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Abstract

The first part of this thesis studies tail probabilities for elliptical distributions and
probabilities of extreme events for multivariate stochastic processes. It is assumed
that the tails of the probability distributions satisfy a regular variation condition.
This means, roughly speaking, that there is a non-negligible probability for very
large or extreme outcomes to occur. Such models are useful in applications includ-
ing insurance, finance and telecommunications networks. It is shown how regular
variation of the marginals, or the increments, of a stochastic process implies regular
variation of functionals of the process. Moreover, the associated tail behavior in
terms of a limit measure is derived.

The second part of the thesis studies problems related to parameter estima-
tion in stochastic models with long memory. Emphasis is on the estimation of the
drift parameter in some stochastic differential equations driven by the fractional
Brownian motion or more generally Volterra-type processes. Observing the pro-
cess continuously, the maximum likelihood estimator is derived using a Girsanov
transformation. In the case of discrete observations the study is carried out for
the particular case of the fractional Ornstein-Uhlenbeck process. For this model
Whittle’s approach is applied to derive an estimator for all unknown parameters.
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Chapter 1

Introduction

This thesis is divided into two parts. The first part consists of three papers included
in Chapters 2—4 and studies tail probabilities for elliptical distributions and extreme
events for stochastic processes. The second part of the thesis consists of two papers
included in Chapters 5 and 6 and studies parameter estimation problems related
to the fractional Brownian motion. We will first give an introduction to the topics
covered in the thesis and highlight the main results.

1.1 Regular variation and extremal events

In this section we give an introduction to regular variation and the study of extremal
events. We start by discussing random variables with heavy tails. Suppose X is a
random variable with distribution function F'. The outcome of X may be thought
of as the measurement of a sea-level, the daily loss from investing in a stock, the
total amount of claims faced by an insurance company in one year etc. In such
applications it is relevant to compute the probability of a very large (extreme)
outcome, for instance the probability that the sea-level exceeds a high barrier,
the probability that we make a large loss from an investment in the stock, or
the probability that the total amount of claims faced by the insurance company
in one year exceeds a high threshold. This means, we would have to compute
1 — F(x) where z is large. For this reason it is of course important to know what
the distribution function F' looks like for large x, e.g. at which rate the function
1 — F(z) tends to zero as © — oo. If the decay is fast then the probability mass is
concentrated around the center of the distribution. As an example we may consider
the standard normal distribution where 1 —F(z) ~ (2v/2) "' exp(—2?/2) as x — oc.
In this case we say that the distribution has light (right) tail. If, on the other hand,
the decay is slow, then there is a significant amount of probability mass far out in
the (right) tail of the distribution. The slow decay of the probability distribution
as  — oo is often referred to as heavy (right) tail. As an example we may consider



2 Chapter 1. Introduction

the Pareto distribution where 1 — F(z) ~ 7%, as x — oo and « > 0. Similar
considerations can of course be made for the left tail as well. Then we consider
the rate at which F'(x) tends to zero as © — —oo. There is no precise definition of
how fast or slow the decay must be to say that a probability distribution has light
or heavy tails. We will work with a more precise concept called regular variation,
which specifies the rate at which 1 — F(z) tends to zero.

In heavy-tailed distributions large values may occur in a sample with non-
negligible probability. This is often observed in insurance data, for instance in the
so-called catastrophe insurances including fire, wind-storm and flooding insurances.
The large claims may lead to large fluctuations in the cash-flow process faced by the
insurance company, increasing the risk in such portfolios. The situation is similar
in finance where extremely large losses sometimes occur, which indicate heavy tails
of the return distributions. The probability of extreme stock-movements has to be
accounted for when analyzing the risk of a portfolio. Another application is queuing
models where extreme service times, modeled by heavy-tailed distributions, result
in huge waiting times in the system and large fluctuations in the workload process.

In many applications it is appropriate to use a stochastic process {X; : ¢t > 0}
to model the evolution of the interesting quantities over time. The notion of heavy
tails enters naturally in this context either as an assumption on the marginals X;
or as an assumption on the increments X;i, — X; of the process. However, it is
often the case that the marginals or the increments of the process is not the main
concern. Instead some functional of the process is important. A natural example
is the supremum of the process during a time interval, supy<,;<p Xt, i.e. the largest
value reached by the process in the interval [0, 7]. Another example is the mean of
the process during a time interval, 7! fOT Xidt. We are then typically interested
in the probability that the functional exceeds some high level, e.g. ~-What is the
probability that the sea-level exceeds a high barrier sometime during [0,7]7 It
may therefore be important to know how the tail behavior of the marginals X; (or
the increments) is related to the tail behavior of functionals of the process. This
problem is studied in a multivariate context in Chapters 3 and 4 below.

The concept of regular variation comes from pure mathematics but has found
many applications in probability theory. A function f supported on (0, 00) is said
to be regularly varying at oo with index p € R if for all x > 0,

Jim e . (1.1)

If a nonnegative random variable X is distributed according to F' we say that X is
regularly varying with index a > 0 if 1 — F' is regularly varying at oo with index
—a. In this case we may write the regular variation condition above as

. P(X >wx)
P T SR (12)
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If X is regularly varying then we can write P(X > x) = 27 “L(x) where L is a
slowly varying function (see e.g. Resnick [44]). Hence, the tail of the distribution
decays essentially as z—¢ for large x.

Let us now consider the multivariate case. Suppose that we are dealing with
a d-dimensional random vector X instead of a univariate random variable. This
could be interpreted for instance as the measurements of sea-levels at d different
locations, the daily losses of d different stocks or the amount of claims in d different
insurances in one year. A notable difference between the multivariate case and the
univariate case when analyzing extreme values is the possibility to have dependence
between the components of the random vector. Large values can for instance tend
to occur simultaneously in the different components. To have a good understanding
of the dependence between extreme events in the multivariate case may be of great
importance in applications. In some cases the dependence between extreme values
is even stronger than the dependence of moderate values. As an example we may
consider the daily log-returns of BMW and Siemens AG stocks during the period
020189-020196 (see Figure 1.1). Note that large negative shocks tend to occur

BMW

0.0 0.05

0.05

10

0201.89 020190 020191 020192 020193 020194 020195 02.01.96 El
Time

Siemens

Siemens

-0.05

00 005

-0.10

-0.10

020189 020190 020191 020192 020193 020194 020195 02.01.96 -0.15 -0.10 -0.05 0.0 0.05 0.10
Time BMW

Figure 1.1. The log-returns of BMW and Siemens AG stocks during 020189—
020196. Left: The evolution of the log-returns over time. Right: Scatter plot of the
log-returns.

simultaneously in both assets. In fact we observe that the dependence seems to be
stronger for extreme losses (third quadrant) than for extreme profits (first quadrant)
or for moderate values. It is essential to take this fact into account when analyzing
the risk of a portfolio with investments in both stocks. For more examples of
dependent extreme values in sea-level, storm and wind data see e.g. de Haan and
de Ronde [29] and Rootzén and Tajvidi [47]. For examples covering exchange rates
in finance see Starica [52].

In the univariate case we made the assumption that the probability distributions
are regularly varying. A similar assumption will be made also in the multivariate
setting. This is usually referred to simply as multivariate regular variation. We
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denote by S%~! the unit hypersphere in R¢ with respect to a norm |- |, and by
B(S?~1) the Borel o-algebra on S¢~1. A d-dimensional random vector X is said
to be multivariate reqularly varying with index o > 0 if there exists a probability
measure o on S ! such that for every z > 0, as u — o0,

P(X| > vz, X/|X| € -)
P(|X]| > u)

a0 () on B(S™). (13)

The probability measure o is referred to as the spectral measure of X and « is
referred to as the tail index of X.

The concept of multivariate regular variation is formulated in terms of weak
convergence % of measures. Since S?~! is compact weak convergence coincides
with vague convergence (denoted ) on this space. Therefore we may alternatively
formulate multivariate regular variation in terms of vague convergence (see Chapter
2). For a more complete account on weak and vague convergence we refer to
Kallenberg [31] or Daley and Vere-Jones [15]. Note that if we plug in the set S9!
in the definition then

PX|>u2) |,
P(|X| > u) ’

and hence |X] is regularly varying at co with index « according to (1.2). On the
other hand, if we put = 1 then, as u — oo,

P(X/|X]| € - [|X| > u) = o(-) on B(S*Y).

The spectral measure gives information on in which directions we are likely to
find extreme realizations of the random vector X, whereas « is related to the radial
decay of the probability distribution. Note that o does not depend on the direction.

An interesting class of multivariate distributions which is widely applicable is the
class of elliptical distributions. This class is an extension of the multivariate normal
distributions and may, roughly speaking, be thought of as the class of multivariate
distributions whose probability density functions have elliptically shaped level-sets.
A thorough introduction to elliptical distributions can be found in Fang, Kotz and
Ng [23] and Cambanis, Huang and Simons [9] where many interesting properties
are derived. They are also presented in more detail in Chapter 2. The elliptical
distributions share many of the tractable properties of the multivariate normal
distributions but contrary to the multivariate normal distributions they can also be
used in applications where heavy tails are present. This makes the class of elliptical
distributions particularly useful, for instance in applications in risk management
(see e.g. Embrechts, McNeil and Straumann [22]). As indicated above we sometimes
encounter data sets where we have strong dependence of extreme values. Since
elliptical distributions have a rather limited flexibility in the dependence structure
it is important to understand if their dependence structure is sufficiently rich to
accurately model dependent extreme values. In Chapter 2 we study measures of
extremal dependence for elliptical distributions.
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As previously mentioned it is often appropriate to model the interesting quan-
tities in a dynamical way, as a continuous time stochastic process {X; : ¢ € [0,T]}.
Multivariate regular variation enters naturally as an assumption on the marginals
X, or as an assumption on the increments X, — X; of the process. Similar to the
univariate case some functional or vector of functionals of the process may be our
primary concern. Natural examples are for instance the componentwise suprema
of the process, (Supg<;<r X,El), .., SUPg<i<T ng)) i.e. the largest value reached by
each component of the process in the interval [0, 7]. Another example is the compo-
nentwise mean of the process but other functionals and combinations of functionals
may also be of interest. We are then typically interested in the probability that
the vector of functionals belongs to some extreme set far away from the origin,
e.g. —What is the probability that the sea-level exceeds a high barrier at some (or
all) locations sometime during [0,7]? To answer this type of questions we need
know how the tail behavior of the marginals X; is related to the tail behavior of
functionals of the process. This is the main problem studied in Chapters 3 and 4.

Let us now give a brief review of the relevant literature. The theory of regularly
varying functions is a basic ingredient in the study of weak limits of independent
and identically distributed (iid) random variables. The book by Feller [24] is an
excellent exposition that makes the connection between regular variation and stable
laws. The theory of regularly varying functions is also a fundamental ingredient in
the study of extreme values for iid observations, which is explained in de Haan [28].
For an exhaustive treatment of regular variation and its applications in probability
theory we refer to Bingham, Goldie and Teugels [7]. For a more recent account on
the applications of regularly varying functions and extreme value theory we refer
to Embrechts, Kliippelberg and Mikosch [20]. The study of regular variation for
stochastic processes is, in the univariate case, often included in more general studies
of subexponentiality. Embrechts, Goldie and Veraverbeke [19] proves tail equiva-
lence of a subexponential infinitely divisible random variable and its associated
Lévy measure. For results on the tail behavior of functionals of stable processes
we refer to Samorodnitsky and Taqqu [50] and references therein. Rosinski and
Samorodnitsky [48] derived general results on the tail behavior of subadditive func-
tionals for infinitely divisible stochastic processes. Their paper covers many of the
previously known results. Braverman, Mikosch and Samorodnitsky [8] also study
the tail behavior of functionals of univariate Lévy processes. Multivariate regular
variation was originally used to characterize the domain of attraction of sums of
independent identically distributed random vectors that converges in distribution
to a multivariate stable distribution (see Rvaceva [49]). The connection between
multivariate regular variation and multivariate extreme value theory is explained
in Resnick [44]. Kesten [32] used a formulation of multivariate regular variation in
terms of linear combinations to conclude that the stationary solution of a multi-
variate linear stochastic recurrence equation is regularly varying. Several equivalent
formulations of multivariate regular variation can be found in the literature. Many
of them are documented in Basrak [4]. We refer also to Basrak, Davis and Miksoch
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[5] for partial results on the equivalence of the formulation of multivariate regu-
lar variation used here (1.3) and the one used by Kesten [32] in terms of linear
combinations (see also Chapter 3).

Next, we will give the outline of the first part of the thesis and highlight the
main results. Chapter 2 is primarily concerned with the connection between el-
liptical distributions and multivariate regular variation. Elliptical distributions
may be thought of as the class of multivariate distributions whose densities have
elliptically shaped level-sets. The main interest in elliptical distributions comes
from their usefulness in practice. This class of distributions provides a rich source
of multivariate distributions which share many of the tractable properties of the
multivariate normal distributions. However, contrary to the multivariate normal
distributions, they enable the modeling of multivariate extremes and other forms of
non-normal dependences such as tail dependence. It should be noted that, although
the elliptical distributions are attractive in many applications, they do not provide
a very flexible class of dependence structures. Chapter 2 studies the dependence
structure of elliptical distributions and associated dependence measures. Particular
emphasis is on the extremal dependence, i.e. dependence of extreme values. The
simple dependence structure of elliptical distributions enables explicit computations
of interesting dependence measures such as the coefficients of tail dependence and
spectral measures associated with regularly varying random vectors.

The main results in Chapter 2 include Theorem 2.22 and a counterexample in
Section 2.4. Theorem 2.22 states that for elliptical distributions the existence of tail
dependence of the bivariate marginals and the fulfillment of the condition of mul-
tivariate regular variation is equivalent to univariate regular variation of the radial
random variable in the general representation of elliptical distributions. Moreover,
we derive an explicit formula for the coefficient of tail dependence for elliptical
distributions. As for the counterexample we show that contrary to Kendall’s tau,
Spearman’s rho is not invariant in the class of elliptical distributions with continu-
ous marginals and a fixed dispersion matrix. We are also able to explicitly compute
spectral measures with respect to different norms in Section 2.5.

Chapter 3 is concerned with multivariate stochastic processes with indepen-
dent increments having marginal distributions which satisfy a multivariate regular
variation condition. We find the tail-asymptotics of the distribution of vectors of
functionals acting on the process. By tail-asymptotics we mean the limit measure
associated with multivariate regular variation. This topic is rather well studied in
a univariate context and even though the intuition behind the univariate results to
a large extent extends to the multivariate case, proving results in the multivariate
case requires other tools such as vague convergence of measures. In the univari-
ate case much of the studies are done for the class of subexponential distributions
which includes the class of regularly varying distributions. However, although at-
tempts have been made to formulate subexponentiality in a multivariate framework
(see Cline and Resnick [11]), the concept of multivariate subexponential distribu-
tions is not well understood. Therefore we have chosen to work with the class of
multivariate regularly varying distributions.
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The main results in Chapter 3 include Theorem 3.16, Theorem 3.19, Theorem
3.20 and Theorem 3.22. In Theorem 3.16 we prove tail equivalence between an
infinitely divisible random vector X and its associated Lévy measure v. This can be
seen as a multivariate version, in the regularly varying case, of a result in Embrechts,
Goldie and Veraverbeke [19] which says that

P(X>z)~v{yeR:y>x}) asx— oo,

for X subexponential. In Theorem 3.19 we determine the implications of regular
variation of X; on the joint tail behavior of vectors of some functionals acting on the
process. In particular, we study the tail behavior of the vector of componentwise
suprema

X = ( sup X(gl),..., sup X‘gd))
0<s<t 0<s<t

and the vector of componentwise suprema of the jumps

XtA:( sup AXWM . sup AXS(d)>.

0<s<t 0<s<t

In Theorem 3.20 we give a formulation of regular variation for the graph of an
additive process and relates it to regular variation of the marginals of the process.
Theorem 3.22 determines the joint tail behavior of the vector of componentwise

integrals
t t
I, — (/ X§1>ds,...,/ X§d>ds).
0 0

In Chapter 4 we study general stochastic processes with sample paths in the
space D([0,1],R?) of right-continuous functions on R¢ with left limits. A natural
definition of regular variation for a stochastic process would be to say that it is
regularly varying if all its finite dimensional distributions are multivariate regularly
varying. However, the finite dimensional distributions alone give limited insights
to the extremal behavior of the process and the tail behavior of functionals of the
process. Instead we will treat the stochastic process as an element in D([0, 1], R%)
and formulate regular variation on D([0,1],R%). The definition is similar to the
definition of multivariate regular variation. For explanation of the notation and for
technical details we refer to Chapter 4. We say that a stochastic process with sample
paths in D([0,1],R%) is regularly varying if there exist o > 0 and a probability
measure o on D1 ([0,1],R?) = {x € D([0,1],R?) : SUpyeo,1) [X¢| = 1} such that, as
U — 00,

P(IX oo > uz, X/ X|o € )
P([Xoo > u)

7% (-) on B(Dy([0,1],R%))

for every > 0. Here |x|oc = sup;jo 1y [%¢|. The spectral measure o contains
all necessary information for understanding the extremal behavior of the process
X ={X;: t €[0,1]}. One advantage with this formulation is that we can derive
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a Continuous Mapping Theorem to obtain the tail behavior of many interesting
mappings and functionals of the process. In Chapter 3 we studied processes with
independent increments. For these processes extreme values are essentially due to
one big jump. This intuition may be formalized in terms of the support of the
spectral measure. For additive processes the spectral measure concentrates on

{x € Dy([0, 1]7Rd) x() = yl[u,l](')vu €01,y € Sd_l}u

i.e. functions with (at most) one jump. This is actually true also for a larger class
of of regularly varying Markov processes which satisfy a condition of asymptotically
independent increments. An application of the Continuous Mapping Theorem en-
ables us to study of some filtered stochastic processes of the form

Yt:/tf(t,s)dxs, telo 1], (1.4)

where X is a regularly varying Markov process of finite variation. This includes
some stable processes and serves as an example on how the formulation of regular
variation on D([0,1],R%) and the Continuous Mapping Theorem may be applied to
obtain the tail behavior of more complicated processes.

The main findings in Chapter 4 include Theorem 4.5, Theorem 4.6, Theorem
4.8, Theorem 4.12 and Theorem 4.18. In Theorem 4.5 we derive a Continuous
Mapping Theorem which enables us to obtain the tail behavior of mappings and
functionals of a regularly varying stochastic process in D([0, 1], R%). In Theorem 4.6
we derive necessary and sufficient conditions for a stochastic processes with sample
paths in D([0, 1], R?) to be regularly varying. Theorem 4.8 gives simplified sufficient
conditions for regular variation on D([0, 1], R%) for a class of Markov processes with
asymptotically independent increments. In Theorem 4.12 we derive the support of
the spectral measure for this class of Markov processes. From this result we may
conclude that the extremal behavior for these processes is due to (at most) one big
jump. Finally, in Theorem 4.18 we derive the tail behavior of some filtered Markov
processes with asymptotically independent increments and paths of finite variation.

