conclude that

oo
(2.9) nh_}rrgo ligl_}sgp ]3(12327(:)13) <ePe¢ nh—{go i;_l Fl 0.
It remains to consider I (z). We start by observing that
P(IL;1B; >x) = PLi_11p1y(Ii—1)B; > x) + P(IL;_11(1,00)(I1i—1) B; > ).
An application of the Potter bounds with v < x yields
P(i1 0o y(Ii1)Bi > @) E[P(Wiifjo,y(T;-1)B > @ | T;-1)]
P(B > x) P(B>z)
< e BE(ILi—q)" (i)
< ert™t,
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By Markov’s inequality and (2.8),

P(Hi—ll(l,oo)(ni—l)Bi > a:) < P(Hi—ll(l,oo) (Hi—l)BiI[O,m] (Bi) > J)) + P(Hi_l > 1) P(B > x)
< 2 PE(Li1)P I 00)(Lim1) EBPI 4)(B) + (EAP) ! P(B > x)
< cr'P(B> 1),

for some positive ¢ > 0. Finally, we conclude that

. . 121(33) . = i—1
lim 1 ———<cl T =0.
Ji limsup prp Ty et D v

This proves the theorem for k < 1.

Now we turn to the case £ > 1. As before, choose p = £ + § > & such that EAP™® < 1. Then I(x) and
I51(x) can be treated in the same way as for k < 1. As to Isa(x), an application of the Markov and triangle
inequalities yields

Ip(@) _ (e2)"E (1 Wim1 Biljo o) (i By))”
P(B>zxz) ~— P(B > x)

5—p< i Jj“’@;)) .

i=n+1

IN

Following the lines of proof above, J;(x) < cri~! for sufficiently large o and all i, and therefore an estimate
similar to (2.9) holds. This concludes the proof. O

2.3. Regular variation of the finite-dimensional distributions of (Y;). In what follows, we assume
that the conditions of Proposition 2.4 are satisfied. The latter result states that the marginal distribution
of the stationary sequence (Y;,) is regularly varying with the same index x as the innovations B;. It is the
aim of this section to extend this result to the finite-dimensional distributions of the process (Y3).

For this reason, we introduce the notion of regular variation for an m-dimensional random vector: the
vector Y € R™ is regularly varying with index x > 0 if there exists a Radon measure p on the Borel o-field
B of [0, 00]™\{0} such that

nPla,*Yec) % u.

Here the sequence (a,,) satisfies P(|Y| > a,) ~n~!, % denotes vague convergence in B, and  is a measure
with the property u(t-) = t~"u(-) for all ¢ > 0; see Resnick [29] for an introduction to regular variation,
related point process convergence and vague convergence. An equivalent way to characterize the limiting
measure y is via a presentation in spherical coordinates. This means that for every fixed ¢ > 0 and (a,,) as
above,

nP(|Y|>ta,,Y/|Y|€:) 5t "P@Oc"),

where | - | is any fixed norm, > refers to vague convergence on the Borel o-field of the unit sphere S?~!
corresponding to this norm and © is a vector with values in S¢~!. Its distribution is referred to as the
spectral distribution of Y.
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For fixed m > 1, we have

Y, = (Yl,...,Ym)/
m—1 !
= (I, I, 11,) Yo + <B1 By+ A3B1 ..., B+ Y Mip1m Bi)
i=1
114 1 0 0
I, Iy 1 0
113 Iy 3 1133 0
— Yo + : By + By + + B,
ITn—1 I -1 I3 -1
Hm H27m H3 m 1

=: AOYO+A1B1—|——|—AmBm

Notice that Ay and Yj are independent, and so are A; and B; for every i. Since E|Ai|"""S < oo for some § > 0

and Yy, By, ..., B, are independent and regularly varying with index x, a multivariate version of Breiman’s
result (cf. Basrak et al. [1], Resnick and Willekens [30]) applies to conclude that each of the vectors AoYo,
ABy,..., A, B, is regularly varying with index x with corresponding limiting measures po, ..., tty;. We

mention that the normalizing sequences for these vectors are of the same size since, by the one-dimensional
Breiman result and Proposition 2.4, as © — oo,

P(|AgYo| >2) ~ E|Ao|" P(Yo > z) ~ E|Ao|" (1 — EA®)"' P(B > x),
P(|A; Bj| >x) ~ E|A)|"PB>uz), i=1,...,m.
We choose one normalizing sequence (ay,) for all vectors such that n P(|Ag|Yy > ap) ~ 1. We can characterize

i via its spectral distribution. Indeed, by Breiman’s result we have for any Borel set S C S?~! whose
boundary has mean zero with respect to the spectral distribution,

TLP(|A1| B; >ta, ,Al/|Az| € S) ~tF nP(B > an) E[|A1|H Is(Al/|AZ|)] s
and therefore the spectral distribution of A;Y; for these sets S is given by

ElA|" Is(Ai/|Aq])]
ElA;|% '

Adapting the proof of Lemma 2.1 in Davis and Resnick [11] to the multivariate case, it follows that Y,,
is regularly varying with index s and limiting measure

(2.10) pldx) = po(dx) + ¢y pa(dx) + - -+ + cm pm (dX)
where
_ EJA" K
¢ = E|Aol" (1-EA"%)

provided that the following relations holds for any Borel sets C1, C2 C [0, 00]™\{0} which are bounded away
from zero:

nPla,*A;B; € C1,a,'AjB; € Cy) -0, 0<i<j<m,
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where we write By = Y} for the sake of simplicity. Since C; and Cy are bounded away from zero, there exists
M > 0 such that |x| > M for all x € C;,Cy. Therefore for i < j and any v > 0,

{a,'AiB; € C1,a;,"A;B; € Co} C{|Ai| B; > an M ,|Aj| B; > a,, M}
Cc {yBi>May,yB; >Ma,}

U{vBi > Man, |Ajl1,00)(|A)]) Bj > M ax }

U{yB;j > M ay,|AilI(y.00)(|Ai]) Bi > M ay }

U{J A L(y,00)(JAi]) Bi > M ay, |Aj|1(y,00)(|A4]) Bj > M ay}

= DyU---UDy.

By definition of (a,,) and the independence of B; and Bj, it follows immediately that n P(D;) — 0. A similar
approach applies to Dy since B; is independent of B;A; and, by Breiman’s result,

nP(Dy) ~ nP(yB; > May,)E|Aj["I,)(|As]) P(Bj > M a,) — 0.
Similarly,
nP(D3) < nP(|Aill,00)(|Ai]) Bi > M ay)
~ nE[A)| I ) (|Ai]) P(B; > M ay),
and by Lebesgue dominated convergence,

lim limsupn P(D3) =0.
Y7 n—oo
The relation nP(D4) — 0 can be proved in the same way.
We summarize our findings.

Proposition 2.5. If the conditions of Proposition 2.4 hold, then the finite-dimensional distributions of the
stationary solution (Yi) to the stochastic recurrence equation (1.1) are reqularly varying with inder k and
limiting measure given in (2.10).

