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LONG STRANGE SEGMENTS OF A STOCHASTIC PROCESS!

BY PETER MANSFIELD, SVETLOZAR T. RACHEV AND GENNADY SAMORODNITSKY

University of Tasmania, University of Karlsruhe and Cornell University

We study long strange intervals in a linear stationary stochastic pro-
cess with regularly varying tails. It turns out that the length of the longest
strange interval grows, as a function of the sample size, at different rates
in different parts of the parameter space. We argue that this phenomenon
may be viewed in a fruitful way as a phase transition between short- and
long-range dependence. We prove a limit theorem that may form a basis
for statistical detection of long-range dependence.

1. Introduction. Imagine that a stationary time series X, X, ... rep-
resents input in a stochastic system, for example, the amount of work arriving
to a service station in a unit of time, or the total of claims arriving to an insur-
ance company in a unit of time. Theoretically speaking, a stochastic system
is designed well if its “capacity” exceeds the average “load” generated by the
input to the system. In a queuing system context, this usually means that the
amount of work the servers are capable of processing in a unit of time exceeds
the average amount of work arriving in a unit of time. In an insurance con-
text, this means that the premium income the company receives per unit of
time exceeds the average total amount of claims arriving per unit of time. Of
course, it is well understood that even well-designed stochastic systems are
affected by the intrinsic randomness in their input. Random fluctuations can
cause a queue buildup in a service station and could imply disaster for an
insurance company.

It is somewhat paradoxical that what really affects a stochastic system is
not so much the “pure chaos” often associated with randomness, but rather
certain kinds of “order” found in it. Even if the input X, X,, ... is a nonde-
generate iid sequence with a finite mean, chance will create periods of time
when the observed (sample) mean is significantly different from the theoret-
ical mean. Such periods will become longer when the time series X, X, ...
has (positive) dependence, or memory; the longer the memory, the longer the
length of such intervals. In the insurance company context, long periods of
time when the claims arrive at a rate significantly higher than expected may
well lead to ruin. Similarly, long periods of time when observed traffic intensity
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is significantly higher than expected may cause extreme delays at a service
station. If a queuing system is highly loaded to begin with, it will be hit even
harder. This is the case, for example, with manufacturing systems in certain
capital-intensive industries, such as the semiconductor industry, where the
system has to run very close to capacity to produce the needed profit margin.

Today, it is not easy to find an area of applications of stochastic models
where one does not believe in presence of dependence in the data relevant to
that area. Indeed, many data sets are believed to exhibit presence of a spe-
cial kind of dependence, the so-called long-range dependence, or long memory.
Long-range dependence has been found in financial data; see, for example,
Ding, Granger and Engle (1993), Bollerslev and Mikkelsen (1996) or Breidt,
Crato and de Lima (1996), in communication networks; see, for example, Will-
inger et al. (1995), Beran et al. (1995) or Crovella and Bestavros (1996), and
many other areas. Additional references can be found in Beran (1994). Long-
range dependence is supposed to be the kind of dependence that not only
dissipates slowly with time, but is qualitatively different from ordinary, short-
range dependence.

Making the above statement precise has proved to be difficult. Early on,
long-range dependence has become associated with particular kinds of scaling
of a stochastic process, the simplest among which is self-similarity. This origi-
nated with the pioneering work of Mandelbrot and his co-workers
[Mandelbrot and Van Ness (1968), Mandelbrot and Wallis (1968, 1969a, b, ¢)],
which explained the Hurst phenomenon, for example, the empirical findings of
Hurst (1951), who studied the water level of the Nile River. For this purpose,
Mandelbrot and his co-workers used fractional Gaussian noise, which is incre-
ment process of the fractional Brownian motion, that is, the self-similar Gaus-
sian process with stationary increments. Fractional Brownian motion is char-
acterized by a single parameter (apart from its scale) H € (0, 1), sometimes
called the Hurst parameter; the covariance function of fractional Gaussian
noise is not summable when the Hurst parameter H is greater than 0.5, which
is precisely the range required to explain the Hurst phenomenon. Looking at
the rate of decay of correlations is an attractive way of thinking of length of
dependence in a stationary Gaussian sequence. Since then, nonsummability
of correlations has become a common way of defining long-range dependence,
even when the stochastic process is not believed to be Gaussian [see, e.g.,
Taqqu and Teverovsky (1998)], with possible adjustments consisting of requir-
ing actual regular variation of correlations as in Beran (1994), or allowing any
hyperbolic-type of decay of correlations as in Taqqu (1987).

It is difficult, however, to justify such concentration on the rate of decay of
correlations. First, this does not allow one to talk about long-range dependence
in a stochastic process with infinite variance; infinite-variance models have
acquired prominence in the last 10 years. Furthermore, even if the variance
is finite, the information carried by correlations is fairly limited if the actual
process is far from being a Gaussian one. In fact, some researchers argue
that there are simpler ways to explain the observed slowly decaying empirical
correlations than by introducing sophisticated models viewed as having long
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memory. Certain kinds of nonstationary models will have a similar property.
See, for example, Mikosch and Starica (1999) [but this line of thought can be
traced back to Bhattacharya, Gupta and Waymire (1983)].

A possible alternative approach to the phenomenon of long-range depen-
dence is to look at implications of the latter. That is, one looks at a particular
important functional of a stochastic process. One looks then for a kind of a
“phase transition” in the behavior of this functional. This approach has both
advantages and drawbacks. Its main drawback is in not offering a unique
definition of long-range dependence, for doing so ties the analysis to a given
functional, or a family of functionals. Its advantage is in concentrating on an
object of a priori importance. This makes the discussion of whether or not
nonstationary models can have a similar property somewhat redundant, for
it is the property itself that is of a greater interest than the model per se.

In the present paper we concentrate on one such functional of interest. Let
X1, X, ... be a stochastic process. For a Borel set A C R, we define, for every
n=12,...

X+ +X
j—i

(1.1) Rn(A)zsup{j—i:O§i<j§n, jeA}

(defined to be equal to zero if the supremum is taken over the empty set). If
X, X,, ... 1s a stationary ergodic process with a finite mean u = EX,, then
of particular interest are sets of the type

A =(6,00) with a 6 >
and
A= (—00,0) with a 6 < pu.

Indeed, R,((6, c0)) and R, ((—oo, 0)) are the greatest lengths of time intervals
when the system runs under effective load that is different from the nominal
load. We have already mentioned that such time intervals can be of a crucial
importance in manufacturing and insurance applications, but these function-
als are also important in finance, comparative analysis of DNA sequences and
analysis of computer search algorithms. In this paper we will concentrate on
the sets of the type (0, c0), and we use the notation

R,(0) := R,((6, 00)).

It is clear that one can analyze the sets of the type (—oo, 6) by changing the
sign of the whole stochastic process.

A word on the terminology. The intervals whose length the functional R, (A)
measures are sometimes called long rare intervals; see, for example, Dembo
and Zeitouni (1993). We prefer to call them long strange intervals, reflecting
the fact that, even though from a certain point of view, we are talking about
a typical length, in such time intervals the system seems to overcome the law
of large numbers when the mean u lies outside of the closure of the set A.
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Here is the specific model we will consider. Let

oo
(1.2) X, =p+ Y Cn_;iZ n=12,...,
Jj=—00
where ..., Z_4,Z,, Z, ... is a sequence of zero mean iid random variables
and u is a constant. That is, X, X,, ... is a two-sided linear process (or a

two-sided infinite moving average).
In this paper we assume that Z = Z satisfies the following regular varia-
tion and tail balance conditions:

P(|Z| > X)) = L(AM)A™¢,
(1.3) im P(Z > ) —p in P(Z < —)) _4
r—o0 P(|Z| > ) ’ r—oo P(|Z| > M) ’
as A — oo, for some @« >1and 0 < p=1-— ¢ < 1. Here L is a slowly varying
function at infinity. The coefficients (¢ ;), not all of which are equal to zero,

have to satisfy certain assumptions to make sure that the infinite sum in (1.2)
is well defined. Sufficient conditions for convergence are

o0
Z€03<00, for a > 2,
(1.4) =
Y lejl*®<oc forsome >0  fora<2.
Jj=—00
Moreover, under the conditions (1.4), X, X, ... is an ergodic stationary pro-

cess whose marginal distribution satisfies

P(X >N~ ) |<Pj|a[PI{<pj>0}+q1{¢j<0}]P(|Z| > A)
Jj=—00

(1.5) N
~ Z |¢j|a[p1{¢j>0}+q1{¢,<0}]L(/\))\_aa

Jj=—00

as A — oo. Here and in what follows, X stands for a generic random variable
with the same distribution as X;. See Mikosch and Samorodnitsky (2000),
Lemma A3.7. See also Brockwell and Davis (1991) for an extensive treatment
of linear processes and Resnick (1987) for a discussion of regular variation in
the context of linear processes.

A strictly stronger assumption than (1.4) is that of absolute summability of
the coefficients in (1.2):

o0
Jj=—00
We will see that there are important differences in the ways the functional
R,(6) with 6 > u behaves when the assumption (1.6) holds, and when this
assumption does not hold but the weaker assumption (1.4) holds. In this sense
we have a phase transition.
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Several remarks are in order.

