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Abstract

We obtain the rate of growth of long strange segments and the rate of decay of infinite horizon ruin
probabilities for a class of infinite moving average processes with exponentially light tails. The rates are
computed explicitly. We show that the rates are very similar to those of an i.i.d. process as long as the
moving average coefficients decay fast enough. If they do not, then the rates are significantly different.
This demonstrates the change in the length of memory in a moving average process associated with certain
changes in the rate of decay of the coefficients.
© 2010 Elsevier B.V. All rights reserved.
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1. Introduction

How does the length of memory in a stationary stochastic process affect the behavior of
important characteristics of the process such as the rate of increase of the long strange segments
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and the rate of decay of the ruin probabilities? From a different point of view one can use such
important characteristics of a stationary process to tell whether or not the process has long
memory. In this paper such questions are discussed for a class of R?-valued infinite moving
average processes with exponentially light tails. These are processes of the form

Xy=Y ¢iZni» nec, (1.1)

i€’

where (Z;,i € Z) are i.i.d., centered, random vectors taking values in RY. We assume the
existence of some exponential moments, i.e.

there exists € > 0 such that A(¢) := log E [e’z"] < oo forallt € R? with [t] < e.

Such a process, also known as a linear process (see [5]), is well defined if the coefficients are
square summable:

i ¢? < co. (1.2)

i=—o00

If the stronger condition of absolute summability of the coefficients holds, namely

Dbl < oo, (1.3)
ieZ
then it is often said that the process has short memory. This is mainly because the covariances
of the process are summable in this case, and a process with absolutely summable covariances
is often considered to have short memory; see e.g. [21]. What about other characteristics of a
process, that are often more informative than covariances?

In a recent article, Ghosh and Samorodnitsky [10] gave a complete picture of functional large,
moderate and huge deviations for the moving average process and discussed the effect of memory
on them. In this paper we follow up by obtaining the rate of growth of long strange segments and
the rate of decay of the ruin probabilities for the moving average processes. We consider two
cases: one where the coefficients of the process are absolutely summable, i.e. (1.3) holds, and
the other when (1.3) fails and the coefficients are balanced regularly varying. We show that the
rates are significantly different in these two cases. We view these results as showing the effect
of memory as well as indicating that the processes with absolutely summable coefficients can
be legitimately called short memory processes, while the alternative family of processes can be
legitimately viewed as a family of long memory processes.

We now define precisely the characteristics of a process that we will study in this paper.
Suppose that (X,,,n € 7Z) is a zero mean R¢-valued, stationary and ergodic stochastic process.
Given any measurable set A C R, the lengths of the long strange segments are random variables,
defined as

. . S;j— 5
R,(A) =supijj—i:0<i<j<n ——€cAy,
Jj—i

where Sy = X1 + --- 4+ X are the partial sums. That is, R, (A) is the maximum length of a
segment from the first n observations whose average is in A. To understand the justification for
the name long strange segments, consider any set A bounded away from the origin (thatis 0 ¢ A,
where A is the closure of A.) Since the process is ergodic, we would not expect the average value
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of the process over a long time segment to be in A, and it is strange if that happens. If we use
the process to model a system, then the long strange segments are the time intervals where the
system runs at a different “rate” than anticipated, and it is of obvious interest to know how long
such strange intervals could be.

The easiest way to see the connection between the long strange segments and large deviations
is by defining

N
T, (A) = inf{l  there exists k,0 < k < —n, ; k" c A} :
T, (A) is the minimum number of observations required to have a segment of length at least n,
whose average is in set A. It is elementary to check that there is a duality relation between the
rate of growth of 7,, and the rate of growth of R,,. Furthermore, for any sequence (X,,) of random
vectors,

1 1
— limsup —log P [S,/n € A] <liminf —logT,,(A), P-a.s. (1.4)
n—oo n

n—oo N

and, if (X},) are i.i.d., then also

— lim infl log P [S,/n € A] > lim sup l logT,(A), P-as.; (1.5)
n—o0o n n—oco N

see e.g. Theorem 3.2.1 in [6]. In Section 2 we exploit the connection between a general version

of long strange segments and large deviations to establish the rate of growth of the long strange

segments for the two classes of moving average processes we are considering. We will observe

a marked change (or a phase transition) in the rate of growth when switching from one family of

moving averages to the other.

The relations of the form (1.4) and (1.5) are referred to as the Erdos—Rényi law; Erdos and
Rényi [7] proved asymptotics for longest head runs in i.i.d. coin tosses. See [11,1,15,8,22] and
the references therein for versions on this result under various Markov chain settings.

We mention at this point that a different case of this problem was considered in [14,19],
where the assumption of certain finite exponential moments was replaced by the assumption of
balanced regularly varying tails with exponent —f < —1. These papers consider linear processes
asin (1.1) in dimension d = 1. In particular, Mansfield et al. [14] showed that if (1.3) holds, then
foranyy > Oandx > 0

P (an_an((y, 00)) < X> — exp(—Csy Px7F) (1.6)

where (a,) is a sequence that does not depend on the moving average coefficients, and it is
regularly varying at infinity with index 8~! (see [20] or [4] for details on regular variation). On
the other hand, C; > 0 is a constant, which may depend on the moving average coefficients.
This rate of growth a,, of the long strange segments is the same as in the i.i.d. case, that results
when choosing ¢9 = 1 and ¢; = O for all i # 0. In the subsequent paper Rachev and

Samorodnitsky [19] considered the case when (1.3) fails to hold, but the coefficients (¢;) are
balanced regularly varying at infinity with exponent —«, satisfying max {% %} < a < 1. This

means that there is a nonnegative function v with

Pn $—n
- D,

¥ € RV_y, such that
¥ (n) ¥ (n)

—1—p, asn— 00 (L.7)
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for some 0 < p < 1. Under this assumption, for any y > 0 and x > 0,
P (b7 Ra((y, 00)) = x) — exp(Cry~Px P, (18)

for some sequence (b,) € RV(pg)-1. Therefore, the long strange segments now grow at the
higher rate (b,). This phase transition can be taken as the evidence of long range dependence
in the moving average process under the regular variation (1.7) of the coefficients. A similar
phenomenon can be observed in Section 2 of the present paper.

The second topic that we consider in this article is that of the ruin probabilities. If (Y,) is an
R<-valued stochastic process, and A a measurable set in R?, an infinite horizon ruin probability
is a probability of the type

pu; A) =pu) =PlY, € uA, forsomen > 1]. (1.9)

The name “ruin probability” derives from the one-dimensional case with A = (1, 00): if we
interpret Y, as the total losses incurred by a company until time 7, and u is the initial capital of the
firm, then the event in (1.9) is the event that the company eventually goes bankrupt. Probabilities
of the type are of interest in queuing theory as well; see e.g. [2].

In the context of moving average processes, we will define

n
Y= Xi—aw, (1.10)
i=1

for some 1 € RY, a sequence (a,) increasing to oo, with (X,) the infinite moving average
process (1.1). The classical Cramér—Lundberg Theory (see e.g. Section XIIL5 in [2]) says that,
in dimension d = 1, if (X,,) are i.i.d., and (a;,) is a linear sequence then (under an additional
condition) there exist positive constants ¢ and 0 such that

p(u) ~ce”™ asu — oo. (1.11)

This result was later extended by Gerber [9] to the situation where (X,,) an ARMA(p, g) process
satisfying certain assumptions, including that of bounded innovations, and Promislow [18] has a
further extension to certain infinite moving average processes while removing the assumption of
the boundedness of the innovations. In all these cases (1.3), which we regard as a short memory
case is assumed to hold (in fact, much stronger assumptions are needed).

