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TAIL INDEX ESTIMATION FOR DEPENDENT DATA!

BY SIDNEY RESNICK2 AND CATALIN STARICA

Cornell University and University of Pennsylvania

A popular estimator of the index of regular variation in heavy-tailed
models is Hill’s estimator. We discuss the consistency of Hill’s estimator
when it is applied to certain classes of heavy-tailed stationary processes.
One class of processes discussed consists of processes which can be appro-
priately approximated by sequences of m-dependent random variables and
special cases of our results show the consistency of Hill’s estimator for (i) in-
finite moving averages with heavy-tail innovations, (ii) a simple stationary
bilinear model driven by heavy-tail noise variables and (iii) solutions of
stochastic difference equations of the form

Y, =AY, 1 +Z,, —-co<t<o

where {(A,, Z,), —00 < n < oo} are iid and the Z’s have regularly vary-
ing tail probabilities. Another class of problems where our methods work
successfully are solutions of stochastic difference equations such as the
ARCH process where the process cannot be successfully approximated by
m-dependent random variables. A final class of models where Hill estima-
tor consistency is proven by our tail empirical process methods is the class
of hidden semi-Markov models.

1. Introduction. This paper discusses how to estimate the Pareto in-
dex or the index of regular variation for stationary dependent sequences. If
{X,, —00 < t < oo} is a stationary time series with the property that

P[X, > x] ~x “L(x), x — 00,

L being a slowly varying function, then a key question in tail estimation is how
to estimate the index «. A popular estimator which arose in the iid context as
a conditional maximum likelihood estimator is Hill’s estimator [Hill (1975)],
which is defined as follows. For 1 <i < n, write X ;) for the ith largest value
of X, X5, ..., X,. Hill’s estimator based on the observations X, ..., X, is

1k X
x _ - (@)
(1.1 Hj , = A Elog 7X(k .

+1)

This estimator has been well studied when {X,} is iid [Hall (1982), Ma-
son (1982, 1988), Mason and Turova (1994), de Haan and Resnick (1998),
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Geluk et al. (1997), Davis and Resnick (1984), Hiusler and Teugels (1985)
and Resnick and Starica (1997a, b)] and our goal here is to better understand
its behavior when it is applied to stationary dependent sequences. Related
papers which study Hill’s estimator in the dependent case are Hsing (1991),
Rootzen, Leadbetter and de Haan (1990) and Rootzen (1995).

A great deal of time series analysis has been based on the assumption
that the structure of the series can be described by linear models. In the
traditional setting of a stationary time series with finite variance, every purely
nondeterministic process can be expressed as a linear process driven by an
uncorrelated input sequence. From a second-order point of view, linear models
are sufficient for data analysis. The situation is totally different when the
stationary series has heavy tails and perhaps infinite variance. In this case
we have no such confidence that heavy-tailed linear models are sufficiently
flexible and rich enough for modeling purposes and, in any case, for heavy-
tailed infinite-order moving averages it is already known [Resnick and Starica
(1995) and see also Section 3] that Hill’s estimator is consistent. Thus in this
paper we concentrate on nonlinear models.

Linear models do not seem to describe adequately the underlying ran-
dom mechanism when heavy tails are present [Davis and Resnick (1996) and
Resnick (1998)]. Insistence upon modeling heavy-tailed data with linear time
series can be quite misleading [Feigin and Resnick (1996)]. A popular non-
linear alternative to the linear model is the bilinear process introduced by
Mohler (1973) and considered by Granger and Andersen (1978). To date, little
use has been made of bilinear models in heavy-tailed data analysis, though
Davis and Resnick (1996) present some evidence for their relevance. Other
worthy nonlinear models which we consider are two classes of random co-
efficient models, one of which includes the important example of the ARCH
process [Engle (1982)] and hidden semi-Markov models or random variables
defined on a semi-Markov chain. Such models have recently been used to fit
times between packet transmissions at a terminal in the stimulating paper
by Meier-Hellstern, Wirth, Yan and Hoeflin (1991).

Section 2 presents two general theorems which can be applied to prove the
consistency of Hill’s estimator for heavy-tailed stationary sequences. Section 3
applies one of the theorems to the case of processes which can be approximated
by m-dependent sequences. Among the examples considered are infinite-order
moving averages, simple bilinear processes and solutions of certain random
coefficient autoregressions. Section 4 applies the other theorem from Section 2
to a class of random coefficient autoregressions which includes the first-order
ARCH process. This result yields not only an estimator for the Pareto index
of the ARCH process but also an estimator of one of the scaling parameters.
Section 5 deals directly with hidden semi-Markov models using Laplace func-
tional methods.

The tail empirical measure plays a central role in our approach to proving
the consistency of Hill’s estimator. This method was also used in Resnick and
Stéarica (1995). For using this method, we need the following notation. Let E :=
(0, o] be the one point uncompactification of [0, co] so that the compact sets of
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E are of the form U¢, where 0 € U and U is an open set in [0, c0). Suppose & is
the Borel o-field on E. Let M (E) be the space of positive Radon measures on
& endowed with the vague topology [Resnick (1987) and Kallenberg (1983)].
Let C%(E) be the space of continuous, nonnegative functions on E = (0, ]
with compact support. The vague topology on M_(E) can be generated by a
countable family of semi-norms

H={ps M (E) > Ry: pp(pn) = n(f), If| =1, f € Cx(E)}

[Resnick (1987), Proposition 3.17 and Lemma 3.11], turning M_(E) into a
complete, separable, metric space. Convergence of u, € M (E) to uy € M_(E)
in the vague topology is denoted w,, —, py. For x € E and A € & define

1, ifxeA,

e.(A) =
(4) {0, if x € A°.