REMARK 1.1. (i) Linear processes are, arguably, the single most common
class of stochastic models used in science. Traditionally, they have been used
because of their flexibility to account for almost any possible behavior of covari-
ance functions. On uses moments to fit a linear model to data. See Brockwell
and Davis (1991). This argument does not explain why one should use linear
models when the variance is infinite [this is the case, for example, when a < 2
in (1.3)], or if one is not interested in covariances. See also Resnick (1997)
for the case against blind usage of linear processes. We use linear processes
because we are interested in the tails, not covariances, and the joint tails of
a linear process provide a very good approximation to any multivariate reg-
ular varying distribution. See the discussion in Mikosch and Samorodnitsky
(2000).

(ii) It is interesting that, in the case when EZ2 < oo, the condition (1.6)
is also the one that assures absolute summability of the covariances of the
process X, Xo,....

Clearly, for any stochastic process and any fixed number 6, the sequence of
random variables R{(0), R,(0), . ..1is nondecreasing. How fast does it increase?
This question, apart from its obvious importance in applications, is of theo-
retical interest in its own right. If X, X,, ... is an iid sequence of random
variables with finite exponential moments, then R, (0) grows logarithmically
fast; see Dembo and Zeitouni (1993), Section 3.2. It turns out that with regu-
larly varying tails, as in our setup, R,(0) itself grows as a regularly varying
function. This is not, by itself, surprising. It is, perhaps, more surprising to
see the effect of the dependence in the process on the rate of growth of R, (6).

We begin the next section by providing some intuition that may help the
reader see why our results are stated the way they are, and where they come
from. We also state our main result and give some possible applications of it.
Section 3 contains the proof of the main result; it uses additional technical
results that are provided in Section 4. Finally, in Section 5, we try to give the
reader some idea of what may happen when one uses the lenses provided by
our results to look at real data; our data comes from financial applications.

2. Intuition and the main results. The idea underlying our results is
really very simple. It follows directly from the definition of R, (6) that, for any
1<m<n,

R,(6)>m if and only if X, ; +---+ X, , > k6 for some &k =m,

(2.1)
m+1,....,n andsomei=0,...,n— k.

Now, by definition (1.2) of the linear process,

0 i+k—j
(2.2) Xig++X=ku+ > ( > sod)Zj-

j=—co \ d=i+1-j
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To develop some intuition, we will use the logic of large deviations (even
though this is not really a large-deviation situation, as we will discuss in
a moment). Let 6 > u, so that, for a fixed i, the event

{Xip1+-+ X > RO}

is an unlikely event if & is large. The logic of large deviations is that unlikely
events happen in the most likely way, and in the case of power-like tails, the
most likely way is often that of the least number of causes. See, for example,
Resnick and Samorodnitsky (1999) or Mikosch and Samorodnitsky (2000) for
a discussion. This logic tells us that, for large sample sizes n and large m
in (2.1), the event {R,(6) > m} is basically a consequence of a single large
positive or negative value of a noise variable. How large this value has to be
is determined by the coefficients (2.2). Then, intuitively,

i+k—j

P(Rn(0>zm>~P<< > ¢d>zj>k(e—m,

d=i+1—j

(2.3)

for some j=...,—1,0,1,...
some k=m,m+1,...,nand some i:O,...,n—k).

Now, what does (2.3) mean exactly? We are, obviously, thinking of the sample
size n going to infinity, and the number m should increase to infinity as well
(as a function of n). If the number m = m(n) increases too fast, and the
probability in the left-hand side of (2.3) goes to zero, then we are talking
about an overall rare event, and then the equivalence of the left- and right-
hand sides of (2.3) is, perhaps, not surprising. We are, however, interested in
m = m(n) increasing at “just the right rate,” so that the probability in the
left-hand side of (2.3) should not go to zero, and the event it describes is not a
rare event. Why should one expect that the equivalence in (2.3) is still valid?
To answer that question, let us look at the simplest possible case, that of an
iid sequence X, X, ....

The iid case corresponds to the choice of ¢; = 1 and ¢; = 0 for j # 0 in
(1.2). Assume temporarily for notational simplicity that L(A) — L € (0, c0) as
A — 00 in (1.3), Clearly, we may (and will) assume that uw = 0 (and 6 > 0). We
will see later that the appropriate choice of m in that case is m = m(n) = n'/®
in the sense that n=/*R, (6) converges weakly to a nonzero limit. Now, it is
typical for the maximum of n iid random variables with a Pareto-like tail to be
of the order of n'/% and, in fact, there is likely to be more than one observation
that large. However, for exactly the same reason, observations that large are
likely to be separated in time by more than n'/® observations and, hence, one
does not expect that more than one of such large observations will contribute
to the largest strange interval. This is the intuitive reason for the equivalence
in (2.3).

Let us start by noting that the probability in the right-hand side of (2.3) can
be understood through fairly straightforward computations. Still assuming
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that w = 0 and 0 > 0, we can rewrite it in the form

P(for some j=...,—1,0,1,..., either
1 i+k—j
(2.4) Z; sup — sup Y eq| >0
m<k<n i=0,...,n—k d=i+1-j "

1 i+k—j

or Z; sup 7 Sup ( > god) <—0).
m<k<n 1=0,...,n—k d=i+1—j B

Here, a, = max(a, 0) and a_ = (—a), for any real number a.

If one believes that (2.4) gives the main term in the probability P(R,(0) >
m) (at least, for appropriate choice of m), then it is a reasonably straightfor-
ward computation (which we will actually perform later) to figure out
from (2.4) the behavior of the probability P(R,(6) > m) as n — oo for a
given sequence m = m(n) and, alternatively, to figure out the right choice of
m = m(n) so that P(R,(6) > m) converges to a limit in (0, 1). At this point it
is useful to start introducing the appropriate notation.

Let F denote the distribution function of the random variable |Z| and, for
n > 1, define

(2.5) a, = (ﬁ)e(n).

Here, for a nondecreasing function U, we use the notation U to denote the
left continuous inverse of U

U=(y)=inf{s: U(s) = y}.

It follows immediately from (1.3) that the sequence (a,) is regularly varying
at infinity with exponent 1/«a. Here we are following the notation in Resnick
(1987), which should also be consulted for facts about regular varying tails
and their quantile functions.

It turns out that under the condition (1.6) (the short-memory case in our
approach), the appropriate choice for the sequence m = m(n) is m(n) = a,,
n > 1, in the sense that a;'R,(0) converges weakly to a nondegenerate limit.
In this sense, in the short-memory case, the length R, (6) of the longest strange
interval grows as a,, (i.e., as a regularly varying function of the sample size n
with exponent 1/a). This is the same rate as that achieved in the iid case (but
the actual weak limit of a; ! R, (6) does, in general, depend on the coefficients
in (1.2) even in the short-memory case).

In contrast to that, the rate of growth of R, (0) is, in general, higher than
that of a, in (2.5) if the condition (1.6) fails. In fact, we will show in a future
paper that if the coefficients (¢,) in (1.2) have themselves a certain regu-
lar variation property, then the right choice for the sequence m = m(n) is,
actually, that of a regularly varying function with exponent strictly greater
than 1/a, This suggests that one way to see if the data should be viewed as
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coming from a long-range dependent model is to plot log R,(0) versus logn.
Long-range dependence corresponds to the case when the plot is close to being
linear with a slope H greater than 1/«, while a slope of 1/« signifies short
memory (or, rather, absence of indication for long-range dependence). This
approach is, hence, akin to the R/S statistic of Hurst (1951); note, however,
that the approach using the rate of growth of the longest strange interval has
the advantage of relating to an a priori important quantity. It is also interest-
ing that, unlike the Hurst exponent in the R/S statistic, our slope H is not
bounded by 1/2 from below.

Even though the above way of trying to detect long-range dependence looks
attractive, it is difficult to convert it into a statistical test; the same problem
also plagues the R/S statistic. An additional difficulty involved is that the tail
index « in (1.5) is not usually known and, hence, has itself, to be estimated
from the sample. This should not be called an easy task; see, for example,
Embrechts, Kliippelberg and Mikosch (1997) for some of the pitfalls. Therefore,
it is desirable to have a statistic that does not rely on the tail index.

Let M, = max(X,, ..., X,) be the largest of the first n observations, n > 1.
It is well known that under fairly general conditions, M, grows as a, in (2.5);
see, for example, Resnick (1987) [under conditions more stringent than (1.6)];
in the case of a-stable noise ..., Z_;, Z,, Z, ... in (1.2), Leadbetter, Lindgren
and Rootzen (1983) show the same thing without the assumption (1.6). One of
the by-products of our results is that M, grows as a, under the assumption
(1.6). One of the grows as a, even under long-range dependence. We would
like to exploit this fact.

Specifically, the statistic we would like to concentrate on is

R,.(6)
M,

It is the self-normalized nature of the statistic W, (0) that makes it attrac-
tive. It turns out that under the assumption (1.6), that is, in the short-range
dependence case, the ratio W, (0) has a weak limit; we have, basically already
alluded to it. This will not be the case when the assumption (1.6) fails (the
long-range dependence case); in this case, R, (60) grows at a faster rate than
M, which is the subject of a subsequent paper.

The natural approach to proving weak convergence of W, (6) is via weak
convergence of the sequence of random vectors in R?:

2.7 V,(0) = a, (R,(0), M,), n>1,

and the continuous mapping theorem. Hence the formulation of our main
result that we present now.