A weaker version of the estimate (1.11) is the logarithmic scale estimate

1
lim —logp(u) = —6. (1.12)
u—>00 Yy

Such results were derived in [16,17] in a fairly great generality in the one-dimensional case.
When specified to the moving average case, in order to give a non-trivial limit, these results
require, once again, absolute summability of the coefficients.

There have been other recent studies of ruin probabilities for certain stationary increment
processes with long memory. Hiisler and Piterbarg [12,13] analyzed the (continuous time) ruin
probability where the increment process was a version of the fractional Gaussian noise. Further,
Barbe and McCormick [3] also obtained a logarithmic form of ruin probability asymptotics, as
in (1.12), under the assumption that the increment process is the classical Fractional ARIMA
process or belongs to a class of related processes.
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In this paper we solve the logarithmic scale ruin problem (1.12) when the increment process
(X,) in (1.10) is the infinite moving average process. We present a fairly complete picture.
Namely, we prove the results both in the short memory case (when (1.3) holds), and in the
long memory case, under the assumption of balanced regularly varying coefficients. We allow a
very broad class of drift sequences (a,). Ruin probabilities are also related to large deviations,
but not as directly as the long strange segments. We use a combination of multiple techniques,
but the large deviation principle for the moving average process proved in [10] still plays an
important role. The techniques we use here can be modified for other, and more general, classes
of stationary processes but we do not make any such attempt in this paper. We present the results
and their proofs in Section 3 and in the process we clearly demonstrate the effect of memory in
the process (X)) on the rate of the decay of the ruin probability p(«). The Appendix contains a
multivariate extension of the estimates in [16] that are not restricted to moving average processes.

2. Long strange segments

Let (X,,n € Z) be an R%-valued, centered stationary infinite moving average process (1.1)
defined on a probability space ({2, F, P), and let (S,) be its partial sum process. In this section
we discuss the rate of growth of a general version of the length of the long strange segments,
which we define as follows. For a sequence a = (a,) increasing to infinity and a measurable set
A C RY, we define

S;— S;—
Ry (A; a) ::sup{n:ueAforsomel:n,...,m} 2.1
n
and the “dual characteristic”
. . Si — Sk
T, (A;a) :=inf{[ : thereexists k,0 <k <[ —r, cAy. 2.2)
aj—k

Notice that {R,,(A; a) > r}if and only if {7, (A; a) < m}. We will often refer to R,,,(A; a) as R,
and to 7, (A; a) as T, as long as set A and the sequence (a;) under consideration are obvious.
dThe assumptions and results below use the following notion of balanced regular variation on
R?.
A function f : R? — R is said to be balanced regularly varying with exponent 8 > 0, if
there exists a nonnegative bounded function ¢y defined on the unit sphere on R and a function
75 1 (0, 00) = (0, 0o) satisfying

Tr(tx) _ P

Rarg (1) B 2.3)

for all x > O (i.e. Ty is regularly varying with exponent 8) and such that for any (&;) C R? with
|A:| = 1 for all ¢, converging to A,

I f@r)
1m
t—00 ‘L'f([)

=) 2.4)

The subscript f will typically be omitted if doing so is unlikely to cause confusion.

Next, we state the specific assumptions on the moving average process, the normalizing
sequence (a,) in (2.1) and (2.2), the resulting large deviation rate sequence (b,), and the noise
variables. We will consider two different situations, corresponding to what we view as a short
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memory moving average, when the coefficients in (1.1) decay fast, and a long memory moving
average, when the coefficients in (1.1) decay slowly. Assumptions 2.1 and 2.2 correspond,
roughly, to Assumptions 2.1 and 2.3 in [10], respectively.

We start with the assumptions describing the short memory case. Throughout this paper we
use A(-) to denote the log-moment generating function of the i.i.d. innovations (Z;):

A(t) =10g E [e’Z"] ,

and by F4 C R¢ we denote the set where A(-) is finite:
Fp={t: A@) < oo}

Furthermore, for any set A, A° and A denote the interior and closure of A, respectively.

Assumption 2.1. All the scenarios below assume that

Z|¢,~| <oo and Z¢i=1. (2.5)
i€Z i€Z
S1. an =n,0 € Fj and b, = n.
S2. a, =n, Fy =R? and b, = n.
S3. ay/y/nlogn — o0, a,/n — 0, 0 € F9 and (by,) an increasing positive sequence such that
by ~a2/nasn — oo.
S4. a,/n — oo, A(-) is balanced regularly varying with exponent 8 > 1 and (b,) an increasing
positive sequence such that b,, ~ nt(c,), where

cn = sup{x : t(x)/x < a,/n}. (2.6)
The next assumption describes the long memory case.

Assumption 2.2. All the scenarios assume that the coefficients (¢;) are balanced regularly

varying with exponent —a, 1/2 < o < 1 and Y ;o |¢;| = co. Specifically, we assume that

(1.7) holds for « in this range. Let ¥, := Zliis’l ¥ (i), where once again, v (-) is as in (1.7).

R1. ay =nV¥,,0 € 75 and b, = n.

R2. a, =n¥,, F4 =R and b, = n.

R3. a,/ (,/nlogn !P,,) — 00,a,/(n¥,) — 0,0 € ]—';’1 and (by,) is an increasing positive
sequence such that b,, ~ a,%/(n W,%) asn — o0.

R4. a,/(n¥,) — oo, A(-) is balanced regularly varying with exponent 8 > 1 and (b,) is an
increasing positive sequence such that b, ~ nt(¥,c,), where

cn = supf{x : T(¥yx)/x < ap/n}. 2.7

Let p,(-) = wn(-; @) denote the law of a, 1g,. We quote the “marginal version” of the
functional results in [10]; in certain cases these have been known even earlier. The sequence
(un) satisfies the large deviation principle on RY:

1 1
— inf I;(x) <liminf — logu,(A; a) <limsup — log u,(A;a) < — inf I,,(x) (2.8)
x€EA® n—oo by, b hy

n—oo n xeA
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with a good lower function /; and a good upper function I, given by

I = A%, I, = A* under assumption S1
I} =1, = A" under assumption S2
I;=1,=(Gx)* under assumption S3

2.9)
I = (A", I, = Ag under assumption R1

Iy =1, = (Ay)* under assumption R2
II=1,=((Gx)y)* underassumption R3

=~

%
=1, = ((/lh)a) under assumption R4.

Here, for a convex function f : RY — (—o0, 0o], we denote by f* its Legendre trans-
form f*(x) = supycpe {A-x — f(A)},x € R?. Further, under assumption S1, A (x) =
sup; 7 {4 - x — A(X)}, with

n>N,,i€Z

1 = {A e R? : for some N;, sup  Arpin) < oo} , (2.10)

where ¢; , = ¢iy1 + -+ - + @itn, i a partial sum of the moving average coefficients. Further,
under assumptions S3 and R3, G x; is the log-moment generating function of a zero mean Gaus-
sian random vector in R? with the same variance—covariance matrix as that of Zg. Next, under
assumptions S4 and R4, A" (L) = ¢4 (A/[|A|)|A]I#. Under assumptions R1-R4, for a nonnegative
measurable function f on R? we define

(e’ x+1
) = f f (m - a)/ Y (p1(y = 0) + g1(y < 0)>dy> dr @.11)

—00

if 1/2 < ¢ < 1 and f; = f. Finally, under assumption R1, we define Ag(x) = Sup; gy,
{x-x — Aq (M)}, with [, given by

)\’ .
Iy :={r:(pAg)r € ]-"Z, and for some N, sup A( ¢""> < 00 (2.12)
n>N, ,i€Z g/n
for 1/2 < a < 1, while for « = 1, we define
. . o }‘(pi,n
Il .= {1 : A € F}, and for some N, sup A <00y . (2.13)
nZNA,iEZ wn