3. SOME APPLICATIONS OF THE REGULAR VARIATION PROPERTY

In this section we consider some applications of the property of regular variation of the solution (Y3) to
the stochastic recurrence equation (1.1). In particular, we are interested in functionals of the Y;’s and their
limit behavior. The results include the central limit theorem for the partial sums of the sequence (Y;) and
limit theory for its partial maxima.

3.1. A remark about the strong mixing property of (¥;). Recall that a stationary ergodic sequence
(Y%) is said to be strongly mizing if

ap = sup |P(AnB)—P(A)P(B)| — 0,
A€o (Y ,s<t),B€o(Ys,s>k)

and it is said to be strongly mizing with geometric rate if there are constants r € (0,1) and ¢ > 0 such that
ay < cr¥ for all k > 1; see Rosenblatt [31], cf. Doukhan [12]. Under general conditions, the latter property
is satisfied for the stationary solution (Y;) of the stochastic recurrence equation (1.3). This follows from
work by Mokkadem [25]; cf. also Basrak et al. [1], Theorem 2.8.

Proposition 3.1. Assume EA® <1, EB® < 0o for some € > 0 and A has an a.e. positive Lebesque density
on its support [0,xo], for some xg < oco. Then the stochastic recurrence equation (1.1) has a stationary
ergodic solution (Y;) which is strongly mizing with geometric rate.
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3.2. The central limit theorem. If the assumptions of Proposition 2.4 hold and (Y}) is p-irreducible, then
we may conclude from Propositions 2.4, 2.5 and 3.1 that there exists a unique stationary solution (Y;) to the
stochastic recurrence equation (1.1) which is strongly mixing with geometric rate and which has regularly
varying finite-dimensional distributions with index « > 0.
If k > 2, a standard central limit theorem for stationary ergodic martingale difference sequences applies
to (Y;) and no further mixing condition is needed. Indeed, we have
n n
n V2 (S, —ES,) =n"'? > (A, = EA)Y, 1+ (B, — EB)| +n ?EA) (Y, 1 — EY).
t=1 t=1
Hence

n M2 (S, — ES,) =n"'?(1-EA)T' Y [(Ay— EA)Y,_1 + (B, — EB)] + op(1).
t=1

The sequence [(A;— EA)Y;—1+(B;— EB)] is a stationary ergodic martingale difference sequence with respect
to the filtration F; = o((Ay, Bz),z < t). Therefore the central limit theorem from Billingsley [3], Chapter
23, applies:

n~Y2 (S, — ES,) % N(0,02),

where 02 = var(Y). Notice that EA < 1 since EA® < 1, k > 2 and g(h) = EA" is a convex function.

If k < 2, infinite variance limits may occur for (.S,,); see Davis and Hsing [8] and Davis and Mikosch [9].
The proof relies on a point process argument for the lagged vectors Y (m) = (Y3, ..., Yy, )" which is identical
to the proof of Theorem 2.10 in Basrak et al. [1] and requires regular variation of the finite-dimensional
distributions and the strong mixing condition for (Y;) with geometric rate. It implies weak convergence of
the point processes

n
d

(3.1) No =Y ev,(mya, — N.

t=1
The limiting Poisson point process N is described in [1] and (a,,) is a sequence satisfying n P(Y > a,) ~ 1.

The convergence result (3.1) and the arguments in [8, 9, 1] imply the weak convergence of the partial
sums, sample autocovariances, sample autocorrelations and the partial maxima of the sequence (Y;). For
details we refer to the mentioned literature. For example, if x € (0,2)\{1},
_ d

a 1(Sn_bn)_’va

n

where Z,; is a totally skewed to the right infinite variance k-stable random variable, b, = ES,, for k > 1
and b, = 0 for k < 1. (We refer to Samorodnitsky and Taqqu [33] for an encyclopedic treatment of stable
distributions and processes.) The proof of the weak convergence of the sample autocovariances and sample
autocorrelations is identical to the one treated in Basrak et al. [1] for solutions to the stochastic recurrence
equation (1.1).

Moreover,

a;lmaX(Yl ey Yn) 4, R.(0),
where P(R, <x)=e~® ", 2 > 0, is the Fréchet distribution function with shape parameter s, P(R,(0) <
r) = [P(R. < 7)]? and 0 € (0,1) is the extremal index of the sequence (Y;). See Embrechts et al. [14] for
an introduction to extreme value theory and in particular Section 8.1, where the notion of extremal index is
treated. Extreme value theory for the solution (Y;) to (1.1) under the conditions of Kesten’s Theorem 1.1
was studied in de Haan et al. [17]. In their Theorem 2.1 they calculate

— < —1 k—1 .
0 / <1J11>alx HA Y ) Ky dy

We mention that the same proof as in [17] (with n'/* replaced by (a,) as above) applies under the conditions
of Proposition 2.4, when Kesten’s result does not apply. Indeed, an inspection of their proof shows that
it only requires the structure of the stochastic recurrence equation (1.1), the definition of (a, ), the regular
variation of (Y;) and the existence of some h > 0 such that FA" < 1.
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The definition of the extremal index 6 implies that for z,, > a,,
Pmax(Y1,...,Yn) > x,) ~0nP(Y > x,).

This is in contrast to iid Y;’s, where this relation holds with & = 1. In the iid case we also know that
P(S, — ES, > x,) ~ P(max(Y1,...,Y,) > x,) for suitable sequences (x,) with z,, — oco. The various
results proved in this paper, including Proposition 3.2 and Theorem 4.2, show that the exceedances of
the random walk (S,,) and of the partial maxima (max(Y1,...,Y;)) above high thresholds have different
asymptotic behavior which is also different from the case of iid Y;’s.

3.3. Regular variation of sums. In what follows we study the tail behavior of the sums

for fixed n > 1 under the assumptions of Proposition 2.5. It follows from Proposition 2.5 that all linear
combinations of the lagged vector Y,, are regularly varying with index . In particular, S, is regularly
varying with index x. In this section we give a precise description of the tail asymptotics of P(S,, > z) for
fixed n as x — oo.

We have
(3.2) Sn=1) (Hi Yo+ ) Htﬂ,iBt) =Y ) Wi+ By M.
i=1 t=1 i=1 t=1 i=t
Write

Zo=Yy Y T; and Zy=DB;» Mppy;, t=1,....n.
i=1 i=t

Notice that Yj is independent of Zle II; and B; is independent of Z?:t IT;11,;. Now an argument similar
to the one in the proof of Proposition 2.3 shows that for 0 < s <t < mn,

P(Zy>x,Zs > x)
P(ZQ>£E)

—0, z—o00.

Also notice that the same result holds if Yy = ¢ is a constant initial value. An application of Lemma 2.1
yields the following result.