(2.6) W,(0) =

THEOREM 2.1. Let uw=0and 6 > 0. Assume (1.6). For any x > 0and y > 0,
P(a;'R,(6) < x, a;' M, < y)
(2.8) — exp{—pmax(M, (¢)"6“x %, m,(¢)"y )
—gqmax(M_(¢)*07*x™, m_(¢)*y" )},



886 P. MANSFIELD, S. T. RACHEV AND G. SAMORODNITSKY

where p and q are the tail weights in (1.3),

k o0
M. (¢)=maxi sup | > ¢;) , suwp (D¢ t,
—oo<k<o0 j=—00 i —oco<k<oo \ j=k +

2 o
M_(qo):max: sup ( > qoj> , sup (ZQDJ‘) },
—oo<k<oo J=—00 _ —oo<k<oco \ j=k _

m.(¢)= sup (¢p)y

—oo<k<oo

and

m_(¢) = sup (¢;)_.

—oo<k<oo

REMARK 2.2. It is clear that for a general mean w and any 6 > u, the
statement of Theorem 2.1 remains valid if one replaces 6 by 6 — u in the
right-hand side of (2.8).

REMARK 2.3. Observe that if the coefficients ¢ ; are all nonnegative, then

M. (¢) = i ®js M_(¢)=0,

j==00

and similarly with nonpositive coefficients.

REMARK 2.4. A well-known form of representing the distribution function
of a random vector, say, (X, Y), with a general bivariate extreme value distri-
bution (with the so-called ®, marginals) is
29 PX<xY<y)= exp{—/ max(s—l, s—2> m(ds, dsz)},

By xe y«
where m is a finite measure on Bf = {(s;, s3): 81 = 0, 85 > 0, 57 + 52 = 1} (the
so-called spectral measure). See, for example, Resnick (1987). In other words,
Theorem 2.1 says that the vector V,(0) in (2.7) converges weakly, as n — oo, to
a bivariate extreme value distribution (2.9) with a two-point spectral measure
m that puts the weight

9 a/2
(2.10) p(<M+T((P)) + (m+(qo))2>

at the point

21 M (¢)/ m..(¢) )

(M (@)/0)% + (m (@) (M (¢)/0)* + (m . (¢))*)"/?
and the weight

(2.12) q((M‘T("’)>2 + (m_(qo))z)a/2
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at the point

(2.13) ( M _(¢)/6 m_(¢) )

(M _(¢)/0)* + (m_(e)))/2" (M _(9)/0)* + (m_(¢))*)'/?

For example, if ¢ = 0 or if the coefficients ¢; are all nonnegative, then
the spectral measure m of the limiting distribution of V,(6) is a point mass
given by (2.10) and (2.11). As a matter of fact, an inspection of the proof of
Theorem 2.1 shows that, in the case of nonnegative coefficients, one does not
need the full strength of the part of the assumption (1.3) that applies to the
left tail of the distribution of the noise, and a much weaker assumption will
suffice; for example, the left tail being bounded from above by a regularly
varying function with any exponent greater than 1.

REMARK 2.5. Clearly, the story described in Theorem 2.1 breaks down at
the boundary @ = 1. Indeed, once the boundary is crossed, that is, if « < 1,
then the mean u is not defined. More importantly, the asymptotic behavior
of the statistic W, (6) will be very different in this case. Specifically, for any
real 6, R, (0) will grow like n (it is very likely that the sample mean of all n
observations exceeds 6), while the largest observation M, will still grow as a
regular varying function with exponent 1/a > 1. Hence, W, (6) will go to zero
in this case. In fact, once the tail exponent a gets close to 1, one is likely to
see in practice unusually low values of the statistic W,(0), that are caused
not by short memory but, rather, by the proximity of the boundary a = 1.

The form of the limiting distribution described in Theorem 2.1 allows one
to compute easily the limiting distribution of the statistic W,(6) in (2.6). Let
us introduce first some notation. Denote

214) 0 0) = SHL (o) = 2O
provided the denominators are not zero.
COROLLARY 2.6. Assume (1.6) and
(2.15) pm_ (@) +qm_(¢) > 0.
Then, as n — oo,
(2.16) W.,(0) = W_(6).

The limiting law of W (0) is described as follows.
(i) Let 0 < p <1, m (¢) >0and m_(¢) > 0. If

(2.17) a,(0) > a_(6)
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in (2.14), then the limiting distribution in (2.16) is concentrated on the interval
[a_(0), a,(6)] and
1
L+ (p/a) (M (¢)/M ()’
1
1+ (q/p)(m_(@)/m (¢))*

and on the interval (a_(60), a(0)) the law of W_,(0) is absolutely continuous
with the density

P(W(0) = a_(0)) =

P(W(0) = a,(0)) =

(a/P)(m_(9)/(M(¢)0~1))*cwe!
(1+(g/p)(m_(¢)/(M . (¢)6~1))2w)?"

fo(e)(w) =

If, on the other hand,
(2.18) a.(0) <a_(6),

then the limiting distribution in (2.16) is concentrated on the interval [a(6),
a_(0)] and

1
1+ (q/p)(M_(¢)/ M (¢))*’

P(W(0) = a.(0)) =

1
1+ (p/Q)(m(@)/m_(@))*’

and on the interval (a,.(0),a_(60)) the law of W (8) is absolutely continuous
with the density

P(W(0) =a_(0)) =

(p/Q)(M_(¢)07 /m_ (¢))*aw! |
(14 (p/q)(M_(9)0-1/m ,(¢))*we)

fw_o(w)=

Finally, if
(2.19) a. (0)=a_(0),

then the limiting distribution in (2.16) is concentrated at the point a_(0).

(ii) Let p = 1 or m_(¢) = 0. Then the limiting distribution in (2.16) is
concentrated at the point a,(0).

(iii) Let m_ (¢) =0,0 < p <1, and m_(¢) > 0. Then the limiting distribu-
tion in (2.16) is concentrated at the point a_(0).

It is interesting to note that, while the distribution of W (6) depends, in
general, on the tail index «, the support of that distribution does not depend
on «a. Given, once again, the difficulty of measuring reliably the tail index
from the sample, this is a welcome fact that may prove handy in constructing
a statistical test for detecting long-range dependence.
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EXAMPLE 2.7. Suppose that the underlying model has, actually, geometri-
cally decaying coefficients:

goJ-:pljl, j=...,—-1,0,1,..., —-1l<p<l1l, p=#0.
It is elementary to check that, in this case,

1

M. (¢)= =, m(¢) =1,

M (o)== mAe)=-p,

if -1 <p<0and

1+p
M. (¢)= 1-, o’ m_ (¢) =1,

M_(¢)=m_(¢)=0,
if 0 < p < 1. An immediate application of Corollary 2.6 tells us that

1/(1 - p), if —1<p<0,
(2.20) W(1) = = h(p)

1+p)/(1-p), if0<p<l,

almost surely.

Here is a possible, though provocative, way of looking at the significance of
an observed value of the statistic W, (6). It is often suggested that long-range
dependence-like phenomena observed in data can be explained by using a
short-range dependent, for example, autoregressive, linear model, but with
the autoregressive polynomial having a root very close to the unit circle. In
our example here, this idea amounts to taking p close to +1.

Imagine that “nature” selects, unknowingly to us, p uniformly between —1
and 1, and we get to observe a set of observations drawn from the resulting
model. If| for large n, W, (6) should be about equal to its limit, W _(6) = k(p)/0
[with 2(p) given in (2.20)], then an unusually large value of W, (6) has to result
from an extreme value of p. Recalling that p is chosen uniformly in (-1, 1),
we obtain the significance of an observed value w > 1/(20):

1/(2wb), if 1/(20) < w < 1/0,

(2.21) d(w, 0) = { 1/(wo+1), ifw>1/6.

Of course, this procedure is not a substitute for a standard statistical test,
and we will present such a test in a future publication. However, the above pro-
cedure does provide an indication of how difficult it is to describe the observed
long strange intervals by short-range dependent models.
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Both Theorem 2.6 and Corollary 2.6 are proved in the next section. We take
here the opportunity to point out that the idea underlying Theorem 2.1 is the
same one as that described in the discussion around (2.3) in a simpler case of
a one-dimensional convergence. Indeed, if one believes that the event whose
probability we compute in the right-hand side of (2.3) describes how one can
expect the event {R,(6) > m} to occur, then it is also believable that

P(a,'R,(0) < x, ¢;'M,, < )

i+k—j
~P(f0rallj=...,—1,0,1,..., ( > god)ijkO
d=i+1-j
for all xa, <k<nandalli=0,...,n—k,
(2.22)
and forall j=...,-1,0,1,...,Z ¢, ; < ya,

foralli:l,...,n)

= PM(G, X, n)

However, a fairly straightforward computation presented in Lemma 4.2 shows
that the latter probability converges, as n — oo, to the right-hand side of (2.8).
Therefore, what remains is to argue that P, (6, x, y, n) represents, indeed, the
most likely way the event whose probability we are computing in the left-hand
side of (2.8) happens. All that the proof in the next section does is to make
that intuitive argument rigorous.

3. Proofs of the main results. We start with the proof of Theorem 2.1,
and it takes most of this section. The section concludes with the proof of
Corollary 2.6.