We are now ready to state the main result of this section. The following theorem considers the
various cases in Assumptions 2.1 and 2.2 and gives us the rate of growth of the lengths of the
long strange segments in each of the cases. For set A in R? and > 0 we denote

AGp =[x 1 d(x, A > n}, (2.14)

where d(x, A€) is the distance from the point x to the complement A€.
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Theorem 2.3. If any one of S1-S4 or R1-R4 hold, then for any Borel set A C R?,
log T, (A; a) < lim sup log T, (A; a) e

I, < liminf (2.15)
r—00 r r—00 by
and
. . . bg . br 1
<liminf —— < limsup —= < (2.16)

I* = m—oo logm m—oo logm — I_*
with probability 1, where, under assumptions S2, S3, S4, R2, R3 and R4,
I, = inf I,(x) and I* = inf [;(x),
xeA°

xeA
with I; and 1, as in (2.9). Under assumption S1, 1, is defined in the same way, while I* is defined
now as follows. Let \* = sup{A : A € I} > 0. Then

I* = inf inf I;(x),
ne® xeA(n)
where © = {n > 0 : n > ()»*)_linfxeA(n) I;(x)}. Finally, under assumption R1, I, is
defined in the same way, and with .}, = sup{A : A € I} > 0,and O, = {n > 0: n >
(k;)_l infyeacy) I1(x)}, one sets

I* = inf inf I;(x).
n€ By x€A(n)

Remark 2.4. In certain cases it turns out that I, = I'* in Theorem 2.3, and then its conclusions
may be strengthened. For example, under assumptions S2, S3, S4, R2, R3 or R4, suppose that
for some Borel set A,

inf [;(x) = inf I,,(x) =1 (say).
XEA® xeA

Then, with probability 1,

log T,
lim 2% _ 2.17)
r—oo b,
and
b 1
lim —&m — (2.18)

Because of the large deviation principle for the sequence (1, ), the sequence (b,) is the “right”
normalization to use in Theorem 2.3. In particular, if, for instance, set A is bounded away from
the origin (which we recall to be the mean of the moving average process), then the quantity I,
is strictly positive. Under further additional assumptions on set A the quantity /* will be finite,
and then (2.15) and (2.16) give us precise information on the order of magnitude of long strange
segments.

Notice that under the “usual” normalization a, = n, Theorem 2.3 says that R,, grows like
log m in the short memory case (i.e. under assumption S1); see also Theorem 3.2.1 in [6]. On the
other hand, in the long memory case, it is easy to see that the case a;,, = n falls into assumption
R3, and then the length R, of the long strange segments grows at the rate ©(logm), where
O is regularly varying at infinity with exponent 1/(2c — 1). Therefore, long strange segments
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i?lzlzfiect of memory on the rate of growth of long strange segments of a moving average process.

Range of w Assumptions Short memory Long memory

% <w<=< % —a S3 = 20}771 0 =00
g<w<l S1,52, 83, R3 0 =517 0= 533
l<w<2-a S4,R1,R2,R3 = £4 6 = porb—s
w=2-a S4, R4 0 =4 0 = gt

are much longer in the long memory case than in the short memory case. In fact, to get long
strange segments with length of order log m in the long memory case one needs to use a stronger
normalization a,, = n ¥, (assumptions R1 and R2). This phase transition property is directly
inherited from the similar phenomenon for large deviations; see [10].

The behavior of long strange segments in the short memory case when a,, = ,/n logn remains
unknown. A similar comment applies in the long memory case, and for the ruin probabilities in
the next section.

To emphasize more generally the difference between the length of the long strange segments
in the two cases we summarize in Table 1 the corresponding statements of Theorem 2.3 for
(a,) being a regularly varying sequence with exponent @ > 1/2. We will implicitly assume
that the appropriate assumptions of the theorem hold in each case, and that the limits I, and
I* are positive and finite. The general statement is that, with probability 1, R, is of the order
O (logm), where © is regularly varying at infinity with some exponent 6. We describe 6 as a
function of w in all cases. The value & = oo corresponds to R, growing faster than any power
of logm. In all cases the long strange segments are much longer in the long memory case than
in the short memory case. Recall that —« is the exponent of regular variation of the coefficients
in Assumption 2.2, and 8 is the exponent of regular variation of A in assumptions S4 and R4.
Notice that the long range dependent case in the first row of the table does not correspond to any
assumption we have made. The fact that & = oo in this case follows as one of the extreme cases
of the second row in the table.

Proof of Theorem 2.3. The duality relation {R,(A;a) > r} = {T,(A;a) < m} and
monotonicity of the sequence (b,) imply that statements (2.15) and (2.16) are equivalent. We
will, therefore, concentrate on proving (2.15). The proof of the lower bound is standard, and
does not rely on the fact that the underlying process is a moving average; see Theorem 3.2.1
in [6]. We include an argument for completeness. Note that for every r, m > 1

P(T,(Asa) <m) <m Y pn(Aia).

n=r
If I, = 0, there is nothing to prove. Suppose that 0 < I, < oco. Choose 0 < ¢ < I,. By the
definition of I, and the large deviation principle (2.8), we know that there is ¢ = ¢, € (0, 00)
such that 1, (A; a) < ce?+=2/2) for all n > 1. Choosing m = e’ *=#) | gives us

00 00 00
Z P(T, < ehr(l*—s)) < Zebr(l*—s) Zce_h”(l*_s/z)
r=1 r=1 n=r

o0
C/Ze*b’e/2 < 00
r=1

IA
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for some positive constant ¢’ (depending on ¢). Using the first Borel-Cantelli lemma and letting
¢ | 0 established the lower bound in (2.15). When I, = oo, we take any ¢ > 0 and observe that
by the definition of I, there is ¢ = ¢, € (0, 00) such that u,(A;a) < ce 2bn/e foralln > 1.
Choose now m = |e”/¢| and proceed as above to conclude that

o0
Y P(T el < oo,

r=I1

after which one uses, once again, the first Borel-Cantelli lemma and lets ¢ | 0 to obtain the
lower bound in (2.15).

For the upper bound in (2.15), we only need to consider the case I* < oo. In that case set A
has nonempty interior. Define two new probability measures by

() =P Z¢,n2e and /() = P Z¢,n2e,

|l|<n2 \1|>n2

where, as before, ¢; , = ¢ir1 + -+ + Pitn.
For any sequence (k) of integers, with k,/n — 00, and any A > 0 under assumptions S2,
S3, S84, R2, R3 and R4, any A € II under assumption S1, or any A € II, under assumption R1,

hngoi Z A(b”,\qs,n) - llrrolo— Z A(b”w,n); (2.19)

ni=—k, i=—00

see Remark 3.7 in [10]. This means that the sequence (u),) satisfies the LDP with speed b, and

same upper rate functions ,, given in (2.9) as the sequence (u,). The fact that the same is true

for the lower rate functions in (2.9) follows from the argument in Theorems 2.2 and 2.4 in [10].
For fixed integers r, g, and/ =1, ..., Lqr/(2r2 + 1) ], define

| r+(—1)2r2+1)
B = — Xi,
! ay . Z '
i=1+(1—-1)@2r2+1)

and

B :: - Z jrZ_jra-1@r+1)-

"i=r

Since the B; are independent, for any r and g we have,

q
P [T, <P|B¢gAl=1,...,
easfmeaion i

q lg/@r2+1)]
5P[BI’&ZA(U)J:I,...,L2r2+lﬂ+ Y. PlB—B>n]
=1

0/ 41)] lg/@r2+1)]
.
(1 =y (A" + Y. PlB-B=1]
=1

IA
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By the definition of 7* and the large deviation principle (2.8), for any ¢ > 0 there is ¢ = ¢, €
(0, 00) such that for all n > 0 small enough, i/, (A(n)) > ce=?U"+¢/2) for all n larger than
some ;. Therefore, fixing ¢ > 0 and using the bound above with ¢ = e” !/ +¢) we see that for
some C = C, € (0, 00), for all n > 0 small enough,