2. General consistency results. We now prove two general Hill esti-
mator consistency results for heavy-tailed stationary sequences. The first,
Proposition 2.1, is designed to be easily specialized for processes which
can be approximated by m-dependent sequences and this specialization
comes in Proposition 2.2. Proposition 2.3 is similar to Proposition 2.1 but
is better suited for application to the ARCH model (cf. Section 4). The
proofs of Propositions 2.1 and 2.3 use the standard big block-little block
technique explained carefully and exploited in Leadbetter, Lindgren and
Rootzen (1988). See also Hsing, Hiisler and Leadbetter (1988) as well as
Davis and Resnick (1988) where a parallel result for Poisson convergence
is given.

PROPOSITION 2.1.  Suppose for each n = 1, 2, ... that {X, ;,i > 1} is a
stationary sequence of random elements of E. Let {k = k(n)} be a sequence
such that k — oo, n/k — oo. Suppose {X, ;} satisfies the following two
conditions:

(i) For any f € C}(]E),

k
2.1) lim % Y E(f(X, )f(X, ) =0.

n—oo "
Jj=2

(ii) For any sequence {l,} such that l,, — oo and

2.2) % 0
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and intervals
Il = [1, k— ln], Iz = [k+ 1,2k - ln,]’ ceey I[n/k]
= [([n/k] = 1)k, [n/k]k — 1,],
we have, for f € Cx(E),

(2.3)

lim E<[,iiflexp{—;a > f(Xn,i)})

e\ ;1 iel;
(2.4)
[n/k] 1
-1 E(exnf- T rx,0}) =0
Jj=1 iel;
Assume also that
(2.5) %P(Xn,l €)=, v,

where v({x}) =0 for any x € (0, oo]. Then
1 n

(2.6) Vnzz—ZsX =
k —l n,i

in M, (E). Moreover, if X, ; = X,;/b,, i = 1,...,n, where {X,,n > 1} is
a sequence of stationary random variables and b, — oo and if v satisfies
[ log(w)v(du) < oo, it also follows that

X
X (k+1)

k 00
2.7) HY, = % 3" log S / log(u)v(du).
i=1 1

REMARK. Condition (2.1) is implied by the condition that, for any x > 0,

k
(2.8) lim % S P[X, . > x X, ;> x]=0.
j=2

n—o00o

This follows since if f € C%(E) and we set [c, co] for the support of f and set
I£1l = supg f(x), then

f = ”f”]-[c,oo]

and

E(f(X, )f (X, ) < IfIPPIX, 1> ¢, X, ;> c].

PROOF. Suppose f € C}'{(IE) To show (2.6), it suffices to show [Kallenberg
(1983) and Resnick (1987)]

2.9 Jim Eexp|—3 3 £(X,.0)| = exp{-2(1)}

i=1
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For typographical ease, we write f; = f(X, ;) and p = [n/k]. Then
I,={(j-Dk+1,...,jk-1,},

(2.10) ’ {(. ) . },

Ij={Jk—ln+1,...,]k}, j=1,...,p—1,

and
211) I,={(p—-Dk+1,...,pk—1,}, Iy={pk—1,+1,...,n}
We have

lEexp{—}le i; fi} - eXP{_V(f)}I
< Eexp{—zéﬂ-} - EeXp{_lle]Z:iieZ fi}
Jpeaf- 1) (el 450
[l 3500 oo L))
+ <Eexp{—}1eéfi}>p - eXP{—V(f)}I

=I+I+1II+1V.
Let us look at the individual terms in turn.
We have
1P
I=|Eexp|-3 X(T 1+ T 1))
k= \ ~
J=1 ‘iel; el
1 4
<E 1—exp{—z fi}
k— =
j—llélj
p 1
<> > %Efi
J=liel};

1 l,n
< Pln%Efl ~ ?%Efl

L,
~ 2(f) > 0
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as n — oo from (2.2) and (2.5). Term III is handled very similarly:

I <p

Eexp{—]t > fl-} —Eexp{—llgéfi}

iely

<pE

1—9XP{_]1g > fi}

T
ielj

< p%”Ef1 — 0.

Term II goes to 0 because of condition (2.4).
For term IV, we set y; = 1 —exp{—(1/k)f;} and observe

EeXP{_]lei_infi} =Ef[1(1—yi)

k
<1-EY y,+E > vy,

i=1 1<i<j<k

k
<1-kEy,+k) Eyy,
=2

and thus

=

(E exp{_k i_zlfibp < (1 _ kp(Ey, — %;":2 Eym))”.

Now

kpXk:Eylyl ~ nXk:E<1—exp{—lifl})<1—exp{—llefl}>

1=2 =2

E

=

k
5 2 Efifi—0
I=2

B

by (2.1). Also

wEy, ~nE(1-exp|-1£1]) < TEF ()

nE(l—exp{—llgfl}) > nE(l;el — ;;)

~ )~ () = HF).

and
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Thus we conclude

k P
lim sup(E expy— Z fi ) < exp{—v(f)}.

n—oo

A slightly simpler argument gives

p
timint(Bexp{~ 311} ) = exp-u()

and this completes the proof of (2.9).