PROOF. We begin by introducing a notation that will simplify some of the
expressions below. Fora j=...,-1,0,1,..., let

1 i+k—j
k. (j)=argsup -  sup ( > ﬁod) :
+

xa,<k<n k 1=0,...,n—k \g—jt+1-j

1 ith—j
) =areswy s (e
xa,<ksn " i=0,..n—k \g—jt1—j -

(3.1

itk (J)—J
L+(J) = argsup ( Z @d) >
i=0,...,n=k, (J) \ g=ij+1—j +

i+k_(j)-Jj
i_(j)= argsup ( > ¢d),

i=0,..,n—k_(J) \ g=j+1—j

with the ties broken in, say, lexicographical order.
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We fix for a moment & > 0, and bound the probability in the left-hand side
of (2.8) from above as follows (note that the first term in the right-hand side
represents the main term):

P(a,'R,(6)<x,a,'M, <y)
i+k—j
§P<forallj:...,—l,O,l,..., ( 3 ¢d>zj§ko(1+s),
d=i+1—j

for all xa,<k<n and all i=0,...,n—k,

and for all j=...,-1,0,1,..., Z;¢;_;<ya,(1+¢)

for all i:l,...,n)
(3.2)
ith—j
+P<an1Rn(0)§x, and for some j:...,—l,O,l,...,( > (pd>Zj
d=i+1-j

> k0O(1+¢) for some xa, <k<n and some i:O,...,n—k)

+P(a,;'M, <y, and for some j=...,—1,0,1,...,
Z;p;i_j>ya,(1+e) for some i=1,...,n)
:=P(A;)+P(Ay)+ P(As3).
We immediately identify P(A;) as Py (6(1+ ¢), x, y(1+ €), n) in (2.22) and,
hence, by Lemma 4.2,

lim P(A,) = exp|—(1+ 2) ( pmax(M_(¢)"0x ™, m.(¢)"y ™)

(3.3)
— gmax(M_(¢)"6"x™" m_(¢)"y™))}.

To estimate P(A,) in (3.2), let

i+k—j
T::inf{j:...,—l,O,l,..., ( > <pd)Zj > kO(1+¢)
d=i+1—j
for some xa, < k <n and somei:O,...,n—k}
L (k)]
=inf{j=...,-1,0,1,..., ( > god> Zi>k(j)0(1+¢)
d=i,G)+1-j /4

i_(J)+k_(J)—J
or ( Z €0d> Z; < —k_(j)@(l-l—s)},

d=i_(j)+1-Jj
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and note that, by Corollary 4.3, T' can take the value oo but not —oco. We claim
that

(3.4) lim sup P(A,|T = j,) =0,
n—oo ;-

which will obviously imply that
(3.5) lim P(Ay) =0.

n—oo

Observe that, for any j,=...,-1,0,1,...,

i) +h o) o
P(Ag|T = jo) = P|a,'R,(6) = x, > eal Zj,
+

d=i (jo)+1-Jjo
i)
i_(Jjo)+k_(jo)—Jo
+Pla,'R,(0) <, X ed) Z,

d=i_(jo)+1-Jo
T= jo)

> k. (Jo)O(1 +¢)

< —k_(Jo)0(1+2)

=Py ,(Ag) + Py ; (Ag).
We will prove that
(3.6) lim sup Py j (Ay) =0.
n—oo

Since the corresponding statement for P, ; (A,) can be proved similarly, this
will be enough to establish (3.4).
Let io = l+(‘]0) and kO = k+(]0) Then

lotko—J

Pl,jO(Az)SP(Z Z; Y @q=ke,

j=—00  d=ig+l—j

iotko—Jjo
Y. @a| Zj > ket(1+e)
+

d=ig+1—jg

T=jo)

ig+ko—J

J=iotl  d=igtl-j

3.7

IA

Jo—1 igtko—J

j=—0o  d=ig+1—j

= Pyq j,(A2) + Pyg ,(Ay).



LONG STRANGE SEGMENTS 893

For a K > 1, we denote by
(3.8) ¢; =¢,;1(|j] < K), j=...,-1,0,1,...,

the coefficients truncated at + K, and write

o0 igtko—J
Py, (Ag) < P( o1zl Y lea—¢al > 8k09/4>
J=Jo+1 d=ig+1—j
o0 igtko—Jj
(3.9) +P| > Z; Y pg<-—ekib/4
J=jorl  d=igtl-j
= P11, ,(Ag) + P11g j,(As).
Clearly,
1 o0 igtko—Jj 3
Piyq, ,(Ag) < (eko0/4) E[ Y 1ZjI| X lea— &al
J=Jo+1 d=ig+1—j
0 -K 1
§k0E|Z1|< Y e+ > |‘Pj|>(8k00/4) ,
j=K+1 j=—00
and so
(3.10) I}im lim sup sup Py, j,(Ag) = 0.
-0 n—oo Jo
Furthermore,
ig—Jotko—1 d
P, j,(Ag) = P( > €5d< > Zj) < —sk06/4>
d=—00 j=d—ke+1
min(K, ig— jo+ko—1) d
d=—K j=d—ko+1

< 2P 2 %Z < £
- kOj:1 J = 8K max(|¢;|) ’

and by the law of large numbers, we immediately have that

(311) llm Sup P1127 JO(A2) - O
n—oo jO

for every K > 1. It follows from (3.9)—(3.11) that

(3.12) lim sup Py ; (Ag) =0.

Jo
We treat the second term in the right-hand side of (3.7) similarly. Write

Jo—1 __ igtko—J
(313) P12, JO(A2) = P Z Z] Z (Pd S _8k00/2 .
Jj=—00 d=iy+1-j
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where ZJ-, ...,—1,0,1,... are independent, and each ZJ- has the law of Z

conditioned on belonging to the interval

S |- k_(J)0(1 + ) k (j)O(1+ ¢)
I i_(+h-()-J (i )R ()= ’
d=i_(jy+1-j Pd)_ d=i, (j)+1-j Pd)

and note that

1 1
S5 [_anoai(i( —i—s)’ anoaiﬁ( + 8)] — S
Zd:*OO |god| Zd:*OO |€Dd|

which is a set that does not depend on j and increases, as n — oo, to the
whole real line. With the truncated coefficients (¢ ;) as in (3.8), we have

Jo—1 _ lotko—J
Py j,(Ag) < P( Y 1Zi Y lea—¢al > 8k09/4)
j=—00 d=ig+1—j
(3.14) Jo—1 _  igtke—Jj
+P( Y Z; Y ¢a< —8k06/4)
Jj=—00 d=iy+1—j

= Pqg1j,(Ag) + Pigg j,(Ay).

Since E |Z il < E|Z,] for all j, we conclude as above that

00 -K
P19y, j,(Ag) < koE|Z1|( Yo o leil+ X |<Pj|)(3k09/4)_1>
j=K+1 j=—o0

implying that
(315) lim lim sup sup P121’ JO(AZ) =0.

K—o0o pooo Jo

Furthermore,

K d
Pigs i (Ag) = P( > SDd( > Z—j+i0+1) = —8k09/4>

d=max(—K, iy—jo+2) J=d—ko+1

< g P 1 Xd: Z < el
~ ok \ko “Hotl = 8K max(le;|) )

d—ky+1

Note that (enlarging, if necessary, our probability space) we can construct a
copy of the original noise sequence (Z’;») such that, for every jJ,

E\Z} - Z;| = E(|Zy|) max(|P(Z; > 0) — P(Z; > 0)],
|P(Z; <0)— P(Z; < 0)|)

+|E(1Z1]) — E(1Z,1]|Z, € S)| < py
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for some p,, — 0 as n — oo that does not depend on j. Therefore, for every
d=-K,...,K,

1 d ~ eb
Pl — Z ; <
(ko i 2 o+l 8Kmax(|goj|)>

d—ky+1
1 ko )
<Pl —Y Z. <—————
- (kojg J 16Kmax(|goj|))
1 d ~ &0
+P| — Z_i ;i 1—2L" >—|.
(k() j:d_ZkO_,_ll Jtig+l Jj+ 0+1| 16Kmax(|q)]|))

The first probability in the right-hand side above goes to zero by the law of
large numbers, whereas the second probability is bounded from above by

-1

&0 1 d ~
) 2 E\Z -2,
(16Kmax(|goj|)> 7y j:d_Zkoﬂ Z_jrigrn = Z7 jrignal

-1
e0
=P\ 6K max(le.) |
max(|e ;)

Therefore,

(3.16) lim sup Pigy j (Ag) =0
n—oo ;-

for every K > 1. It follows from (3.14)—(3.16) that

(3.17) lim sup Py, ; (Ag) =0,
=00 g,

and so (3.6) follows by (3.12) and (3.17) and, hence, (3.5) has been established
as well.
The proof of

(3.18) lim P(Ag) =0

n—oo

is similar to the proof of (3.5), but is quite a bit simpler, hence omitted.
It follows from (3.2), (3.3), (3.5) and (3.18) that

lim sup P(a;an(O) <x,a,'M, < y)

< exp|—(1+ &) “(pmax(M (¢)0“x . m.(¢)"y )

— qmax(M_(¢)"0~"x " m_(¢)"y™))},
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and, since ¢ can be taken as small as we wish, we conclude that

lim sup P(a;an(O) <x,a,'M, < y)

n—oo

(3.19) < exp{—(pmaX(MJr(go)“B_ax_a, m. () y™)
—gmax(M_(¢)*60 *x™¢, m_(¢)ay7a))}‘

We now proceed to establish a matching lower bound. Fix ¢ € (0,1), N >
max(1, x) and § > 0 and write