C Zexp ( el (170 —br(1*+e/2)>
2241
obr(€/2)
=C Zexp (—c T 1) 0. (2.20)

Suppose first that we are under assumptions S2, S3, S4, R2, R3 or R4. Fixing ¢ > 0 and choosing
n > 0 small enough for the above to hold, we see that

ebr(I*+e)

;exp( ST A (n)))

IA

hmsupb—logu ({x = x| > nh

n—o00 n

1
< limsup — log | e ™»*"E | exp )»— Z GinZi
n—00 n |z\>n2

b
= —An + lim sup — Z A <a—")\¢>i,n> = —An,
n

n—00
\z|>n

with the last equality following from (2.19). Choosing now A > (I* 4 €)/n (which is possible
under the current assumptions no matter how small > 0 is), we obtain

00 by (I*+e)

1
——u, ({x :|x| > n}) < oo. (2.21)
— 2241

Combining (2.20) and (2.21) we have Zf’;l P [Tr > ebr(l*"’e)] < 00, so that using the first

Borel-Cantelli lemma and letting ¢ | O proves the upper bound in (2.15). The cases of
assumptions S1 and R1 are the same, except now A cannot be taken to be arbitrarily large, which
restricts the feasible values of n > 0. This completes the proof. [

3. Ruin probabilities
This section discusses the rate of decay of the ruin probability for a moving average process
(X,,n € Z) in (1.1). We study the probability of ruin in infinite time, defined as
pu; Asa; n) = p(u) = PlY, € uA for some n > 1] 3.1

where (Y,) is given by (1.10) for some u € R and a sequence ¢ = (a,) increasing to oo, and
A C R? is a Borel set. A related notion is the time of ruin defined by

T(u)=inf{n: Y, € uA}.
Clearly, p(u) = P[T (1) < oo]. We will study the asymptotic behavior of p(u) as u increases to
infinity.

Our main results are in the following theorems, roughly corresponding to Assumptions 2.1
and 2.2 of the previous section. We start with the short memory regimes.
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Theorem 3.1. If S1 holds, then
. |
—inf r(¢) [tVA(t) — A@)] < liminf — log p(u)
teF u—00 Y

1
< limsup — log p(u) < — sup inf ty,

u—oo u teDVE
where
D={reR?: infry >0, sup Z/l(t(ﬁ,;,,) —ntp| <ooy,
vea nzl| jez

F = {t e Il°: r (VA(t) — u) € A° for some p > 0},
and r(t) =inf{r > 0: r (VA1) — n) € A°}.
Remark 3.2. In certain cases Theorem 3.1 provides a precise and explicit statement. Suppose

for simplicity that A(¢) < oo for all ¢, and that the random variable @ Z is unbounded. Then there
exists a unique w > 0 such that

Awp) = wlul?.
Assume that r (VA(wu) — w) € A° for some r > 0, and let

ve =r(wp) (VA(ww) — p) € (A°).
Then the lower bound in Theorem 3.1 gives us
1
liminf — log p(u) > —wy,u.
U—>0o0 Y

If we assume, additionally, that inf,c4 wy > 0, then it follows that ap € D forany 0 < a < w,
and a further assumption y, € argmin{uy : y € A} will allow us to conclude from the upper
bound in Theorem 3.1 that

1
limsup —log p(u) < —wyxiL.

u—oo u
Therefore,
1
lim —logp(u) = —wyxu. 3.2)
U—>o0 Y

All the assumptions are easily seen to be satisfied in the one-dimensional case with © > 0 and
A = (1, 00).

For the next two theorems we introduce the following condition on set A.

Condition 3.3. We say that a set A € R? satisfies Condition A if

o there ist € RY such that tjn > 0 and inf,caty > 0;
e foranyx € Aand p > 0,x + pu € Aand (1 + p)x € A.

Theorem 3.4. Suppose that set A satisfies Condition A (Condition 3.3). If S3 holds, and
(ay) € RV, for some 1/2 < w < 1, then

1
— inf |:c_(2w_l)/w inf <5(“ +ey) S N u+ cy)ﬂ < liminf log p(u)
yEA®

>0 u—=00 ba(_(u)
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< lim sup
Uu— o0 a< (u)

1
log p(u) < —inf [ =@~V inf ( S(u+cy) T (u+ey) ) |,
c>0 yeA \ 2
where the inverse of (ay) is defined by a* (u) = inf{n > 1: a, > u},u > 0.

Remark 3.5. Again, in certain cases the statement of Theorem 3.4 takes a very explicit form.
Suppose, for example, that

there is yg € (A°) such that
Y Iy >y 2y and W XNy —p) =0 forally € A. (3.3)

This would be, for instance, the situation in the one-dimensional case with 4 > 0 and A =
(1, 00). Under this assumption, for every ¢ > 0,

inf ((M +ey) Z N+ cy)) = inf ((u +ey) T N (w+ cy))

= ((M +eyo) 5w+ cyo)) )

and so optimizing over ¢ > 0 we obtain

1 _pow_
lim log o) = —.¢5 ™™ ((u + coy0) 57+ com) ) (3.4)
u—0oo ba“(u) 2
where

\/ Quw =1 [ (1 Z7) (5 =1 70) = (0 5w0)* |+ 0 (0 £ 10)?

0= )
/2—1
-1 = w)u-
(0 Z~'0)

Theorem 3.6. Suppose that set A satisfies Condition A (Condition 3.3). If S4 holds, and
(an) € RV, for some w > 1, then

%
— inf |:c_"/w inf_ (Ah) (n + CV)] < liminf

c>0 y€EA Uu— 00 bae(u)

log p(u)

*
< lim sup log p(u) < inf | ¢~/ inf (Ah) (mw+cy) |,
u—00 Pa<(u) c>0 yeA
where

Remark 3.7. Once again, in certain cases the statement of Theorem 3.6 takes a very explicit
form. Let us suppose, for example, that

there is yg € (A°) such that
Iyl = lyoll and ' (y —y9) =0 forally € A. (3.5
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Suppose, further, that for some a > 0 the function A satisfies

{A(A) = a for any unit vector A such that
Au>0 or Ay >0 forsomey € A. (3.6)

Again, this would be the situation in the one-dimensional case with © > 0 and A = (1, 00).
Under assumption (3.5),

*
(4") e+ ey) = Kl + ey P/0~D
for any ¢ > 0 and y € A, with

1/(1-p)
Kg=(B—1 (ap) .
This, together with assumption (3.4), implies that, for any ¢ > 0,

* *
nf (4") Gt ey = inf (4") Guter) = Kplu+ el /07,
ye

Optimizing over ¢ > 0 we obtain

lim log p(u) = —Kgeg """ i + copoll?/ B, 3.7
u—>o bae(u)
where
\/4(ﬁw =D (Ilellyoll> = (wyo)?) + BPw?(uy)? + (Bw — 2)uyo
co = .

2llyoll?

We now turn to the asymptotic behavior of the ruin probabilities in the long memory regimes.
In all 3 theorems we assume that set A satisfies Condition .A. Note that in the following theorem
b, = n and therefore b, (,) reduces to a = (u).

Theorem 3.8. Suppose that set A satisfies Condition A (Condition 3.3). If R2 holds, then

1
—inf ca=2 inf (Ag)* (0 + cy) < liminf
c>0 y€eA° u— 00

=G1) log p(u)

< lim sup —
u—oo a u

) log p(u)

inf sup {—u"‘_l ingty +u (Ag (1) — t,u)} ifa<1
ye

< teG 450
—inf ¢! inf A* (u + cy) ifa=1
c>0 yeA

where

G=1{teR?: tpn>0, ingty>0and/la(t)—m<0},
ye

and Ay (+) is defined in (2.11).