Proposition 3.2. Assume that the conditions of Proposition 2.4 hold. If (Y,,) is the stationary solution to
the stochastic recurrence equation (1.1) then

n r n—1 t r
. P(S,>x) 4
(3.3) lim — =Y o pan B (S S B (Y
S NECEE &™) &
If (Yy,) satisfies the stochastic recurrence equation (1.1) with Yo = ¢ for some constant c, then
. P(S,>x) i, : "
lim ————~F = E II; .
vt P(B > 1) 2 ;

For comparison, assume for the moment that (}2) is an iid sequence Vi 2y and Y has the stationary
distribution given by (1.3). Then for every fixed n > 1,

- - P(ff1+m+1~fn>x)

=1.
z—00 nP(Y > x)

This is the subexponential property of a regularly varying distribution; see Embrechts et al. [14], Section 1.3.2
and Appendix A3 for an extensive discussion of subexponential distributions. Property (3.4) does not remain
valid for dependent stationary sequences with regularly varying finite-dimensional distributions. This was
shown in Mikosch and Samorodnitsky [22] for the case of linear processes. In that case the limiting constant
in (3.4) is in general different from 1 and depends on the coefficients of the linear process. Proposition 3.2
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shows that a similar behavior can be expected for other non-linear stationary processes. In particular, by
Proposition 3.2 relation (3.3) can be re-written in the form

n K n—1 t K
P (S, > x)
3.5 lim ————+=F I1; 1—-FEA" E IL | .
o i 525 -6 () va-en Ee(sn)
It is interesting to observe that a similar relationship holds if the (A, By)’s satisfy the conditions of
Kesten’s Theorem 1.1. In that case the condition FA® =1 is needed for regular variation of the stationary
solution (Y;) to the stochastic recurrence equation (1.1) with index & > 0. Assume in addition that EB*+9

and EA%T? are finite for some § > 0. Then we may conclude from the representation (3.2), regular variation
of Yy and Breiman’s result that

. P(S,>x) = "
lim —————~=F II; .
RIS v (Z )

In a sense, this is the limiting result in (3.5) for EA" = 1.

4. LARGE DEVIATIONS AND RUIN PROBABILITIES

4.1. Results on large deviations. In this subsection we couple the increase of x with n to obtain proba-
bilities of large deviations of the type

P(S, — ES, >x) ~nEC"P(B >x), uniformly for z >z,

and appropriate sequences x, — 0o. Here C is a generic element of the stationary sequence
oo

(41) Cy = ZHt+1’i , t€ Z .
i=t

We start with an auxiliary result, where we collect some useful properties of this sequence.

Lemma 4.1. Assume that (A¢) is an #d sequence and EA" < 1 for some k > 0.

(1) The sequence (Cy) defined in (4.1) is well defined and strictly stationary.

(2) The random wvariable C has finite pth moment if and only if EAP < oo for p > 0.

(3) The sequences (Cy) and (Dy) given by (4.2) have the same finite-dimensional distributions. If A
has an a.e. positive Lebesgue density on the support [0, zo] for some xg < oo, then (Dy) is strongly
mizing with geometric rate.

Proof. (1) The sequence (C}) has the same distribution as the sequence

t
(42) Dt = Z Hi+1,t 5 te Z .
1=—00
The latter satisfies the stochastic recurrence equation

t—1
(43) Dt = ]. + At Z Hi+1,t71 = ]. + At Dt,1 5 te Z,

It constitutes a unique strictly stationary sequence if and only if F'log A < 0, see (1.2), which is satisfied if
E A" <1 for some k > 0.

(2) From (4.3), the independence of D;_; and A; and the stationarity of (D;) we conclude that D; has finite
pth moment if and only if A; has. Since D £ C, the statement follows.

(3) follows from Proposition 3.1. O

In the following result we assume in addition that the sequences (A;) and (B;), hence (C;) and (By), are
independent. Although we conjecture that this assumption can be avoided, we need the independence at
various technical steps in the proof.
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Theorem 4.2. Assume that (A;) and (B) are independent #id sequences of non-negative random variables,
B is regularly varying with index k > 1, EA® < 1 and EA?*® < oco. Consider a sequence of positive numbers
such that n P(B > x,) — 0 and for every ¢ > 0,

i sup | D0 (BIpa (B)) Yiy CF > ca?/logx) + P (1351, (Cr = EC)| > cx) |

(4.4)

Then the large deviation relations

. P(S, — ES, > )
4. lim s ~ECR| =
(4.5) dm s | sEs O 0
. P(S, — ES, < —x)
4. 1 S =
(4.6) oo ob T P(B > 1) 0

are satisfied.
The proof of the theorem is rather technical and therefore postponed until Section 5.

Remark 4.3. The validation of (4.4) is in general difficult. Sufficient conditions for (4.4) can be verified by
assuming certain mixing conditions on (C%); see Lemma 4.6 below and Lemma 4.1(3).

Remark 4.4. Theorem 4.5 is applicable for finite or infinite variance sequences (B;). The infinite vari-
ance comes into the picture in condition (4.4). For k > 2, var(Bljp,(B)) — c for some finite ¢ > 0.
Hence condition (4.4) can be formulated without var(Blj,(B)). If K < 2 or K = 2 and var(B) = oo,
var(Bl 4)(B)) — oco. In particular, for k = 2, var(Bly ,)(B)) is a slowly varying function which increases
to infinity. If x € (1,2), an application of Karamata’s theorem yields for some ¢ > 0, var(Bljg 4 (B)) ~
cz? P(B > 1) — oo.

Remark 4.5. The literature on large deviations for sums of stationary heavy-tailed random variables is
rather sparse. The case of linear processes Y; = Z;’;foo @; Zs—; for iid regularly varying sequences (Z;)
was treated in Mikosch and Samorodnitsky [22]. In this case, the limit of (P(S,, — ES,, > z)/(nP(Y > x))
is approximated uniformly for z > cn, any positive ¢. The limit depends in a complicated way on the
coefficients ¢; and on the coefficient of regular variation. Davis and Hsing [8] seems to be the only reference,
where large deviation results were proved for general regularly varying stationary sequences, assuming certain
mixing conditions and xk < 2. They exploit point process convergence results and express the limit of the
sequence (P(S, > z,)/(nP(Y > z,)) in terms of the limiting point process, which is difficult to interpret.
Unfortunately, their approach seems to work only in the case of infinite variance random variables.

We continue by giving some sufficient conditions for the validity of the relation (4.4).

Lemma 4.6. Assume A has an a.e. positive Lebesque density on its support [0,x0] for some xo < 0o, B is
reqularly varying with index k and EA" <1 for some k > 1.

(1) Assume

0 1 —(v+r)
(4.7) sup nlFt7)/2= (m/\/var(BI[o,m] (B))log x) /P(B>zx)—0
>y
and EA"TY < oo for some v such that k 4+~ > 2. Then relation (4.4) holds.
(2) Assume that C < ¢ a.s. for some constant ¢ > 0 and for some d,e > 0,

o —d (x//n)?/(log z var (BI(g ,)(B))) o (@ /v/mn*

4.8 _ 0.
(4.8) sup " PES ) M =Ty e

Then relation (4.4) holds.