1.2 Fractional Brownian motion and parameter
estimation

In this section we provide a short introduction to the fractional Brownian mo-
tion and some of its applications. For a more thorough introduction we refer to
Samorodnitsky and Taqqu [50]. The fractional Brownian motion was first stud-
ied by Kolmogorov [34] and it was given its name by Mandelbrot and Van Ness
[39]. The study of the fractional Brownian motion appeared within the theory of
self-similar processes. Self-similarity is a scaling property of the finite-dimensional
distributions. A stochastic process {X; : t € R} is self-similar with parameter H
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if {X :t € R}and {¢?X, : t € R} have the same finite-dimensional distribu-
tions for all ¢ > 0. This scaling property is surprisingly often observed in various
applications. For instance in telecommunications networks, hydrology and finance.
It turns out that the fractional Brownian motion is the only Gaussian self-similar
process with stationary increments. This is the main motivation for studying it.
There are many ways to define the fractional Brownian motion. The simplest,
to our knowledge, being the following. The fractional Brownian motion with in-
dex H € (0,1), denoted {BF : t € R} is the zero mean Gaussian process with
covariance function

1
r(t,s) = (7 + s = |t = s*7),

When H = 1/2 then r(t,s) = min(¢, s) and the fractional Brownian motion coin-
cides with the standard Brownian motion. Note that for H < 1/2 the increments
are negatively correlated whereas they are positively correlated for H > 1/2. For
H = 1/2 they are independent. Let us now have a closer look at the increments
of the fractional Brownian motion. Consider for simplicity increments of length 1.
Let

Y; =B, - B, jeL

This is a stationary process and its covariance function is
. 1. . . .
r(i) =53+ 1P+ 15 - 12T =25, ez

The process {Y; : j € Z} is often referred to as fractional Gaussian noise. An
interesting property is that

r(j) ~ H2H — 1)2172,  as j — occ.

This means that for H > 1/2 the sum of correlations diverges, i.e.

Zr(j) = 00.

7=0

This property is often referred to as long memory or long-range dependence. It has
also served as a motivation for studying the fractional Brownian motion and the
fractional Gaussian noise.

We note at this point that according to (1.1) the covariance function r(j) is
regularly varying at oo with index p = 2H —2. This is probably the only connection
between the first and second part of the thesis.

The most commonly used representation of the fractional Brownian motion is
the so-called moving average representation. Let {B; : ¢ € R} be a standard
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Brownian motion on the real line. Then the fractional Brownian motion with index
H € (0,1) can be represented as

B = c;l(H)/ [t — )2 — (=) /?]dB,, teR,

e 1 y1/2
Oy (H) = {/O (14 )12 b2 4 L

The fractional Brownian motion can also be given an integral representation on a
compact interval. By self-similarity it is sufficient to give a representation on [0, 1].
Let {B;: t € [0,1]} be a standard Brownian motion. Then

t
BtH:/ Ky (t,s)dBs, te€[0,1]
0

is the fractional Brownian motion on [0, 1] and

11 1

t
55— HH+5.1-)1on(s),

1
Kin(t,s) = o= (t = )"~ 1 (H — :

VD (H + 1)
with 1 F5 the Gauss hypergeometric function and

I'(2 —2H) cos(mH)

Vi = =0 — 2

(1.5)

This representation is due to Decreusefond and Ustiinel [16]. See also Norros,
Valkeila and Virtamo [42].

We will now give a brief review of the extensive literature on the fractional
Brownian motion. This list is far from being complete but aims at giving relevant
references for the current thesis. For general self-similar processes we refer to the
extensive list of references in Taqqu [53] and for more recent work to Embrechts
and Maejima [21]. For many applications of self-similar processes in economics and
natural sciences see Mandelbrot [38]. As the increments of the fractional Brownian
motion exhibits long memory for H > 1/2 new methods for parameter estimation
have been developed. Many of the existing estimation methods for discrete time
models related to the fractional Brownian motion and the fractional Gaussian noise
are summarized in Beran [6]. In particular, Fox and Taqqu [26] have developed the
idea of Whittle estimation for such processes. Results that have been extended
by Dahlhaus [14]. For a semi-parametric approach to estimation of long memory
see Robinson [45]. Models with long memory such as the fractional Gaussian noise
may appear as the limit of aggregated dynamic models. This is shown in Granger
[27]. Parameter estimation for continuous time models with long memory has also
been studied in Comte [12] and Comte and Renault [13]. For applications of the
fractional Brownian motion in hydrology we refer to Liu, Molz and Szulga [37].
For applications of the fractional Brownian motion in telecommunications and net-
work traffic we refer Leland, Taqqu, Willinger and Wilson [35]. See also Mikosch,
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Resnick, Rootzén and Stegeman [41] and the references therein. The use of wavelet
analysis in network traffic and processes with long memory has been considered for
instance in Abry, Flandrin, Taqqu and Veitch [1] and Abry and Veitch [2]. See also
Flandrin [25] and Meyer, Sellan and Taqqu [40] for wavelet analysis and synthesis of
the fractional Brownian motion. In economics the fractional Brownian motion was
suggested as a model by Mandelbrot and Van Ness [39]. For further applications
in finance see Shiryaev [51]. Recently, there has been rather extensive criticism
against using the fractional Brownian motion to model asset returns since many
of the natural models driven by the fractional Brownian motion admits arbitrage
opportunities. See for instance Rogers [46] and Cheridito [10]. However, the frac-
tional Brownian motion may also be used to model the volatility of asset prices, see
Djehiche and Eddahbi [17]. The wide use of models driven by the fractional Brow-
nian motion in applied fields has led researchers to develop a stochastic calculus
for the fractional Brownian motion. For this reason a lot of efforts have been put
into defining stochastic integrals with respect to the fractional Brownian motion.
These question have been studied by Lin [36], Zahle [55], Decreusefond and Ustiinel
[16], Duncan, Hu and Pasik-Duncan [18], Pipiras and Taqqu [43], Alés, Mazét and
Nualart [3] and many others.

Next, we will give an outline of the second part of the thesis and highlight the
main results. In Chapter 5 we study Gaussian processes admitting representation as
a Volterra type stochastic integral with respect to the standard Brownian motion.
That is, processes X = {X; : t € T}, where T is an index set, admitting a
representation of the form

X, = / V(t,r)dB,, teT, (1.6)
T

where {B; : t € T} is a standard Brownian motion. Our primary example is the
fractional Brownian motion but other interesting processes also fall within this more
general definition. Chapter 5 has two main purposes. The first is to study Mercer-
type representations of the Volterra process {X; : t € T}, i.e. representations of
the form

X = Z\I/j,k(t)fj,ka (1.7)
ik

where {U; 1} is a basis in a function space and the coefficients {{; 1} is a sequence
of Gaussian random variables. Ideally we want the coefficients to be independent
standard normal random variables. This is achieved if {¥;;} is an orthonormal
basis in the reproducing kernel Hilbert space associated with the process X. This
representation have been known for a long time for Gaussian processes but to our
knowledge it has received very little attention the literature on the fractional Brow-
nian motion. The first four sections of Chapter 5 illustrates how this representation
can be used in the context of fractional Brownian motion.
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In the last section we study a Girsanov transformation with respect to the
fractional Brownian motion and derive a maximum likelihood estimator of the drift
parameter 6 in models of the type

Y(t,w) = 0A(t,w) + X (t,w),

where A(-) is a sufficiently smooth drift function. Here it is assumed that the
process Y is observed continuously. Our results extend previous work by Norros,
Valkeila and Virtamo [42], who study the case where A(t) =t and X is the frac-
tional Brownian motion, and work by Kleptsyna and Le Breton [33] who study the
fractional Ornstein-Uhlenbeck process.

The main results of Chapter 5 include Corollary 5.17, Proposition 5.29, Propo-
sition 5.34, Theorem 5.31, Theorem 5.32 and Theorem 5.33. In Corollary 5.17 we
prove that the representation (1.7) holds almost surely uniformly on compacts if
X is an almost surely continuous Gaussian process and {¥;;} is an orthonormal
base in the associated reproducing kernel Hilbert space. This result was suggested
by Janson [30]. In Proposition 5.29 we derive a spectral representation of Sko-
rohod integrals with respect to Volterra type processes. In Proposition 5.34 we
derive a formula for computing the coefficients {{; x} in the representation (1.7).
In Theorem 5.31 we derive a Girsanov transformation for Volterra type processes.
Finally, in Theorems 5.32 and 5.33 we derive consistency and asymptotic normality
of estimators of the drift parameter in models driven by a Volterra type process.

Although the estimation techniques studied in the last section of Chapter 5 is
interesting from a theoretical point of view the estimators seem rather difficult to
implement in practice. In particular the derived estimators assume that we have
continuous observations of the process, whereas in most applications only discrete
observations are at hand. In Chapter 6 we have chosen to study a particular
model, namely the fractional Ornstein-Uhlenbeck process, where we consider the
joint estimation of all parameters in this model based on discrete observations. The
fractional Ornstein-Uhlenbeck process is the stationary solution to the equation

t
Xt—Xs:—G/ X,du+o(Bf —BH), s<t,

where o > 0, § > 0 and H € (0,1) and {B : t € R} is the fractional Brownian
motion with Hurst index H. The increments of the fractional Brownian motion
has long memory if H > 1/2 and this property is transfered to the fractional
Ornstein-Uhlenbeck process. We found it natural and simple to estimate the un-
known parameters using an idea introduced in Whittle [54] and further developed
for Gaussian sequences with long memory in Fox and Taqqu [26] and Dahlhaus [14].

The main findings in Chapter 6 include the computation of the spectral den-
sity and the covariance function of the fractional Ornstein-Uhlenbeck process in
Proposition 6.2. Moreover, in Theorem 6.3 we prove consistency and asymptotic
normality of the Whittle estimator for the joint estimation of all parameters in the
fractional Ornstein-Uhlenbeck process.
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Chapter 2

Multivariate extremes,
aggregation and dependence
in elliptical distributions

Henrik Hult and Filip Lindskog (2002) Multivariate extremes, aggregation and depen-
dence in elliptical distribution, Advances in Applied Probability, Vol. 34 No. 3, 587-609.

Abstract. In this paper we clarify dependence properties of elliptical distributions by
deriving general but explicit formulas for the coefficients of upper and lower tail depen-
dence and spectral measures with respect to different norms. We show that an elliptically
distributed random vector is regularly varying if and only if the bivariate marginal dis-
tributions have tail dependence. Furthermore, the tail dependence coefficients are fully
determined by the tail index of the random vector (or equivalently of its components)
and the linear correlation coefficient. Whereas Kendall’s tau is invariant in the class of
elliptical distributions with continuous marginals and a fixed dispersion matrix, we show
that this is not true for Spearman’s rho. We also show that sums of elliptically distributed
random vectors with the same dispersion matrix (up to a positive constant factor) remain
elliptical if they are dependent only through their radial parts.
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2.1 Introduction

The class of elliptical distributions provides a rich source of multivariate distri-
butions which share many of the tractable properties of the multivariate normal
distribution and enables modeling of multivariate extremes and other forms of non-
normal dependences.

In this paper we aim to clarify dependence properties of elliptical distributions.
Dependence between the components of a random vector is, of course, related to
the shape of the joint distribution. For elliptically distributed random vectors the
shape of the distribution is given by the dispersion matrix ¥ and the radial random
variable R (see Theorem 2.11). The simple structure of elliptical distributions
enables explicit computations of interesting quantities such as the coefficients of
tail dependence and spectral measures associated with regularly varying random
vectors (see Definition 2.7). From our explicit formula for the coefficient of tail
dependence we conclude that it is fully determined by the corresponding linear
correlation coefficient (as defined in Definition 2.16) and the tail index of the radial
random variable in the general representation (see Theorem 2.11) of elliptically
distributed random vectors. For this class of multivariate distributions, regular
variation and tail dependence are closely related. Existence of tail dependence of
the bivariate marginals and of regular variation is equated to regular variation of
the radial random variable in the general representation.

Standard estimators of the linear correlation coefficient for elliptical distribu-
tions are based on the assumption of finite second moments. Kendall’s tau and
Spearman’s rho (and their sample versions) do not rely on the existence of certain
moments. It has been proved in Lindskog, McNeil and Schmock [8] that Kendall’s
tau is invariant in the class of elliptical distributions with continuous univariate
marginals and a fixed dispersion matrix (up to a positive constant factor). This
implies that the robust estimator of Kendall’s tau can be used to estimate linear
correlation coefficients without any other assumption on the underlying distribution
than that of continuity of the univariate margins and joint ellipticality. One might
also expect Spearman’s rho to be invariant in the class of elliptical distributions
with continuous marginals and a fixed dispersion matrix. We give a counterexample
showing that this is not true.

It is known that sums of independent elliptically distributed random vectors
with the same dispersion matrix are elliptical. In Theorem 2.18 we prove that
sums of elliptically distributed random vectors with the same dispersion matrix
are elliptical if they are dependent only through their radial parts. This result
has applications to multivariate time series. It should be noted that the dispersion
matrices are allowed to differ by a positive constant factor, see Remark 2.12(b) for
details.

In this paper we use the spectral measure to answer questions about dependence
of extremes for regularly varying elliptically distributed random vectors. In doing so
it is crucial to consider a spectral measure with respect to a norm which corresponds
to the question one is trying to answer. We discuss and exemplify this in Section 2.5.
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In particular, for a bivariate elliptically distributed random vector, we compute the
spectral measure with respect to the Euclidean 2-norm and with respect to the
max-norm.

The paper is organized as follows. In Section 2.2 we recall the definitions of var-
ious dependence concepts. Section 2.3 introduces elliptical distributions, in partic-
ular we give the general stochastic representation of elliptically distributed random
vectors. This representation is fundamental for the subsequent analysis. Section
2.4 contains the main results and in Section 2.5 we discuss the interpretation of the

spectral measure with respect to different norms. All proofs are given in Section
2.6.

2.2 Preliminaries

To begin with we recall the definitions of the concordance measures Kendall’s tau
and Spearman’s rho.

Definition 2.1. Kendall’s tau for the random vector (X1, X5)7T is defined as
(X1, Xp) £ P((X; — X7)(X2 — X3) > 0) — P((X; — X)(X> — X3) <0),
where (X1, X3)T is an independent copy of (X1, X2)T.
Definition 2.2. Spearman’s rho for the random vector (X1, X5)7T is defined as
0s(X1,X2) £ 3 (P((X1 — X])(X2 — X3) > 0) = P((X1 — X7)(X2 - X3) < 0)),
where (X1, X3)T and (X}, X4)T are independent copies of (X1, X2)T.

An important property of Kendall’s tau and Spearman’s rho is that they are
invariant under strictly increasing transformations of the underlying random vari-
ables. If (X7, X5)T is a random vector with continuous univariate marginal dis-
tributions and T; and T, are strictly increasing transformations on the range of
X1 and X5 respectively, then 7(T71(X1),T2(X2)) = 7(X1, X2). The same property
holds for Spearman’s rho. Note that this implies that Kendall’s tau and Spearman’s
rho do not depend on the (marginal) distributions of X; and X5.

Next we introduce two measures of dependence of multivariate extremes. Per-
haps the most commonly encountered measure of dependence of bivariate extremes
is the coefficient of upper (lower) tail dependence.

Let F' be a univariate distribution function. We define the generalized inverse
of Fas F~1(u) £ inf{z € R | F(z) > u} for all win (0, 1).
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Definition 2.3. Let (X, X2)T be a random vector with marginal distribution
functions F; and Fy. The coefficient of upper tail dependence of (X1, Xo)T is
defined as

A (X, Xo) 2 11/11111@()(2 > Fyt(u) | X1 > Fyl(w),

provided that the limit Ay € [0, 1] exists. The coefficient of lower tail dependence
is defined as

(X1, Xo) 2 1{%@()(2 < Fyltu) | Xy < Fyl(w),
provided that the limit Ay, € [0, 1] exists. If Ay > 0 (AL > 0), then we say that
(X1, X2)T has upper (lower) tail dependence.

For a pair of random variables, upper (lower) tail dependence is a measure
of joint extremes. That is, it measures the probability that one component is
extremely large (small) given that the other one is extremely large (small), relative
to the marginal distributions.

The second measure of dependence in multivariate extremes that we discuss in
this paper is the spectral measure associated with a regularly varying random vector
(see Definition 2.7 below). Let us first recall the definition of regular variation for
a (univariate) random variable.

Definition 2.4. The non-negative random variable R is said to be regularly varying
at oo with indexr o > 0 if for all z > 0,

lim P(R > uzx) -

u—oco P(R > u)

—Q

Throughout the paper we use the shorter “regularly varying with index « > 0” for
“regularly varying at oo with index o > 0”.

To prepare for the definition of regular variation for random vectors, we recall
the concept of vague convergence. Let X be a Polish space, i.e. there exists a metric
p on X which makes (X, p) a separable and complete metric space. A set B C X
is said to be relatively compact if its closure B is compact. Let B(X) be the Borel
o-algebra on X, generated by p. A measure p on (X,B(X)) is called a Radon
measure if u(B) < oo for all relatively compact sets B € B(X).

Definition 2.5. Let p, u1, o, ... be Radon measures on (X, B(X)). We say that
{ttn}nen converges to p vaguely, written p,, - p, if

Jim [ f@aas) = [ fsnas)

for all continuous functions f : X — R, with compact support.

A useful equivalent formulation of vague convergence is given in the following
theorem.
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Theorem 2.6. Let p, i1, fto, ... be Radon measures on (X,B(X)). Then the fol-
lowing statements are equivalent.

(1) pn = p asn— oo.
(2)  lim p,(B) = u(B) for all relatively compact B € B(X) with u(0B) = 0.

n—00

For a proof, see Kallenberg [7] p. 169. For further details about vague convergence
we refer to Kallenberg [7] and Resnick [10].

We denote by S¢~1 the unit hypersphere in R? with respect to a norm | - |, and
by B(S%"!) the Borel o-algebra on S%~'. We write SI~! = {z € R?|z Tz = 1} for
the unit hypersphere in R¢ with respect to the Euclidean 2-norm | - |s.

Definition 2.7. The d-dimensional random vector X is said to be reqularly varying
with index o > 0 if there exists a probability measure o on S~! such that for all
x>0, as u — o0,

P(X| > vz, X/|X| € -)
P(|X]| > u)

= 27 %(-) on B(S%1).

The probability measure o is referred to as the spectral measure of X and « is
referred to as the tail index of X.

For more on multivariate regular variation we refer to Resnick [10] and Mikosch
[9]. In the definition we did not specify the choice of norm |- |. The reason for this
is that whether a random vector is regularly varying or not does not depend on the
choice of norm in Definition 2.7. This is stated in the following lemma which proof
is given in Section 2.6.

Lemma 2.8. Let |- |4 and |-|p be two norms on R? and let X be a d-dimensional
random vector. Then X is regularly varying with index o > 0 with respect to the
norm |- |4 if and only if X is reqularly varying with index oo > 0 with respect to the
norm | - | 5.

It is clear that the corresponding spectral measures do not coincide for different
norms, see Section 2.5 for explicit examples. When we want to emphasize the
choice of norm, we say that o is the spectral measure of X with respect to the
norm | - |.

The following result on the effect of adding a constant vector to a regularly
varying random vector turns out to be useful in the study of regular variation
properties of elliptical distributions. The proof is given in Section 2.6.

Lemma 2.9. Let X be a d-dimensional regularly varying random vector with tail
index o > 0 and spectral measure o with respect to the norm | - |, and let b € R?
be a constant vector. Then X + b is reqularly varying with the same tail index and
the same spectral measure with respect to the norm | - |.
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2.3 Elliptical distributions

The main topic of this paper is to understand various measures of dependence
through elliptical distributions. In this section we introduce the class of elliptically
distributed random vectors and give some of their properties. For further details
about elliptical distributions we refer to Fang, Kotz and Ng [6] and Cambanis,
Huang and Simons [3].

Definition 2.10. If X is a d-dimensional random vector and, for some vector
p € R some d x d non-negative definite symmetric matrix 3 and some function
¢ :[0,00) — R, the characteristic function ¢x_,, of X —p is of the form px_,(t) =
d(tTXt), we say that X has an elliptical distribution with parameters u, ¥ and ¢,
and we write X ~ Eg(u, 2, ¢).

The function ¢ is referred to as the characteristic generator of X. When d = 1, the
class of elliptical distributions coincides with the class of one-dimensional symmetric
distributions. For elliptically distributed random vectors, we have the following
general representation theorem.