To prove (2.7), we make use of Proposition 2.4 of Resnick and Starica (1995)
which shows that the convergence of the tail measure implies the consistency
of Hill’s estimator. O

Proposition 2.1 will be applied primarily to proving the consistency of Hill’s
estimator for stationary processes which can be approximated by truncated
versions which are m-dependent. In order for this approximation strategy to
be successful, the truncated m-dependent approximation must carry enough
information about the tail behavior of the marginal distribution of the original
process {X,}. This is true of the processes considered in the examples in
Section 3 and false for certain random coefficient models such as the ARCH
process considered in Section 4. The adaptation of Proposition 2.1 to processes
which can be successfully approximated by m-dependent processes is given
next.

PROPOSITION 2.2.  Suppose, for each n > 1, m > 1, {Xilml),z > 1} is a
stationary sequence of m-dependent random elements of E and, for each n > 1,
{X,. i, i = 1} is a stationary sequence of random elements of E. Suppose there
exist Radon measures v™ on E and a sequence k = k(n), k — oo and n/k —
00, such that, for any fixed m > 1,

n
k

as n — oo. Suppose further that

(2.12) P( Xf;jtg €)=, v™
(2.13) M

as m — oo. Finally, assume that

(2.14) lim limsup 7 P(| X[} = X,,.1| > &) = 0
for all ¢ > 0. Then

1 n
(2.15) %ZSX'H_ =

in M ,(E).
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Moreover, if X, ; = X;/b,,i=1,...,n, where {X,,n > 1} is a stationary
sequence, b, — oo and v satisfies [;" log(u)v(du) < oo, then

k 00
(2.16) Hi(n: %Z og —>P/1 log(u)v(du).

X(k+1)

PROOF. We first show that, for any fixed m,

(2.17)

| =

(m)
i

i=1

by checking that the hypotheses of Proposition 2.1 hold for {X (m) > 1}.

n,i°

Since (2.12) holds, we need only check conditions (2.1) and (2.4). Condition
(2.4) holds trivially since, for I(n) > m,

{Z F(X), = 1,...,p}
iel;
are independent random variables. To check condition (2.1), note that
(m) (m)
k2 EE;}D()(n 1~ }(n,j:> y)
J

n

m k
(Z P(X™ >, XM > y)+ Y P(X) > 2, X0 > y))

a‘

<7 n s P(X™ > y) + kP(X( 1> x)P(XV) > y)
j=2

k n? m
P(XU > )+ S p(x() > ) P(XY > )

1 (V(m)((y’ oo]) + 0(1)) + S (v(’")((x, oo])v(m)((y, oo]) + 0(1)) .

_(m—1)n
=g

m —

Therefore

k
. n m m
lim ZZP(X;,{ >x, X > y) > 0,

n—o00o

which completes the proof of (2.17).

The proof of (2.15) follows from a converging together argument similar
to the proof of Proposition 3.3 in Resnick and Stéarica (1995). The conclusion
(2.16) follows from Proposition 2.4 of Resnick and Starica (1995) which shows
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that the convergence of the tail measure implies the consistency of Hill’s esti-
mator. O

For dealing with the ARCH process in Section 4, it is better to have a version
of Proposition 2.1 adapted for use with sets rather than C%(E) functions. This
is given next.

PROPOSITION 2.3.  Suppose all the assumptions of Proposition 2.1 hold ex-
cept that in place of condition (2.4) we assume

(2.18) hm

E['ﬁd(l -3 ) - [H]E(l - LY (X, ))l

Jj=1 iel; lEI

for any function f of the form f =37, _; Byl(y, o) Where B, >0, h=1,...,s
and x, >0, h=1,...,s. Then the conclusions of Proposition 2.1 hold.

Proor. We will use the fact that v, = v in M_(E) provided
(2.19) (vo(I1), ..., v (1)) = (v(Iy), ..., v(1y)), n — oo,

in R’ for any s and any intervals I, = (x;,0],i = 1,2,...,s [Kallenberg
(1983)]. Using multivariate Laplace transforms, we must show that, for any
positive B1,...,B,and [ =>7_; Brl(x,, o0

(2.20) Eexp(—}{a i f(Xn’i)> — exp(—v(f)).
i=1

Define blocks 1 ;, I % as in Proposition 2.1 and decompose

Bexp(~ X F(X,.0) —explr(1)
< Bew(— L (X0 - Besp( 5 3 3 £ n,»)l

+ Eexp<_]13 > f(X"’i)> &1l <1 BE IO ))i

Jj=liel; j=1 lEI

" En(l—Zf(Xnn) HE<1—Zf(Xn ))'

iel; iel;

i (1-;’WEf<Xn,1>> — exp(—(f))

=I+1+H1I+1V.
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Term I is controlled as in Proposition 2.1. For II, denote @ := Y, B, =
supg f(x) and we have

II<EZ exp(—kZf(an))—1+ka(an)

iel; iel;

P E (kXIJ FX00)

k2Ef2(Xn 1)+ k2 Z Ef(Xn l)f(Xn j)