Remark 4.7. In particular, (4.4) holds for (z,) with (4.8) if A < ¢ for some constant ¢y < 1 and B is
regularly varying with index x > 1. Indeed, then EA? < 1 for alld >0 and C < Y ;2 ch = (1 —co)~ "
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Remark 4.8. We discuss the conditions on the z-regions where (4.4) holds. If k > 2, var(B) < oo. Writing
P(B > z) = =" L(x) for some slowly varying function L, (4.7) is satisfied if

(4.9) [n(’””)/z*l x:ﬂ] sup [(logz) " t/2/L(2)] — 0.

T>Tp

Since (logz)"t"/2/L(z) < ¢, for every € > 0 and sufficiently large =, (4.9) holds if z, = n%>*+% with
§ >y~ 1(k/2—1). This § can be chosen the closer to zero the more moments of A exist, i.e., the larger y can
be chosen. These growth rates are comparable to the case of iid Y;’s for k > 2, see Theorem 1.2, where one
could choose x,, = ¢y/n logn for some constant ¢ > 0. Such precise results are hard to derive in the case of
dependent Y;’s.

If k € (1,2), a similar remark applies. Then x,, can be chosen of the order n(!/®)*9 for some § > 0 which
is in agreement with the order of magnitude of (z,,) for iid sequences, see again Theorem 1.2.

Notice that, under the above conditions, x,, = ¢n can be chosen in most cases of interest for k > 1.

Proof. By Lemma 4.1(3), the sequence (D;) 4 (Cy) is strongly mixing with geometric rate and so is (N¢ D),
where the iid standard normal sequence (IV;) is assumed to be independent of (D;). This follows by standard
results on strong mixing; see for example Doukhan [12].

By Markov’s inequality, for every y > 0 and v > 0 such that EA®*™ < oo,

n n (r+7)/2
P (Z Cc? > y) < y~OF02E (Z CE)
t=1 t=1
n Kty
= y Ot2E ZDt N, JE|N|(+)/2
t=1
(4.10) < c(n/y)0TR/2,

In the last step we applied a moment estimate for sums of strongly mixing random variables with geometric
rate and used the fact that v + xk > 2; see Doukhan [12], p. 31. Applying (4.10) for > 1, d > 0, we obtain

P (Var(BI[O,x] (B)) Zfﬂ Ctz > dﬂ?z/ log a:) < (:C/\/longar(B[[Ox](B)))*(“/Jm) n(st+)/2
nP(B > x) = ¢ nP(B > ) )

and the right-hand side converges to zero uniformly for x > z,,, by virtue of assumption (4.7).
Similarly, if C' < ¢ a.s., applying an exponential Markov inequality for h > 0,

P (Z ci > y) < e /2 W/m pe (W /20 T, CF
t=1

— o~ (¥/2) (y/n) g hn V2, DN

The central limit theorem for strongly mixing random variables with geometric rate (see Ibragimov and
Linnik [18]) yields

n
n~Y23" DNy L N(0,07),
t=1

2

where 0° = var(D). Moreover,

Beh?/2n ' SiL, CF o pe (/) _

Applying a domination argument, the central limit theorem and assumption (4.8) prove that

P (var(Blo +(B)) ¥izy CF > da?/logx) Ce—<h2/2>d<w/ﬁ>2/<logwvar(Bf[o,mB))) o

nP(B > x) - nP(B > x)
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The estimates for P(}_;_,(C; — EC) > z) can be derived in a similar fashion. If EA®™ < co we have
K+y
P (

Now assume C < ¢ a.s. Since (C}) is strongly mixing with geometric rate the following exponential bound
holds (see Doukhan [12], p. 34). For any € < 0.5 there exists a constant & > 0 such that

P(Z(Ct—EC)>a:> < e h@/vAnTT
t=1

This concludes the proof. O

>x> < Pt o)

S (- BO)

S - BC)

< g~ (M) plstn)/2

4.2. Results on ruin probabilities. In this subsection we study the ruin probability

Y(u) =P (sup ((Sp — ESy) — un) > u) ,
n>0

when the initial capital w — oo and p > 0. Here (Y;) is the unique stationary ergodic solution to (1.3), (A¢)

and (By) are independent and satisfy the conditions of Theorem 4.2. In particular, we assume that « > 1.

Then EB < oo and FA < 1 since EA® < 1. In particular, EY = EB (1 — EA)~! = EB EC is well defined.

This choice and the strong law of large numbers ensure that the random walk ((S, — ES,) — pn)n>o has a

negative drift.

Theorem 4.9. Assume that the conditions of Theorem 4.2 hold, that k > 1 and x, = cn is a possible
threshold sequence for every ¢ > 0. Moreover, assume there exists v > k such that EC*TY < oco. Assume
that (Cy) is strongly mizing with geometric rate. Then we have for any p > 0,

Y(u) 11

4.11 lim ————— =FEC" — .
(4-11) ugrolouP(B>u) pr—1

We postpone the proof of Theorem 4.9 to Section 6.

Remark 4.10. The assumption that Theorem 4.2 holds for z,, = cn is not really a strong restriction.
Indeed, we discussed in Remark 4.8 that this condition is satisfied under very mild conditions.

Remark 4.11. This result is similar to the case of iid Y;’s; see Theorem 1.3 above. To compare with the
latter one, we mention that (4.11) can be reformulated by using Proposition 2.4:

. P(u) 1 1
lim — Y (1~ A" EC" = ,
ugrolouP(Y>u) ( )EC pr—1

5. PROOF OF THEOREM 4.2
We will make use of the decomposition

Yo Mi+Y By Myai—» B Y Ty
i=1 =1 =t

t=1 i=n+1

(5.1) S,

= Sn,l + Sn72 - Sn,3 .
Proof of (4.5). We start with an upper bound. Observe that for small € > 0,
P(S, — ES, > x)
< P(Sn,l — ESml > .136/2) + P(Smg — Esmg >x (1 — E)) + P(—Sn,:g + E5n73 > $€/2)
= ILi(x)+ Ix(z) + I3(x).

We bound the I;’s in a series of lemmas.
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Lemma 5.1. We have

: Ii(x) :
1 — = =1,3.
WP SR 0 T

Proof of Lemma 5.1. We start with I;. The random variable Y} is regularly varying with index &, by
virtue of Proposition 2.4, and independent of (II;). Moreover,

inmimic—L
=1 =1

We also see that

EYEA
1—EA

ESn1=EY Y (EA)'T

=1

The expectation FA is smaller than one since EA® < 1 for some £ > 1 and g(h) = EA" is a convex
function; see the discussion in the proof of Proposition 2.4. An application of Breiman’s result (Lemma 2.2)
and Proposition 2.4 yield that for independent C,Y,

I ({,C) < P(|Sn71 — ESn’1| > E.’ﬂ/?)