Theorem 2.11. X ~ E4(u, X, ¢) with rank(X) = k if and only if there exist a
non-negative random variable R independent of U, a k-dimensional random vector
uniformly distributed on the unit hypersphere S§_1 ={z € R¥|zTz = 1}, and a
d x k matriz A with AAT =X, such that

X = p+ RAU. (2.1)

For the proof of Theorem 2.11 and details about the relation between R and ¢, see
Fang, Kotz and Ng [6] or Cambanis, Huang and Simons [3].

Remark 2.12. (a) Note that the representation (2.1) is not unique: if O is an
orthogonal k x k matrix, then (2.1) also holds with A’ £ AO and U’ = OTU.

(b) Note that elliptical distributions with different parameters can be equal: if
X ~ Eq(i1, %, ¢), then X ~ E4(u, ¢, ¢.) for every ¢ > 0, where ¢.(s) = ¢(s/c) for
all s > 0.

Ezample 2.13. Classical examples of elliptical distributions are the multivariate
normal and the multivariate t-distributions. Let X = u+ RAU ~ Ey(u, 3, ¢),
where rank(X) = d. Then X is normally distributed if and only if R? ~ x?2, and
X is t-distributed with v degrees of freedom if and only if R?/d ~ F(d,v), where
F(d,v) denotes an F-distribution with d and v degrees of freedom.

If the elliptically distributed random vector X has finite second moments, then
we can always find a representation such that Cov(X) = X. To see this we use
Theorem 2.11 to obtain

Cov(X) = Cov(u + RAU) = AE(R?) Cov(U) A™,

i.e. Cov(X) exists if and only if E(R?) < co. To compute Cov(U) let Y ~ Ny(0, I).
Then Y = |Y|2U, where | Y|z and U are independent. Furthermore |Y|3 ~ x2, so
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E(|Y|3) = d. Since Cov(Y) = I; we see that if U is uniformly distributed on the
unit hypersphere in R¢, then Cov(U) = I;/d. Thus Cov(X) = AATE(R?)/d. By
choosing the characteristic generator ¢*(s) = ¢(s/c), where ¢ = E(R?)/d, we get
Cov(X) =X.

The following result provides the basis of most applications of elliptical distri-
butions.

Lemma 2.14. Let X ~ E4(p, X, ¢), let B be a ¢ X d matriz and let b € RY. Then
b+ BX ~ E,(b+ Bu, BEB", ¢).
Proof. By Theorem 2.11, b + BX has a stochastic representation
b+ BX =b+ Bu+ RBAU
and the conclusion follows from Definition 2.10. O

If we partition X, p and ¥ into

X4 H1 Y11 Yo
X = 3 = 3 = s
(X2> a (ug Y1 Yoo
where X and p; are r X 1 vectors and ¥p; is a r X r matrix, then we have the
following consequence of Lemma 2.14.

Corollary 2.15. Let X ~ E4(u, X, ¢). Then

X ~ Er(ul, E11,¢), Xy ~ Ed—r(,“?a 2227(]5)'

Hence, marginal distributions of elliptical distributions are elliptical and of the
same type (with the same characteristic generator). Next we introduce the linear
correlation coefficient for a pair of random variables with a joint elliptical distribu-
tion.

Definition 2.16. Let X ~ E4(u, X, ¢). For i,5 € {1,...,d}, if £; > 0 and
X5 > 0, then we call

0ij £ Sij [/ SiiZjj (2.2)

the linear correlation coefficient for X; and Xj;.

If Var(X;), Var(X;) € (0,00), then g;; = Cov(X;, X;)/+/ Var(X;) Var(X;). We
want to emphasize that the linear correlation coefficient as defined by (2.2) is an
extension of the usual definition in terms of variances and covariances. We want to
interpret the linear correlation coefficient as a scalar measure of dependence and,
as such, it should not rely on finiteness of certain moments. Clearly (2.2) only
makes sense for elliptical distributions. On the other hand, linear correlation is not
always a meaningful measure of dependence for non-elliptical distributions, whereas
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Kendall’s tau and Spearman’s rho remain meaningful; see for example Embrechts,
McNeil and Straumann [5] p. 25.

In this paper we primarily consider elliptically distributed random vectors hav-
ing components with continuous distributions. It is therefore relevant to present
necessary and sufficient conditions for the components of an elliptically distributed
random vector to be continuous random variables. Throughout the paper we say
that a random variable is continuous whenever it has a continuous distribution
function. The proof of Lemma 2.17 is given in Section 2.6.

Lemma 2.17. Let X ~ Ey4(p, X, ¢), with P(X; = p;) < 1 for all i € {1,...,d}
and with representation X = p+ RAU according to Theorem 2.11. Ifrank(X) = 1,
then X1,...,X4 are continuous random variables if and only if R is continuous.
If rank(X) > 2, then X1,..., Xy are continuous random variables if and only if
P(X; = p;) = 0 for all i, or equivalently, if and only if P(R = 0) = 0.

2.4 Main Results

The sum of two independent elliptical random vectors with the same dispersion
matrix is elliptical. The next theorem shows that the sum of two dependent elliptical
random vectors with the same dispersion matrix, which are dependent only through
their radial parts, is also elliptical.

Theorem 2.18. Let R and~§ be non-negative random wvariables and let X =
p+ RZ ~ Ey(iu,%,¢) and X 2 i + RZ ~ E4(ii,%, ¢), where (R, R),Z,Z are
independent. Then X + X ~ Ei(p+ 1, %, ¢*). Moreover, if R and R are indepen-
dent, then ¢*(u) = d(u)g(u).

For the expression of the characteristic generator, ¢*, we refer to the proof in
Section 2.6. A natural application of Theorem 2.18 is in the context of multivariate
time series.

Ezample 2.19. Let X; = 0¢Z, t € Z, where the random vectors Z; ~ FE4(0,%, ¢;)
are mutually independent and independent of the non-negative (univariate) random
variables o, for all t. The o;’s are allowed to be dependent. Then for every t € Z,
X is elliptically distributed with dispersion matrix 3, and so are all partial sums
Sp = Z?:l X

The relations (given below) between Kendall’s tau, Spearman’s rho and the lin-
ear correlation coefficient are well known for bivariate normally distributed random
vectors. As stated in the next theorem the relation between Kendall’s tau and
the linear correlation coefficient holds more generally for all elliptically distributed
random vectors with continuous univariate marginals.

Theorem 2.20. Let X ~ E4(p, %, ¢), where for i,j € {1,...,d}, X, and X; are
continuous. Then,

2
(X, Xj) = ;arcsin 0ij- (2.3)
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For a proof of an extended version, see Lindskog, McNeil and Schmock [8]. As a
consequence we have the following well-known result for Spearman’s rho, for which
we give an easy proof in Section 2.6.

Corollary 2.21. Let X ~ Ny(u, X), where fori,j € {1,...,d}, £;,%;; > 0. Then
6 .
0s(Xi, X;) = - arcsin(o;;/2). (2.4)

In the light of Theorem 2.20 one might expect Spearman’s rho to be invariant
in the class of elliptical distributions with continuous univariate marginals and a
fixed dispersion matrix. However, the counterexample below shows that this is not
true.

Counterexample. Let X ~ Na(u,X), where X171, %9 > 0. According to Theorem
2.11, X has stochastic representation X = i+ RAU, where R ~ x3. We construct
a counterexample by deriving a relation between Spearman’s rho and the linear
correlation coefficient for the bivariate elliptically distributed random vector W £
AU. The relation is given by

. . 3
0s(Wh. W) = 3 (arcsmg) 4 (arcsm Q) 7
s

s

where ¢ = X15/v/X11X22. This relation differs from the relation (2.4) between
Spearman’s rho and the linear correlation coefficient for a bivariate normal distri-
bution. The difference p5(X7, X2) — 05(W1, W3) as a function of the linear corre-
lation coefficient ¢ is plotted in Figure 2.1. We see that the difference is small but
clearly not zero. For more details on this counterexample we refer to Section 2.6.
It should be noted that there are other choices of R (other than R? ~ x3) for which
the difference pg(X1, X32) — 05(W1, W) becomes much bigger.

In Section 2.2 we introduced two concepts for measuring dependence of mul-
tivariate extremes of random vectors, the coefficient of tail dependence and the
spectral measure associated with a regularly varying random vector. In the next
theorem we clarify the connection between these two concepts. We also derive an
explicit expression for the coefficient of tail dependence for two random variables
with a joint elliptical distribution.

Theorem 2.22. Let X = y+ RAU ~ E4(p, 3, ¢), with Xy > 0 fori=1,....d,
loij| <1 for alli# j, and where p, R, A and U are as in Theorem 2.11. Then the
following statements are equivalent.

(1) R is regularly varying with index o > 0.
(2) X is regularly varying with index « > 0.
(3) Foralli# j, (X;, X;)" has tail dependence.
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0.003

0.002

0.0014

Figure 2.1. The difference between (6/7)arcsin(p/2) and (3/7)arcsinpg —
(4/73)(arcsin 0)3 as a function of g for ¢ € [0,1] (see the counterexample in Sec-
tion 2.4).

Moreover, if R is regularly varying with index o > 0, then for all i # j,
w/2
(mw/2—arcsin g;5)/2

foﬂ/Q cos® tdt

cos® tdt
(X, Xj) = A(X,, X;) = .

Remark 2.23. Note that (1) and (2) are equivalent even if the condition |g;;| < 1
for all ¢ # j is not satisfied.

From the theorem above we can conclude that whether the bivariate marginals
of an elliptically distributed vector X have tail dependence or not depends only
on whether the radial random variable R in the representation X < y + RAU
is regularly varying or not. The linear correlation coefficient g;; only effects the
magnitude of the coefficient of tail dependence. An interesting consequence is
that if X ~ E4(u, 3, ¢), then (X;, X;)T can have a coefficient of tail dependence
significantly larger than zero even if the linear correlation coefficient for (X;, X;)T is
zero or negative. In Figure 2.2 we have plotted the coefficient of tail dependence for
an elliptically distributed bivariate random vector with uncorrelated components
as a function of the tail index a.

2.5 Multivariate extremes for elliptical distribu-
tions
In this section we discuss how to interpret the spectral measure with respect to

different norms. The discussion is general but in the case of elliptical distributions
we can explicitly compute the spectral measure with respect to different norms and
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0.59
0.4+
0.37

0.27

Figure 2.2. The coefficients of upper and lower tail dependence for regularly varying
bivariate elliptical distributions with (X11, 322, 012) = (1,1,0), as a function of the
tail index a (see Remark 2.23).

compare different choices. Real data, e.g. financial asset price log returns, often
indicate that the underlying distribution is elliptical or at least close to elliptical,
and many statistical models are based on the assumption of ellipticality. Hence
the following discussion should be relevant for many applications, especially in risk
management.

By Lemma 2.8 we know that if a random vector X is regularly varying with
respect to some norm on RY, then it is regularly varying with respect to every
norm on R?. For every choice of the norm the spectral measure is a measure of
dependence between extreme values. However, the choice of norm becomes essential
when interpreting the spectral measure. The choice of norm must be related to
the question we are trying to answer. A natural question would be: What is the
dependence between the components of a random vector given that at least one of
its components is extreme? In the literature (see e.g. Starica [11]) most authors
consider the Euclidean 2-norm, |- |2. However, if we want a measure of dependence
between the components - given that at least one of the components is extreme -
then we should use the max-norm |X|,, £ max{|X;],...,|Xq4|}. Clearly, if we take
z = 1 in Definition 2.7, we have that

() = ulLII;OP(X/|X\OO €| [X]oo > u)
= lim PX/|X|e € - | |X1] >u U - U |X4| > u),
U— 00

from which it is seen that the max-norm corresponds to the question posed. How-
ever, if the components are not identically distributed, then it might be more natural
to condition on the events {|X;| > G (u) U - U |X4| > G (u)}, where G; is the
distribution function of | X;| and v " 1. For X ~ FE4(0,%, ¢) this is achieved by
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considering the weighted max-norm |X|e s = max{|X1|/vZ11, .-, |Xal/VZad}

since in this case,
ooen() = Jim PX/[X|aos €| [Xloo s > 2)
= I PX/[X|oo,s € - [ 1Xa] > Gri(u) U -+ U |Xg| > G (w),

is the spectral measure of X with respect to the norm | - | x. The corresponding
question in this case would be: What is the dependence between the components of
a random vector given that at least one of its components is extreme relative to its
marginal distribution?

In the following two examples we compute the spectral measure with respect to
the Euclidean 2-norm and the max-norm for bivariate regularly varying elliptical
distributions. This can also be done for elliptical distributions of higher dimension,
but the corresponding computations in spherical coordinates become quite tedious.
Ezample 2.24. Let X ~ F5(0,3%, ¢), with 311, X905 > 0, be regularly varying with
index a > 0, and let X £ RAU be a stochastic representation according to Theorem
2.11. Without loss of generality we can choose A and U such that

(Xl) iR( Y11 0 ) (cos<p>
Xo V322012 V221 — 0% sinp )’
where ¢ ~ U(—n/2,37/2), i.e.
(Xl,XQ)T < (\/ EHRCOS @,V E22@12RCOS()O + AV, 222\/ 1- Q%stin gO)T

= (V/Z11Rcosp, \/Xeo Rsin(arcsin p12 + go))T,
where ¢ ~ U(—n/2,37/2). Let

fit = (211 cos? t + Yoo sin? (arcsin g;; + t)) /2 ,

—m/2 for t = —m/2,
gt) = arctan (1 / %(912 + /1= 0%, tant)) fort € (—m/2,7/2),
gt —m)+m for ¢t € [7/2,37/2).

AU
RAU = R4 o < R0 (G0

Since X is regularly varying and X/|X|, has continuous distribution on S}, there
exists a probability measure o such that for every x > 0 and every S € B(S}),
z—00 P(R|AU|; > 2) B

2 (S).

Moreover, by Theorem 2.20, R is regularly varying which implies that there exists a
slowly varying function L, i.e., a positive, Lebesgue measurable function on (0, 00)
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satisfying lim;_ o, L(tx)/L(t) = 1, for > 0, such that P(R > z) = 2~ “L(x). Let
So,.0, = {(cost,sint) | 61 < t < O}, where by symmetry we can assume that
—m/2 < 01 < 6y < 7w/2. The case |012| =1 is trivial, so we consider only the case
|Q12‘ < 1. Then,

1 (wEH
V1— 0%y \VXa22

g~ 1(t) = arctan < tant—g12)> for —mw/2 <t <m/2,

and
 P(RIAU)y > 22, AU/ AU € §) . [0 o) a=oa o f(t) L(ze/ £(1))dt
lim = lim or

—1(6, o —H6, o
G e L F () /L)t 2 ) pyedt
=g" lim b2 =T T em

)
2w Jo FONL(z/f()/L(z)dt o [f(t)dt

-1
fggfl ((:12)) (211 cos? t + Yag sin’(arcsin p15 + t))a/2 dt

foQTr (211 cos? t + gy sin® (arcsin 12 + t))a/2 dt

-

The third equality follows from the fact that L(tx)/L(t) — 1 uniformly on intervals

[a,b], 0 < a < b< oo (see Theorem A3.2 in Embrechts, Kliippelberg and Mikosch

[4] p. 566) and from the fact that there are constants 0 < ¢; < ¢2 < oo such that

1 <1/f(t) < eg for all t € [—7/2,7/2]. Now we can identify the spectral measure
as

(Se, .0,) fg‘({l((;f)) (211 cos? t + gy sin?(arcsin g1o + t))@/2 dt
0\06,,0,) = «a
o fo% (211 cos2 t + Yoo sin? (arcsin g12 + t)) /2

dt

Note that the spectral measure depends on the tail index «. Furthermore, note
that lim,_o0(S) = P(AU/|AU|, € S) for all S € B(S3~!). We see that the
spectral measure is absolutely continuous and hence it has a density. The density
is plotted in Figure 2.3 for bivariate regularly varying elliptical distributions with
(211, 222, 012) = (1,1,0.5) and with tail indices o = 0,2, 4,8, 16 (we write o = 0 for
the limit measure lim,_,¢ o(-)). From this figure it can be seen that as o increases -
that is as the tails become lighter - the probability mass becomes more concentrated
in the main directions of the ellipse (in this case w/4 and 57/4).

Ezample 2.25. Let us now compute the spectral measure with respect to the norm
| - |oo- Proceeding analogously to the previous example but replacing the function

f by B
f(t) 2 max{\/%1; | cost|, /a2 | sin(arcsin 15 + t)| },

we find that
AU
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Figure 2.3. Densities of the spectral measure of X ~ Es(u, X, ¢) with respect to the
Euclidean 2-norm, where (311, Y22, 012) = (1,1, 0.5), and tail index o = 0, 2,4, 8, 16.
Larger tail indices correspond to higher peaks (see Example 2.24).

where AU/|AU| = f(p) with ¢ ~ U(—7/2,37/2). Following the computations in
the previous example we obtain the spectral measure with respect to the max-norm
as

-1 @
S0 (max{v/Ei | cost], +/az | sin(arcsin g1z + )| 1) dt
o (max{v/S11 | cost|, /S | sin(arcsin o1 + )| })* dt

0'00(5;91792) =

where §91’92 is the radial projection of S, g, (see Example 2.24) on S&1, the the
unit circle with respect to the max-norm. The density of the spectral measure
is plotted in Figure 2.4 for bivariate regularly varying elliptical distributions with
(211, X922, 012) = (1,1,0.5) and with tail indices « = 0,2,4,8,16. From this figure
it can be seen that as « increases - that is, as the tails become lighter - the proba-
bility mass becomes less concentrated in the main directions of the ellipse (in this
case w/4 and 57 /4). This is quite intuitive, for (bivariate) regularly varying ellip-
tical distributions with lighter tails, the probability of joint extremes (that both
components are extreme) becomes very small compared to the probability that one
component is extreme. This can be seen from the fact that the coefficient of tail
dependence tends to zero as the tail index increases (see Remark 2.23 and Figure
2.2).

Note the striking difference between the spectral measure with respect to the
Euclidean norm and the spectral measure with respect to the max-norm. By choos-
ing a norm which does not correspond to the question one is trying to answer, one
might draw completely wrong conclusions about dependences between extremes.
The best illustration of this is the comparison of Figure 2.3 with Figure 2.4.
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1

Figure 2.4. Densities of the spectral measure of X ~ Es(u, X, ¢) with respect to
the max-norm, where (11, Y22, 012) = (1,1,0.5), and tail index o = 0,2,4,8, 16.
Larger tail indices correspond to higher peaks (see Example 2.25).

2.6 Proofs

There exist several definitions of (multivariate) regular variation equivalent to Def-
inition 2.7 (see e.g. Basrak [1]), one of which will be useful in the proof of Lemma
2.8 and Theorem 2.22. A statement similar to the following has been proved in [1],
but we include a proof for completeness.

The following lemma gives an equivalent definition of (multivariate) regular

.. . —d Z
variation in terms of vague convergence of measures on R \{0}, where R £ R U
{—00,00}. There is a metric p on this space which makes it separable and com-

plete and the o-algebra B(Rd\{O}), generated by p, coincides on R4\ {0} with the
standard Borel o-algebra R? on RY, i.e. B(@d\{O}) N (RY\{0}) = R4 N (R4\{0}).
Finally, for z > 0 and S € B(S41), let V. s = {y € RI\{0} : |y| > z,y/|y| € S}.

Lemma 2.26. Let X be a d-dimensional random vector. Then the following state-
ments are equivalent.

(1) X is regularly varying with index o > 0 in the sense of Definition 2.7.