=
2 i

By condition (2.1) and (2.5), it follows that lim,,_,
equivalent to lim,_,  IIT = 0. By (2.5) and (2.2),

(1_;p<k—ln)

II = 0. Condition (2.18) is

p
b EFX,D) > esn(-uh),

and the conclusion (2.6) of the proposition follows. The rest is the same as in
Proposition 2.1. O

3. Examples. We now consider three examples of heavy-tailed, depen-
dent, stationary processes which have m-dependent approximations and in
each case we apply Proposition 2.2 to demonstrate the consistency of Hill’s
estimator. The three classes of processes are:

1. infinite-order moving averages of iid heavy-tailed random variables,

2. bilinear processes driven by heavy-tailed innovations and

3. processes satisfying a simple stochastic difference equation with random
coefficients.

The first two processes are constructed using a sequence {Z,, —oco < t < oo}
of iid random variables which, for simplicity, we take to be positive. These
random variables have regularly varying tail probabilities; that is, for x > 0,
(3.1) P[Z,>x]=:1—F(x)=: F(x)=x"L(x), a>0,

where L is a slowly varying function at oo.

3.1. Infinite order moving averages. Suppose that the sequence {c;,7 >0} €
R* contains at least one positive number and satisfies

(3.2) 0<> e’ <o0
j=0
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for some 0 < 8 < @ A 1. Then [cf. Cline (1983)] almost surely >%2,c;Z ;
converges absolutely and
P(X50¢;Z; > %)

. I =Y
(8:3) i P(Zy > x) 2

so that 3>, ¢;Z ; also has regularly varying tail probabilities.
Define the moving average of order infinity processes, denoted MA(c0), by

(3.4) X,=Y¢;Z
j=0

t—j» —00 <t < 0.

Causal ARMA processes can be represented in the form (3.4) [Brockwell and
Davis (1991), Chapter 3]. The consistency of the Hill estimator for MA(oco)
processes was considered in detail in Resnick and Starica (1995). See also
Resnick and Starica (1997b).

3.2. The simple bilinear model. Let X, be the stationary bilinear model
(3.5) X, =cX, 1 Z, 1+ Z,, —00 < t < 00,
where ¢ > 0 is a positive constant satisfying

(3.6) ?EZ* < 1.

Using the bilinear recursion formula (3.5), X, can be written as an infinite se-
ries whose convergence is guaranteed by (3.6) [see Davis and Resnick (1996)],

(3.7) X, =Y x\,
j=0
where
(0) GO ('
X, =Z, Xy’ =(1_[ Zt—i)Z?—j’ Jjz L
i=1

Corollaries 2.3 and 2.4 of Davis and Resnick (1996) show that
P(X, XY > x)

m. j-1
(3.8) lim =Y /2 (EzZ{”
xX—00 P(Z% > .’XI) -1 ( 1 )
and
o iy o .
lim Dm0/ X > %) 3 a2 (EZ‘{/Z)F1
200 P(Z2 > x) 0
(3.9)

ca/Z

1- c2EZ?



TAIL INDEX ESTIMATION 1167

3.3. Solutions of stochastic difference equations. Let{Y,, —oo <t < oo} be
a process which satisfies the stochastic difference equation

(3.10) Y, =AY, +7Z, —00 < t < 00,

where {(4,,, Z,), —00 < n < oo} are iid Ri—valued random pairs [cf. Vervaat
(1979) and Grincevicius (1975)]. For the case which we consider here, Z; will
have regularly varying tail probabilities and the tail of Z; is heavier than that
of A;. We assume the pair (4, Z,) satisfies

(3.11) EAS <1, EA} <o
for some 0 < a < B and, as usual,
(3.12) P(Zy, > x)=x"“L(x),
where L is a slowly varying function at co. By iterating (3.10) we find, for
t>1,
(3.13) Y, = i( ﬁ Ai>th = f Y
J=0 Ni=t—j+1 =0

(where [T'_,,; A; = 1). It is suggestive to write also

Y,=Y.C, ,Z t>1,
t=0

t—j»

where C, ; =[[i_,_j;; A; so that the process is a random coefficient MA(co)
process. Furthermore [Resnick and Willekens (1990), Theorem 2.1, and
Grincevicius (1975)]

)
P(Z i—0 Yt > x) m i—1
(3.14) lim = = Y (EAY)’
vs0  P(Zy > x) szl( 0)
and
P(X, YY) >x) , 1
1 li = =Y (EAS) '=——"— .
(3.15) L V7 Eap S L

We now state the result which applies Proposition 2.2 and yields weak
consistency of Hill’s estimator for these three processes.

COROLLARY 3.1.  Suppose {Z,} are iid positive random variables satisfy-
ing (3.1). The Hill estimator is consistent for o' when applied to either the
MA(00) process of Section 3.1 or the solution of the random coefficient difference
equation described in Section 3.3. For the simple bilinear process described in
Section 3.2, the Hill estimator is consistent for 2/a.
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PrROOF. We apply Proposition 2.2. The key in each case is that each process
can be approximated by an m-dependent sequence.