P(a,'R,(0) < x,a,'M, < y)

(3.20)
> P({a;'R,(0) < %, 0;,'M,, < y} (1B, By),
where
i+k—j
B, = {forallj:...,—l,o,l,..., < > god>Zj§k0(1—s)
d=i+1-j
for all xa, <k<nandalli=0,...,n—k,
and forall j=...,-1,0,1,..., Z ¢, ;<ya,(1-¢)
foralli:l,...,n}
and

Bzz{foreachxan§k<Nan and eachi=0,...,n— k&,

i+k—j
( > god>Zj > Sa, for at most one j=...,-1,0,1,...,
d=i+1—j
and foreachi=1,...,n, Z;¢;, ;> da,
for at most one j=...,—-1,0, 1,...}.
Therefore,
P(a,'R,(6) < x, a;'M, < y)
(3.21) > P(B,) — P(BS) — P({aann(O) > x} NB:N BQ>

—P({a,;an > y}N B, ﬂB2>.
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We identify P(B;) as Py (6(1 — &), x, y(1 — &), n) in (2.22), and so another
appeal to Lemma 4.2 gives us

r}erolo P(B,) = exp{—(l - s)_“(p max(M+(go)“0_“x_“, m+(<p)“y_“)
(3.22)
— gmax(M_(¢)0 5", m_w)‘*y-“))}.

Furthermore, an application of Lemma 4.4 shows that

(3.23) lim P(BS) = 0.

n—o00

Next, write

P({agan(O) > x} ﬂBlﬂB2>
(3.24)
< P(a;'R,(0) > N) + P({x <a;'R,(0) < N} N B, ﬂBz>.

It follows from Lemma 4.8 that

(3.25) lim limsup P(a,'R, () > N)=0

N—oo pnosoo

and, further,
P({x <a'R,(6) < N} ﬂBlﬂBz>

[Na,] n—k oo ith—j
(3.26) = X ZP({ Z( > ‘Pd)Zj>k0]mBlmBZ>

k=[xa,]+1 i=0 Jj=—00 \d=i+1-j
[Na,]
=n Z Dr>
k=[xa,]+1

where

oo i+k i+k
pk=P< > < > god)Zj>k0,< JX: god)ijkO(l—s)

Jj=—00 \d=j+1 d=j+1

forall j=...,-1,0,1,...,

Jtk
and for at most one j, ( > qod>Zj > k8/x>.

d=j+1
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We proceed similarly to the argument in the proof of (3.5). Let

itk
T::inf{j:...,—l,O,l,..., ( > god>Zj>k8/x},

d=j+1

and note that, by Corollary 4.3, T' can take the value co but not —oco. We
conclude that

oo i+k Jt+k

J=—00 \d=j+1 d=j+1
forall j=...,-1,0, 1,...,)
00 i+k
(3.27) + Y P(T= i)P(Z( > (pd>Zj > koe,

i=—o0 J#i \d=j+1

Jj+k
( > sod)zjsks/x

d=j+1

for all j #1i

J+k
( > god)Zj < ké/x for all j < i).

d=j+1

Note that, by Lemma 4.6, the first probability in the right-hand side of (3.27)
is bounded from above by a constant times 2~(>*®) as long as & is chosen small
enough comparatively to 6x. Furthermore, it follows from (4.2) and (4.3) that,
for every i, the second factor under the sum in the right-hand side of (3.27) is

P(Zj;éi (Zziikjﬂ §0d>Zj > ke, (Zéiﬁ_ﬂ qod)Zj < ké/x for all j # i)
P((Sih1 04) 2, < kojx forall j < i)

i+k j+k
SCP<Z< > @d)Zj>k98,< > god>Zj§k8/xforallj7éi>

J#i \d=j+1 d=j+1

for some positive constant C that may depend on §, x and N but not on i or
k in its range. Denoting by r > 0 the smaller of P(Z; > 0) and P(Z; < 0)
and using the reflection principle, we see that, for all £ large enough (indeed,
n large enough assures that % is large enough, independently of i), the latter
expression is further bounded from above by

00 i+k Jt+k

Jj=—00 \d=j+1 d=j+1

forallj:...,—l,O,l,...),
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and by Lemma 4.6 the latter expression is bounded from above by a constant
times £~(2*%) as long as & is chosen small enough compared to fsx. We conclude
that

pr < CE G forall xa, < k < Na,,

for some constant C > 0, and we conclude by (3.26) that, for every N >
max(1, x), ¢ € (0,1) and 6 > 0 small enough (again compared to fsx), we
have

(3.28) lim P({x < a,"R,(6) < N}(\Bi(1By) = 0.
It remains to treat the last term in the right-hand side of (3.21). We have

P({a;'M, > y}(1 B, B2)

= ZP< Y @i jZ;>ya,, ¢ ;Z;<(1-¢)ya, forall j
i=1

Jj=—c0

(3.29)
and ¢, ;Z; < da, for all j except, perhaps, one j)

n
= qu
i=1

Proceeding as above, we define
T:=inf{j=...,-1,0,1,..., ¢,_;Z; > 8a,},

note that, once again, T' can take the value oo but not —oo, and write

q; < P( Y. ¢ijZ;>ya,and ¢; ;Z; < ba, for all j>

=0

o0
+ Z P(T = l)P(Z thij] > e&gya, and ngijj < 6an fOI‘ all J # l)
i=—00 J#

Repeating the argument used to prove (3.28) and appealing to Lemma 4.7, we
see that gq; < Cn=2 for some C > 0 that does not depend on i = 1,...,n as
long as & is small enough in comparison with ey. Therefore, it follows from
(3.29) that, for all such é and &,

(3.30) lim P({a,;an >y} BN Bg) = 0.

n—oo
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We conclude by (3.20), (3.22), (3.23), (3.25), (3.28) and (3.30) that

liminf P(a,'R,(0) < x,a,"M, < y)

> exp|—(1— &) ( pmax(M.(¢)"67 "™, m.(¢)"y™)
— qmax(M_(¢)"07x™", m_(¢)'y™))},

and, since ¢ can be taken arbitrarily close to zero, this establishes the required
lower bound matching (3.19). Hence, the proof of the theorem is now
complete. O

The section concludes with the proof of Corollary 2.6.

PROOF. Since we are assuming that not all the coefficients (¢ ;) are equal
to zero, the limiting distribution in Theorem 2.1 is a bivariate extreme value
distribution (2.9) whose coordinates are strictly positive with probability 1,
and whose spectral measure is a two-point measure given by (2.10)—(2.13).
Therefore, by the continuous mapping theorem, W, (6) converges weakly to
the ratio of the coordinates of the limiting bivariate extreme value distribu-
tion from Theorem 2.1. The form of the distribution of the latter ratio of the
coordinates follows from Lemma 4.9. O

4. Lemmas. We start with a simple lemma dealing with certain tail
probabilities.

LEMMA 4.1. Let Z be a random variable. Let b, (j,n), j=...,-1,0,1,...,
n=1,2,...,and b_(j,n),j=...,-1,0,1,...,n=1,2,..., be two arrays of
nonnegative numbers such that

lim inf &6,(j, n) = oo, lim inf b_(j, n) = oo,

lim i P(Z > b,(j,n)) =B,

n—-oo .

Jj=—00
and
lim Y P(Z<-b_(j,n)=B_.
Jj=—00
Then

Jim ﬁ P(=b_(j,n) = Z <b,(j,n)) = exp(=(B, + B_)).

Jj=—o0



LONG STRANGE SEGMENTS 901

PROOF. Since

[T P(-b_(jin) = Z <b,(j.n))

j=—o0
= 1 1= P(Z > b,(j.n) = P(Z < ~b_(j.n).
j=—oc0
the claim of the lemma follows from the fact that log(1 —x) ~x as x — 0. O
Our next lemma describes the behavior of the probability P, (x, y,n) of

the main event responsible for long strange intervals and high maxima given
in the right-hand side of (2.22).

LEMMA 4.2. Assume (1.6). Then for every x > 0 and y > 0,

Tim Py (0, x, y,n) = exp{—p max(M_(¢)07"x", m.(¢)y™)

—gqmax(M_(e)*07x™%, m_(¢)*y~*)}.

PrOOF. We start by rewriting P;(6, x, y, n) in a form similar to (2.4):

% 1 ith—j -1
Py(0,x,y,n) = [] P(—min(&( sup o sup ( > god>) ,

Jj=—00 xa,<k<n i=0,...,n—k d=i+1—j

1 i+k—j -1
(4.1) §min<0( sup - sup ( > <pd> ) ,
=0, i +

o2 o) )

= 1 P(=b_(j,n) = Z, = b,(j,n)).

=00

It follows immediately from Lemma 4.1 and (1.6) that the claim of the lemma
will follow once we check that

42 lim Y P(Z; > b(j,n) = pmax(M.(¢)*0 "x"%, m,(¢)y ™)
J=—00
and

(4.3) r}l_)nolo > P(Z;<-b_(j,n))=qgmax(M_(e)*0 “x™, m_(¢)*y™ ).

Jj=—00
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Since the two statements are, obviously, of the same nature, we will only
check (4.2).