Observe that set G in the above theorem is not empty because of Condition A and the fact
that | Ay (¢)| < c|t|? for  in a neighborhood of the origin.



2316 S. Ghosh, G. Samorodnitsky / Stochastic Processes and their Applications 120 (2010) 2302-2330

To state the next two theorems we introduce the notation

5 00 x+1 B
—u .
Copp = (1—-a) / /x [yl (PI[yZOI +‘]I[y<0]) dy] dx ifa<l1 (3.8)

—00
1 ifa=1
forl/2<a <land g > 1.

Theorem 3.9. Suppose that set A satisfies Condition A (Condition 3.3). If R3 holds, and
(an) € RV, for some3/2 —a < w <2 — «, then

1
inf [c—2+<3—2“>/w inf <—(u +ey) 2w+ cy)):|
yeAe \ 2

Ca,2 c>0

< liminf log p(u)
u— 00 ae(u)

< lim sup log p (1)

Uu— 00 a< (u)

| —1+(3—2a) /e 2-(3-2a) /e
—Kg. SUP <tu - EC(,,Q t/Z’t) (inf ty) ifa<l1

< teG y€eA
— ] 1 9
_ inf —2+G—-20)/w fl= /271 : =1
Can inf [c Jnf 2(M +cy) (w+cy) if o

where

1
G={teR?: tu>0, infty>Oand—Ca,2t/Et—,ut<O},
yeA 2

and
w3 — 20 — ) "G/
@ = (2((;( + CL)) _ 3)2—(3—20{)/&) :

o,

Remark 3.10. It is easy to check that in the one-dimensional case with © > 0, A = (1, 00) and
Y = o2, the statement of the theorem gives the explicit limit
3-2(w+a)
) RQw+a)—3) o 2 ) 32
lim logp(u) = — 3 .
=00 by (u) (3 — 2a)

—2a
)

UZCa’z

One can check that under certain assumptions similar explicit expressions can be obtained in the
multivariate case as well.

Theorem 3.11. Suppose that set A satisfies Condition A (Condition 3.3). If R4 holds, and
(an) € RV, for some w > 2 —a,w # B(l —«a) + 1, then

inf (A")" (1 +cy)

s —(Blota—1)—1)/w(B—1) Y EA°
inf | ¢ 7D
¢ (Ca.p)
< liminf log p (1) < limsup log p(u)

u—>00 ba*(u) u—o0o0 Va<(u)
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(B(1—a)+1-0) /(1)
0 (tn — Cap (1)) . 1 1
~Rapo SP (—flara—)/wB—D) if o < B(l—a)+
inf ¢
= (VeA y)
@/ (@=1—(1-)
: @ (Cap ") ,
- s inf ty — K 1— 1
e S |:y€A Y = Kapo pyipi—aye-i—pa—ay | o> Pl-a+
if o <1, and
< —inf [c—(ﬁw—b/w(ﬁ—“ inf (Ah)* (1 + cy)]
c>0 yeA
if « = 1. Here

GV ={teR?: tu>0, ingty > 0and Cop Ay — ur < 03,
ye

o (@—1—-B(1—a))
@ (Cap2'®)
@0 () (I B=a)) o T=B(—a)) [ °

G(z)z{teRd: tp >0, inf ty > K
yeA

and
o oB-1DEBA—-—a)+1-— w)—(ﬁ(l—a)-i-l—w)/w(ﬁ—l)

apo = (B(w+a — 1) — 1)Blete=D=D/wE-D ’
@ _ (@= 1= B0 =)+ B —a)HHAIm e I7AIm)
apw = @/ (0=1-p(1-a) '

Remark 3.12. Once again, sets G and G® in the theorem are not empty. In the one-dimen-
sional case with > 0, A = (1, 00) and A" (¢) = £,.18 for t > 0, the statement of the theorem
gives the explicit limit

lim
u—00 ba“(u)

log p(u)
1= 1 s\
— — w(B— - 1 l—a
__Blota-D-D ( _1)< w ) " 020

(1+ 81— a))% §4Cap

Remark 3.13. As in the previous section, we clearly see how long range dependent variables
(Xp) (the “claim sizes”) influence the behavior of the ruin probability. Assume that the relevant
upper bounds are finite and the relevant lower bounds are positive. In the classical case of a linear
sequence (ay,), in the short memory case (i.e. under assumption S1), we have

logp(u) ~ —csu asu — 00

for cg > 0, as in Cramér’s theorem. On the other hand, in the long memory case the linear
sequence falls into assumption R3, and then we have, instead,
u
log p(u) ~ —CL—> asu —> 00
u

for ¢, > 0, and the right-hand side above is in R V5,1, yielding a much larger ruin probability.
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i?lzlzfiect of memory on the rate of decay of the ruin probability when the claims process is a moving average.

Range of w Short range dependent Long range dependent
% <w< % —a 6 = % 0=0

3as<w<l g =21 f = 2otla=3
Heose o= dih o miges

- 45 0=ty

To further illustrate the effect of memory of a moving average process on ruin probabilities
we present Table 2, that presents the order of magnitude of — log p (1) for large u which we view
in the form — log p () ~ —cu® for ¢ > 0. The table presents dependence of 6 on the exponent
of regular variation of the sequence (a,) in both short and long memory cases. The value 6 = 0
corresponds to the case when — log p () grows slower than any positive power of u. Notice that,
for the same value of w, the value of 8 is always smaller in the long memory case than in the
short memory case, so that the ruin probability is much larger in the former case than in the latter
case.

Proof of Theorem 3.1. Notice that for the moving average process

log Eexp (t (Sy —np)) = Y A(tin) — ntp.
ieZ
The upper bound follows immediately from part (i) of Theorem A.1.
For the lower bound we apply part (ii) of Theorem A.1. By Lemma 3.5(i) in [10], /I° C &,
and for every t € II1°, g(t) = A(t) — ti. The lower bound of part (i) of the present theorem
follows. O

Proof of Theorem 3.4. We start with the (easier) lower bound. We use the assumption of regular
variation of (a,) as follows. First of all, b, = aﬁ /n is regularly varying with exponent 2w — 1.
Next, for any ¢ > 0,

a“ (cay) _ c—l/wa(_(a") a*~ (cay)

1/w <~ — 1
nc n a<(ay)

as n — oo; see e.g. Theorem 1.5.12 in [4]. Therefore, by the regular variation of (a,) and (b,),

lim inf
u—>0oo a(—(u)

1
log p(u) = liminf ——— log P [T (ca,) < o]
n— oo

a*(can)

b, 1 S,
> lim inf — —10gP|:—ne,u+cAi|

n—o0 nello On ay
1
> —c~Go=/e jnf (—(/L+cy)’2_1(,u+cy)> 3.9)
yeAe \ 2

by the large deviation principle; see (2.9). Now the lower bound follows by optimizing over
c> 0.
Next we concentrate on the upper bound. We start with showing that

1
lim limsup b—logP [nM < T (a,) < 00] = —00. (3.10)

M—oo psoo n
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To see this choose r € R? as in Condition A and € > 0 such that J () — rx + € < 0, where

J(t) = 3t - $t. Forall n,

o0
P[nM < T(ay) <ool = Y  P[T(ay)=k]
k=nM+1
o
D> PISt—arp € ayAl
k=nM+1

IA

o0

Z P |:tSk —aytp > a, inf tyi| .
k=nM+1 vea

IA

Using Lemma 3.5(ii) in [10] we know that for all n large enough,

1 by,
—logE |exp|t—S, )| < J(t) +e€.
by an

Therefore, applying an exponential Markov inequality we see that for all M large enough,

s b
P[nM < T(a,) <oo] < Z exp{—a["lkk yilen:xty + by (J(2) —,ut—i—e)}

k=nM+1
o0

< Y explbi(J(t) —put +e)}.
k=nM+1

The assumption of regular variation of the sequence (a,) implies that the sequence (b,) € RV,

with v = 2w — 1. Therefore, by Theorem 4.12.10 in [4]

log Z exp {bx (J(t) — put + €)} ~ by (J (1) — ut + €)
k=nM+1

as n — 00, and so

1
limsupb—logP[nM <T(ay) <oo]l <MV (J(t) — ut+e).