To prove the assertion for the simple bilinear process, let & — oo, n/k — oo
and define b, such that

(3.16) %P(Xl ~b)—>1, n- oo

For m > 1, let X(m) =3 cJX(J)/b Define X, ; := % 0 /XY /b, Since
by (3.8) and (3. 9) we have for x>0,

m i (1) m i /2y j—1
nP(Zj:oCJX1 >x>—> Y ¢/ (EZS ) -
k bn 23'0:1 Cja/z(EZClV/Z)Jfl

we may define the measures »(™) of Proposition 2.2 by

X c/*/? (Eza/z) !

(m) ( D)= —a/2
"™ ((x, 00)) : .
( ) ijl cja/2(EZlf/2)] 1
Note that »(™) — v, where v((x, 0o]) = x~*/2. Since
© el xy
lim lim P(|X(m) a1l > )= lim lim P(ZJ_”“”H)
m—00 n— 00 m—00 n—00 bn > g

% 1 2 (EZ?)T
= lim ==t ( 1 ) eY?2 =0,

s . a/2yj—-1
m=o0 230:161“/2(EZ1 )

condition (2.14) of Proposition 2.2 is also verified which proves consistency.
The proofs of the results for the MA(co) process and the solution of the
stochastic difference equation are similar. O

We simulated the bilinear process to get a sample of size 5000 using Pareto-
distributed Z’s satisfying

P(Z,>x]=x"1, x> 1.

In Figure 1 we give a plot, called the Hill plot, of {(k, H ;}n), 1 < k < 5000}.
The graph hovers between 0.5 and 0.6. The correct answer is 0.5.

4. Tail estimation for solutions of stochastic difference equations
and ARCH processes. In this section we consider tail estimation for the
process {Y,, —0o < ¢ < oo} which satisfies the stochastic difference equation

(4.1) Y, =AY, ,+B, —oco<t<o0,

where {(4,,, B,), —00 < n < oo} are iid Ri-valued random pairs. In contrast
to Section 3, we will now make different assumptions on the tail behavior
of the pair (A,, B,) which preclude truncating the series solution of (4.1).
Solutions to (4.1) include as a particular case the first-order autoregressive
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(o] 1000 2000 30'00 4600 sdoo
number of order statistics

FiG. 1.

conditional heteroscedastic (ARCH) process introduced by Engle (1982). The
first-order ARCH process is defined by

(4.2) £ =X,(B+12,)"% —oo<t<oo,

where {X,} are iid N(0, 1) random variables, 8 > 0, 0 < A < 1. Thus {£2}
satisfies (4.1) with A, = AX2, B, = BX?2. [Higher-order ARCH processes would
satisfy higher-order versions of (4.1) but these are not considered here.]

It is known [Kesten (1973), Vervaat (1979) and Goldie (1991)] that if there
exists a > 0 with

(4.3) EA2=1, EAZlog"Ay<oo, 0< EB? <o,

if By/(1 — A,) is nondegenerate and if the conditional distribution of log A,
given A, # 0 is nonlattice, then there exists a constant ¢ > 0 such that, as
X — 00,

(4.4) P(Y, > x)~cx“.

Furthermore [cf. de Haan, Resnick, Rootzen and de Vries (1989), page 220]
under the assumptions (4.3) there exist a y and ¢; such that 0 < y < a,
0<ecy<1

By iterating (4.1) we find, for ¢ > 1,

00 t 00 .
(4.6) Y, = 2( I Ai>Btj =3y

=0 Ni=t—j+1 j=0
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(where [T'_,,; A; = 1). If we iterate (4.1) ¢ — s times for s < ¢, we get

t—s—1 i t

4.7) Y,= Y vy ( I Ak>Ys = Y5 I, Y,
j=0 k=s+1

where

(4.8) Hé+1 =AA 1 Agn

and

(4.9) Yi’t =B, +AB 1 +AA B o+ +AA 1 AgBgyy.

Observe that Y§’ and Y, are independent random variables as are IT 41
and Y.

We begin with a lemma designed to help us check conditions (2.1) and (2.4)
for the solution of the stochastic difference equation (4.1).

LEMMA 4.1. Assume (4.3) holds and that ¢ > 0 is given. Suppose i, <

ig < -+ <igand x; > 0 fori =1,...,s Recall the definition of v and c,
from (4.5).

(a) We have that

P(Y; >xq,...,Y; >x,)—[] P(Y; > x;)
=1

s—1 /s—q
= Z <l_[ P(YO > x])P(YO € (xs—q+1 - & xs—q+1 + 8])
(4.10) a=t =t

M1 R 0)

Jj=s—q+2
S . .
+ Y PATYY > 8).
j=2

(b) There exists M = M(xq, xq9,...,%,) and K = K(x4, ..., x,) such that, for
n large enough,

1/a 1/
n n
‘P(Yll > (k) X1y eens Yis > (k) xs)
1/a 1/a
n n
am =p(vi= (3) w)or(r-(3) )

AN BNV S i
§Ks(s—1)M31<n) +87EYg<n> Sl

=2
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(¢c) There exists C < oo such that
P(Y, > (n/k)"*x, Y, > (n/k)"*y)

(4.12)
< P(Yy > (n/R)V"x)P(Y > (n/R)/*(y — 8)) + C(k/n)ch".
PROOF. The conclusion of (a) follows from an induction argument. To keep
the notation simple, we prove (a) for s = 2 and then derive the result for s = 3.
The basic ingredient of the proof is the observation in (4.7). We have, for s < ¢,
x>0,y>0,