5.2 e S
(52) M EBen S ST PG

IN

PY(C—-1)>cex/2-{)
— nP(B > 1)

< ¢ sup P(Y >ex/2) E(C —1)" .
For Breiman’s result one needs that FC*19 < oo for some § > 0. This condition is satisfied since EA?" < oo,

by virtue of Lemma 4.1(2).
Now we turn to I3. We have

(5.3) Sn3 = Z BIli1 41 Z L2 4 Ag Crta Z Bl
=1 i=n+1 =1
(5.4) 4 ACY B, =ACY,

t=1

where Y/, A, C are independent and Y 2L y’. Similar arguments as for I; show that

I P n _E n 2
(55) sup 3(.13) < g (|S ,3 S 73| >Jj€/ )

DR < ) 0.
> nP(B > CC) - Jcb;fn nP(B > :E) -

This proves the lemma. U

Lemma 5.2. We have

o I(z) )
lim lim sup su —— _ _FEC" | <0.
cl0 n_mp QE (n P(B>«zx) -

Proof of Lemma 5.2. Write for any § > 0,
Qui(®) = |J {B:>62,B, > bz},

1<t<s<n
Qna(0) = {math < 5:5} ,
t<n

n

Qns(®) = |J{Bi>62,B, <oz, 1<s#t<n}.

t=1
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Then
I(z)
nP(B > x)
_ P ({Sng — ESmQ >x (1 — E)} n le(é)) T P ({Smg — ESmQ > (1 — E)} n QmQ(CS))
nP(B > x) nP(B > x)
+P ({Sn,g — ESn,Q > (1 — 6)} N Qn,g(a))
nP(B > x)

= Ig’l(x) + IQ’Q(.’,C) + I2,3(x) ,
Obviously, for any § > 0,
lim sup Izi(z) =0.

n—0oo wzwn
Writing for any t € Z, « > 0,
Bt,w - BtI[O,:c] (Bt) 5

we obtain
P (>} (Bt5:Ci — EB1 5. EC) > (1 — €)x)

sup lo(x) < sup

>y T>Ty, TZP(B > Jf)
Notice that
P(E) P(Ey)
. T < g .
Sup Toa(n) £ SUP g S e

where

El = {Z(Bt,ér - EBl,(SfI:) Ct > 05(1 — 6).13} ,

t=1

FEy = {EBl,éw Zn:(ct — EC) > 05(1 — E)SC} .

t=1
Conditioning on (C;) and using the Fuk-Nagaev inequality (p. 78 in Petrov [28]), we have with EC?* < oo,
E[P(E: | (Cy))]

-1

n n
< c¢E | (0501 —¢)z)" % Z C? +exp{ —c(0.5(1 — &)z)? |var(By s.) Z C?
t=1 t=1
< ca X nEC?*
" -1
+cE | exp{ —c(0.5(1 — €)z)? |var(B s52) ZCE] I ar(Brse) Sy C2<d a2/ log )
t=1
(5.6) +P (Var(BLM) ZCE > da?/log x)
t=1

= Jl(IC) + JQ(.’E) + J3(£C) R
where d > 0 is chosen small enough such that d’ = d’(d) = ¢[0.5(1 — ¢)]?/d is large enough implying
Jo (QC) e —¢(0.5(1—¢))%logz/d xfd'

—_ = < = e a——— 0.
AP WPB>1) b nP(B>a) 2P aPB>1)
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We also have

sup 7Jl(x)
ST ’/ZP(B > J))

The relations

J3(x) P(Es)
sup —————— — 0 d ——— =0
;;BL nP(B > x) —eoa rs;g nP(B > x) -
follow by assumption (4.4). Collecting the above estimates, we proved for every J,

lim sup Iz2(z) =0.

n—oo wzwn

Thus it remains to show that

(5.7) lim lim lim sup sup (I23(x) — EC") <0.

€l0 6l0 p—oo 2Ty

We have

B.Cy+ X", (BCy— EBEC) >z (1—¢),B, > 6, maxi<ycn o Bs < (sx)
nP(B > x)

IN
[
)
—~

"\ P (B; min(Cy,671(1 — 2¢)) > (1 — 2¢) )

<
— nP(B > x)
n P (z::m#(f;s C,— EBEC)>uxe,B, > 62, maxi<s<n spt By < 5ac>
+
- nP(B > )
t=1
_ P (By min(Cy,671(1 —2¢)) > (1 —2¢) )

P(B>x)

. En: P (ZZ:LS#(BS C, — EBEC) > x¢,maxi<y<n spt By < §x> P(B > z)
P nP(B > 1)

= Li(z) + Lo(x).
By Breiman’s result,

lim lim lim sup
€l0 8]0 n—oo

E [(min(C, 6~ (1 — 2¢)))"] E [(min(C,0'(1 - 2¢)))"] "
[<L1($)— (1_25),{ >+< (1_25)n —EC >

sup
T>Tp

=0.

Similar calculations as for I o(x) yield that for every 4, ¢,

lim sup La(z) =0.

N r>a,
We conclude that (5.7) holds. This finishes the proof of the lemma.
Lemmas 5.1 and 5.2 prove that

. P (S, —ES, >x)
5.8 lim sup su

We conclude the proof of (4.5) with the bound

. v P(Sn—ES,>z)
(5.9) llrlgisotip ws;f (EC W P(B > 1) )

—EC’") <0.

0.

IA
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Arguing as for (5.8), we see that for any § > 0, uniformly for x > z,,

P(Sn - ES, > a:) N P({Sng — ESmQ > a:} N Qng((s)) i P({Sng — ESmQ > JJ} N ng((s))
nP(B > x) nP(B > x) nP(B > x)

It follows by analogous arguments as for I o(x) that

sup 71{1(‘%)
ST ’/ZP(B > JJ)

Write for € > 0,
Ly ={B;min(Cy, 0 (1 +¢)) > (1+¢e)x}, teZ.
As regards Ko(x), we have
n P (BtCt + Yot ozt BsCs > 2 +nEBEC, By > 67, maXs<n st Bs < 633)

Kslz) = nP(B > x)

t=1

—~  P(Ly)

P(Br < )" > —5rp e

Y

n P ({01 0u(B. G — EBEC) < —c + EBEC 1 Ly 0 {maxycp o1 By < 60})
- nP(B > x)

t

= Kg}l(x) — Kg}g(x) .
Since n P(B > dx,) — 0 we have

1

sup |[[P(B < éz)]"* —1] — 0.