(2) There exists a non-zero Radon measure p on B(@d\{O}) with ,u(@d\Rd) =0

and a relatively compact set E € B(@d\{O}) with p(0zE) = 0 for every x > 0
such that, as u — oo,

PXeu-) , —d
P(X c ub) pu(-) on B(R"\{0}). (2.5)
Moreover, if (2.5) holds, then there exists o > 0 such that p(xD) = z~*u(D)

for every x > 0 and relatively compact D € B(@d\{O}) with w(0D) = 0.
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Remark 2.27. If (2) holds, then
fn(VE2P(X cu-)/P(X € uk) 2 ji(-) as u — 0o

holds with 7i(-) = u(-)/u(E) for any relatively compact set E € B(Rd\{ﬂ}) such
that p(E) > 0 and pu(90F) = 0. This follows directly from the fact that
P(X cu-) P(X € ukE)
P(X € uE) P(X € uE)

v

= a(s) as u — oo

if the set E satisfies the above conditions.

Remark 2.28. If p is a Radon measure on B(Rd\{ﬂ}) such that for some a >
0, p(@D) = x~*u(D) for every x > 0 and relatively compact D € B(@d\{O})
with p(0D) = 0, then it follows that p assigns no mass to spheres (with respect
to any norm on R?). To see this note that since p is a Radon measure there
exists a y > 0 such that u(yS?~!) = 0. Hence, by the scaling property we have
w(@ST=Y) = (z/y)~*u(yS*!) = 0. Under the condition that u(@d\Rd) =0 we
have ;1(0V,, ga-1) = 0 for every x > 0. This implies in particular that p(0V, s) =
w(Vy.as) for every > 0 and S € B(S?1).

Proof. (2) = (1) By Remark 2.28, u(V; se-1) = 0. Since pu(R'\R%) = 0 we can
without loss of generality take £ C RY, and since F is relatively compact there
exists a > 0 such that £ C V, ga-1, and p(Vjga-1) = 2*u(V, ga-1) > 0 since
pw(E) > 0. Furthermore, Vj ga—1 is relatively compact. Hence, by Remark 2.27, we
may put E = V) ga-1. For any > 0 and S € B(S™!) with pu(0Vs,s) =0,

uh_{& P(|X] > vz, X/|X| € 8)/P(|X]| > u) = UILH;O P (Ve g) = p(Vi,s) = 27 %p(Vis).

Since p1(V3,.) is a probability measure on S¢~1 we may put o(-) = u(V4.). Moreover,
by Remark 2.28, u(0V, s) = 1(Vz,05). Hence X is regularly varying with index
a > 0.

(1) = (2) We will prove the implication with E = V; ga—1. For u,x > 0 define the
measures

pa(Va,) £ P(IX] > vz, X/[X| € )/ P(X] > u),

on B(S?1). This also defines set functions p, and y on the semi-ring P = {V, s :
x> 0,5 € B(S¥1)}. By Theorem 11.3, p. 166 in Billingsley [2], ., and u can be
extended to measures on o(P) = B (@d\{O}) NRY. The extensions are unique since
RN{0} = U2, Vi kga-1, where 11y, (Vyga-1) < 00 and (Vi ga-1) < oo for each
k > 1. By definition of pu, u(Vys) = 2= *u(Va,g) for > 0 and S € B(S4~1). Since
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P is a m-system, this scaling property holds for arbitrary sets in o(P). We extend
oy, and p to B(Rd\{O}) by requiring that uu(Rd\Rd) = ,u(@d\Rd) = 0. Let

A2V, s\V,s:0<z <y, SeBS" )}

Now p1,(V,.) - p(Vy,.) is equivalent to that for each S € B(S4™1) with u(V, 0s) =

0, pu(Va,s) — 1(Ve,s). By Remark 2.28, u(0Vys) = u(Vyss) for > 0 and
S € B(S?1). Hence, for each set V, s\V,.s € A with u(0V, ) =0, as u — oo,

(Vs \Vy,8) = pu(Vir,s) — pu(Vyy,5) = 1(Var,s) — (Vy,s) = 1(Var,s\Vyy,5).

Since M(@d\Rd) = 0, convergence on 4 implies vague convergence on B(Rd\{O}).
Hence p1,, = p on B(ﬁd\{O}).
Let us also prove that if (2.5) holds, then there exists @ > 0 such that p(xD) =

x~*u(D) for every x > 0 and relatively compact D € B(Ed\{O}) with u(0D) = 0.
Indeed, for z,y > 0,

. P(X € uzyE)
E) = lim ——> 4Y2)
HwyE) wooo P(X € uE)
—  lm P(X € uzyE) P(X € uxE)
 ube P(X €uzE) P(X € uF)

= uyE)uzE),

ie.  — p(zFE) satisfies the Hamel equation, and hence p(xE) = x~% for some
a € R. Since p is a Radon measure (u assigns finite measure to relatively compact

sets) we have o > 0, and since p does not charge @d\Rd we have o # 0. For x > 0
and a relatively compact D with pu(8D) = 0,
P(X € uaD) P(X € uaD) P(X € uzE)

D = 1. _— — 1' = D _O‘.
web) = lim 5B I BX ek P(X cum) - P

O

Proof of Lemma 2.8. Assume that X is regularly varying with index a > 0 with
respect to the norm |- |4. Then statement (2) of Lemma 2.26 holds for some p.
Proceeding as in the first part of the proof of Lemma 2.26 with the norm | - |p
proves the claim. O

Proof of Lemma 2.9. Let x* > 0 be arbitrary but fixed and let S € B(S?!) be
arbitrary but fixed with ¢(95) = 0. For v > 0 let

P(|X + b| > uz, (X +b)/|X + b| € 5)

A, = ;
P(|X +b| > u)
L 2 P(|X| > uz + |b|,(X +b)/|X + b| € 5)
’ P(IX] > u — [b]) 7
Uooa P(|X| > uz — |b|,(X+b)/|IX+b| € S)

P(IX] > u + [b])
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Then
. - PX[>uz+bl,(X+b)/|X+b[€S)P(X|>ut[bl/z) 5 1),
P(IX[ > u + |b|/x) P(|X[ > u — [b]) v
_ P(X[>uz —|b[,(X+Db)/[X+b|€S)P(X]|>u—bl/z) o (1),/2
U, = =007
P(X| > u — |b|/z) P(IX| > u+ [b])

Since L, < A, < U, for all u > 0, LSLQ), 752) — 1 as u — oo and L&l) = 5(1) with
s =u+2|b|/z,

P(|X| > uz, (X +b)/|X +b| € 5)

(X >, X/[X] € )
= 1
wte T P(X[>w)
. P(X|>uz, X+Db)/|X+b|e S X/|IX| ¢5)
+ lim
S (X[ >
~ lim P(|X| > uz, (X +b)/|X+b| ¢ 5,X/|X]| €95)
o B(IX] > w) |

The second to last term can be written as

i P(|X| > uz, (X +b)/|X +b| € §,X/|X| & S)
L P(X]> u)

. POX| > ux)

= 1 _

uoo P(X[> u)

. P(|X]| > ux) P

P(X+Db)/|IX+b|le S X/|IX|¢S5|IX|>ur)

< — = P(X/|X| € 0S| |X| > =2 %0(05)=0
< Jim BT POS/IXI € 08 |1X] > ux) = 2=0(08) =0,
and similarly for the last term, from which the conclusion follows. O

Proof of Lemma 2.17. Let X = i+ RAU be a stochastic representation according
to Theorem 2.11. Suppose rank(X) = 1, then A is a d x 1 matrix and U is symmetric
{1, —1}-valued. Furthermore, P(X; = ;) < 1 implies A;; # 0. Hence, if rank(¥) =
1, then Xi,..., Xy are continuous random variables if and only if R is continuous.
Now suppose rank(X) = k > 2. Define A; £ (A;,...,Ay) and a 2 AAT.
Since P(X; = p;) < 1, the case a = 0 is excluded. By choosing an orthogonal k x k
matrix O whose first column is A} /a and using Remark 2.12(a) if necessary, we may
assume that A; = (a,0,...,0), hence X; 2L i, +aRU;. Note that U; is a continuous
random variable because k > 2. Hence P(aRU; = x) = 0 for all z € R\{0}. Hence,
if rank(X) > 2, then Xj,..., X, are continuous random variables if and only if
P(X; =p;) =0fori=1,...,d, or equivalently, if and only if P(R = 0) = 0. O
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Proof of Theorem 2.18. Let ¢ be the characteristic generator of (R | R = rZ,
let ¢’ be the characteristic generator of Z, and let Fg be the distribution function
of R. Then for all t € R?,

ersia® = | a0¢naOdFR(n)
= / ¢ (r?tTSt) o) (TSt d FR(r),
from which it follows that X + X ~ Eq(u + [i, 3, ¢*), with
W= [ #*0d ware).
Moreover, if R and R are independent, then a(r)(u) = a(u) and

/'¢ru¢w>ﬁw / & (rPu)dFp(r) = ¢(u)d(u).

O

Proof of Corollary 2.21. Recall that g;; £ Yij//XiXj;. Let )~(Z L X; for i =

-,d be mutually independent, and independent of X. Then X ~ Ny(p, i),
where 3 = diag(X11, . .., Yaq). Hence, X* & X—X ~ N4(0, %), where X* = ¥+,
Let o; £ 37,/ /2;2;3 Then,

2
0s(Xi, X;) = 37(X/, X7) =3 < arcsing?}) = 6 arcsin(o;;/2),
T s

where the second equality follows from Theorem 2.20 and the fact that the disper-
sion matrix of a sum of two independent identically distributed elliptical random
vectors differs from those of the terms by at most a positive constant factor. O

Proof of Theorem 2.22. By Lemma 2.9 we can without loss of generality assume
that u = 0. (1) <= (2) If rank(X) = k < d, denote by £(—D 2 (ACD)TACD the
generalized inverse of ¥, where AC-1 2 (ATA)~TAT ie. ACY solves ACVA = I,
where I;, denotes the k x k identity matrix. Note that X(-1) = 2~ if rank(X) = d.
By choosing the norm |x|s; £ (xTX(~Yx)Y/2 in the definition of regular variation
(by Lemma 2.8 we are allowed to choose any norm), we obtain

P(|X]g > ur,X/|X|g €-) P(R>ur,AUc-) P(R>ur)P(AUc )
P(|X]x > u) B P(R > u) B P(R > u)

If R is regularly varying, then lim, . P(R > uz)/P(R > u) = 2%, and hence
P(|X|y > uz,X/|X]|s € -)/P(|X]x > u) = 2 *P(AU € ) as u — oco. Conversely,
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if P(X|g > wz, X/|X]|s € )/P(X]|g > u) = 7% () as u — oo, then we must
have o(-) = P(AU € -) and lim,_,oc P(R > uz)/P(R > u) = x~°.

(1) <= (3) First note that if X ~ E4(0,%,¢), with X; ~ F; and X; ~ Fj,
then F, '(u) = Eii/Eijj_l(u) for u € (0,1). Secondly, if lim, ~ F; *(u) < oo,
i.e. if X; is a bounded random variable, then there exists a uy € (0, 1) such that
the events {X; > F, '(u)} and {X; > F{l(u)} are disjoint for u > ug, and hence

P(X; > F; Y (u), X; > F; ' (u)

im =0.
w1 P(X; > F; ' (u))

Therefore, without loss of generality, we only consider random vectors whose mar-
ginal distributions are such that lim,, ~ Fi_l(u) = 00, i.e. random variables with
unbounded support. Then,

L ]P(Xi > \/Zm‘Z,Xj > 1/23']‘2)

Since X = RAU,

<Xi> ap Vi 0 <cos ga)
Xi) O\ VEey VEil-el ) \sing)’
where ¢ ~ U(—m, ), i.e.
(Xi, X;)T £ (V/ZiRcosp, /Ejj0ijRcosp+\/Sii4/1 — Q?jRSinsp)T
= (VXiRcosp,\/Y;; Rsin(arcsin g;; + ¢))7,
with ¢ ~ U(—m, 7). Hence

)‘U(Xi7Xj) — lim (Rcos ¢ > z, Rsin(arcsin 0i5 + ) > z)
Z00 P(Rcosp > z)

The numerator can be written as

P(Rcos ¢ > z, Rsin(arcsin g;; + ¢) > 2)
1
cos ¢’ sin(arcsin g;; + ¢)

=P (R > zmax( ), Ccosp > O,Sin(arcsin 0ij + (,D) > 0)

1 71'/2
= 7/ P(R > z/ cost)dt,

T J(n/2—arcsin 0i5)/2

and the denominator can be written as

w/2
P(Rcosy > z) =P(R > z/ cosp,cosp > 0) = %/ P(R > z/ cost)dt.
0



2.6. Proofs 39

Suppose R is regularly varying with index a > 0. By Theorem A.3.2 in Embrechts,
Kliippelberg and Mikosch [4] p. 566, for a > 0,

P(R > zx)/P(R> z) —» a~% as z — o0,
uniformly in « on each [a, 00). In particular, with z = 1/ cost,
P(R > z/cost)/P(R > z) — cos“t as z — o0,
uniformly in ¢ on [0,7/2). Let

L) 2 { P(R > z/coi)t)/IP’(R > z) iglrr i i [T(r),/;r/Q),

Then f,(-) — cos®(+) uniformly on [0, 7/2], and hence

/2 /2 «@
)\U(X X) — lim f(‘n’/Q—arcsinglj)/Q fz(t)dt _ (m/2—arcsin g;;)/2 cos tdt
T I ftyat T cose tdt
Since
/2 a
.y, cos® tdt
lim (ﬂ/Q—ar:j;n 0i;)/2 —0,
a—oo Jo " cose tdt

we conclude that Ay (X;, X;) > 0 if and only if R is regularly varying with index
a > 0 and in that case

/2
f 7 /2—arcsin g;; cos® tdt
)\U(X'“XJ): (/2 S Qw)/2 .

foﬂ/ 2 cosa tdt

Moreover, because elliptically distributed random vectors are radially symmetric
about s )\U(Xi;Xj) :AL(XZ,XJ) O

We close this section with a more detailed version of the counterexample already
discussed in Section 2.4.

Counterezample. Let X = i+ RAU ~ Ey(u, 3, ¢), where Y11, Y99 > 0 and p, R, A
and U are as in Theorem 2.11. To construct a counterexample we derive the relation
between Spearman’s rho and the linear correlation coefficient o = X15/v/311390
for W £ AU. We only consider the case with rank(X) = 2, since the case with
rank(X) = 1 is trivial. From the invariance of Spearman’s rho under componentwise
strictly increasing transformations of the underlying random vector we can without
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loss of generality assume that 317 = Y95 = 1 and 315 = 397 = p. We show that
the following relation holds,

. . 3
arcsin arcsin
os(W1, W2) _3< - Q) 4( Q) . (2.6)

™

In the case of a bivariate normal distribution, i.e. R ~ x3, we know from Corollary
2.21 that the relation between Spearman’s rho and the linear correlation coefficient
is

0s(X1,X2) = garcsin(g/Q). (2.7)

Since these two relations differ (the difference is plotted in Figure 2.1) we conclude
that, contrary to Kendall’s tau, Spearman’s rho is not invariant in the class of
elliptical distributions with a fixed dispersion matrix. It remains to be shown that
(2.6) holds. This can be done following the steps below.

Step 1. Let (Wq, Wa), (W], W3) and (W', WJ') be independent copies. Then

0s(Wh, Wa) = 12P(W! < Wy, WY < W) — 3.
Step 2. For (Wy, Ws), Wi, W' as above we have that,

I 1
P(W! < Wi, W < W) = %/ <2 + - arcsin(sin(arcsin o + t))
0

— arccos(cost)

—— arccos(cos

2m

1
3 arccos(cos t) arcsin(sin(arcsin o + t))> dt.
Step 3. The following equalities hold:

27
(1) / arcsin(sin(arcsin o + ¢))dt = 0.
0

2
(ii) / arccos(cost)dt = w2,
0

2T 2
2
(iii) / arccos(cos t) arcsin(sin(arcsin ¢ + ¢))dt = 3 (arcsin p)® — % arcsin .
0

Combining Steps 1-3 yields (2.6),

Qs(Wl,WQ) = 12 P(Wll S Wl, WQ/I S WQ) -3
12 2 1
= 5 (ﬂ' - g - ﬁ(arcsin 0)® + 3 arcsin Q) -3

_ 3 <arcsing> 4 (arcsing)g.
T T
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Proof of Step 1. Straightforward computations of Spearman’s rho for continuous
random variables yields

os(Wh, Wa) = 3Q2P(W) - Wi)(We —Wy) >0)—1)
= 3(UPW] < Wi, Wy <W,)—1)
12P(W] < Wy, Wy < Ws) —3.

Proof of Step 2. Let ¢, ¢, 9" ~ U(0,27) be independent. Then
(Wla W2)

(Wi, W3)
(Wi, Wy)

(cos ¢, sin(arcsin ¢ + ¢)),

[l =

(cos ¢, sin(arcsin o + ¢"))

[|e

(cos ", sin(arcsin g + ¢")).
Conditioning on ¢ yields,

P(W{ < Wy, Wj <Ws) = P(cos ¢’ < cosp,sin(arcsin g + ) < sin(arcsin g + ¢))
1 27

=5 P(cost — cos ¢’ > 0) P(sin(arcsin o + t) — sin(arcsin g + ¢”) > 0)dt.
T Jo

The factors in the integrand can be written as

1

P(cost —cos¢’ >0)=1— 2—2 arccos(cost),
7r

P(sin(arcsin ¢ + t) — sin(arcsin g + ") > 0)

1
=1- Py (m — arcsin(sin(arcsin g 4 t)) — arcsin(sin(arcsin ¢ + t)))
m
1

1 N .
= — + —2arcsin(sin(arcsin g + t)).
2 2w

Combining these expressions yields,

P(cost — cos ¢’ > 0) P(sin(arcsin o + t) — sin(arcsin g + ") > 0)

1 o : 1
= — + — arcsin(sin(arcsin ¢ + ¢)) — — arccos(cos t)
2 7 2m

1 c .
) arccos(cos t) arcsin(sin(arcsin ¢ + t)).
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Proof of Step 3. (i) and (ii) are elementary. To compute (iii) we first split the
integral depending on arccos(cost) and then use a variable transformation to obtain

1 2w
T é—z arccos(cos t) arcsin(sin(arcsin g + t))d¢
™ Jo
1

= (/ t arcsin(sin(arcsin g + t))d¢
™ 0

2m
+ / (2m — t) arcsin(sin(arcsin p + t))dt>

1 m4arcsin g

=— (/ (u — arcsin p) arcsin(sin u)du
a.

™ rcsin o

+arcsin g

2m+arcsin o
+ / (2m — u + arcsin p) arcsin(sin u)du
s

1 arcsin o
= / u — arcsin g) arcsin(sin u)du — / (u — arcsin g)udu
0 0

I 11
m+4arcsin g

+

(u — arcsin ) (7 — u)du

111

A%
mw—+arcsin o

(27 — u + arcsin ) (7 — w)du

2m
+ / (27 — u + arcsin g) arcsin(sinu)du

\%4

2m+arcsin o
+ / (2m — u + arcsin ) (u — 27)du
2

s

VI

The different parts can now be computed separately.