PY,>x,Y,>y)

=P(Y,>x, Yy +10L,Y, > )

<P(Y,>x, Yy '+ Y, > y, I, Y, < &)

s+1 s+1+s

+ P(Y, > x’H§+1Ys > €)

(4.13) < P(Y,>x)P(Y{'>y—¢e)+ P(Y, > x,1I' Y, > ¢)
(4.14) <P(Y,>x)P(Y,>y—¢)+P(Y,>x,II{ Y, > &)

< P(Y,> x)P(Y, > y) + P(Yo > x)P(y—s < Y < y)
+ P(II7%Y ) > &).
This shows that
P(Y,> %Y, > y) = P(Y, > x)P(Y, > y)
<P(Y,>x)P(Yye(y—e y])+ PAY, > &).
From (4.14) we also get
P(Y,> %Y, > y) < P(Y > x)P(Y > y - &)
+P(Yy > x, [I°Y ) > &).

We will use (4.15) in the proof of (c).
The other half of the inequality in (a) is derived as follows:

P(Y,> x)P(Y,> y+e&)
< P(Y, > 0)P(Y}' + 10, Y, > y + &, I, Y, < &)
(4.16) + P(IT,, Y, > ¢)
<P(Y,>x Y, > y)+ P, Y, > &)
<P(Y,>=xY,>y)+ PII{°Y, > &).

(4.15)

Hence
—P(Yy>x)P(y<Y,<y+e)— P(II{°Y ) > &)
<PY,>x,Y,>y)— P(Y,>x)P(Y,>y)
<P(Y,>x)P(y—e<Yy<y)+ P(II°Y, > &).
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The conclusion of (a) for s = 2 follows. Based on the case s = 2, we will now
prove the inequality for s =3. For s <t <u and x > 0, y > 0 and z > 0, we

have
PY,>x,Y,>y,Y,>2)
<P(Y,>=x,Y,>y)PY;">z—¢)+ P(II},,Y, > &)
<PY,>x)P(Y,> y)P(Y,;" > z—¢)
+P(Yy>x)P(y—e<Yy<y)P(YL% > z—¢)
+ P(II5°Y ) > &) + P(IY 'Y > &)
< P(Y, > x)P(Y, > y)P(Y, > 2)
+P(Yy>x)P(Yy> y)P(Y, € (2 —s,2])
+P(Yy > x)P(y— 6 <Yy = 9)P(Y>2—2)
+ P(IS5Y o > &) + PAIY'Y ) > &).
For the other half of the inequality, use (4.16) and independence to get
P(Y,>x)P(Y,> y)P(Y,>z+¢)
<P(Y,>x)P(Y,> y)P(Y,;" > 2)+ P(IT},, Y, > ¢)
< P(Y,>x,Y,> y)P(Y," > 2)
+ P(Y,>x)P(Y, e (y,y+e])P(Y," > 2)
+ P(IIi°Y g > &) + P(II{'Y > &)
<PY,>x,Y,>y,Y,>2)
+P(Yy>x)P(Yoe(y—& y])P(Yy>2z—¢)
+ PAI°Y ) > &) + P(IY 'Y, > &),
Therefore
~P(Yy > x)P(Yo > y)P(Yy € (2,2 + ¢])
—P(Yy> x)P(Yq € (y— 5, yDP(Yy > 2 — &)
— P(II°Yy > &) — P(IIY7'Y, > &)
<P(Y,>xY,> Y, >2) - P(Y, > )P(Y, > y)P(Y, > 2)
< P(Yy > 0)P(Yy > y)P(Yy € (2 - &, 2])
+P(Yo>x)P(Yge(y—& yDP(Yo>2z-¢)
+ P(II5°Y ) > &) + P(IT{ 'Y > &).

To prove (b), we note that since the inequality in (a) holds whenever x; > 0,
i=1,...,s,and ¢ > O (provided x; — e > 0, = 1,...,s), we may replace
x; by (n/k)?x; and & by (n/k)/*s to get a valid inequality. The inequality
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in (b) then results from the one in (a) by using ¢, = EAJ < 1, P[Y, > x] ~
cx™, x — oo and Markov’s inequality. To see this, note that the upper bound
becomes

s—1 /s—q YO YO
g@f[(n/k)l/& o }P [(n/k)w (Fomgr1 = & Foogr + 8]}
Y,
(4.17) X ]—[ P[(n/k)l/a >x; —sj|)

Jj=s—q+2

LJljl nl/“
—|—ZP Y0> % E|.

Note that by Markov’s inequality

5 Lll nl/“ ky/a lll
Z [ ! JY0>(k> 8}§(> 8YZE( TY )T

n

R\ LA
:<> 7Y o T EY].

n )

Furthermore, for n sufficiently large and some constant K = K(x1, ..., %),
1/
ZP[YO>(Z> (xj—e)i|§M, i=1,....s

n n 1/a
kPI:YoE (k) (xs_q+1—8,xs_q+1+8]i| 58, j:l,...,s,
and therefore the first summation in (4.17) is bounded by
s—1s—q s s—1 s—q q-1
STl emek® 1 Em- Z(k> Ms—quk<k) Mo
g=1j=1" N jos—gta ™ g=1\" n\n
k S
=Ke(s— )M =
(s =DM (1)
which verifies (4.11).