n—oo n

Now (3.10) follows by letting M — oo. A similar argument also shows that for any N > 1,

1
lim —log P [T (a,) < N] = —o0,
n—00 b,
and so in order to prove the upper bound of the theorem, it suffices to show that

1
lim sup lim sup lim sup ™ log P[N < T(ay) <nM]

M—oc0 N—oo n—>0o0 Un

c>0

1
< —inf [c—@w—l)/w inf (— (w+cy) 2 N+ cy)ﬂ .
yeA \ 2
Note that

P[N < T(a,) <nM] = P[S; —aru € a,A forsome N < k < nM]

n

N
P |:S[,1Ml] € appmit + ap A for some Vi <tr=<l1

]

@3.11)
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a a
=P[YnM<r)e M

N
A forsome — <t < 1].
anM anM nM

Let 0 < § < 1. By the Potter bounds, for all N > 1 large enough we have

w+6
& (1—5)<x) forall N < x < y.
y

ay
For such N and any n > N we have by the second part of Condition A,
P[N < T(a,) <nM]
<P [YnM(t) c(1—29) (zw”M + M*@“)A) for some % <t< 1}
<p [Y,,M(t) c(1-25) (rw”u n M—<‘”+5>A) for some 0 < 7 < 1]
= P[Yum € B],
where

B= {f eBY: f) e -9 (rw“u + M*W*‘S)A) for some 0 < ¢ < 1} ,

and BV is the space of measurable functions of bounded variation. Applying the functional large
deviation principle in Theorem 2.2 in [10] we obtain

lim sup
n—oo UnM

P[N <T(an) =nM] < — inf I(f),
feB
where the closure of B is taken in the uniform topology, and

1
1(f) = /0 L(f'0)de if f € AC, £(0) =0

o0 otherwise.
Clearly,
- {f eBY: f(t)e (-9 (,MM n M—<w+5>/§) for some 0 < £ < 1] ,
and so
1
lim sup P[N <T(ap) <nM] < —inf inf inf f I (f/(t)) dr, (3.12)
n—oo OnM yeA 0=t=1 feGy 1 Jo
where

Gyao = | f € AC: flt0) = (1= 8) (1P + M@y )|

Next, we notice that for every f € Gy 4, we have by the definition of the rate function /; in
(2.8) and convexity,

1 1 1
/ L (F ) d = / SO W
0 0

v

fo] / fy—1 pr
f—f(t)E fr@)de

([ o ([ row)
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1 -1
= —f{o) X~ f(1)
2to
1 1
2 +38 - 8 —1 +4 —(w+3
= 5 (=) [(tg’ w4+ M—@F >y) 5 (r;; w4 M@t )y>] .

Introducing the variable ¢ = (fpM )~ @+ we obtain

lim sup P[N < T(ay) <nM] < — inf  inf M!72@+ 1/(@+0)=2q _ 52
n—oo DnM c>M~@+0) yeA

1 _
x5 (+cy) Z7 w+ey),

and so forevery 0 < § < 1,

1
lim sup S PIN < T(@) <nM] < ~M 21 =582 inf M@tD2gpf

n—oo bp c>M~(@+9) yeA

1 B
x5 ey Y+ cy).

Letting § — 0, and noticing that the closure of A plays no role in the right-hand side above, we
obtain (3.11) and, hence, conclude the proof. [J

Proof of Theorem 3.6. The proof of this theorem is very similar to that of Theorem 3.4. Note
that now (b,) is a regularly varying sequence with exponent v. We establish the lower bound of
this part of the theorem in the same way as in Theorem 3.4, except that we are using a different
rate in the large deviation principle, as given in (2.9).

For the upper bound, we also proceed as in the proof of the upper bound in Theorem 3.4, but
now we use Lemma 3.5(iii) and the appropriate part of Theorem 2.2 in [10]. This gives us (3.12),
but this time the rate function /; scales according to

Ii(ax) = aﬂ/(ﬂ_l)ll(x), a>0, xe RY.

Therefore, for every f € Gy

/01 I (f'()de /01 (Ah>* (f'@) dt

1 n\*
Z TG </1 ) (f (o))
0
1 *
— (1 =—8BB=D( ph o+38 —(w+95)
= el =9 (/1 ) (fo w+M y).
0
Therefore,
lim sup P[N <T(a,) <nM]<— inf inf MU—B@+8)/(B=1)
n—oo nM L-zM*(er(S) )7€A

*
x ¢/ @+)=B)/(B=1) (| _ 5)B/(B=1) (Ah> (1 + cy),

and so forevery 0 < § < 1,

1
lim sup b_P [N < T(a,) <nM]

n—oo n
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< —MPBIB=D (| _syB/B=D  pp /@)= (B=D) iy (Ah)* (u+ cy).
c>M—(@+9) yeA_

Now we let § — 0 and complete the proof. [

Proof of Theorem 3.8. The lower bound is obtained as in (3.9), with b, = nand w = 2 — «,
using the appropriate part of the large deviation principle in (2.8) and (2.9).

The proof of the upper bound for @« = 1 proceeds, once again, similarly to that of Theorem 3.4.
Let J(t) = A(t). By the assumption of zero mean we know that, for some ¢ > 0, J(¢) < c||z‘||2
for all 7 in a neighborhood of the origin. Therefore, we can still select 7 € R? as in Condition A
and € > 0 such that J(t) — tu + € < 0, and we conclude that (3.10) still holds. Furthermore,
using part (ii) of Theorem 2.4 in [10], we conclude that (3.12) holds as well. Note that for every
f € Gy 4, by the convexity of the function A%,

1 1
/0 I (f' (1)) de =f0 A*(f' (1)) dr

04" (15" £00)) = 04 (1511 = )@ P+ M= y) - (313)

The same argument as in the proof of the upper bound in Theorem 3.4 shows that for any fixed
0<6 <1,

v

1
inf inf inf / L (£ @®)dt > M Vinf el inf A* (u + cy).
yed 0<t0=<1 f€G,4 Jo (F®) >0 yed (wtcy)

On the other hand, under the assumptions of the theorem, A* grows super-linearly fast as the
norm of its argument increases. Therefore, it follows from (3.13) that

i
i inf inf inf I /t dr = .
90 ylrelA 0<1<6 felgmo/(; 1 (f'0) 00

This proves the upper bound in the case o = 1.
Next we consider the case « < 1. Fixt € G, and choose 0 < € < tuu — Ay (t). We start with
recalling that, by Lemma 3.6(i) in [10],

1
zlogE [e’sk/w"] < Ag(t) + €

for all k large enough, say, k > N. In particular, sup; > E [e’s’f/wk_k”‘] < oo. Let 6 > 0. Note
that

[nd]
1
limsup — log P [T (a,) < né] < limsup — logz P [tSk —aytp > a, inf ty]
n—oo N n—oo N =1 yeA
[nd] _ ;
< limsup—log ¥ e il VHEI&WE [ets"/w"*k’“]
n—oo N =1
< — inf ry limsup —— = —8%~! inf ty. (3.14)
yeA n— 00 (18] yeA