™ /2
I= / (u — arcsin g) arcsin(sin u)du = / (u — arcsin p)udu
0 0

+ / (u — arcsin o) (7 — u)du = 7°/8 — w%(arcsin p) /4
/2
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arcsin o
II :/ (u — arcsin p)udu = —(arcsin 9)3/6
0
mw+arcsin o
III :/ (u — arcsin ) (r — u)du = —m(arcsin 0)*/2 + (arcsin g)* /6

2
v :/ (2m — u + arcsin p) arcsin(sin u)du

27

37/2
:/ (2m — u + arcsin o) (m — u)du + / (2m — u + arcsin g)(u — 27)du
ks 37 /2

= — /8 — 7*(arcsin o) /4

mw+arcsin o
14 :/ (27 — u + arcsin g)(7 — u)du = —n(arcsin p)?/2 — (arcsin )®/6

2m+arcsin o
VI :/ (2m — u + arcsin g)(u — 27)du = (arcsin 9)3/6
2

T

Putting everything together yields

1 1 /2 2
I = ﬁ(] —II+III+1IV-V4+VI)= = (3(arcsing)3 - garcsing>
= 3?(arcsin 0)% — 3 arcsin g.
O
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Abstract. We study the joint tail behavior of heavy-tailed R%-valued additive pro-
cesses, i.e. stochastically continuous processes with independent increments, and the joint
tail behavior of vectors of functionals acting on each component of such processes. More
precisely we consider additive processes which at a fixed time ¢ > 0 satisfy a multivariate
regular variation condition. Tail equivalence between the process at time ¢ and its Lévy
measure, in the sense of having the same multivariate regular variation limit measure,
is established. We also derive regular variation limit measures for vectors consisting of
the componentwise suprema, the componentwise suprema of the jumps and the compo-
nentwise integrals over the time interval [0,¢]. In order to derive the limit measure for
the vector of componentwise integrals we study convergence of the appropriately scaled
probability that the process reaches sets in the product space [0, ¢] X R?, and we establish
several equivalent formulations of this convergence.
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3.1 Introduction

Stochastic processes with heavy-tailed marginal distributions have become increas-
ingly important in many applications such as communication networks, hydrology,
insurance mathematics and mathematical finance. A lot of effort has been put
into studying such processes and into finding the tail asymptotics of the distribu-
tion of functionals of the processes (see e.g. Embrechts, Goldie and Veraverbeke [7],
Rosinski and Samorodnitsky [14] and Braverman, Mikosch and Samorodnitsky [5]).
However, whereas problems concerning the tail behavior for univariate stochastic
processes have been studied successfully for quite some time, multivariate processes
have received far less attention. Even though the intuition behind the univariate
results to a large extent extends to the multivariate case, proving results in the
multivariate case requires other tools such as vague convergence of measures.

The notion of heavy tails used in this paper is that of multivariate regular
variation. It says that an R%-valued random vector X with unbounded support is
reqularly varying if there exists a sequence {a,}, 0 < a,, T 00, and a nonzero Radon

measure y defined on B(@d\{O}) with u(ﬁd\Rd) = 0 such that, as n — oo,
nPla,'X €-) % u(-) on B(Rd\{O}).

Here -~ denotes vague convergence on B(@d\{O}). We refer to Kallenberg [9] for

details on vague convergence. The reason for working on the space ﬁd\{O} instead
of R? has to do with vague convergence; we want sets in R¢ which are bounded
away from the origin to be relatively compact. We focus on multivariate additive
processes, i.e. stochastically continuous processes with independent increments,
which at some fixed time ¢ > 0 satisfy the above regular variation condition, and
we study the tail behavior of vectors of functionals acting on such processes. By tail
behavior we mean a limit measure of the above type. The basic intuition underlying
all the results is the following: the process reaches a set far away from the origin
by making one big jump at some time 7 < ¢, and in comparison to the size of the
jump the process does not move much before 7 nor between 7 and t.

We prove tail equivalence between the distribution of X; and its associated Lévy

measure v; in the sense that if y; is a nonzero Radon measure on B(@d\{ﬂ}) with
11:(R\R?) = 0, then
nP(a;'X, €-) 2 pu on BERN\{0}) (3.1)
if and only if
Y —d
nvg(an: ) = e on B(R'\{0}). (3.2)

This is a multivariate version, in the regularly varying case, of a result in Embrechts,
Goldie and Veraverbeke [7] which says that

PX;>z)~un({yeR:y>z}) asz — oo,
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for X; subexponential. Moreover, we determine the implications of regular variation
of X; on the joint tail behavior of vectors of functionals acting on the underlying
process {X; : s > 0}. For example, we study the componentwise suprema

X; = ( sup XM ... sup ng))

0<s<t 0<s<t

and the componentwise suprema of the jumps

XtA = < sup AXgl),..., sup Ang)>,
0<s<t 0<s<t
and we show that if the additive process {X; : s > 0} satisfies the regular variation
condition (3.1), then

nP(a,'X; €)% p() and nP(a,'XP )5 () on BE{\{0}),

i.e. we have convergence to the same limit measure. In this case, knowing the joint
tail behavior of X; is enough to determine the joint tail behavior of X3 and X£
respectively. However, there are many other interesting choices of functionals for
which the joint tail behavior cannot be determined by that of X; alone. Typically,
we would need information of the type: the probability that X for some s € [0, ]
reaches a set a, Bs, where By is allowed to vary with s. This can be formulated in
terms of a vague limit on B([0, ] x (@d\{O})) for the graph {(s,X;) : 0 < s < t}
of the process. We prove tail equivalence between the graph of the process and the
associated measure v, where ([0, s] x B) = v4(B) for s € [0,t] and B € B(Rd\{ﬂ})7

in the sense of having the same vague limit on B([0, ] x (Ed\{O})). Since the precise
formulation of the result (Theorem 3.20) requires some additional notation and a
few technicalities, we refrain from stating it at this point. Using this result we can
determine the joint tail behavior of the componentwise integrals

t t
I, = (/ X§1>ds,...,/ X§d>ds)
0 0

in the sense of the vague limit of nP(a,'I; € - ) on B(Ed\{O}). As a special case,
if {Xs:s >0} is a Lévy process, then it follows that

a+1

nP(a;' L €)% ———u() on BR\{0}),

a—+1

where @ and « > 0 are such that p:(-) = tu(-) and p(z -) = 2= *u(-) for > 0.

The paper is organized as follows. We begin in Section 3.2 by reviewing the
notion of multivariate regular variation and we introduce the additive processes in
Section 3.3 and recall some of their properties. In Section 3.4 we consider sums
of independent regularly varying random vectors and prove some new results. In
Section 3.5 these results are used to prove the main results on tail equivalence and
joint tail behavior of functionals acting on the components of the processes.
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3.1.1 Notation

We denote by R = R U {—00, 00} the extended real line and R, = [0, 00]. For sets
BcCcAC Kd,

A\B={xeR’:xec AnB°}.
We denote by R? the standard Borel o-algebra on R?. There is a metric p on
@d\{ﬂ} which makes (Rd\{O}, p) a separable and complete metric space, we denote
by B(Rd\{o}) the Borel c-algebra generated by the open sets with respect to p.

Furthermore, on R%\{0}, B(@d\{O}) and R? coincide. For a set E C Rd\{O}
we denote by B(F) the o-algebra generated by the subspace topology. For a set

AC Ed\{O} (ﬁi\{O}) we denote by 0A its boundary (0A is always measurable

since it is closed). If p is a measure on B(Rd\{O}) (B(@i\{O})), then A is called a
p-continuity set if u(0A) = 0.

Operations between R%-valued (Kd—valued) vectors are always interpreted as
componentwise operations, e.g. a < b means a(¥ < b for i = 1,...,d. Using this
notation we have [a,b) = {x € R’ a < x < b}. We denote by | - | an arbitrary
norm on R? and by S*! = {z € R? : |z| = 1} and By = {z € R? : |z| < ¢} the
unit sphere and the open ball with radius € centered at x, respectively, with respect
to this norm.

The symbol ~ denotes both asymptotic equivalence, i.e. f(x) ~ g(z) as x —
oo if lim, .o f(2)/g(x) = 1, and that a random vector has a certain probability
distribution, i.e. X ~ F means that X has the distribution F. The dual use of ~
should not cause any confusion.

3.2 Multivariate regular variation

The notion of multivariate regularly varying random vectors has appeared in several
apparently different applications such as the study of stochastic recurrence equa-
tions (see Kesten [10]), multivariate extreme value theory (see e.g. Resnick [13])
and the description of weak limits of point processes constructed from stationary
sequences of random vectors (see Davis and Hsing [6]). In recent years some effort
has been made to establish equivalence of the different notions of multivariate reg-
ular variation (see Basrak [1] and Basrak, Davis and Mikosch [3]) and as a result
several equivalent definitions are at hand. The following definition is perhaps the
most intuitive one.

Definition 3.1. An R%valued random vector X with unbounded support is said
to be regularly varying with indexr o > 0 if there exists a probability measure ¢ on
S¢=1 such that for all z > 0, as u — oo,

P(X| > uz,X/|X| € -)
P(X| > u)

2 x % (-) on B(S¥1). (3.3)
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The probability measure o is referred to as the spectral measure of X and « is
referred to as the tail index of X.

An equivalent formulation is the following (see Basrak [1]).

Theorem 3.2. Let X be an R%-valued random vector with unbounded support.
Then X is reqularly varying in the sense of Definition 3.1 if and only if there exists

a sequence {a,}, 0 < a, 1 00, and a nonzero Radon measure (i on B(ﬁd\{O}) with
/L(Rd\Rd) = 0 such that, as n — oo,

nPa;'X €)% pu()  on BRM\{0}). (3.4)

Moreover, if (8.4) holds, then there exists o > 0 such that p(xB) = = *u(B) for
every x > 0 and B € B(@d\{()}).

Remark 3.3. (i) The scaling property of the limit measure p implies that p assigns
no mass to spheres centered at the origin, i.e. sets of the form rS?1 for r > 0,
with respect to any norm on RY. In particular p has no atoms (see Basrak [1]).
(ii) A standard regular variation argument shows that if (3.4) holds, then the se-
quence {a,} is regularly varying with index 1/a, i.e. for every A > 0, ajapj/an —
A/ as n — oo,

Let us now consider yet another possible formulation of multivariate regular
variation; there exists an a > 0 and a slowly varying function L(u) such that for
every x € R?\{0}

lim w = w(x) exists and is finite (3.5)

u—oco  u~*L(u)
and w(x) = 0 is possible for some but not all x € R?\{0}. It follows immedi-
ately that the function w is homogeneous, w(rx) = r*w(x) for every r > 0 and
x € RN\{0}. It is easy to show that (3.3) implies (3.5). In Basrak, Davis and
Mikosch [3] the following theorem proves equivalence of (3.3) and (3.5) under some
additional assumptions.

Theorem 3.4. Let X be an R%-valued random vector with unbounded support.
Then (8.3) and (3.5) are equivalent if either (i) « is a positive noninteger or (i)
X has nonnegative components and « is an odd integer.

Let X be a random vector satisfying (3.3), i.e. X is regularly varying. Then
X satisfies (3.5) and the limit function w is uniquely determined by « and o. On
the other hand, the limit function w determines a but not necessarily the spectral
measure o if « is a positive integer. Consider the following example.

Ezample 3.5. Fix an integer a > 1. We will construct two regularly varying random
vectors X; and Xy with tail index o and different spectral measures o1(-) = P(0; €
) and o3(-) =P(O4 € -), such that the limit functions w; and wy in (3.5) coincide.
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Let ©; be a [0, 27)-valued random variable with density function f;(0) > € for all
0 € [0,27) and some € > 0. Take § € (0,¢) and let ©2 have density function f,
given by

f2(0) = f1(6) + 0sin((a + 2)0), 6 € [0, 2m).
Let R ~ Pareto(a), i.e. P(R > x) = 2~ for « > 1, be independent of O, i = 1,2,

and put
a Rcos(0;)
Xi = ( Rsin(0;) )
Take x € R?\{0} and let 3 € [0, 27) be given by

X < cos(3) >
|x| - sin(3) ) -
Then, for u > |x|,

P((x,X2) > u) — P((x,X1) > u)
=P((x/[x[, X2) > u/|x]) = P({x/|x], X1) > u/|x])

S B+arccos((u/|x|)/r)
= 5/ / ar~* tsin((a + 2)0)dodr
w/|x| —arccos((u/|x|)/T)

B+arccos((u/|x|)/T)
=9 ar—o1 / sin((« 4 2)60))dodr
u/|x| s

—arccos((u/|x|)/r)

oo < a1 \
=—a+2/u/x|r (cos((a +2)(8 + arccos((u/[x])/1))

—cos((a+2)(B — arccos((u/|x|)/r))))dr

26 °
- @ sin((a 4+ 2)5) / = Lsin((a + 2) arccos((u/|x|)/r))dr
a+?2 w/Ix]
Using standard variable substitutions and trigonometric formulas the integral can
be rewritten as follows.

/ j o in(a+ 2)areeos((u/ )/

—« 1
= / v sin((a 4 2) arccos(v))dv
0

x|

< /2
_ /0 cos"‘_l(s) sin((« + 2)s) sin(s)ds

x|

—Q —Q

o
x|

/2 w/2
/ cos® 1 (s) cos((a + 1)s)ds / cos®(s) cos((a + 2)s)ds.
0 0

The two last integrals are zero for every integer a € (0, 00); these integrals can be
found in Gradshteyn and Ryzhik [8] p. 392. Hence, for u > |x|,

B((x,X2) > u) = P((x, X)) > u).

X
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Remark 3.6. Theorem 3.4 (i) is proved in Basrak, Davis and Mikosch [3] by showing
that the limit function w in (3.5) uniquely determines the spectral measure o in
(3.3) if & > 0 is not an integer. The above example shows that the idea behind the
proof can not be extended to integer-valued tail indices. Whether the result still
holds in this case is not known.

3.3 Additive processes

In this section we introduce additive processes following Sato [15]. An additive
process {X; : t > 0} on R? is a stochastically continuous stochastic process with
independent increments, starting at zero. There exists a version of it which has right
continuous sample paths with left limits. We will always choose such a version. If
in addition {X; : ¢ > 0} has stationary increments, then it is called a Lévy process.
For an additive process {X; : t > 0} on RY, for every ¢, the distribution of X; is
infinitely divisible, i.e. for any positive integer n, there exist iid random vectors
Zing,...,2Lnny such that X, 4 Z?zl Zin: If {X;:t>0}is a Lévy process,
then we can take Z; ¢ = Xy /m — Xi(i—1)/n-

We denote by F the characteristic function of a probability distribution F' on
R4,

F(z) = / %% F(dx).
Rd'

For any infinitely divisible probability distribution F' on R? we have the Léuvy-
Khintchine representation (Sato [15] Theorem 8.1 p. 37)

F(z) = exp (—%(z, Az) +i(v,z) (3.6)

+/ (e¥2x) 1 — i(z,x>1{|x|§1}(x))y(dx)>, z € RY,
R4\ {0}

where A is a symmetric nonnegative definite d x d matrix, v is a measure on R?\{0}
satisfying

/ (1% A 1)r(dx) < oo, (3.7)
R4\ {0}

and v € R%. We call (A,v,v) the generating triplet of F. The matrix A and the
measure v are called, respectively, the Gaussian covariance matriz and the Lévy
measure of F. When A = 0, F' is called purely non-Gaussian.

An important result for additive processes is the Lévy-It6 decomposition which
we will recall below. First some notation. Let

Dupy = {xeR%:a<|x|<b}, for0<a<b< oo,
Dooe = {xeR%:a<|x| <00}, for0<a< oo
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Theorem 3.7 (Sato [15] Theorem 19.2 p. 120). Let {X; : ¢t > 0} be an additive
process on R? defined on a probability space (0, F,P) with system of generating
triplets {(A¢, vi,v,)} and define the measure v on (0,00) x (RH\{0}) by v((0,] x
B) = v(B) for B € B(RN\{0}). Let Qy € F, P(Qo) = 1, be such that t — X;(w)
is right continuous in t > 0 with left limits in t > 0 for each w € Qg and define, for
H € B((0,00) x (R)\{0})),

¢(H,w) = { 6%{3 (5, Xs(w) — X5 (w)) € H}, ;Z:i ; 82 (3.8)

Then the following hold.

(i) {£(H) : H € B((0,00) x (RI\{0}))} is a Poisson random measure on (0, 00) x
(RIN\{0}) with intensity measure v.

(ii) There is Q1 € F with P(Q1) = 1 such that, for any w € Q,

X} (w) = lilrgl {x£(d(s,x),w) —xv(d(s,x))} (3.9)
€ (0,¢]XDe 1

4 /(O,t]xDm x€(d(5,%), w)

is defined for allt € [0,00) and the convergence is uniform int on any bounded
interval. The process {X}} is an additive process on R? with {(0,v4,0)} as
the system of gemerating triplets.

(iii) Define
X (w) = Xs(w) — Xf(w)  forw e Q.
There is Qo € F with P(Qa) = 1 such that, for any w € Qa, X7 (w) is contin-

uous in t. The process {X2} is an additive process on R% with {(Az,0,7v,)}
as the system of generating triplets.

(iv) The two processes {X}} and {X?} are independent.

In connection to this theorem we give the supplementary result which says that
the part of the additive process containing the small jumps will always have finite
moments of all orders. This will be relevant when studying the tails of a regularly
varying additive process.

Lemma 3.8. Let Y, = lim, g f(o fxD Ax€(d(s,x)) —xv(d(s,x))}. Then for every
t>0and meN, E(|Y|™) < cc.

Proof. Fix arbitrary ¢ > 0 and integer m > 1 (the case m = 0 is trivial). For
notational convenience, let z;, x; and Y, ; denote the jth component of z, x and
Y respectively. Since any two norms on R? are equivalent we may without loss
of generality take | - | to be the standard Euclidean norm, i.e. the norm given by
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x| = (2%, #2)1/2. Note that by the Lévy-Khintchine representation for infinitely

=1 "1
divisible distributions

/ (e¥2%) — 1 —i(z,x))1y(dx) and / Ix|%v (dx)
Do 1 Do 1

exist finitely. Let Y§ = f(o {xD. Ax€(d(s, x)) — xv(d(s,x))}. Then Y % Y, as

€ | 0 and hence the characteristic functions converges,
E(e®Y)) = exp {/ (e¥zx) — 1 — i<Z,X>)Vt(dX)}
D1
—  exp {/ (e¥zx) — 1 — i(z,x>)1/t(dx)} = E(e'® Y1),
Do 1
If ni,...,ng € N with n; > 2 for some j € {1,...,d}, then

/ it xt(dx) < / gc?jut(dx) < / |x|*1(dx) < oo.
Do 1 Do 1

Do 1

Moreover,

m! 2 2
B(Y, ) = Y B Y,
e 1:...714:

where since 2n; > 2 for some j,

1 0 \2m 1 0 \2na_ .
E(Y2™ ... Y2y = (f—) - (f—) E(ei®Y0)
( t,1 t,d ) 2821 ’LaZd (6 ) 2—0
= / ™My (dx) < oo
Do 1

Hence E(|Y|*™) < oo. However, E([Y:|™) < (E(]Y|*"))*/? from which the con-
clusion follows. O

3.4 Sums of regularly varying random vectors

In this section we will derive some useful results concerning sums of regularly vary-
ing random vectors. The results generalize known results in the univariate case to
the multivariate setting but the techniques used in the proofs are quite different.
Let us start with a result on linear transformations of a regularly varying random
vector (see also Basrak, Davis and Mikosch [2]).

Proposition 3.9. Let X be an R%-valued random vector and suppose there ezist a
sequence {a,},0 < a,, T 00, and a Radon measure p on B(@d\{O}) with u(@d\Rd) =
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0 such that nP(a;'X € - ) = u(-) on B(Rd\{O}). IfT:R* - RP, p<d,isa
linear transformation of full rank, then

nPa;'T(X) € ) poT(-NR?) on B(R"\{0}).