To prove (c), substitute in (4.15) s = 1 and replace ¢, x and y by (n/k)“s,
(n/k)Y*x and (n/k)/*y. The desired result is shown if we prove

1/a 1/a
n _ n ko,
(4.18) P[YO > (k> x, 7Y > (k) s] < c;c(t) 1

The probability on the left-hand side of 4.18 is

{o'e} B _ Y B B Y
fx P[Hi LS eu 1]P|:(n/k(;1/“ edu:| Sc(t) 1g V/x u“/P|:( DL Edui|,
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1/a
n n —a

we get from Karamata’s theorem that

00 —1/a 00
v n Yoy @1
/x u kP|:<k> Yoedui|—>/x uau du < oo

and thus, for all large n, the probability on the left-hand side of 4.18 is bounded
by Ccf)_l(k/n), as was to be proven. O

and since

LEMMA 4.2. Assume (4.3) holds and let {Y,} be the solution of (4.1). Then
condition (2.1) or (2.8) holds for the array {Y ,/(n/k)Y*}; that is,

n 1/a n 1/a
for any x > 0, y > 0. If, in addition, one chooses [, such that l,/k — 0 and
(4.20) 7 = o),

then condition (2.18) also holds; that is,

nli“ololE (1= = 7(Ge))

Jj=1 LEI

) H (- k (Garegee))] =°

where p=[n/k], 1;, j=1,..., p, are defined in (2.3) and the function f is of
the form given in Proposition 2.3.

(4.21)

PrROOF. To check condition (2.1), use (¢) of Lemma 4.1:

Bl () ()7
2o (3) o (3) )

as n — oQ.
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To prove condition (4.21) holds, note that

'EHI( Rzt (Ge)) - Hl( o (i)
(4.22) sf% > X X

u=2 1<ji<Jjo<..<J,<p i1€I igel j,

lGZI: | (Hf<( /k)l/”‘)> Uli[E <(n/y;e)1/a>i

Also due to the definition of f one has

(H f ((n/k)l/&)) “ Ef ((n/k)l/u)

(4.23) Z Z,Bhl...

=1 h,=

P Y,1 Yi,,
((n/k)l/a T e Gyt xhu)

Yl-1 p Yiu
— P((n/k)l/“ > xh1> ((n/k)l/“ > xhu> .
From (4.11) it follows that

P Yil Yiu u P Yij
E\“ AR )
= Ke(u — 1)M”<n) + SVEYg<n> (u—1)cg'.

If we denote @ := max{B;,: h =1,..., s}, then one can bound (4.22) by

DD SR DD o % @ (st o)

u=2 1=ji<jo<<Jju=p 1€l i€l i€l
AR .
+e EYO(n> (u—l)cd’)

=3 5 (D)e-nreer

X (EK(u - l)M”(:>u + e’EYng)W(u - 1)cf;)

p

<Ke)_ <Z>(u —1)(s@M)*“(k/n)*

u=2

+ 8_“/EY3(S>WQCO Z( )(u —1)(sQ)*
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M pk ME\PL ME\P
:KS<SQ p (1+SQ ) —<1+SQ ) +1>
n n n

k Wal
+eBYY(2) cf (psQI(1+ 5@~ 1] - [(1+5@) - 1~ ps@)
= A+ B.

When n — oo, B goes to 0, due to (4.20), and A — &((s@M —1)exp(s@M)+1).
Letting £ — 0 ends the proof for condition (4.21). O

PROPOSITION 4.1.  Assume (4.3) holds and let {Y ,} be the solution of (3.10).
Choose k(n) such that there exists {l(n)} satisfying 2.2 and 4.20; that is,

% = o(l(n)) and I(n) = o(k).

Then the Hill estimator applied to the sequence Y, is consistent; that is,

k
(4.24) 7 2 log

REMARK. Possible choices of {k(n)} include n = o(k*?) and k = nP for
05<B<1.

PrROOF. The choice of £ makes sure that (2.2) and (4.20) hold. The conclu-
sion then follows from Proposition 2.1. O

For the ARCH process {¢,} given by (4.2), we have
P[&2 > x] ~cx™, X — 00,
where « satisfies
E(\AX%)~ =1,
with {X,} being iid N(0, 1) random variables. Equivalently, o satisfies
T(a+ 1) =vm(2r) .

Thus the Hill estimator applied to {£7,..., &2} is consistent for ! and a
consistent estimator for A is obtained from solving

I(a+3)=/m(2h)*

for A, where a is the estimate of a given by the reciprocal of the Hill estimator.

We simulated 7000 data from the ARCH(1) model using 8 =1 and A = 0.5.
In this case, the true value of « for {¢2} is a ~ 2.365. Figure 2 displays the Hill
plots which indicate an estimate of @« in the neighborhood of 2.1 or 2.2. The
AltHill plot in the display is {(6, H,4, ,,0 < 6 < 1} and the AltsmooHill plot

smooths the AltHill plot. See Resnick and Starica (1997a) for a discussion of
such plots.
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Hill plot AltHill

2w Sw
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[ ©
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< [

E <« E«
B - B -
Eeo Eo
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N

© ©

So £
© N ©

B o S
L - L -
£e E<
3 @ -
2= 2

S £Q

0.1 0.2 0.3 04 05 06 0.7 0.2 0.4 0.6 0.8
theta theta

Fic. 2. Hill plots of ARCH? when A = 0.5.