Recalling the definition (2.5) of a,,, it follows from Potter’s bounds [see, e.g.,
Resnick (1987), Proposition 0.8] and (1.6) that (4.2) will follows once we show
that, for all 8 in some neighborhood (« — ¢, a + ¢), we have

n—-oo n . an

00 ; -B
(4.4) lim 1 > <M) =max(M (¢)P0PxP, m_ (p)PyP),
J=—00

which is what we now proceed to do. Obviously, we may assume that g8 > 1.
The first step is the following statement:

M . -8
(4.5) Jlim lim sup — S <M> —0.

M—00 pn-soo nj_foo a,

To this end, it is enough to prove two things:

L M 1 i+k—j B
(4.6) hm limsup— ) (an( sup o~ Sup ( 2 qu) )) =0
)

M- psco N

j=—00 xa,<k<n i=0,...,n—k d=i+1—j
and
1 -M B
(4.7) hm limsup— ) < sup ((pij)+) =0.
M- psoo N i=1,...,n

_]7—00

For every M and any n > 1,

1 i+k—j B
¥ (el b (5 0)
j=—00 xa,<k<n i1=0,...,n—k d=i+1—j +

Sx_B% _XA? < ni:] |<Pd|)ﬁ

j=—00 \d=1—j

fxﬁ< i |¢;|>B E _ZM nZJ l¢al

J=M+1 j——ocd 1-j
00 B
<3 led)
d=M+1

and so (4.6) follows, and (4.7) is similar, but easier. Therefore, we have estab-
lished (4.5).
The next step is the statement

o0 : -B
(4.8 hm hmsupl > (M> =0,

M—o0o posoo nJ Man a,

whose proof is entirely similar to that of (4.5) and, hence, we do not repeat
the argument.
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Next we check that, for all M, M,,

1 My+n b .
(4.9) limsup— 3 (#

n—oo J:Ml

Observe that

>_B <max (M (¢)P07PxP, m (¢)PyP).

n

i+k
(4.10) limsup sup (Z god) <M (¢).
k=00 —00<i<00 \g—j4+1 +
Indeed,

lim inf max(i+£k,—(1+1))=00

k— 00 —00<i<00

and, for every 6 > 0, there is an M(8) such that

i+k 00
sup ( > (pd> <&+ sup (Z (pj>
+ +

i1<ig, 19>M(8) \g=j+1 —oco<k<oo \ j_p
and
i+k k
~sup (Zsod) <&+ sup(Zcoj)-
iy<ig, Ig<—M(8) \g=i4+1 + —00<k<00 \ j—_oo +
Therefore,

i+h
limsup sup (Z cpd) <86+ M_ (o),
+

k—00 —00<i<00 \g—jt1

and, since § > 0 is arbitrary, (4.10) follows. As a matter of fact, it is easy to
check that the complete limit in the left-hand side of (4.10) exists and is equal
to its right-hand side, but we will not use this fact. We immediately conclude
from (4.10) that, given a § > 0 for all n large enough,

g (bt

" j=m, n

<M2—M1+1+n

o max((8 + M, (¢))P0Px P, m_ (¢)PyF),

and (4.9) follows by letting first n — 0 and then § — oo. It is now clear from
(4.5), (4.8) and (4.9) that
1 X j

(4.11) limsup= Y (M
a

n—oo

-B
> = maX(M+(¢)BG_Bx_B: m+(‘P)By_B)'

j=—00 n

We now get a matching lower bound. It is, obviously, enough to prove that
1 & ' P
(4.12) liminf = 3 <M> > M, (¢)PoPxP

n—-oo n oo a,
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and

1 AN
(4.13) liminf = (M) > m (o) yP.
n—oo n . a

J=—00 n

Let us start with (4.12). We need to prove that, for every —oo < k& < o0,

o0 ; -B k B
(4.14) lim inf - ) <M) z( )3 qu) BB
J=—00 n Jj=—00 +
and
00 L -B 00 B
(4.15) liminf = 3 <—b+(J’”)> > (Z ¢j> o FxF.
n—»oo n j=—00 a, ey "

For (4.14), if (Zk»zfoo ®;);+ = 0, then there is nothing to prove, so we will

assume that (Z'?:_Do ®;);: > 0.
Given an ¢ > 0 small enough, choose a J(¢) such that, for all i > J(¢),

j_Xk_:i ;= (1- 8)(j_2k;200 ¢j)+-

We have

l i (b+(-]7 n)>_ﬁ > (1 _ 0(1))0—Bx—3

n a,
1 > i+[xa,]—J B
2 (8)

T oo \i=0,..,n—[za, ]\ g—jq1—j +

= (1- o(1))9 PP
1 —kin i+[xa,]—J B
x— ( sup ( > 90d> )
T e hifxa,) Ni=0sn—[xa, 1\ g=it1—j +
> (1—o0(1))0 FxF

LE (R W)

Jj=—k+[xa,] \d=k+1—[xa,]

J=—o0

(4.16)

Here, as usual, [a] is the smallest integer greater than or equal to a. Now, for
all n so large that

k+1—[xa,] <-dJ(&),
the latter expression is at least

(1—0(1))‘9_1335_3%(1—8)( Xk: <pj>ﬁ,

J=—00 +
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and letting first n — oo and then ¢ — 0, we obtain (4.14).

For (4.15), the argument is similar. If (Z‘J’-": » ®j)+ = 0, then there is nothing
to prove, so we will assume that (Z‘;‘;k ®;)y > 0. Given and & > 0 small
enough, choose a J(&) such that, for all i > J(¢),

§¢j2(1_8)<§¢j> :

+

We have, continuing after the first line in (4.16),

S AL

n a,
1 —k+14+n—[xa,] i+[xa,]—J B
EE e (57)
1=0 +

o py1 \i=O0,., n—=[xa,] \ d=i+1—j
> (1—o0(1))0FxF

1—k+1+n—(xa,ﬂ k—1+[xa,] B
(% e

j=—o0

x— ) 2

LS S | d=k +
Once again, for all n so large that
k—14[xa,] > J(&),
the latter expression is at least
s _gh—[xa,]+1 ad
R A (IO
j=k

+

and (4.15) follows by letting first n — oo and then & — 0.
This proves (4.12). Since the proof of (4.13) is similar, but easier, we
omit it. O

The following is an immediate conclusion of the preceding lemma.

COROLLARY 4.3. Assume (1.6). Then, for every x > 0 and y > 0,

L (DFE(G)—J
P(( > ‘Pd) Zj>ki(1)6
+

d=i (j)+1-j
()R (5)-J
(4.17) or > | Z;<—-k_(j)O
d=i_(j)+1-j _
for infinitely many j=...,-1,0,1, ) =0,

at least for all n large enough, where k_(j), k_(j), i,.(j) and i_(j) are defined
in (3.1).



906 P. MANSFIELD, S. T. RACHEV AND G. SAMORODNITSKY

PROOF. By the Kolmogorov 0—1 law, the probability in the right-hand side
of (4.17) is equal to 0 or 1. However, by Lemma 4.2, this probability is strictly
less than 1, at least for large n. Hence the conclusion. O

The next lemma makes precise in the present general framework the intu-
ition about separation of large values of the noise discussed following (2.3).

LEMMA 4.4. Assume (1.6). For all M > 1 and 6 > 0,

lim P(forsomek:l,...,[Man]andsomei=0,...,n—k,

n—o0

i+k—j
(4.18) < > god>Zj > éa, for at least two different
d=it+1-j

j:...,—1,o,1,...>:o

and

lim P(for some i=1,...,n, Z;p;,_ ;> da,
(419 "=

for at least two different j=...,-1,0,1,.. ) =0.

PROOF. As usual, the proofs of (4.18) and (4.19) are similar, and the proof
of the latter is quite a bit easier than that of the former. Nonetheless, for
a demonstration, we will give an argument for both. We will start with an
easier statement. Observe that the probability in the left-hand side of (4.19)
is bounded from above by

> ¥ ¥ Pzl 2 )1z 2.

i=1 ji=—00 jo=—00 | i*JI1| |(Pi*j2|

Choose an ¢ € (0, a — 1) and use Potter’s bounds once again to conclude that
the latter quantity is further bounded from above by

1 X X e e CE(E )
C(s);Z Z Z |90i—j1| |¢i—j2| = Z |90j| -0

i=1 j;=—00 jo=—00 Jj=—00

as n — oo. Here C(¢) is a finite positive constant. This proves (4.19).
For (4.18), we first truncate the range of the coefficients (¢;), and for a
K > 1, define (¢ ;) as in (3.9). The probability in the left-hand side of (4.18) is
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bounded from above by

P(for some k=1,...,[Ma,] and some i=0,...,n—k,

ith—j
< > gBd)Zj > 8a, /2 for at least
d=i+1—j

(4.20) two different j=...,—1,0,1, )

+P<for some k=1,...,[Ma,], some i=0,...,n—Fk

itk—j
andsomej:...,—l,O,l,...,( > (god—gbd)>Zj>8an/2).
d=i+1-j

The first probability in (4.20) is bounded from above by

o0 o0 i+k—j1
>y P(( 3 ¢d>Z1>8an/2,

ji=—00 ji=—00 d=i+1-j;

i+k—js
(4.21) ( > gBd) Zy > 8a, /2 for some
d=i+1—jy

k=1,...,[Ma,] andsomei:O,...,n—k).