Remark 3.10. Note that the result above does not hold in general if p > d or if
p < d but T not of full rank. In either case we can only get convergence on the

sub-o-algebra T(B(@d\{()})) c BR"\{0}).
Proof. Let B € B(R"\{0}) be relatively compact. If B ¢ R"\R?, then
nP(a,'T(X) € B) = po T *(BNRF) =0

for all n. Hence we can without loss of generality assume that B C RP. Since B is
relatively compact there exists an € > 0 such that inf,cp |2| > €. For z € B take y
such that T'(y) = x (since T is onto such a y always exists). Since |T(y)| < |||yl
and ||T|| < oo for all linear transformations 7 : R — R?, |y| > |z|/||T|| > ¢/||T|| for

ally € T~1(B). Hence T~1(B) is relatively compact in Ed\{O}. If u(0T-1(B)) =0,
then

nP(a,'T(X) € B) = nP(a,'T(X) € B) =nP(T(a,'X) € B)

— nP(a,'X € T(B)) — u(T~}(B)).

Since u(0T~1(B)) = poT=Y(0B) and T~1(B) € B(Rd\{O}) the conclusion follows.
O

We proceed by considering sums of a fixed number of independent regularly
varying random vectors.

Proposition 3.11. Let X be an R%-valued random vector and suppose that there
exist a sequence {an},0 < a, 1 oo, and a Radon measure p on B(Rd\{ﬂ}) with
M(Rd\Rd) =0 such that nP(a;'X € - ) = u(-) on B(Rd\{ﬂ}).

(i) Iff( is a random vector in R%, independent of X, and if there exists a Radon
measure fi on B(@d\{ﬂ}) with ﬁ(@d\Rd) = 0 such that nP(a; X € - ) = fi(-)
on BR™\{0}), then

nB(a, (X +X) €)= u() + () on BE\{0}).

(ii) If for some k, there are iid random vectors Xy, ..., X}, such that X < X; +
<o+ Xy, then

nPla;'X; €-) % %,u() on B(@d\{O}).
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Remark 3.12. A statement similar to (i), for Ri—valued random vectors, is proved
in Resnick [12] (Proposition 4.1 p. 85).

Proof. (i) Take € > 0 and note that, by Remark 3.3 (i), u(0Bo,.) = f(0Bo,) = 0.
Since

nP(a,"(X,X) € By, x BS,) =nP(a,'X € By ) P(a,'X € By ,.) — 0,

as n — oo, it follows that nP(a; (X, X) € - ) - 7i(-) on B(@Qd\{O}), where [ is a
Radon measure which concentrates on ({0} x R%) U (R? x {0}). Let T : R?¢ — R
be the linear transformation T'(x,X) = x + X. By Proposition 3.9,

nPa; (X +X) e )5 a0l (-NRY) on BERN\{0}).
Hence for any B € B(Rd\{O}),
poT Y BNRY) = A({(x,X):x+%e BnNRY})
= i({(x,0):x+0€ BNR%}) +7({(0,%) : 0+ X € BNR%})
— u(B)+(B).
(ii) Since nP(a;'X € - ) = pu() on B(Rd\{O}) it follows that for any subse-
quence {n;} C N such that n; — oo as j — o0, n; P(a;le €)= p(-) on

B(@d\{O}). Hence, it follows by (i) that any subsequential vague limit pq of
{nP(a,'X; € - )} must satisfy u; = p/k. Hence, we only need to show that
{nP(a;'X; € - )} is relatively compact in the vague topology. By Theorem
15.7.5 in Kallenberg [9], {nP(a,'X; € - )} is relatively compact in the vague
topology if and only if sup,,~; nP(a,;'X; € B) < oo for every relatively compact

B e B(Rd\{O}). We prove this by contradiction. Suppose that there is a relatively
compact set B € B(Rd\{ﬂ}) such that sup,,», nP(a, ' X1 € B) = co. Then there is
an r > 0 such that sup, 5, nP(a,'X; € B§,) = co. Since nP(a,'X; € Bf,) < oo
for all finite n this implies lim sup,, ., nP(a,'X; € B§,) = co. Take € € (0,7/k).
Then

P(ar_le € Bg,rfke) = P<a’r_zl(X1 +eee Xk?) € B(c),'r‘fke>
P(a,'Xy € B§,.,a,'X; € By for j =2,... k)
= P(a,'Xy € Bg,)P(a, "Xy € Bo,o)* .

v

Hence
limsupnP(a;'X € Bo k) = limsupnP(a; !X, € Bgyr)IP’(a:Lle € By, )F !

== .

This contradicts the assumption that {nP(a,'X € - )} is relatively compact and
we conclude that {nP(a,;'X; € - )} must be relatively compact in the vague
topology. O
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Above we considered a sum of a fixed number of terms. Let us now consider the
case with a random number of terms N, where N is independent of the terms Xj.

Proposition 3.13. Let {Xy}r>1 be a sequence of iid Re-valued random vectors
and suppose that there exist a sequence {a,},0 < a, T 00, and a nonzero Radon

measure |L on B(Rd\{O}) with u(ﬁd\Rd) =0 such that nP(a,'X; € - ) = u(-) on
B(Ed\{O}). If N is a nonnegative random variable with Y .~ (P(N =n)(1+¢€)" <
oo for some € >0 and N is independent of {Xy}r>1, then, as n — oo,

N
nPa," Y Xe €)= E(Nu()  on BR\{0}).
k=1

If {Y}r>1 is another sequence of iid R?-valued random vectors, independent of N,
such that nP(a;'Y; € - ) % 0 as n — oo, then nP(a;! ijzlYk €-)>0as
n — 00.

Proof. Take relatively compact B € B(@d\{O}) with p(0B) = 0. Since for all
n, nP(a;! Z;Ll Xk € Rd\Rd) = E(N),u(@d\Rd) = 0, we may without loss of
generality assume that B C R?. Let v = inf,ep [x|. Since

N [ l
nPa,' Y X, €B) = Y nPa,'Y X, eB)PN =1
k=1 =1 k=1

IN

o l
> nPla,' > [Xi| >0 P(N=1)  (3.10)
=1 k=1

and |Xp| is univariate regularly varying, it follows from Theorem 3 in Embrechts,
Goldie and Veraverbeke [7] that (3.10) converges to E(N)u(Bg ). Hence, using
Pratt’s Theorem (see Pratt [11]) and Proposition 3.11, we conclude that we may
interchange the sum and the limit to obtain

N 00 l
lim nP(a,' Y Xp€B) = lim » nPa,'> X;€B)P(N =1)
k=1 =1 k=1

n—oo

oo l

anlrréonp(agl > Xy eB)P(N =1)
=1 k=1

= EW)u(B)

for every relatively compact B € B(Ed\{O}) with u(0B) = 0. The second claim is
proved similarly. O

Remark 3.14. The moment condition on N, Y >° ' P(N = n)(1 + €)" < oo for
some € > 0, comes from the remark following Theorem 3 in Embrechts, Goldie and
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Veraverbeke [7]. This result concerns random sums of univariate random variables
with subexponential tails. Since we use this result for terms which are regularly
varying (at oco) the moment condition can in fact be substantially weakened.

We conclude this section with a short lemma. It can be used for instance in
connection with Proposition 3.11 to show that if we add any random vector with
all moments finite to an independent regularly varying random vector X with limit
measure u, then the sum is regularly varying with the same limit measure u.

Lemma 3.15. Let X be an R¥-valued random vector. If E(|X|™) < oo for every
m € N, then for every regularly varying sequence {a,}, 0 < a, 1 oo, and every

relatively compact set B € B(Rd\{O}), nP(a,'X € B) — 0 as n — oco.

Proof. Fix a > 0 and let {a,}, 0 < a,, T 00, be a regularly varying sequence with
index 1/« Let B € B(Rd\{O}) be relatively compact. Then there is an > 0 such
that B C Rd\ggvm. Hence

nP(a;'X € B) < nP(a;'X € R\Bo,) = nP(X| > anz).

Define f by f(t) = inf{n € N : a,, > t}. Then by Theorem 1.5.12 p. 28 in Bingham,
Goldie and Teugels [4] f is regularly varying with index a, i.e. f(t) = t*L(t) for
some slowly varying function L, and f(a,) ~ n as n — oco. Hence

nP(|X| > anz) ~ f(an) P(X| > anz) asn — oo.

By Markov’s inequality we have that P(|X| > tx) < E(|X|™)/(tz)™ < oo for every
t >0,z >0and m > 0. Hence, for every m > 0,
flan) P(IX] > anz) < a5 L(an)a, ™z~ "E(|X[™) = C(m)ay,™"™ L(an).

Taking m > « and letting n — oo yields nP(|X| > anz) — 0 from which the
conclusion follows. O

3.5 Multivariate regular variation for additive
processes and functionals

We now turn to the main topic of this paper; the tail behavior of multivariate
additive processes and functionals of them. In the univariate case it is well known
(see e.g. Embrechts, Goldie and Veraverbeke [7]) that for an infinitely divisible
regularly varying (or even subexponential) random variable X with Lévy measure
v it holds that P(X > u) ~ v({z : x > u}) as u — oo. This property is sometimes
referred to as tail equivalence of X and v. For a univariate additive process {X; :
t > 0} with sequence of generating triplets {(As, v4,,)} this implies that if X; is
regularly varying (subexponential) for some ¢ > 0, then P(X; > u) ~ v;({z : z >
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u}) as u — oco. The intuition behind this result is explained by what is sometimes
referred to as the “large deviations approach”: unlikely events happen in the most
likely way. In this case this is interpreted as follows. The most likely way the process
becomes large at time ¢ is due to one big jump of the process before time ¢. The
Lévy measure of {z : x > u} gives the intensity of jumps to this set during (0, t] and
the probability of exactly one jump to this set is asymptotically v;({z : @ > u}).
The same intuition holds also in the multivariate case as the next result shows.
The tail equivalence should now be interpreted as equality of the limiting measures
associated with multivariate regular variation.

Theorem 3.16. Let {X; :t > 0} be an additive process on R? with system of gen-
erating triplets {(A¢,ve,v,)}. Fix an arbitraryt > 0. Then the following statements
are equivalent.

(i) There exist a sequence {an}, 0 < a, 1 0o, and a nonzero Radon measure i
on B(ﬁd\{O}) with ut(ﬁd\Rd) =0 such that
nP(a;'X; €)= () on BRN\{0D). (3.11)

(i) There exist a sequence {an}, 0 < an T 0o, and a nonzero Radon measure i
on B(@d\{O}) with ,ut(ﬁd\Rd) = 0 such that

—d
nvg(an ) = w(-)  on BR'\{0}). (3.12)
Furthermore, the sequences {a,} and the measures p: in (i) and (ii) can be taken

to be equal.

Remark 3.17. (i) Note that for any ¢ > 0 and any infinitely divisible random vector
Y there exists an additive process {X; : t > 0} such that Y = X;. Hence Theorem
3.16 can be reformulated in terms of infinitely divisible random vectors.

(ii) Note also that if Theorem 3.4 (i) were true for arbitrary tails indices & > 0, then
Theorem 3.16 would be easily proved using the results in Embrechts, Goldie and
Veraverbeke (7] for univariate subexponential infinitely divisible random variables.

Proof of Theorem 3.16. To prove this theorem we will make use of the Lévy-Ito
decomposition, Theorem 3.7, which says that X, has representation

X =Y, +J, +X? as.,

where Y, J; and X? are independent and, with the notation of Theorem 3.7,

Y; = lim {x¢(d(s,x)) —xv(d(s,x))},
€l0 J(0,t]x D. 1

J, = / x€(d(s, %)),
(O,t]XDlyoo
X2 = X;—-Y—J
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X? is Gaussian and hence has finite moments of all orders. By Lemma 3.8, Y; has
finite moments of all orders and will therefore, as we will see, not contribute to
X; being regularly varying. It will be sufficient to consider the part J; being the
accumulated big jumps of the process up to time ¢. Since £ is a Poisson random
measure, the characteristic function of J; is

E[e!®79)] = exp { /D (e¥zx) — l)yt(dx)}

1,00

and hence J; has representation as a compound Poisson random vector

Ny
J, £ J
t — k.t
k=0

where N ~ Po(14(D1,00)), Jo,t = 0, Tkt ~ 14(- N D1 o)/ (D1,00) and all vectors
are independent.

(i) = (ii) To prove this implication we will prove that
nP(a,'J1s €)% w(-)/vi(D1oo) asn — oo. (3.13)

Once this is done the implication follows since Jy ¢ ~ v4(-N D1 o)/ (D1,00) and for

any relatively compact B € B(@d\{O}) and large enough n, v,({a,B} N D1 ) =
vi(a,B). So if (3.13) holds, then also

nvg(an- ) = ue(-) asn — oo.

We prove this part in two steps. First we show that for (3.11) to hold it is necessary
that
nP(a,'J; €)% () asn — oo, (3.14)

holds and for (3.14) to hold it is necessary that (3.13) holds. Let us start by showing
that the sequence {nP(a;'J; € - )} is relatively compact in the vague topology. As
in the proof of Proposition 3.11 we prove this by contradiction. Assume that there
exists a relatively compact B € B(Ed\{O}) such that sup,,~, nP(a,;'J; € B) = oc.
Then there is an r > 0 such that B C B, and hence sup,,»; nP(a;'J, € B§,) =
co. Since nP(a,'J; € Bf,) is finite for every n, lim sup,, .o nP(a;'J; € B(C);r) =
oo. Take € € (0,7/3). Then

limsup nP(a,'X; € Bf,_y.) = limsupnP(a, (Y, + I, + X7) € B ,_5.)

n—oo n—oo

> limsupnP(a, 'J; € B, P(a,'Y; € By.)P(a,'X? € By.) = o0.

n—oo

Thus {nP(a,'X; € - )} is not relatively compact which is a contradiction. We
conclude that {nP(a,;'J; € - )} is relatively compact. Let {n;} be a subsequence
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such that lim; .., n; = co and let pq,, be the vague limit of {n; P(a;}Jt €-)} as
i — oo. Since Y; and X? have finite moments of all orders, by Lemma 3.15, for

every relatively compact B € B(@d\{O}),
n; ]P’(a,;lYt €B)—0 and n; ]P’(a;}Xf €B)—0 asi— 0.

Then, by Proposition 3.11 (i), n; P(a;'X; € - ) = p14(-) as i — co. However, we
have assumed that (3.11) holds so 1,4 = . Hence, (3.14) holds.

We continue with a similar argument to show that (3.13) holds. Let us start by
showing that the sequence {nP(a,'J;; € - )} is relatively compact in the vague

topology. Assume that there exists a relatively compact B € B(@d\{()}) such that
sup, > nP(a,'J1; € B) = co. Then there is an r > 0 such that B C B, and
hence sup,,>; nP(a,; ' J1,; € Bf,) = co. Since nP(a,'J1; € Bf,) is finite for every
n, limsup,, ., nP(a, ' J1,¢ € Bf,) = co. We have

limsupnP(a;,'J; € Bf,) > limsupnP(a, "Iy, € Bf,)P(N; = 1) = cc.
Thus {nP(a,'J; € - )} is not relatively compact which is a contradiction. We
conclude that {nP(a,'J1; € - )} is relatively compact. Let {n;} be a subsequence
such that lim;_,., n; = 0o and let po; be the vague limit of {n; IP(a,’LilJLt €-)}as
j — oo. By Proposition 3.13 it follows that '

njP(a, ' J; € - ) = B(N)po,e(-) = ve(D1 0o )piae()  as j — 00
and hence we must have po; = 1y /14(D1 ). Hence, (3.13) holds.

(i) = (i) Since Ji 1 ~ v4(- ND1 o) /vt (D1,00) and we have assumed that nvy(a,- ) =
wt(+) as n — oo, it follows that

nBay Ts € ) 5 () /(Di) s n— o0

since for any relatively compact B € B(Ed\{O}) and large enough n, v;({a,B} N
D1,o) = v¢(anB). Then, by Proposition 3.13,

nP(a,'Je € ) = E(Ne)pe(-) /ve(D1,oc) = pe(-)  as n — oo.

Now, since X; = Y;+J;+X? a.s. where the terms are independent, Y; and X? have
finite moments of all orders and nP(a,'J; € - ) = u(-) as n — oo, the conclusion
follows by combining Lemma 3.15 and the first part of Proposition 3.11. O

The next result (essentially a multivariate version of the result in Willekens [16])
will be of relevance for the subsequent study of functionals of additive processes,
but is also interesting in itself. It says essentially the following. If the tails of the
process are sufficiently heavy, then the probability that the process reaches a set far
away from the origin before time ¢ > 0 is asymptotically equal to the probability
that the process ends up in that set at time ¢. Note that condition (3.15) is much
weaker than that of multivariate regular variation.
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Lemma 3.18. Let {X; : t > 0} be an additive process on R and let A € R? be
bounded away from 0. For z > 0 let TA = inf{s : X, € zA}. Fizt >0, letr >0
be arbitrary and put S,(zA) = {x € R? : infye. 4 [x —y| <7r}. Then

(i) P(T2 < t)P(X, € Boyjo all s <t) <P(Xy € S,(24)).

(i) If
. P(X; € S,.(24))
lim —— =" 1
oo P(Xy € 24) ’ (3.15)
then
N V)
hm — T =
z—o0 P(X; € zA)
Proof.
P(TA <t) = P(TA <t,X; € S.(24) +P(TA <t,X; € S,.(24))
< P(X; € Sp(zA)) + P(TA < t,X, € S, (2A)°)
< P(Xy € 5:(2A) + P(TS < t,X; — Xpa € Bf,)
= P(X; € Sp(24)) + P(TS <) P(X; — Xga € By, | T < 1)
< P(X; € Sp(zA) +P(TA < t)P(X, € Bg ./ some s < t)
= P(X; € S,(24) +P(T2 < t)(1 —P(X, € Bg,jp all s < 1))

Hence P(T# < t)P(X € Boj2 all s < t) < P(X; € Sr(z4)). It follows that

| < liming PO o P <)
minlf ——mmmmm— msup ———————————
= TRRP(X € 24) © P P(X, € 24)
< 1 :
= NP TR(X, €24) P(X.€ Bo,palls <t)
1

]P(XS S BO,T/2 all s S t) ’
Since r > 0 was arbitrary we can let r — oo and the conclusion follows. O

Let us now study vectors of functionals applied to each component of a multi-
variate additive process. We consider the implications of regular variation of the
process at time ¢ on the vector of the componentwise suprema of the process and
the componentwise suprema of its jumps up to time ¢t. We have the following result.

Theorem 3.19. Let {X; : t > 0} be an additive process on R? with system of gen-
erating triplets {(A¢, ve,v,)}. Fix an arbitraryt > 0. Then the following statements
are equivalent.

(i) There exist a sequence {an}, 0 < a, 1 00, and a nonzero Radon measure ji;
on B(Rd\{O}) with ut(ﬁd\Rd) =0 such that

nP(as X, € ) 2 () on BRMN{0Y).
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(ii) There exist a sequence {an}, 0 < a, T 0o, and a nonzero Radon measure i
on B(Rd\{O}) with ut(ﬁd\Rd) =0 such that

nP(a,'X, € - some s <t) % u(-) on B(Ed\{ﬂ}),

The sequences {a,} and the measures s in (i) and (ii) can be taken to be equal.
Moreover, if any of the statements (i) or (ii) hold, then

_ , —d
(iii) nP(a, X € ) = () on BR,\{0}),
where X§* = (Supg. o<, Ax®, ,SUPg <5<y AXSSd)) and

(iv) nP(a;'Xi € ) 2 () on BRI\{0}),

. 1 d
where X} = (Supg<<; xM ,SUPg <5<y X! )).