5. Hidden Markov models. A heavy-tailed hidden Markov model is pro-
posed in Meier-Hellstern, Wirth, Yan and Hoeflin (1991) to model the times
between transmission of packets at a source. We show the Hill estimator is
consistent when applied to such models.

The model has the following ingredients. Let {/,,, n > 0} be an ergodic, m-
state Markov chain on the state space {1, 2,..., m}. Suppose the transition
probability matrix of this chain is P = {p;;,1 < i, j < m} and that the
stationary distribution is 7' = (7, ..., 77,_”). Now suppose, fori =1,...,m, we
are given holding time distributions {qgf), n > 1} concentrating on {1,2,...}
and that, for i = 1,..., m, {Dgf), n > 0} are iid with common distribution
{qgf)}. Define {V,,n > 0} by

Jo, if0<j< D,
Jy, it DY < j < DY + DY,

Jz, if Df)JO)+D(1J1) < _] < DE)JO)+D§J1)+D§J2)’

Thus

o0
V.= P L S D7
5= Tel g p <ot o]
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The next ingredient we need are distributions Fy, ..., F,, on R, and iid uni-
form random variables with support [0, 1] which we call {U,,, n > 0}. Define,
for n > 0,

(5.1) Xn=Fy (Uy,)

and assume {U,}, {J,}, {D(L) n>0,1<i<m} are all independent.

So changes of state follow the Markov chain {J,} and a transition from i
to j occurs with probability p;;. Havmg entered state i, the system stays in
state i for k time units with probability q ). While in state i, random variables
which we think of as interarrivals are generated from dlstrlbutlon F;.

PROPOSITION 5.1.  Suppose {J,} is a stationary, ergodic Markov chain and
that

(5.2) EDY <co, i=1,....m.
Suppose, for a > 0,
(5.3) Fi(x) ~ x™*L(x), x — 00,
and
F(x) .
(5.4) lim =~ =0, j=2,...,m.
x—00 Fl(x)

Define the quantile function
1 <«
b(t) = (1 — F1> (2).

n

T 2 X,k = Vs

If k — oo, n/k — o0, then

where
v((x, o0]) = 6,27
and,for k=1,...,m,
o __ EDm,
FT gy po)
oDy

Furthermore, the Hill estimator applied to {X,} is consistent for a™1.

PROOF. The proof uses Laplace functionals. For f € Cy(E), we need to
show

W(F) = Eexp| - Z f( " k))} — exp(-u(£) = exp| -~ [ Fxw(ax)].
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Define, for n > 0,

. n
N =Y Ly J=lom,
=0
. n
p) =31y, J=1.m
=0

Because {X ,} is conditionally independent given {V ,} [see (5.1)], we have

Y1) = E(E<exp{‘lleéf(af/jk))”"“‘“"’”))

i) o(2) )

We now study the behavior of N Slj ) and we will prove that, as n — oo,

(5.5)

(n)
n

(5.6)

—)POJ', J=1,,m

The semi-Markov process {V ;} changes states at times {S,} where

Sn = Z DEIJq)

q=0
and, as n — oo, we have

(k)
S, a 12* Y
—+ == > D
n nioio
(k) k
_ 3 2L D )
pB(n) n

k=1

m
— Y ED .
k=1

Now we define the process inverse to {S,} as
M(t) =sup{n: S, <t}
so that, as t — oo,

M(t) 1
r -
2 h=1 ED1 T
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The relevance of {S, } and {M(¢)} is that

glk) 1 M+
S X (Sq=Sq-11py, 1=n
1 M+ *
= E Z Dq 1[Jq—1:k]
g=1
®(M(n)+1)
a 1" (k)
= n Z Dy
q=0
B(M(n)+1) 1k
MO D (M (n) + 1) M(n) + 1
- u®(M(n)+1)  M(n)+1 n
k
ED"m,

g —( o) .
", EDY’n;

A lower bound is obtained similarly and this proves (5.6).
Note that because of (5.4) we have, for x > 0, that

n - n .
kFJ<b<k)x> — 0, j=2,...,m.

Thus, for 2 < j < m,

- (e[ () )

n

—
\

n
— exp{-0} =1,
since

/Ef(x)ZFj<b<Z)dx> — 0 if f e CL(E).

For j =1 we claim

(5.7) /E<1 - exp{ _f}{fx) }nFl(b(Z> dx) = u(f)
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and, assuming this is true, we get

(Lo (o(3) )

(5.8) _ (1 B Je(1 —exp{—f(x)/k})nF(b(n/k) dx))”(Nfz“/n)

n

— exp{—v(f)}.

To verify (5.7), observe that

[ 22 )oms (o) o) = Lo (o) ) =

T e )
L7550 e (o) )

w4 o - [ P Fa(b( ) dx)

=v(f)+o(1)+ %0(1)

This proves (5.7).

Thus the factors in ¥,(f) in (5.5) not corresponding to state 1 converge
to 1, while the factor from state 1 converges to the correct limit. The desired
result follows from dominated convergence after taking expectations. O
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