Now, in order for the probability under the sum in (4.21) to be different from
zero, one must have i + 1 — j; < K for some i =0, ..., n — 1, which requires
J1 > —K. Similarly, one must have i + [Ma,] — j; > —K for some { =0, ...,
n — 1, which requires j; < n + Ma, + K. The same argument shows that we
must have —K < j, < n+ Ma, + K. Moreover, since for some i =0,...,n—1,
we must have both i +1— j; < K and i + [Ma, ] — j, > —K, it follows that
Jj1— Ja < 2K + Ma,, and, since the roles of j; and j, are interchangeable, we
have |j; — jo| < 2K + Ma,,.

The above discussion shows that the expression in (4.21) is bounded from
above by

n+[Ma,]+K n+[Ma, ]+ K

>y 1<|Jl—j2|szz<+Man>(P((§|¢j|>|zl|>6an/2))2

=K  j=K J=—o0

C n+[Ma, )+ K n+[Ma,]+K

== 2 Y. 1(|j1—Jjal<2K+Ma,)
" j=—K =K

C
< ﬁ(n+2K+Man)(2K+Man)—>O,
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as n — oo because a,, = o(n). Here C is a finite positive constant that changes
from place to place. Therefore, to complete the proof of the lemma, we only
need to show that the upper limit of the second probability in (4.20) can be
made arbitrarily small by choosing K large enough. However, choosing an
£ € (0, @ — 1) and using Potter’s bounds, the latter probability can be bounded
from above by

) i+k—j
> P swp s Y lea-alZil > 00,2)
(4.22) "

C e 00 i+kR—J . a—¢g
5—( ) > (k sup sup > Isod—sodl) :

j=—00 e[ May] 1=0,...n—k g—j11-j

Now, for every j, we have

ith—j 00
sup ~ sup Z log — @4l < Z leg — ¢4l = Z lal;
k=1,..,[Ma,] i=0,...n—k g—j11—; d=—00 |d|>K

and the same argument as above shows that the terms in the sum in the
right-hand side of (4.22) are equal to zero for j not in the interval [1—- K, n +
[Ma,]+ K]. Therefore, the expression in the right-hand side of (4.22) can be
bounded from above by

n+[Ma,]+2K

C(e) > leal = Cle) X leal

|d|>K |d|>K

as n — oo, and the latter expression can be made arbitrarily small by choosing
K large enough. This completes the proof of the lemma. O

Our next lemma provides bounds on the Laplace transform of certain ran-
dom variables. The result is probably already known, but we were unable to
find an appropriate reference.

LEMMA 4.5. Let X be a zero mean random variable such that, for some
BeR,C>0and a>1, X > B a.s. and, for every x > 0,

P(X > x) < CX™

Then there is D > 0 that depends only on B, C and « such that, for all 0 <
y=1,

(4.23) Ee "X < D7 ifl<a<?2,
(4.24) Ee "X < D7 ifa>2
and

(4.25) Ee7X < eDVlogletl/y)  jrg =9
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PrROOF. The proof is standard. Let F' denote the law of X. We have

EeﬁX=1+Lj@ﬂx—1+%@F@x)

:1_+_/:7( )+/1(Z( ): 1+ 11(y) + Is(y).

Now,

2

le™* =1+ x| <cx for all x > B,

where c is positive constant that depends only on B (and in the sequel such a
constant will be allowed to change). Therefore, for all 0 <y <1,

1/
L)l < cﬁ(l + [ xp(x > x)dx>.
0
Let, say, 1 < a < 2. We immediately conclude that, for all y <1,

[ (v)] < v,

where this time c is a positive constant that may depend on B, C and «. Since,
for all x > 0, |e™* — 1| < x, we conclude that, for all y <1,

L)l =2y [ xF(dx) < ey

if 1 < a < 2. Therefore,
Ee "X <14 Dy* <e?”

for all v < 1.
The case a > 2 is similar. O

The next lemma shows that it is very unlikely to have a long strange inter-
val without a significant contribution from a single noise variable. Note that
its conclusion does not require the full strength of the assumption (1.6).

LEMMA 4.6. Assume that the coefficients (¢ ;) satisfy the assumption

(4.26) > el < oo

Jj=—00
for some o < min(2, a). Then, for very 6 > 0 and ¢ > 0,
klim kP sup P(Xi+1 +--+ X > k6,
(4.27) ik
< > god)Zj < ek forall j= ...,—1,0,1...) =0,

d=i+1-j
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for every
1 in(2
(4.28) p< _(M _ 1)_
2e o
PROOF. Denote
itk
bi = Z Pd
d=i+1
and observe that, for every i,
P(Xi+1+“'+Xi+k > k@, bi*j,ij < ko for all J= ...,_1,0,1,...>
= P< Z bi—j,ij > kO,bi_j’ij fskﬂforall j=...,—1,0, 1,)

j=—o0

< P< Z bi—j,ijZ k0/2, bi_j,ijSSkB forallje J+>

jedt

+P< Z bi—j,ij > k0/2, bi—j,ij < k0 for all je J)

Jjed—
= P+(i, k) + P_(iy k)’

where J* is the collection of j for which b, ; , > 0, and J~ is the collection
of j for which b;_; , < 0. We will prove that

(4.29) }}im kP sup P,(i,k)=0

—00<I <00

for every p as in (4.28). Since the corresponding statement for P_(i, £) can
be proved in a similar manner, the result of the lemma will then follow.
Fix for a moment 6 € (0, 1) and write

P.(i, k) < P( > (b W(Z) 1(b;_j 12 < ek0)

jed+t

+ bi—j,kE((Zj)—l(bi—j,ij < Skg)) > k80/2>

(430) =+ P( Z (bifj’k(Zj)Jrl(bifj’ij < Skg)
jed+t

= bk E((Z )b 12 < k0))) = (1 - 5)0/2)

=Py (i) + Py (i, b).
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Now, for any y > 0, by Markov’s inequality,

Py (i, k)= P( > (=bij(Zj) +b; ; 2E((Z)).)) = k59/2>
jedt
(4.31) ! .

<exp =750 | T Besp(oby 1B (Z0) - (20)).
jedt

Observe that, for every i and &,

itk 1o
1-1/d !
1b; k| <k /a( > |§Dd|a)

d=i+1
(4.32)

0 1/a
(£ )

d=—00

Suppose, for example, that a« < 2. Take 8 € (¢/, @), and select y = £~ with
BI(B-D _, .

o /(o — 1) ‘

Note that then 4 > 1—1/d/, and so we may apply Lemma 4.5 to conclude that,
for all % large enough, all j € J*, and all i,

EeXp('ybi—j,k(E(Zl)— - (Zl)—)) = eXp{C'yﬁlbi—j,klﬁ}

for some absolute constant C > 0, that may, in the sequel, change. We conclude
by (4.31) that

. k60
Py (i, k) < exp{—yT +Cvy* Y |bi_j’k|’3}.
jedt

Now, by (4.32),

, oo i+k—j ) B/
> |bi7j,k|ﬁ§kﬁ(171/a) > < > |€Dd|a)

jed+ j=—00 \d=i+1—j

00 i+k—j
(4.33) < CRPA-1) Z( > Isodl“'>

Jj=—o00 \d=i+1—j
— Ck1+B(1—1/a’)’

and so
490

Py (i) < expl K1

+ Ck1+B(171/o/)7Bh } )

However, by the choice of A,
1-h>1+81-1/d)— Bh,
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and so for all & large enough, all i,

Py (i, k) < exp{—klh%}.

That is,
(4.34) lim k” sup P; (i,k)=0

k—o0 —00<i<00

for every p as in (4.28).
In the case a > 2, (4.34) follows from Lemma 4.5 in the same way.
We now consider P, (i, k) in (4.30). Denote

W] = bifj,k(Zj)Jrl(bifj, kZ] < Ske)
~bij n B((Z))A(bi_ ;12 < ok0)),  jed*,

and observe that (W ;) are independent zero mean random variables such that
W ;| < eko for all j. We may, therefore, apply an inequality by Petrov [see
Petrov (1995), 2.6.1 on page 77, or Mikosch and Samorodnitsky (2000), Lemma
A3.6] to conclude that

Py (i, k)= P< S W, = k(1- 3)9/2>

Jjedt

(4.35) ) )
Sexp{—lgaarcsinh< (1~ 9)sf )}
&

4V31‘(ZjeJ+ W])
Suppose that 1 < a < 2. We have, for a 8 € (¢, a),
Var WJ < b?—j, kE((Zl)a—]‘(blfj, kZI < ekG)) < Ck2_3|bi7j, le
for some C > 0 that depends only on B, £ and 6 but not on i, j or &, and that
is allowed to change from time to time. Hence

Var( > Wj) =) VarW,
jed+ Jjedt

<CE* P Y |b,_;.4I°

Jjedt
< Ck2—Bk1+[3(1—1/a’)
— k3Bl
by (4.33). Therefore,

. 1
Py (i, k) < exp{— 9e

arcsinh(CkB/“') }

< Cexp{_(ﬁ/a/ —1)(1 - 8)(2¢) " log k}
_ Ch(Bla=D(-8)2e) !
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and since B can be taken arbitrarily close to @ and 6 can be taken arbitrarily
close to zero, we conclude that

(4.36) lim k? sup P, (i, k) =0

k=00 _so<i<oo

for every p as in (4.28). The case o > 2 is similar.
Now (4.29) follows from (4.34) and (4.36). O

An identical argument establishes a similar statement for the maximum of
the process. We do not repeat the proof.