T>Ty

Therefore and by regular variation of B,

(5.10) sup ((1+¢)" Emin(C,0 (1 +¢))]" — Kz1(z)) — 0.
T>Ty
Write
Tpi=1{ Y (Bss:Cs— EBEC)< —cx+ EBEC
s=1,s#t

As regards K 2(z), we have for 0 <m < M < oo,

n

P(Tos 0L N{Cy <m}) + > P(T,: N L N{C, > M})
1 t=1

M=

nP(B>x)Kya(z) <

~
I

s P (To N LiN{Cy € (m, M]})

t=
= Kz2.1(z) + K222(x) + K2 23(2).
Then for small § > 0, by the uniform convergence theorem for regularly varying functions,

lim lim sup —B221® e PmB > (14 e)a)
m—0n—oo xzfﬂy nP(B > .I) m—0 n—oo xzfﬂ P(B > .13)

Ju

= limm"(1+e)7"=0.

m—0
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Moreover, by Breiman’s result and Lebesgue dominated convergence,

M — 00 n—00 wZJlUDn TLP(B > Z‘) M —o00 n*»oomzfn P(B > x)

= Mlim E(CNI(M7OO)(C)) (I+e)7"

= 0.

Finally, using the same method of proof as for I 2(x).

n

K
sup ECEXION < supnle ZP(TM&)

T>Ty n’P(B > I) B T>Ty t=1
< sup P (Z(BWCS — EBEC) < —¢ x/2> + sup P(B45.C > xe/2)
>y s—1 T>Th
— 0.

Taking the above bounds and, in particular, (5.10) into account, we conclude that

Tim. sup ((1+¢)™" E[min(C, 0~ (1 +¢))]" — Ka(x)) =0,

and letting 0 | 0, ¢ | 0, (5.9) follows.
The proof of relation (4.5) is now complete.
Proof of (4.6) The proof is similar to the one for (4.5). It follows from relations (5.2) and (5.5) that it
suffices to show
P(Sn,Q - ESn,Q S —Z T)
sup

—0

for any r > 0. We proceed similarly as for I>(x) and use the same notation. Then for any § > 0,

P({Sn,Q - ESn72 S —T T} N Qn,l((s)) P(Qn,l((s))

< — 0
oy nP(B > ) =N wPB>)

Moreover, by the uniform convergence theorem for regularly varying functions,

o P({Sn2—ESp2 < —xr}NQy3(0)) L P(B > éx)
lim 1 : : : < lim 1 St
5500 nb0 o nP(B > ) = e nte o P(B > )

= lim 6 "=0.
d—o00

Finally, uniformly for x > x,,, sufficiently large n,
P({Sn,Q - ESn,Q S —T T} N Qn,2(6))

DX
nP(B > )
_ P (S0 (Bisw G~ BB EC) < —av + n EC B(Bliss.)(B))
N nP(B > x)
< P (31 (Bisz Ct — EBy 5y EC) < —x1/2)
- nP(B > x) '

Here we used the fact that, by Karamata’s theorem, since « > x,, and n P(B > x,) — 0,
n EC E(Bl(5y,00)(B) <cnx P(B>x) <cnxP(B>x,) =o(x).

Hence

P (31 (Bisz — EB1sz) Cy < —x1/4) n P(EBis: Y 1, (Cy — EC) < —z1/4)
nP(B > x) nP(B > x)

Yq(z) + Xa(x) .
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The relation sup,>, Ya(x) — 0 follows from assumption (4.4). The relation sup,, ¥1(r) — 0 follows
by another application of the Fuk-Nagaev inequality in the same way as for P(F;) in combination with
assumption (4.4). O

6. PROOF OF THEOREM 4.9
‘We will use the notation
To=0, T,=Mi—-EY)+---+(Y,—FEY), n>1.

Proof of the upper bound. First, we show the relation

) Y(u) 1 1
1 limsup —————— < EC" —
(6.1 lfl_i)lipuP(B>u) < BC pwr—1"

by a series of auxiliary results. Before we proceed with them we give some intuition on the steps of the proof.

e In Lemmas 6.1 and 6.2 we show that the event {supngu/M (T, — pn) > u} does not contribute to
the order of ¥ (u) for sufficiently large u and M.

e In Lemma 6.3 we show that the order of ¥(u) is essentially determined by the event D(u) =
{supy, > 0/nr oty (Be — EB)Cy — pm) > u}.

e In Lemma 6.4 we show that it is unlikely that D(u) is caused by more than one large value B, > 60t
for any 6 > 0.

o In Lemma 6.5 we show that it is unlikely that D(u) occurs if all By’s in the sum Z?:[H/M} (B:+—EB)C}
are bounded by 6(t + u).

e In Lemma 6.6 we finally show that D(u) is essentially caused by exactly one unusually large value
B; > §(ut + u), whereas all other values By, s # t, are of smaller order. This lemma also gives the
desired upper bound (6.1) of ¥ (u).

Lemma 6.1. For any p > 0,

P (supngu/M (T, — pn) > u)

oy T sup wP(B > ) =0
Proof. We have
(6.2) P ( sup (T, —pun) > u) < P (T >u— EY [u/M]) .
n<u/M

For sufficiently large M, (1 — EY/M) > 0. Then an application of the large deviation result of Theorem 4.2
yields that the right-hand side in (6.2) is of the order

~clu/M](1-EY/M)™"P(B>u), u— 0.
The latter estimate implies the statement of the lemma by letting M — oco. O
Lemma 6.2. We have for any p > 0,

P (supnzu/M(T[u/M] —pun) > u)
lim limsup

M=00 oo uP(B > u) =0

Proof. We have by virtue of the large deviation results,

uwP(B > u) - uP(B >u)

 LW/M]P(B >u(l+p/M))
uP(B > u) ’

~ cMTPA+pu/M)TF -0, M—co.
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In the light of the two lemmas, it suffices to bound the probability

J(u) =P ( sup (T — Thuyan) — (L =€) pn] > (1 —¢) u)
n>u/M

for fixed M > 0 and any small € > 0. By (5.1) and by virtue of Breiman’s result, for large u,

Ju) < P YOZHi—i— sup Z (BiC, —EBEC)—(1—¢)un| >(1—-22)u

i=1 nzu/M \ 4w M1

< P(YOZHi>5u>+P sup > (BiC;—EBEC)—(1—¢e)pn|>(1-3¢c)u
=1 n2u/M O\ 41

~ e "P(Y >u)E(C—-1"+P| sup > (BCi—EBEC)—(1—¢)un | >(1-3¢c)u

n2u/M O\ 4y )41
< ¢P(Y>u)+P| sup Z (Bi—EB)Cy—(1—¢/2)pn | > (1 —4e)u
n2u/M o\ 41

+P| sup |EB Z (C;—EC)—eun/2| >cu
nzu/M t=[u/M]+1
= Ji(w) + J2(u) + J3(u).
We show that J5(u) = o(uP(Y > u)).