Next, for n > N /8, the same argument gives us

> Sy nvy, .
P[né < T(a,) <oo] < Z P|— > ktu+ — inf ty
k=[nd]+1 k Ui yeA
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o0
nv, .
< Z exp {_Tn inf ty +k(Ag(t) —tpe + e)} .
k=[nd]+1 k veA
We break up the sum into pieces. By the monotonicity of the sequence (¥,) and the choice of €
we have fori > 1,

(i+1)[nd] nw
exp {——n inf ty + k(A () —te + e)}
k=i[nd]+1 Vi vea
n¥, . .
<ndexp{————— inf ty + (i[né]+ 1) (Aq(t) —tpu+¢€)¢.
Pi+1)[ns] veA

Let 0 < n < 1 — a. By the Potter bounds (see Proposition 0.8 in [20]) there exists N > 1
such that for every n > N; we have both

——— = x50 = (L= min (G + DH* T (G + Do ]
W(i41)[ne]
and (i[n8] + 1)/n > i§(1 — n). We conclude that for n > max {N /8, N1} andi > 1,
(i+1D[né] nw
exp {——" inf ty +k (Ay(¢) — put + e)}
k=i 8] +1 Wy yea
< ndexp {—n (x,-,g(n) ingty —i6(1 —n) (Ag (1) — put + e))} .
ye

Denoting y; = x;s(n)inf,eaty —id(1 —n) (Aq(t) — ut 4 €) and y* = min;>1 y;, we see that
y* > 0 and that y* = y;« for some i* > 1. Therefore, for every n > max {N/§, N1} we have

o
P [né < T(ay) < o0] < ndexp {—ny*} Zexp {=nGi — 5}
i=1
and, therefore,
1
limsup — log P [n8 < T (a,) < oo] < —y*. (3.15)
n—oo N

Combining (3.14) and (3.15) we obtain

1 1
lim sup log o(u) = limsup — log P [T (a,) < 00] < max {—I*S"‘_l, —y*} .

u—oo a<(u) n—oo N

Letting € and n decrease to 0, we conclude that

1
lim sup
Uu— 00 (1<_(Lt)

log p(u) < —I_Ili{l <((i +1)8)*! ing ty —id (A (t) — /Ll‘))
1> VA4S

IA

u>0

— inf {u"‘_l ingty —u (A () — tu)} + 8 (Ag () —tw).
ye

Letting, finally, 8§ — 0 and optimizing over ¢t € G completes the proof. [

Proof of Theorem 3.9. The lower bound in the theorem is established in the same way as the
lower bound in Theorem 3.4, using the fact that in the present theorem, the sequence (b)) is
regularly varying with exponent v = 2(w 4 «) — 3, the large deviation principle (2.9), and the
fact that (G x)y = Cy2G 5.
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For the upper bound, we consider, once again, the cases @ < 1 and @ = 1 separately. In the
case o < 1 we notice that the sequence (a, /by,) is regularly varying with the exponent

w—v=3-20a—w>1—oa>0.

Therefore, the argument used in the proof of the upper bound in the case ¢ < 1 in Theorem 3.8
applies in this case as well, resulting in

1
lim sup log p(u) < —sup inf {u_(‘”_”) inf ry —u" <§Ca,2 '3t — tu)} .

u—oo Ba—(u) teG u>0 yeA

The infimum over u is achieved at
! —1/w
v ot —5Cet' St
u == . 9
w—V inf ty
yeA

and the upper bound in the case & < 1 is obtained by substitution.
The argument in the case ¢ = 1 is the same as the argument of the corresponding case in
Theorem 3.8. [

Proof of Theorem 3.11. The lower bound in the theorem is, once again, established in the same
way as the lower bound in Theorem 3.4, using the fact that in the present theorem, the sequence
(by) is regularly varying with exponent v = (B(w +a — 1) — 1) /(8 — 1), the large deviation
principle (2.9), and the fact that (A"), = Cy gA".

We prove now the upper bound. Suppose first that ¢ < 1 and @ < B(1 — «). In this case
o — v > 0 and we use, once again, the argument of the proof of the upper bound in the case
o < 11in Theorem 3.8. This gives us this time

lim sup log p(#) < — sup inf {u_(’”_”) inf ty —u" (Ca,/g Ay — t,u)} .

u—o00 bVa—(u) reg u>0 y€EA

The infimum over u is achieved at
—1l/o
vt — Cyp A1)
u= ,
w—V inf ry
yeA

and the required upper bound follows by substitution.

Next, we suppose that ¢ < 1 and @ > B(1 —«). The proof is similar to that of the proof of the
upper bound in the case @ < 1 in Theorem 3.8, but relies on Lemma 3.14 in addition to Lemma
3.61in [10].

Forr € R andu > 0let J,(t) = u”(l_“)ﬂC%ﬂAh(t). Let 0 < § < 1, and note that by
Lemma 3.14, for any ¢ € R as in Condition 3.3,

[nd]

1
limsup — log P [T (a,) < né] < limsup — log Z P [tSk > a, inf ty:|
n—oo bn n—oo Un k=1 y€A
1 _p, inf 1y b
< limsup—logZe veA F [exp{ltSkH
n—o00 n =1 ap

1 b
< — inf ty + limsup b—log {n(S sup E |:exp {—ntSk”}

y€A n—oco Dp k<ns an
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= — inf ty + Js(1).
yeA

Since Js(t) — 0as § — O for every ¢, we see that

-0 n—soo n

1
lim lim sup — log P [T (a,) < né] < — inf ty.
) b y€eA

Since we may replace ¢ by ct for any ¢ > 0 without violating the restrictions imposed by
Condition 3.3, we let ¢ — oo to conclude that

1
lim limsup — log P [T (a,) < né] = —oo. (3.16)
-0 nsoco by
Further, using Lemma 3.6 in [10] the argument used to prove (3.10) applies, and gives us
1
lim lim sup —— log P [n(r1 < T(ay) < oo] = —o0. (3.17)

—0 n—oo n

Next, fix + € G@. This means that we can choose 0 < € < 1 so small that Ju(t) —u®tp —
infyeaty +€ <Oforallu > 0. For 0 < § < 1 we have, as before,

1
lim sup ™ log P [nS < T(ay) < né_l]

n—oo n
1 (ns~']
< limsup — log Z P |:tSk — agti > ay inf ty]
n=>00 On o poinsl+1 vea
-1
1 ] b
< limsup — log Z exp {—bn <inf ty + a—kl/L)} E [exp {—ntSk}] .
n—oo by k=[no]+1 yeA an Ap

Let 0 < 1 < 1. By the Potter bounds there exists N1 > 1 such that for k, > N

k w—n k w+n
% > grs() = (1 — y) min { (—) , (—) }
aj [ l

and for every n > Ny, [n8]/n > (1 — n)8. Foreveryn > Ny/§andi > 1,
@i+1)[né]
b
Z exp {—bn (inf ty + a—kt,u,)} E |:exp {—"tSk”
k=i[nd]+1 yeA an an

(i+D[nd]

. by
< E expy—b, | inf ty +ar,,(ntp E |expy—1Sk
4 y€EA ay
k=i[nd]+1

b
<ndexpqy—b, (inf ty + ai[n,g],n(n)tu> + sup logE |:exp {—ntSk” .
yeA k<(@i+D[ns] An

By the choice of n, we know that for every i > 1, a ([in8], n) () > (1 — )T a(is, 1)(n).
Furthermore, by Lemma 3.14, we can choose N, so large that for all n > Np, all i =
1,2,...,872+1,

b
sup logE |:exp {—"tSk” < by (Ji+1s () +€).
k<(i+1)[ns] an
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Therefore, for all n > max(N;/8, N2) and i as above,

(i+1)[nd]

b
Z exp {—bn (inf ty + a—kt,u>} E |:exp {—"tSk”
yeA ay ay

k=i[nd]+1
< néexp {_bn (yirenzty + (1=t Has, 1)(n)tu> + by (Ja1ys (1) + 6)} :
We proceed as in the proof of the upper bound in the case ¢ < 1 in Theorem 3.8. Setting
yi =+ inf 1y + (1= aGs, Htu = Jarns (1) = €

and y* = min; y;>, we proceed as in the above proof and conclude that

1
limsupb—logP [n8 < T(a,) < o0] < —y*. (3.18)

n—00 n

Combining (3.18), (3.16) and (3.17), and letting first 5 — 0, and then n — 0 and ¢ — 0, we
obtain

lim sup log p(u) < sup {— ingty —u®tp + u1+ﬂ(1_°‘)Ca,ﬁ/1h(t)} .

u—o00 Vg (u) u>0 Ve
The supremum is attained at
1
1+4(1 -« o~ (TH(T=0)B)
U= <(—)’3ca,,3/1”(t)) ,
wt L

and the required upper bound is obtained by substitution and optimizing over 7.
Finally, in the case o« = 1 the upper bound of the present theorem can be obtained in the same
way as in Theorem 3.4. [

This section is concluded by a lemma needed for the proof of Theorem 3.11.