LEMMA 4.7.  Assume that the coefficients (¢ ;) satisfy (4.26). Then, for every
y > 0and e > 0,

lim ka<‘max X;>ya, and Z jp;_;<eya, forall i=1,...,n
n

(437) k—o0 i=1,...,

and all j:...,—l,O,l,...) =0
for every
(4.38) min(2, a)

2¢e
Our next result shows that the length of the longest strange interval cannot

grow at the rate higher than ¢, in (2.5).

LEMMA 4.8. Assume (1.6). Then
(4.39) A}im limsup P(R,(0) > Ma,) = 0.

n—o00o

PrOOF. Fix for a moment £ > 0 and observe that, for all M > 1,

1 i+h—j
P(R,(6) > Ma,) < P( sup sup — sup ( > god>Zj > s)
—oo< j<oo Ma,<k<n k i=0,...,n—k d=i+1-j
i+k—j
(4.40) +P<Rn(0) > Ma, and ( > god>Zj < ek for all
d=i+1-j
Jj=...,-1,0,1,..., forall Ma, <k<n

and i=0,...,n—k).
It follows immediately from Lemma 4.2 that

1 i+k—j
lim lim P< sup sup - sup ( > (Pd)Zj>8>=0,

M—oon—0o0 —oo< j<oo Ma, <k<n k i=0,....,n—k
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and so it only remains to consider the second term in the right-hand side of
(4.40). Notice that the latter term is bounded from above by

n n—k ith—j
> ZP<Xi+1+"'+Xi+ka0,< > god>Zj§gk

k=[a,] i=0 d=i+1-j
forallj:,,,,_l,o,l,”_)’

and, applying Lemma 4.6, we see that the above quantity can be further
bounded from above by

n
n Z ka/e’
k=[a,]

where C is a finite positive constant. Therefore, if ¢ is small enough, then the
second term in the right-hand side of (4.40) goes to zero as well, and we are
done. O

Our final lemma deals with the distribution of the ratio of the coordinates
of a random vector with a particular bivariate extreme value distribution.

LEMMA 4.9. Let (X, Y) be a random vector with a bivariate extreme value
distribution (2.9), for which the spectral measure m is a two-point measure

(4.41) m = wB5h(1) + w(l — B)5h<2),

where w > 0,0 < B <1, and hY) = (hyq, hyy) and h® = (hyy, hyy) belong to
Bj and have strictly positive coordinates. Let W = XY .

(i) Let 0 < B < 1. If
(4.42) Ay 21

then the distribution of W is concentrated on the interval [hgy/hss, hi1/h12],
and

h21) 1
P{W=-—"=-|= ,
(4.43) ( has 1+ (B/(1 = B))(h11/ho1)”

P(w="1)= ,
( hig 14+ ((1 = B)/B)(hga/hi2)*

while on the interval (hgy/hog, hi1/h1s) the law of W is absolutely continuous
with the density

(1 = B)/B)(hgg/h1y) aw™ "

(4.44) fw(w) = .
M (1= BY/B) (o hay )
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If, on the other hand,

hu _ by

(4.45) )
hizp  hoy

then the distribution of W is concentrated on the interval [hi1/hia, ho1/has],
and

hn) 1
p(w="u)_ ,
( hig 1+ ((1 - B)/B)(ha1/h11)*
(4.46)

p(w="2)_ ,
( hag 14+ (B/(1 = B))(hig/hg2)*

while on the interval (hqi1/hq9, ha1/hoy) the law of W is absolutely continuous
with the density

(B/(1 = B))(Ry2/hoy)*aw™ ™ .
(1+(B/(1 = B))(hag/hay )w)”
(ii) Let B =1. Then W = hq,/hs with probability 1.

(4.47) Fw(w) =

PrOOF. Let E; and E, be two independent standard exponential random
variables. It is straightforward to check by a direct computation that the vector
(X, Y) has the same distribution as the vector

max(BY*E;*h®, (1 - B)V*E,*h®),

where the maximum is taken component by component. The immediate con-
clusion is that the law of W = X /Y is concentrated between the smaller
and the bigger of hy;/h9 and hy;/hses and, if B = 1, then W = hy;/hy with
probability 1.

Suppose now that 0 < 8 < 1. We have

! (W - Z_1> -7 (Bl/aEll/ahu > (1= B)/"Ey by,
12

Bl/aEII/ahm >(1- B)l/aEz_l/ahm)
E 1- ho1 hzz)a)

= P(—2 > —max(—, =2
E, B hi1” hag

1-p8 (h21 hzz) )1
=14+ — max| ——, == ,
( B hi1” g
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hm) (El B <h11 hm)“)
PiW=—)=P|—=> max| —, —
( hgs E, 1-B hor” hgy

B < hyy hyy > > =
=(1+-——max|-—, — .
( 1-8 ho1™ has
In particular, under (4.42) we obtain (4.43), and under the assumption (4.45)

we obtain (4.46).
Under the assumption (4.42) for any hg;/hes < a < b < hy1/hi9, Wwe have

1/a 1/a
P(a<W5b)=P<a<<i) @<ﬂ> §b>,
1-p hoo \ Ey
from which we can read off the density of W in the interior of the interval

(hg1/hog, hi1/hq) as (4.44). Similarly, under the assumption (4.45) we obtain
(4.47). This completes the proof. O

while

5. Several data sets. In this section we look at two financial data sets.
Our analysis is, however, applicable to data of a different origin, in particular
to data sets coming from communication networks applications.

The financial data sets we are using were provided by Olsen and Associates
at the first HFDF conference, March 1995 in Ziirich. The data contains foreign
exchange returns for the period of October 1, 1992 through September 29,
1993. The first data set contains 51414 10-minute returns on US dollar against
German mark, while the second data set contains 52376 returns on Japanese
yen against German mark. Both return series are given in the 6-time designed
by the researchers at Olsen and Associates to deseasonalize the data; see
Dacorogna et al. (1993).

The returns on US dollar against German mark are presented in Figure 5.1.
Note that the Hill estimator of the tail index « [see, e.g., Resnick and Starica
(1995)] is between 2.5 and 3.0. We have chosen to plot the statistic 6W , (0)
for W,(0) defined in (2.6) against 6, because by Theorem 2.1 the limiting
distribution of this statistic is independent of 6. Selecting the right range of 6 is
an important and difficult issue; it is somewhat similar to the issue of selecting
the number of upper-order statistics while computing the Hill estimator [see,
e.g., Drees, De Haan and Resnick (2000)]. The usual technique in the case
of the Hill estimator is to look for the range of the number of upper-order
statistics where the value of the estimator stabilizes. We do likewise with the
estimator W, (0), and this is how the range of 6 is selected. It is interesting
to try to judge the significance of the obtained results. Using the procedure in
Example 2.7, we see that, at the significance level of .05, we should conclude
that long-range dependence may be present once the value of our statistic is
at least 19. Based on that approach, the absolute returns clearly demonstrate
presence of long-range dependence.
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FiG. 5.1. Ten-minute returns on US dollar versus German mark. The top plot is the time series
plot of the returns. The two plots in the second row are the Hill plots (of 1/a) for the returns (the
left plot) and absolute returns (the right plot) as a function of the number of upper-order statistics.
The two plots in the third row are the values of the statistic 6W, (0) over a range of 0 for the
returns (the left plot) and absolute returns (the right plot).
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Fic. 5.2. The values of log R, (0)/logn for 6 = 0.5 computed as a function of the sample size n
for 10-minute returns on US dollar versus German mark.
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F1G. 5.3. The values of the statistic OW ,(0) over a range of 0 for the randomized absolute
10-minute returns on US dollar versus German mark.

The plot in the left column of the third row in Figure 5.1 does not pro-
vide a clear indication that long strange intervals for the raw returns on
US dollar versus German mark grow faster than expected under short-range
dependence. For illustration purposes, we include in Figure 5.2 the plot of
log R, (68)/log n computed as a function of the sample size n for § = 0.5. That
is, we compute the statistic R,(6) based on the first n observations in the data
set. Observe that the range of values on this plot is quite a bit higher than the
range of values of 1/« on the Hill plot in the left column of the second row in
Figure 5.1. According to the discussion before the statement of Theorem 2.1,
this can be taken as informal evidence for presence of long-range dependence.

To check how much the significance of the observed values of the statistic
0W ,(6) owes, in practice, to dependence as opposed to, say, the tails, we took
a random permutation of the absolute 10-minute returns on US dollar versus
German mark and computed the statistic 0W, (6) over a range of 0 for the
randomized absolute returns. The result is presented in Figure 5.3. Observe
how low the values of the statistic are in comparison to the plot in the third
row, right column, of Figure 5.1.
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FiG. 5.4. Ten-minute returns on Japanese yen versus German mark. The top plot is the time series
plot of the returns. The two plots in the second row are the Hill plots (of 1/a) for the returns (the
left plot) and absolute returns (the right plot) as a function of the number of upper-order statistics.
The two plots in the third row are the values of the statistic W ,(0) over a range of 0 for the
returns (the left plot) and absolute returns (the right plot).
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We get a similar conclusion from the analysis of the returns on Japanese
yen against German mark as presented in Figure 5.4. The Hill estimator of
the tail index « is now between 3.5 and 4.0, and the absolute returns clearly
demonstrate presence of long-range dependence.
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