Lemma 6.3. Assume (C}) is strongly mizing with geometric rate and EC*TY < oo for some v > k. Then
for any M, >0,

P (SUPnzu/M (Z:;[u/M]+1(Ct - EC) - Mn) > U)

li _
w0 uP(B > u) 0
Proof. We have by Markov’s inequality,
n
P| sup Z (Ct —EC)—pun| >u
n2u/M o\ )41
< > Pl Y (G—EC)>pun+u
n=[u/M] t=[u/M]+1
o0 n H+’Y
< > (untuw)ySIE| Y (€ - EC)
n=[u/M] t=[u/M]+1
(6.3) < ¢ Z (n + )~ pletn)/2.
n=[u/M]

In the last step we applied the moment estimate
Rty

E <e

b

n~ 2y (Cy — EC)

t=1
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which is valid for strongly mixing sequences with geometric rate if v > x and EC7T* < oo, see e.g. Doukhan
[12], p. 31. An application of Karamata’s theorem shows that (6.3) is of the order

~ cul— (/2 o(uP(B > u)),

for v > k. (]
Thus it remains to estimate Jo(u). We proceed by a series of lemmas.

Lemma 6.4. For every 6 > 0,
P(B; > 0t for at least two t > u) = o(u P(B > u)).

Proof. We have by Karamata’s theorem,

P(B; > Otfor at least two t > u) < Z P(By > 0t,B; > 0j for some j #t)
t=[u]
< Y P(B>6t) > P(B>0j)
t:[u] j:[u]7j7£t

~ cuP(B>u)?,
from which the statement of the lemma follows. O

Lemma 6.5. Assume (C}) is strongly mizing with geometric rate, EC*Y < oo for some v > k. Then for
every M, u,0 > 0,

J(u) = P(Ay,) = o(u P(B > u)),

where

n

A= U { S (B~ EB)Cy > (1—de)(pun+u),
n>u/M]  t=[u/M]+1

B; <0(j+ u) for allj:[u/M]—i—l,...,n}.

Proof. We have

Juwy < > Pl > (B-EB)Ci>(1—-4de)(un+u), max  B; <0(n+u)
ne[u/M] A yyy I j=lu/M]+1,....,n
< Z P Z (Bt,«9 (n4u) — EBl,@ (n+u)) Cr > (1 - 45)(:“” + u) )

n=[u/M] t=[u/M]+1
where
Biw = Bl (Bi), ©>0.

Analogously to (5.6), an application of the Fuk-Nagaev inequality, conditionally on (C}), yields for d > 0
and d' =d'(d) > 0,

oo oo
Ju) < ¢ Z n(n4u)"2" 4 ¢ Z (n+u)~%
n=[u/M] n=[u/M]

e Y P<var<Bl,a<n+u)>ZCZ>d[(1—4e><un+u>12/log<<1—4e><un+u>>)

n=[u/M]

= Ji(u) + Jo(u) + Js(u) .
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Choosing d > 0 sufficiently small such that d’ becomes sufficiently large, an application of Karamata’s
theorem yields

Ji(u) < cu? 2 =o(uP(B>u)) and Jy(u) < cu = = o(uP(B > u)).
An application of (4.10) yields for v > &,

- (k+7)/2
. +u)”

6.4 Taw) < e n‘”””( - ) '

(6.4) 3(u) n_%;M] log(pn + u) var(By g (n4u))

If k > 2, var(Bi ) is slowly varying and if k € (1,2), var(B; ;) ~ cx? P(B > z). This follows by Karamata’s
theorem. These facts and (6.4) ensure that Js(u) = o(u P(B > u)). This proves the lemma. O
Finally, we bound J2(u) and obtain the desired upper bound (6.1) in the theorem.

Lemma 6.6. The following result holds:

Jz(u) 1 1
lim li — = < FCF=-—.
slﬁ)l lzrisolipuP(B >u) ¢ wr—1

Proof. By virtue of Lemmas 6.4 and 6.5,

lim sup A

P (Unsup {Siuana (B = EB) Gy > (1= 4¢) (un + w) | 1 45)
< limsup wP(B > u) ’
where for any § > 0,

As = U {B:>0(pt+u),Bs <d(ps+u)for all s > [u/M], s #t} .
t=[u/M]

Hence

lim sup _ o)

, S P(By min(Cy, 61 (1 — 5e)) > (1 — 5e) (ut + w))
< ]
< limsup wP(B > u)

P(B >0 (pt+u))
o+ lim sup Z wPB>u)
t=[u/M]

n

xP( U { 3 (BS—EB)CS>(1—45)(/m+u)}U

t>n>[u/M)  s=[u/M]+1

n

UU{ Z (BS—EB)CS>6(un+u)}ﬂ{BSS(S(us—i—u),alls;ﬁt})
n>t  s=[u/M]+1 ,s#t

= limsup K;(u) + limsup Ks(u).

U— 00 uU— 00
Similar arguments as for J(u) above show that

> P(B>6(ut+u)

K = ]_ - 1 .
) = oft) 3o ST = o)
t=[u/M]
An application of Breiman’s result and Karamata’s theorem yields
1 1

Ki(u) ~ (1—5¢) " E[min(Cy,6 (1 — 5¢))]"

/u@—l
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Noticing that

. . _ —K . —1 _ Ko K
E%%£(1 5¢)7" E[min(Cy,6~ ' (1 - 5¢))]" = EC”,

the lemma is proved. O
Proof of the lower bound. Now we want to prove that

o P(u) 11
6.5 1 f—nt — >FEC" ——.
(6.5) grat=y uwP(B>u) ~ pr—1
Again, we proceed by a series of auxiliary results. We start with a short outline of the steps in the proof.

e In Lemmas 6.7 and 6.8 we show that the order of (u) is essentially determined by the event
D(u) = {supp>u/nr (i pu/nny+1 (BeCe — EBEC) — pim) > u}.

e In Lemma 6.9 we complete the lower bound (6.5) of 1 (u) by first showing that D(u) is essentially
determined by the event D(u) = {sup,,>,/m (Z?:[M/M]H (B;— EB)C;—pun) > u}. The probability of
D(u) is bounded from below by intersecting D(u) with the union of the events {B; > d(ut+u), Bs <
d(put +u),for all s £t }, i.e., By is unusually large, whereas all the other By’s are smaller.

Lemma 6.7. For every e, M, > 0,
¥(u) = Li(u) + o(u P(B > u)),

where

Li(u)=P ( >s[u£)M] (T — Tiuyng — pm) > u(l+ 5)) .