Lemma 3.14. Under assumption R4 with o < 1, forany 6 > 0 and t € R¢

1 b
lim — sup logE [exp {—"tSkH <utU=DBc, g A" (1),
a

=00 Dp k<6n n
where Cqy g is given by (3.8).

Proof. Observe that since the coefficients satisfy (1.7), there is N > 1 such that ¢; , > 0 for
alli € Z and n > N. Using the fact that A(¢) is increasing along each ray emanating from the
origin, we see that, if n > N/6,

b b
sup logE |:exp {—"tSk” = sup ZA (t_n(bi,k)
N<k<én an N<k<6n iy, an
b
sup Y A (r—”|¢|i,k>
N<k<én iy dap

bn
A - i n )
> (tan |$1i.10 1)

i€Z

IA
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where |¢plin = |@it1| + -+ + |pi+al. Clearly, the sequence (|¢;|) is also balanced regularly
varying and satisfies

|&n |p—nl
— p and

¥ (n) ¥ (n)
where ¥/ (-) is as in (1.7). With a minor modification of the proof of Lemma 3.6 in [10] we obtain,
forany ¢ € R and 6 > 0,

. 1 by, 11—
lim — E Al 1221l =y TA=BC, s A (1),
nan}o by £ ( an |¢|l,[un]) u a,B (0

—q asn— 00,

Since it is also easy to see that
.1 by
lim — suplogE |exp| —tSk )| = O,

n—o0 by k<N an
the proof is complete. [
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Appendix

In this section we state certain straightforward multivariate analogs of the ruin probability
estimates of Nyrhinen [16]. For completeness we provide the argument.

Let (Y,, n > 1) be an R%-valued stochastic process. For n = 1,2,... and r € R? define
gn(t) =n~'log Ee'™r and

g(t) = limsupg,(r), teR? (A.1)

n—o0

(these functions may take the value 4+-00). Let A C R? be a Borel set, and define

C:{teRd: infty>0}, D:{teC:supEe’y"<oo , (A2)
yeA n>1
and

E={te R? . g is finite in a neighborhood of ¢, exists as a limit at 7,

and is differentiable at ¢}, F={te&: pVg(t) € A° forsome p > 0}. (A.3)

Theorem A.1. (i) Suppose that there is to € C such that g(ty) < 0. Then

1
limsup —log P (Y, € uA for somen =1,2,...) < —sup inf ty.
u—oo U teDVEA

(i) Fort € F, let n(t) = inf{n > 0: nVg(t) € A°}. Then

1
liminf — log P (Y,, € uA for somen =1,2,...) > supn(t)[gt) —t Vg(®)].

u—oo u teF

Proof. (i) Forn = 1,2, ...lett € R? be such that gn(t) < oo. Let Z, be an R9-valued random
vector such that
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P(Z, € B) =e "¢ [e’Y"l Y, € nB)] . B C R? aBorel set.

Then
P(Y, cuA) =e"$VE [e_’”Z”l (Zn € un_1A>] < exp {ngn(t) —u ingty} . (A4
ye
Fix M =1,2,....Using (A4) forn < Mu and t € D gives us

Z P(Y, € uA) < (Mu) sup E''" exp {—u ing ty}.
Ye

n<Mu n=1

Taking a limit and optimizing over ¢ € D we obtain

lim sup u~! log Z P(Y, €euA) | < —sup inf ty. (A.S5)
U=00 n<Mu teDVEA

Next, using (A.4) for n > Mu and t( in the statement of the theorem (which is possible for u
large enough) gives us for large u

Z P(Y, cuA) < Z e < CeeMu,

n>Mu n>Mu

where a € (g(tp), 0) and C > 0 a constant. Therefore,

lim supu110g< Y P, e uA)) < —aM. (A.6)

—
=00 n>Mu

Combining (A.5) with (A.6) and letting M — oco we obtain the statement of part (i) of the
theorem.

For part (ii), let t € F, and let n > 0 be such that n Vg(t) € A°. Choose ¢ > 0 so that the
open ball B(n Vg(t), €) lies completely within A. Then for u large enough,

P(Yiun € uA) = P (Yiup € uB (nVg(t),8)) = P (E[”j]] € B (Vg(), s/(zn») :

On the other hand, for any ¢t € £ and ¢ > 0, for all n large enough so that g, (¢) < co, we have
P (Y, € nB (Vg(0),e) = O E [ (Z, € B(Vg(),e) ]
exp {ngn(t) —ntVg(t) —nelltl} P(Z, € B(Vg(1),¢)),

v

so that
liminfn ™" log P (Y, € nB (Vg(1), &)
> g(t) = 1Vg(t) = ellrl| + liminfn ™" log P (Zy € B (Vg(1). £))
=g(1) —1Vg(r) — el

since, as is shown below, the last lower limit is equal to zero. Therefore, for any t € F, n > 0 as
above and ¢ > 0 small enough,

1 1
liminf — log P (Y, € uA forsomen =1,2,...) > liminf —log P (Y[, € uA)

U—>00 Y Uu—>00 Y

nlg) —tVg®) —eltll].

v

v
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Letting ¢ — 0,7 — n(¢), and optimizing over ¢t € F, we obtain the claim of part (ii) of the
theorem.

The proof of the theorem will be finished once we show that for every r € £ and ¢ >
0,P(Z, e B (Vg(t),e)) - 1asn — oo. To this end, let ¢; be the ith coordinate unit vector in
RY,i = ,d. Then

d
P(Z, ¢B(Vg(t>,s>)sZP<z ei > —<t>+ ) ZP(Z e < —(r)——)

i=1 i=1

Fixi =1,...,d, and choose r > 0 so small that g(¢ + re;) < oo. Then g, (¢t + re;) < oo for all
n large enough, and for such n we have

]
P(zier= 22w+ 5 ) =B 1 (Yeer 2 n 0 405 )
ay; ay; d

d
exp {—ng,(t) —rne;Vg(t) —rne/d} E |:1 (Y,,e,- > na—g(t) —+ n%) e(”“re")y”]
Yi

exp{n (g,(t +re;) — gu(t) —re;Vg(t) —re/d)}.

IA

IA

Therefore,

1
lim sup — log P ( nei > 8—50) + 2) <gt+re)—g(t)—reVg(t) —re/d.
1

n—oo N

Since
gt +re)—g(t)—reVg)=o(r) asr |0,

this expression is negative for r small enough, and so

P|Z >8g(t)+?3 -0
e > 2 z
T oy d

asn — oo foreveryi =1, ..., d. A similar argument gives us
g e
P\Zjei<—(@)—=)—0
( = 3)’1'() d)
asn — oo foreveryi =1, ..., d and the proof of the theorem is complete. [
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