Proof. (i) = (ii) Let V, s = {x € RN\{0} : |x| > u,x/|x| € S} for u > 0 and
S € B(S%1) be a u-continuity set. Suppose first that p;(V,.s) = 0. Take r > 0
such that P(X, € Bo, /2 all s <t) > 0. For every ¢ € (0, 1) there is n,. s such that
for n > n, s

Sr(anvu’s) C an(l — 5)Vu’s @] an(l — 5)Vu,55(s)\37

where S, (a,Vi,s) = {x € R? : infyeq,v, s [x —y| <7} and S5(S) = {x € 71 :
infycs [x —y| < d}. Furthermore, V,, g,(s)\s fails to be a p-continuity set for at
most countably many ¢. Hence, by Lemma 3.18 (i), for n > n,. s,

nPla;'X, € Vu,s some s < t)
nP(a;'X; € (1-6)V,s)  nP(a,'X; € (1-0)Vy s,(5)\5)
- ]P)(Xs € BO,T/Q all s S t) IP(XS S BO,T’/Z all s S t)

(1 —0)"“pe(Vau,55(5)\5)
IP)(XS S BO,T/Q all s < t)

— 0+

for some a > 0. Since § € (0,1) was arbitrary, by letting 6 — 0 the conclusion
follows.

Now, suppose p¢(Vy,s) > 0. We first show that the condition in Lemma 3.18
(ii) is satisfied. Take € > 0. For every ¢ € (0, 1) there is zp > 0 such that for z > z

SG(ZVu’S) C (1 — (S)ZVU’S U (1 — 6)ZVU7S§(S)\S'

Hence
P(Xt € SS(ZVU)S)) < ]P’(Xt c (1 - 5)2Vu,s) P(Xt € (1 — 5)2Vu755(5)\3)
P(Xt S ZVU,S) - P(Xt S ZVu,S) ]P’(Xt € ZVuys)

pi((1=0)Vas)  me((L = 0)WVasssns) _ 0 o a 1t (Va5 (s)\9)
i (Vos) mVes) 079 (H i (Vas) )
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for some « > 0. Since 0 € (0,1) was arbitrary, by letting § — 0 it follows that the
condition in Lemma 3.18 is satisfied, and hence, by Lemma 3.18,

P(X; € 2V, s some s < t)

li =1.
imrco P(X; € 2Vy.5)
Hence
P(X, 2V <t
nP(X;s € ap,Vy s some s <t) = nP(X;€a,Vy,s) (X € apVu,g some s )

P(Xt c anV%S)
- :u't(VU,S)a

as n — 00. Since convergence of every such set V,, s implies vague convergence on
B(Ed\{O}) the conclusion follows.
(ii) = (i) For any A € B(R"\{0}) we have P(a'X, € A) < P(a;'X, € A some s <
t) and hence

limsupnP(a,'X; € A) < u(A).

n—oo

A lower bound is constructed as follows. Let V,, s = {x € R¥\{0} : |x| > u,x/|X]| €
S}, for u > 0 and S of the form {x € S%~! : |[x — x¢| < o} for some xo € S?!
and 79 € (0,1), such that V,, g is a p-continuity set. For such an S and small
enough § > 0, let S°(S) = {x € S : infyega-1\g[x —y| > d} and for 7 > 0 let
S™(anVu,s) = {x € anVus t infyea,ve [x —y| > r}. For every 6 € (0,1) there is
nrs such that for n > n, s, '

S™(anViu,s) D (1 +6)anVy s5(s)-
Hence, for n > n, s,

nPla,'X; € Viu.5)
>nPla,'X, € (1+ 0)Vy,s6(s) some s < t, X, — X € anBos all s <q<t)
>nP(a,'X, € (1+ 0)Vu,s0(s) some s < t)(1 —P(|X]; > andé some 0 < g < t))
= (14 0)" (Vi s55(3))-

Since 6 > 0 was arbitrary we can let 6 — 0 and hence

liminf nP(a,*X; € Vi.s) > (Vi s)-

n—00

Since convergence of every such set V,, ¢ implies vague convergence on B(Rd\{O})
the conclusion follows.

(i) = (iii) Since {X : s > 0} is an additive process there is Qg € F with P(Qy) =1
such that, for every w € Qp, X,(w) is right continuous in s > 0 and has left limits



64 Chapter 3. Multivariate regular variation for additive processes

in s > 0. Hence X > 0 for every w € g and s > 0. Let & be the Poisson random
measure given by (3.8). Then, for any x € R%\{0},

P(X{ < x) = P(£((0,] x [~00,%)¢) = 0) = exp(—vi([—00,x)°)).
Hence

(X2 <X):{ gxp(—vt([—oox)c)) :f)?;l;;i?\m},

By Remark 3.3 (i), 11¢(8[—00,x)¢) = 0 for every x € R%\{0} (boundaries of spheres
centered at 0 have zero p;-measure). Hence, by Theorem 3.16, for every x € R4\ {0}

nP(a,' X € [-00,x)°) = n(1l - exp(—v¢(an[—00,%))))
= nv(an[—00,%)%) (1 + O (an[—00,%x)°)))

= ([=00,x)%).
Take a,b € R%\{0} with a < b. Then

nP(a,' X € [a, b))

2 2
=D ) (YT P X € {[—oo, @1i,) X -+ X [—00,7ai,) }),
=1 ig=1

where x;; = a) and zj5 = b\ for every j € {1,...,d}. Hence
nP(a;'X2 € [a,b)) — w([a,b)).

Since convergence of every such set [a, b) implies vague convergence on B (Ei\{O})
the conclusion follows.

(i) = (iv) Take x € R1\{0}. Note that if we would only take x € (0,00)? then we
would not end up with a convergence determining class. Since Xj > X; a.s. and
1+(0[x,00)) = 0 (boundaries of spheres centered at 0 have zero u;-measure)

nB(a; ' X; € [x,00)) > nP(a, X, € [x,00)) = u([x, 00)),

ie. liminf, . nP(a,'X; € [x,00)) > p([x,00)). To complete the proof it
remains to show that limsup,,_, . nP(a; X} € [ 00)) < pi([x,00)). First, define
A—ogx = {zeRd:z(j) > (l—e)x(j),jzl,...,d}
C,((ke) = {zeR?:ze[-00,x)% 2" e [-00, (1 —e)z®)}
Dgc]fz = {Z € Rd HVAS [_ )C N A(l e)x’ (k) € [x(k),oo]}

and note that for each k € {1,...,d}, [-00,x)¢ C A(l,E)XUC,(fG) UD,((IQ and that the
sets on the right hand side are disjoint. If X} € Ay, then either X € A(;_)x for
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some s < ¢ or, for some k € {1,...,d}, X;, € C’,((ks) for some s; <t and X, € D(k)
for some sy < ¢, 89 # s1. Assume Wlthout loss of generality that
P(Xs, € Ca %0 Xy € D((li)xﬁ some $1, 82 < t)
>P(X,, € C’ak)x o X, € Dgi)x,e some sy, $3 < t)
for k=2,...,d. Then
nP(X] € ap[x,00))
<nP(X, € A, (1—ex some s < 1)
+n IP’(Uk 11X, € Ca o> Xy € D,(IIZ)X’E some s1, 89 < t})
<nP(X; € Ay, (1-c)x some s < t)
+ndP(X,, € CM, ., X,, € DY, some 51,5, < 1)

By Lemma 3.18

nP(Xs € 4,, xsome s <t) ~ nP(X;€ A, 1-0x)
= (1= e)fx,00)) = (1 =€)~ “pue([x, 00)),

asn — 00. Let v = mfuecsz,veDQZ |u — v|. Then v > 0 and

ndP(X,, € C’QT o0 Kosy € Dg)x . some sy, S3 < t)
<ndP(Xs, € C((ll)x o Xs, € Dgl)x . some s1 < s9 < t)
+ndP(X,, € Ca xe,X € D((l )xe some sz < $1 < 1)
<ndP(Xs, € C’alx o Xs, — X, € Bg /0 sOme 51 < 53 < )
+ndP(X,, € Dgl)x o Xsy — X, € Bg /0 sOme 51 < 53 < 1)
<ndP(X, e C{V, .
+ndP(X, € D{! )x ¢ some s <) P(X, € By, /4 some s < 1)

— 0,

some s < ¢) (X, € By, /4 some s < )

as n — o0o. Since € > 0 was arbitrary it follows that limsup,,_, . nP(a,'X; €
[x,00)) < ue([x,00)). Hence

nIED( _1X* [X7oo)) _):ut([x7 OO))
Take a,b € R%\{0} with a < b. Then
nP(a,'X; € [a, b))

2 2
=Y D (TR P(a X € [engy,00) X -+ X [2aig, 00)),

i1=1 ig=1
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where zj; = a9 and Tjo = b9 for every j € {1,...,d}. Hence
nP(a,'X; € [a,b)) — u([a, b)).

Since convergence of every such set [a, b) implies vague convergence on B (Ei\{o})
the conclusion follows.
O

Assertion (ii) of the last theorem gives the asymptotics for the probability that
the process reaches a certain set during the time interval [0,¢]. What if we would
allow the set of interest to vary over time? i.e. we are looking for the asymptotics
of the probability that the graph of the process {(s,Xs) : 0 < s < t} intersects

a relatively compact set in B([0, %] x (@d\{O})), the o-algebra generated by the

sets of the form T x B with T € B([0,¢]) and B € B(Rd\{O}). This requires
knowledge of the tail of X, for all s € [0,¢], not only of X; as has been the case so
far. To obtain this kind of results we will work with the measure ¥ (see Theorem
3.7) instead of simply v4. In order to fit into the vague convergence framework we

extend the measure v to [0, 00) x (Ed\{o}) by requiring that 7({(s,x) : s =0 or x €
@d\Rd}) = 0. This extension is unique. Let us introduce the operation * such that

for a € (0,00) and sets of the form A x B, A € B([0,t]) and B € B(Ed\{O}), we
have a x A x B = A x aB. Clearly this operation can be extended to all sets in

B([0,1] x R\ {0}).

Theorem 3.20. Let {X; :t > 0} be an additive process on R? with system of gen-
erating triplets {(A¢,ve,v,)}. Fix an arbitraryt > 0. Then the following statements
are equivalent.

(i) There exist a sequence {an}, 0 < a, T 00, and a collection of Radon measures
{ps :0< s <t} on B(Rd\{O}) such that for every 0 < s <t, us(Rd\Rd) =0,
o =0, py is nonzero, and

nP(a;'X, € ) 5 ps()  on BRN\{0V). (3.16)

(i) There exist a sequence {ay}, 0 < a, 1 00, and a collection of Radon measures
{ps :0< s <t} on B(@d\{O}) such that for every 0 < s <'t, us(@d\Rd) =0,
wo =0, py is monzero, and

nwvg(an ) 5 pus()  on BRO\{0). (3.17)

(i1i) There exist a sequence {an}, 0 < a, T 00, and a nonzero Radon measure i
on B([0,t] x (@d\{O})) with 1([0,¢] x ﬁd\Rd) = 0 such that, as n — oo,

nan +-) = f() on B(0,4 x (RN\{0})). (3.18)
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(iv) There exist a sequence {a,}, 0 < a, T 0o, and a nonzero Radon measure [i
on B([0,t] x (Ed\{ﬂ})) with ([0, t] x Rd\Rd) =0 such that, as n — oo,

nP({(5,X,) : 0 < 5 < £} 0 (an %) £ 0) 2 fi(.) (3.19)

on B([0,4] x (R"\{0})).

Furthermore, the sequences {a,} in (i)-(iv) can be taken to be equal and then the
measures ps and ([0, s] x - ) in (i)-(iv) coincide on B(@d\{O}) for every 0 < s < t.

Lemma 3.21. Let {X; : t > 0} be an additive process on R%. Fiz an arbitrary
t > 0. Then, for any sequence {a,}, 0 < a, T oo, and t > 0,

nPa;'X, €)= 0 on BR\{0}) (3.20)
if and only if
nP(a,'X, € - somes<t)->0 on B(@d\{O}). (3.21)

Proof. Fix a sequence {a,}, t > 0 and relatively compact B € B(Rd\{ﬂ}).
Suppose that (3.21) holds. Since

P(X: € a,B) < P(X; € a, B some s < t)

it follows immediately that (3.20) holds.
Suppose that (3.20) holds and, without loss of generality, that B C R?. Fix r > 0
and let v = infxcp |x|. By Lemma 3.18 (i),

P(X; € a,B some s <t) < P(X, € a,Bg, some s <t)
P(X; € Sr(anBg 5))
- ]P(XS € BO,T‘/Q all S S t) ’

For every r > 0 there is an n, . such that Sr(antﬁ) C a,Bg /2 for n > n, .
Hence

nP(X; € antﬁ/Q)

liyrflésolipnIP’(Xs € a,B some s < t) < liyrisotip B(X, € Bo,jz all s < 1) =0,
from which (3.20) follows. O

Proof of Theorem 3.20. (i) < (ii) For every s € [0,¢] for which ps is nonzero this
equivalence was established in Theorem 3.16. We need to establish the equivalence
also if us = 0. Since py is nonzero, by Remark 3.3 (ii), the sequence {a, } has to be
regularly varying. Hence equivalence can be proved by exactly the same arguments
as in the proof of Theorem 3.16.
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(ii) = (iii) Define the Radon measure i on B([0,t] x (Rd\{O})) by ([0, s] x B) =
ps(B) for every s € [0,t] and B € B(@d\{O}). Let us show that the sequence
{nv(ay-)} is relatively compact in the vague topology. For each bounded set A €

B([0, ] x@d\{O}) there exists a bounded set B € B(@d\{O}) such that A C [0,t]xB.
Hence,

sup nv(a, * A) < sup nvi(a,B) < oo
n n

and it follows that {nv(a,-)} is relatively compact. Since the sets of the form
[0,s] x B with u(0B) = 0 form a m-system which generates B([0,t] x (Ed\{O}))
it is sufficient to show that if i’ is the limit of the subsequence {n'v(a,:-)}, then
i’ and i coincide on sets of this form. Fix an arbitrary s € (0,t] and relatively

compact B € B(@d\{ﬂ}) with pt(0B) = 0. Then, us(0B) < p(0B) = 0 and
n'V(an * [0,s] x B) = n'vs(an B) — ps(B) = ([0, s] x B)

and the conclusion follows. .

(ili) = (ii) Put ps(-) = ([0, s] x - ) for s € [0,t]. Let F' € B(R \{0}) be closed and

bounded. Then [0, s] x F is closed and bounded and by the Portmanteau theorem
(see Kallenberg [9] Theorem 15.7.2 p. 169)

lim sup nvs(a, F) = limsup nv(ay, * [0, 8] x F) < ([0, s] x F) = pus(F)

and hence nvg(a,-) = ps(-).

(i) = (iv) Define the Radon measure g on B([0,t] x (@d\{O})) by ([0, 8] x B) =
ps(B) for every s € [0,t] and B € B(ﬁd\{ﬂ}). Let us show that the sequence
{nP{(5,Xs) : 0 < s <t}Nnay*-) # )} is relatively compact in the vague
topology. For each bounded set A € B([0,¢] x Rd\{ﬂ}) there exists a bounded set
B € B(R"\{0}) such that A C [0,#] x B. Hence, by Theorem 3.19

stllpnIP’({(u, Xu):0<u<stn(a,xA) #£0)

< supn]P’(a;lXu € B some u < t) < 00
n

and it follows that {nP({(s,Xs) : 0 < s <t}N(an*-) # 0)} is relatively compact.
Since the sets of the form [0, s] x B with p;(0B) = 0 form a w-system which generates

B([0,t] x (@d\{O})) it is sufficient to show that if &’ is the limit of the subsequence
{n'v(ay )}, then i’ and & coincide on sets of this form. Fix an arbitrary s €

(0,t] and relatively compact B € B(@d\{o}) with p:(0B) = 0. Then, us(0B) <
p(0B) = 0 and by Theorem 3.19 and Lemma 3.21

n' P({(u,Xy,) : 0 <u <t} N (an *[0,5] x B) # 0) =n'P(a;,!X, € B some u < s)
— ps(B) = /7([075] x B)
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and the conclusion follows. .

(iv) = (i) Put ps(-) = ([0, s] x -) for s € [0,t]. Let F' € B(R \{0}) be closed and
bounded. Then [0, s] x F' is closed and bounded and by the Portmanteau theorem
(see Kallenberg [9] Theorem 15.7.2 p. 169), Theorem 3.19 and Lemma 3.21

limsupn' P(a,'X, € F) = limsupn' P(a,'X, € F some u < s)

n—oo n—oo

=limsupnP({(s,Xs) : 0 < s <t} N(an x[0,8] x F) #0) < u([0,s] x F)

n—oo

= :U’S(F)

and hence nP(a;'X; € -) = ug(+). O

Working on the product space [0, t] x (Kd\{ﬂ}) allows us to consider interesting
functionals such as the integral of each component of the process. To derive the
tail behavior for this functional we use the intuition described in the introduction
which says that if the process takes a big jump, then it varies very little before and
after the jump, compared to the size of the jump. Then the intuition tells us that

the integral of component j, say, becomes bigger than wu if X exceeds u/(t — s)
for some s € [0,t]. That is, the integral of X /) becomes bigger than wu if the graph
{(S,X,Sj)) : 0 < s <t} intersects with the set Agj) ={(s,x2) € [0,t] x (R\{0}) : = >
u/(t — s)}. This intuition is made precise in the next result, which also finishes the
paper.

Theorem 3.22. Let {X; : t > 0} be an additive process on R? with system of
generating triplets {(As, vt,v,)}. Fiz an arbitrary t > 0 and suppose there exist a

sequence {an}, 0 < a, 1 00, and a nonzero Radon measure i on B([0, t] x (Ed\{O}))
with ([0, ] x Rd\Rd) =0 such that

ni(an ) = fi() - on B([0,4] x (R'\{0})).

7L = ([ xMds,..., [l X ds), then

nP(a; e ) S i({(s,%) € [0, x (B{0}) i x € 1 -}) on BE'\{0)).

In particular, if {Xs:s > 0} is a Lévy process, then

ta+1

nPla,'T €)= ——u() on BE'\{0}),

(07

where p(-) = 1([0,1] X - ) and & > 0 is such that p(u - ) = u*u(-) for all u > 0.
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Proof. By the Lévy-It6 decomposition we may write the process {X;} as the sum
of three independent processes. With the notation of Theorem 3.7,

Xiw) = Xiw)
+ lim {x&(d(u,x),w) —xD(d(u,x))}—i—/( x¢(d(u, x),w),

€10 J(0,5]xDc 1 0,81 D100

YS JS

on €, where {X2} has a version with continuous sample paths, {Y,} is a jump
process with small jumps, and {Js} is a jump process with big jumps. For j =
1,...,m, let V;n = th/m — Jt(jfl)/m. For w € Qg N Qy,

Z—th/m(w) —>/ Ji(w)ds as m — oo,
=1 0

and .

SV = Y AT (W) asm — oo,

Jj=1 u€(0,t)
where the sum extends over all (finitely many) u such that |AJ,(w)| is nonzero.
Take € € (0,1/2) and let A be a relatively compact u;-continuity set of the form
{x € R\{0} : |x| > u,x/|x| € S} for u > 0 and S € B(S?!). Convergence
of every such set implies vague convergence on B(@d\{O}). To begin with, we
study the behavior of nIP’(fOt Jsds € anA) as n — oo. Let v = infxe 4 |x| and set
Ay ={(s,x) :x € A=A, s €0,8]} € B([0, ] x (@d\{O})). We begin by constructing
a lower bound.