Proof. We have

Yw) > P sup (Tn—Tuymg —pun) + iy >
n>[u/M]
> P sup (Tn—Tum —pn)> 1 +e)u, T > —Eu>
n>[u/M]
> P ( sup (Tn — T/ —un) > (1 +6)u> - P (T[u/M} < —Eu) ,
n>[u/M]
but by (4.6),
P (Tiu < —eu) = o(uP(B > u)).
This concludes the proof. O

Lemma 6.8. We have for any e, u, M >0, k > 1 and some ¢ > 0,

n—k
Li(u)> P | sup > (BiC,—EBEC)—(l+e)pn|>1+35)u| —c(EA")*uP(B > u).
nZ /M \ p=u/M]+1

Proof. Using the decomposition (5.1) and writing

n—k
Ri(k,u) =  sup Z (BiCy —EBEC)—(14¢)pn |,
nZ /M \ t=fu/M]41

n—k 00
Ro(k,u) = sup (Z B; Z Ht+1,i_5ﬂn> ,

n>[u/M] \ } i=n-+1
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Li(u) > P(Ri(k,u)— Ra(k,u) > (142¢)n)

> P(Ri(k,u) > (14 3e)u, —Ra(k,u) > —cu)

> P(Ri(k,u) > (1+3e)u) — P(Ra(k,u) > ecu)

= Lo(u) — Ls(u).
We show that

L3(u) < c(EA")* wP(B > u).
We have for k > 1,
[u/M]
Ly(u) < P( sup | Y Billiprumi G —epn/2 | = 5u/2>

n>[u/M] t=1

n—k
—|—P( sup Z Bth+1,n+1 Cn+1 — 6,un/2 > EU/Q)
n2[u/M]\ 4y p)41

L371(’U,) + L372(’LL) .

Then, by (5.3) and Markov’s inequality, for 0 < § < 1,

L371 (u)

IN

IN

IN

<

[u/M]

> P( > BTyt fuyan Muyan 41,041 Cogr > (6/2)(Mn+u))
n=[u/M] t=1

oo

Z P<Yo Hpw/ar+1,n41 Cngr > (a/2)(;m+u))
n=[u/M]
c Z (EAnfé)nf[u/M] (n+ u)fnJr(S

n=[u/M]

cu™" 0 = o(u P(B > u)).

Moreover, by (5.3) and Breiman’s result,

L3o(u) <

IA

IN

Next we bound Ls.

=) n—k
> oP(Y Billiia il krins Cort > (5/2)(m + )

n=[u/M] t=[u/M]+1

Z P(Yo I kt1,n41 Crng1 > (6/2)(pn + u))

n=[u/M]

c(EA"Y"uP(B > u).

Lemma 6.9. We have for every k > 1,

T Lo(u) 1 1
lim1 f—"——>FEC"— ——.
210 umoo uP(B>u) — ¢ wr—1
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Proof. Writing

we have

n—k
Ri(k,u) =  sup Z (Bi—EB)Cy —(1+2)un |,
n2[u/M]\ (/a1 41

n—k
Ro(k,u) = inf (EB > (Ct—EC)+5;m>

u[u/M] i

Lo(u) > P(Ri(k,u)+ Ra(k,u) > (14 3¢)u)
> P(Ri(k,u) > (14+4e)u, Ra(k,u) > —cu)
> P(Ri(k,u) > (1+4e)u) — P(Ra(k,u) < —cu)

L4(u) — L5 (’LL) .

Lemma 6.3 and its proof show that

Ls(u) =o(u P(B > u)).

Now we turn to Ly. Writing

Dy(6,u) = {Bs<d(us+u)forall s e [[u/M],0)\{t}},

Ei(0,u) = {Bymin(Cy,6 (14 5¢)) > (14 5¢)(ut +u)},

we have for small § > 0,

Ly(u) >

Y

v

[e)

3 P({Bt > 5(ut + 1)} N Dy(8,u) N
t=[u/M)]

{Sup< nik (BT—EB)CT—(1+45),un>>(1+45)u}>

nZt\ g fu/M]+1

f: P(Et(é,u)ﬂDt(é,u))— i P(Et(é,u)ﬂDt(é,u)ﬂ

t=[u/M)] t=[u/M]
n—k
sup (B, —EB)Cr —(1+4e)pun) < (1+4e)u
{nZt r—[ltz/]\:ﬂJrl ) })

i P(EL (5, u))P(BS < 5(us +u) for all s > [u/M]) - i P(Et(ci, w) N Dy(u, 6) N
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t=[u/M)] t=[u/M]
n—k
{sup Y (B, —EB)C. (1 +45)un) < (1+4e)u— (1+5¢)(ut +u) + EB ct})
n>t

r=[u/M]+1,r#t

L471(U) — L4}2 (U) .
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By Breiman’s result and Karamata’s theorem, as u — oo,

Lii(u) ~ f: [(1 4 5¢) "% E[min(Cy, 6 1(1 + 5¢))]* P(B > ,ut+u)] x
t=[u/M]
xP(BS < 6(us + ) for all s > [u/M])
> (14 6¢)"* E[min(Cy, 5~ (1 + 5¢))]F i P(B > ut + u)}
t=[u/M]
~ (14 62)"" Efmin(Cy, 61 (1 + 55))]% L P(B > ).

We conclude that

lim lim lim inf L1,1(u) > EC"Cl 1

=10 510 u—oc uP(B>u) pr—1
As regards Ly 2(u), we have
Lis(u) < ¢ Z P(B>t+u)x
t=[u/M]
n—k
X.P(il;e > (Br—EB)C.— (1+4e)pun) < —cu— (1+5e)ut + EBC, )

r=[u/M]+1,r#t

< ¢ Z P(B>t+u)x

t=[u/M)]
n—k
xP(sup Y (B,-EB)C,—(1+ 45),“1) < —cu—(1+5)ut + EB M)
nt r=[u/M]+1,r#t
(o]
+¢ Y P(B>t+u)P(C>M)
t=[u/M)]

= I4,271(u) + 1472,2(11,) .
We have

. . 1422(U) .
. bk << = .
lim hinbupuP(B>u) ¢ lim P(C>M)=0

Observe that for large u
n—=k
P(sup Z (BT—EB)CT—(1+4€)M’H> S—au—(1+5a),ut+EBM)
nzt r=[u/M]+1,r#t
[u/M]+u—k
< P( Y B-EBC-(1+d)u(u/M+u) < —cu).
r=[u/M]+1,r#t

Now an argument similar to the one for Theorem 4.2 shows that

Ii1(u) =o(uP(B > u)).

This proves the lemma.
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Now a combination of the above lemmas shows that the lower bound (6.5) holds. Indeed, we have for any
kE>1,

o Y(u) o Ly (u) L La(u) K
1 f——n"—>1 f——>1 f———— —c(FA™)".
By T B Rty B e Hik by T B
Now, observing that EA" < 1, let k — oo, € | 0. This proves the theorem. (]

Extensions. A careful study of the proofs in the previous sections shows that the particular structure of the
sequence (Y;) was inessential for the proofs. Indeed, we made extensive use of the fact that the random walk
(S,) can be approximated by the random walk S, = iy B:C,. Tt is not difficult to see that the results of
Theorems 4.2 and 4.9 remain valid if .S,, is replaced by S, and the following conditions on any stationary
sequence (C;) hold: (By) is independent of (C}), (Cy) is strongly mixing with geometric rate, EC*™ < oo
for some v > k and (4.4) holds. Moreover, the assertion of Lemma 4.6 remains valid. A stationary sequence
X, = BC for (B;) and (C}) independent is called a stochastic volatility model in the econometrics literature;
see Davis and Mikosch [10] for some theory and further references.
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