Tt
n]P’(; Eth/m € a,A)
> nP(UP {VT e an(1+ )4, V"] < anev/t})
i#£]
1
= tji/m

t—tj/m

SR VI < aner/t) nB(V]

J=1  i#j

an(1+€)A)

1

P(; v < aney/t);n]?(v;" € W“"(l +€)A)

Y
|

3

>P() |V <apey/t) nP(UTL {VT]" €

1
Wan(l +e€)A}).

<
Il
N

Letting m — oo, we arrive at

t
n]P’(/ Jods € anA) = P( Y |AT] < aney/t) ni((1 + €)an * Ay).
0 u€e(0,t)
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We now construct an upper bound.
Tt
=

<nPUL{V] € an(1—)A, > [V < aney/t})

i#j

+nP(Jyi/m € Bg,anm/t,th/m —Jii/m € B(C),anev/t some i < j < m)
1

—a,(l—e)A

(1 94)

+nP(Jtiym € Bga,en /i Itiim — Jtiym € B q, ey SOME i < j <)
1

——ap(l—e)A

(- 94)

+nP(Jy/m € BG4, e/t SOME j < m)?.

o
t—tj/m
<nPUL{V] €
<nP(UjL{V] €

Letting m — oo, we arrive at
t
nIP’(/ Jids € a, A) < nv((1 —€)an * Ay) +nP(Js € By, )y SOme s € (0,4])2.
0

Since limy oo P(3,c(0,4) [AJu| < aney/t) =1 and by the second part of Lemma
3.18 limy, oo nP(Js € By, ./, SOme s € (0,¢])? = 0, we get

t
liminntP’(/ Jods € a,A) > p((1+4¢€)* Ay,
0

n—oo

¢
limsupn]P’(/ Jods € a,A) < (1 —e) % Ay).
0

n—oo

Since € > 0 was arbitrary and p(uw * - ) = u=*g(+) for all w > 0, it follows that the
lower and upper bound coincide, i.e.

n—oo

¢
lim nIE”(/ Jods € an,A) = u(Ay).
0

Since as n — 00

t
1
nP( [ Xids € a,A) <nP(X2e ganA some s <t) — 0
0

and

t
1
nIP’(/ Y.ds € a,A) <nP(Y; € EanA some s < t) — 0,
0

by Proposition 3.11,

t t
lim nP(/ Xqds € a,A) = lim nIP’(/ J.ds € a, A).
0 0

n—oo n—oo
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Hence .
lim nIP’(/ X,ds € a,A) = u(Ay).
0

n—0oo

In the case of a Lévy process, i.e. if ([0, s] x - ) = su(-) for s € [0, ], then

jitan = | "
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Abstract. We study a formulation of regular variation on the space of R%valued
right-continuous functions on [0, 1] with left limits and provide necessary and sufficient
conditions for a stochastic process with sample paths in this space to be regularly varying.
A version of the Continuous Mapping Theorem is proved which enables the derivation
of the tail behavior of rather general mappings of the regularly varying stochastic pro-
cess. For a wide class of Markov processes with asymptotically independent increments
we obtain simplified sufficient conditions for regular variation. For such processes we show
that the possible regular variation limit measures concentrate on step functions with one
step, from which we conclude that extremes for such processes are due to one big jump in
(0,1] or an extreme starting point. Finally, using the Continuous Mapping Theorem we
derive the tail behavior of filtered regularly varying Markov processes with asymptotically
independent increments.
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4.1 Introduction

In applications one sometimes encounters data sets with a few extremely large
observations. For such data sets it is suggested to use heavy-tailed probability
distributions to model the underlying uncertainty. This is the case for instance in
so-called catastrophe insurance (fire, wind-storm, flooding) where the occurence of
large claims may lead to large fluctuations in the cash-flow process faced by the
insurance company. The situation is similar in finance where extremely large losses
sometimes occur, indicating heavy tails of the return distributions. The proba-
bility of extreme stock price movements has to be accounted for when analyzing
the risk of a portfolio. Another application is telecommunications networks where
long service times may result in large variablility in the workload process. In many
applications it is appropriate to use a stochastic process {X; : ¢t > 0} to model the
evolution of the quantity of interest over time. The notion of heavy tails enters
naturally in this context either as an assumption on the marginals X; or as an
assumption on the increments X, — X; of the process. However, it is often the
case that the marginals or the increments of the process are not the main concern,
but rather some functional of the process. A natural example is the supremum
of the process during a time interval, supg<;< X¢, i.e. the largest value reached
by the process during [0,T]. Another example is the mean of the process during

a time interval, 77! fOT X;dt. We are then typically interested in the probability
that the functional exceeds some high level, e.g. ~What is the probability that the
sea level exceeds a high barrier sometime during [0,7]? It may therefore be im-
portant to know how the tail behavior of the marginals X; (or the increments) is
related to the tail behavior of functionals of the process. For univariate infinitely
divisible processes results on the tail behavior for subadditive functionals are de-
rived in Rosiriski and Samorodnitsky [13] under assumptions of subexponentiality.
See also Braverman, Mikosch and Samorodnitsky [5] for further results on the tail
behavior of subadditive functionals of univariate regularly varying Lévy processes.
In the multivariate case one typically studies a d-dimensional stochastic process
{X¢ : t > 0}. The process could be interpreted for instance as the consecutive mea-
surements of sea levels at d different locations, the daily losses of d different stocks
or the weekly amount of claims in d different insurance lines. A notable difference
between the multivariate case and the univariate case when analyzing extremes is
the possibility to have dependence between the components of the random vector.
Large values may for instance tend to occur simultaneously in the different compo-
nents. To have a good understanding of the dependence between extreme events
in the multivariate case may be of great importance in applications. Similar to the
univariate case some functional or vector of functionals of the process may be the
primary concern. Natural examples are for instance the componentwise suprema
of the process, (Supg<;<7 Xt(l), ..., SUPg<s<T Xt(d)) i.e. the largest value reached by
each component of the process during [0,7]. Another example is the component-
wise mean of the process but other functionals or combinations of functionals may
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also be of interest. We are typically interested in the probability that the vector
of functionals belongs to some extreme set far away from the origin, e.g. ~-What is
the probability that the sea level exceeds a high barrier at some (or all) locations
sometime during [0, T]? To answer this type of questions we need to know how the
tail behavior of the marginals X, is related to the tail behavior of vectors of func-
tionals of the process. In this paper we provide a natural framework for addressing
such questions and illustrate how it can be applied.

Multivariate regular variation provides a natural way of understanding the tail
behavior of heavy-tailed random vectors. A similar construction is possible for
stochastic processes with sample paths in D([0, 1], R?); the space of R%-valued right-
continuous functions on [0, 1] with left limits. This formulation seems to be well
suited for understanding the tail behavior of heavy-tailed stochastic processes. We
will exemplify this in various forms throughout the paper. A random vector X on
R? is said to be regularly varying if there exist an o > 0 and a probability measure
o on the unit sphere S9! = {x € R? : |x| = 1} such that, for every x > 0, as
U — 00,

P(X| > uz, X/|X| € -)

% x % () on d-1

where B(S%~1) denotes the Borel o-algebra on S?~! and % denotes weak conver-
gence. The probability measure ¢ is referred to as the spectral measure of X. It
describes in which directions we are likely to find extreme realizations of X. Sim-
ilarly, we say that a stochastic process X = {X; : ¢t € [0,1]} with sample paths in
D([0,1],R9) is regularly varying if there exist an o > 0 and a probability measure
o on Dy([0,1],R?) = {x € D([0,1],R?%) : sup,cjoq) [%:| = 1} such that, for every
x>0, as u — o0,

P(|X|eo > ur, X/|X|oo € - )
P(|X |00 > u)

“a"%0() on B(Di([0,1],RY),

where B(D1([0,1],R?)) denotes the Borel o-algebra on D;([0,1],R%) and |x|, =
SUpseo,1] |X¢|- The spectral measure o contains essentially all relevant information
for understanding the extremal behavior of the process X. For example, it might
be interesting to know under which conditions the extremes of X are due to (at
most) one single extreme jump (we allow also an extreme starting point). This can
be formalized in terms of the support of the spectral measure by showing that the
spectral measure concentrates on step functions, i.e. on the set

{x € D1([0,1],R?) : x = Ylpa,v €[0,1],y € sa-11

We show that this is the case for a large class of regularly varying Markov processes,
including all regularly varying additive processes (and hence also all regularly vary-
ing Lévy processes).

A natural question is why one would prefer formulating regular variation on
D([0,1], R?) rather than on, say, (R)[%!. The main reason is that many interesting
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mappings from D([0, 1], R?) to D([0, 1],R?) (or to R¥) are continuous whereas the
corresponding mappings from (R%)[%! are not. However, with constructions similar
to the one used in this paper, regular variation can be formulated on other complete
separable metric spaces. In this paper we prefer to work on D([0,1], R?).

An equivalent definition of regular variation on D([0, 1], R?) is the following; a
stochastic process X with sample paths in D([0, 1], R?) is regularly varying if there
exist a sequence {a,}, 0 < a, 1 oo, and a nonzero boundedly finite measure m on
B(D([0,1],R4)) with m(D([0, 1], R%)\D([0,1],R%)) = 0 such that, as n — oo,

nP(a,'X €)% m(-) on B(D([0,1],R%)), (4.1)

where % denotes so-called w-convergence. (The precise meaning of D([0, 1], R%) is
explained in Section 4.2. At this point it may be viewed as only a slight modification
of D([0,1],R?) needed in order to use the concept of w-convergence.) Let h be a
positively homogeneous (i.e. h(Ax) = Mh(x) for A > 0) measurable mapping from
D([0,1],R%) to D([0,1],R%) (or to R¥). Then, if (4.1) holds and if h satisfies some
mild conditions, as n — oo,

nP(a,; ' h(X) €)% moh (- nD(0,1],RY)) on B(D([0,1],R%)) (4.2)

(or on B(@k\{O}), R = [—00, 00]), i.e. we have a version of the Continuous Mapping
Theorem. Hence, under mild conditions on h, regular variation of X implies regular
variation of h(X) and we can express its limit measure in terms of m and h as in
(4.2).

In Section 4.2 we state the two definitions of regular variation on D([0, 1], R¢)
and show that they are equivalent. Moreover, we give necessary and sufficient
conditions for regular variation for a general stochastic process with sample paths
in D([0,1],R9). Finally, we give a continuous mapping theorem which provides
a powerful tool in the subsequent analysis. In Section 4.3 we focus on strong
Markov processes with asymptotically independent increments (see Section 4.3 for
the precise meaning of asymptotically independent increments). We obtain suffi-
cient conditions for regular variation for such processes which are easier to verify
since they involve only the marginals X; of the process X. Moreover, we show that
the limit measure m of such regularly varying Markov processes vanishes on V¢
where

V= {xeD(0,1],R?) : x =yl 1j,v € [0,1],y € RA\{0}}.

This means that, asymptotically, the process reaches a set far away from the origin
either by starting there or by making exactly one big jump to this set and, in
comparison to the size of the jump, it stays essentially constant before and after
the jump. On one hand this means that we are able to quantify the idea of one big
jump in terms of the support of the regular variation limit measure. On the other
hand, and equally important, this in combination with the Continuous Mapping
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Theorem (4.2) allow us to explicitly compute tail probabilities of h(X) for many
interesting choices of h. See e.g. Example 4.14 and 4.15 with

1 1
h(x) = ( sup acgl),..., sup xl(td)) and h(x)= (/0 xgl)dt,...,/o mgd)dt),

te[0,1] te[0,1]

respectively. In Section 4.4 we study filtered stochastic processes of the form

Y, = / s X, te (0.1, (4.3)

where X is a regularly varying Markov process of the type studied in Section 4.3,
with sample paths of finite variation. Under the assumption that the kernel f is
continuous we show that Y can be viewed as a mapping of the process X, which is
sufficiently regular to satisfy the conditions of the Continuous Mapping Theorem.
We show that Y is regularly varying and determine the limit measure. The proofs
are given at the end of each section.

4.2 Regular variation on D

Let us introduce regular variation on D = D([0, 1], R%); the space of functions x :
[0,1] — R? which are right continuous with left limits. This space is equipped with
the so-called Ji-metric (referred to as dy in Billingsley [2]) which makes it complete
and separable. The formulation of regular variation we will use has recently been
used in de Haan and Lin [9] in connection with max-infinitely divisible distributions
on D. See also Giné, Hahn and Vatan [8].

We denote by Dy = Di([0,1],R?) the subspace {x € D : sup,c(o ) [x:| = 1}
equipped with the subspace topology. Define D = (0,00] x Dj, where (0,00] is
equipped with the metric p(x,y) = |1/ — 1/y| making it complete and separable.
Then D is a complete separable metric space. Note that a nonzero function x € D is
associated with an element (z*,%) € D where 2* = SUpyeo 1) [X¢| and x = x/x*. For
x € D we write [X|eo = Supse(o 17 [%¢| and for x = (2%, %) € D we write |x|s = 7*.
A consequence of the above construction is that

B(D)n (D\{0}) = B(D)n (D\{0}),

i.e. the Borel sets we are interested in are the usual Borel sets on D which do not
contain the zero function.

We will see that regular variation on D is naturally expressed in terms of so-
called w-convergence of boundedly finite measures on D. A boundedly finite mea-
sure assigns finite measure to bounded sets. A sequence of boundedly finite mea-
sures {m,, : n € N} on a complete and separable metric space E converges to m in
the w-topology, m, - m, if m,(B) — m(B) for every bounded Borel set B with

m(0B) = 0. If the state space E is locally compact, which D is not but @d\{o}
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(R = [~00, q]) is, then a boundedly finite measure is called a Radon measure, and
w-convergence coincides with vague convergence and we write m,, — m. Finally
we note that if m,, - m and m,(E) — m(E) < oo, then m,, % m. For details on
w-, vague- and weak convergence we refer to Appendix 2 in Daley and Vere-Jones
[6]. See also Kallenberg [11] for details on vague convergence.

Definition 4.1. A stochastic process X = {X; : ¢ € [0, 1]} with sample paths in
D is said to be regularly varying if there exist a sequencei{an}7 0 <ap T oo, and
a nonzero boundedly finite measure m on B(D) with m(D\D) = 0 such that, as
n — 0o,

nP(a,'X €-)%m(-) onB(D). (4.4)

Remark 4.2. The limit measure m has a scaling property; there exists an a > 0
such that m(uB) = u~*m(B) for every u > 0 and B € B(D). This follows from
a combination of more or less standard regular variation arguments. We include a
proof in the appendix.

An equivalent and perhaps more intuitive formulation of regular variation on D
is given in the next result.

Theorem 4.3. A stochastic process X = {X; : t € [0,1]} with sample paths in D
is regularly varying if and only if there exist an o > 0 and a probability measure o
on B(D1) such that, for every x > 0, as u — oo,

P(|X|oo > uz, X/|X|oo € - )
P(|X oo > u)

22 %(-)  on B(Dy). (4.5)

The probability measure o is referred to as the spectral measure of X and « is
referred to as the tail index.

A proof of Theorem 4.3 is given in the appendix. The two formulations of
regular variation on D given here are much inspired by the formulations of regular
variation for random vectors. Many of them are documented in e.g. Basrak [1].

Remark 4.4. For S € B(D1),let Vi,s ={x € D : |x|s > 1,x/|x|c € S}. It follows
from the proof of Theorem 4.3 that the probability measure o and the boundedly
finite measure m are linked through

o(s5) = PVs)

= MLS) g e B(Dy).
(Vioy) (D)

Let h : D — D or h : D — RF be a measurable, positively homogeneous
mapping, i.e. h(Ax) = Ah(x) for A > 0 and x € D. If X is a regularly varying
stochastic process with sample paths in D we may be interested in the tail behavior
of h(X). This is achieved using an analogue of the Continuous Mapping Theorem
for weak convergence. Let D, = {x € D : h is discontinuous at x}. Note that
Dy, € B(D) (see Billingsley [2] p. 225) and hence also Dy, N D € B(D).
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Theorem 4.5 (the Continuous Mapping Theorem). Let X = {X; :t € [0,1]}
be a stochastic process with sample paths in D. Suppose that there exist a sequence
{an}, 0 < an T oo, and a nonzero boundedly finite measure m on B(D) with
m(D\D) = 0 such that, as n — oo,

nP(a,'X €-)%m(-) onB(D).

Let h: D — D be a positively homogeneous measurable mapping such thatifl(B)
is bounded in D for every bounded B € B(D) N D and suppose m(Dy N D) = 0.
Then,

nP(a, ' h(X) € )L moh™'(-ND) onB(D).

Moreover, the result holds for mappings h : D — RF with the obvious notational
changes.

The formulation of regular variation on D in combination with Theorem 4.5
allow us to derive the tail behavior of a large class of continuous mappings of
stochastic processes. This will be illustrated in the following sections.

The next theorem gives necessary and sufficient conditions for a stochastic pro-
cess with sample paths in D to be regularly varying. Before stating these conditions
we introduce some notation. For x € D, Ty C [0,1] and § € [0, 1] let

w(x,To) = sup{|xs —x¢|:s,t €Ty},
w”(x,6) = sup min{|x; — x¢, |, Xz, — X¢|}-
t1<t<ta,ta—t1<d

Theorem 4.6. Let X = {X, : t € [0,1]} be a stochastic process with sample paths
in D. Then the following statements are equivalent.

(i) There exist a set T C [0,1] containing 0 and 1 and all but at most countably
many points of [0, 1], a sequence {a,}, 0 < a, T 00, and a collection {my, ., :

k € N,t; € T} of Radon measures with m(@dk\de) =0, and m; nonzero for
some t € T, such that

nP(a;  (Xeys o, X)) €) S mey () on BER™\{0})  (4.6)

holds whenever ty, ..., ty € T. Moreover, for any e > 0 andn > 0, there exist
a d € (0,1) and an integer ng such that

nP(w”(X,d) > ane) <, n > ng, (4.7)
nP(w(X,[0,0)) > ane) <, n > ng, (4.8)
and

nP(w(X,[1—=10,1)) > ane) <n, n>mno. (4.9)



82 Chapter 4. On regular variation for stochastic processes

(ii) There exist a sequence {an}, 0 < a, T 0o, and a nonzero boundedly finite
measure m on B(D) with m(D\D) = 0, such that

nPla,'X €-)%m(-) onB(D). (4.10)

The sequences {an} in (i) and (ii) can be taken to be equal. Moreover, the measure
m in (ii) is uniquely determined by {my,. 1, : k € N;t; € T}.

4.2.1 Proofs
Proof of Theorem 4.5. Let Nj = {x € D : h(x) = 0} and define h : D\N;, — D by

h(x) if x € D\Np,
x if x € D\D.

Then D;; C (Dp,ND)U(D\D), where D;- denotes the set of points of D\ N}, where h

is discontinuous. Take arbitrary bounded B € B(D) with m( (8B)) = 0. Since

oh~'(B) € h'(0B) U Dy, we have m(dh ' (B)) < m(h  (0B)) + m(D5) = 0.

Hence

P(a,'h(X) € B) = nP(a,'h(X) € B,h(X) # 0)
= nP(a;'R(X) € B,h(X) # 0)
— nP(a,'Xeh (B)N(D\Ny))
— nP(a,'X R (B))
- m® (B)).

Hence, by Proposition A2.6.IT p. 628 in Daley and Vere-Jones [6],
Pla;'h(X) €-) = moh ‘() on B(D).
However, for every B € B(D), m(ﬁfl(B)) =m(h~1(B N D)). Hence
nP(a, ' h(X) € )% moh™'(-NnD) on B(D).
The proof for mappings h : D — RF is similar. O

Proof of Theorem 4.6. (i) = (ii) Let m,(-) = nP(a,'X € - ). First we will show
that the sequence {m,} is relatively compact in the w-topology. To prove this we
will apply Proposition A2.6.IV p. 630 in Daley and Vere-Jones [6], which says that
it is sufficient that the restrictions {m,, , } to a sequence of closed spheres S., T D are
relatively compact in the weak topology. For v > 0, let S, = {x € D : |x|s > 7},
and for n > 1, let my,,(-) = nP(a;'X € - N S,). We will show that, for every
v > 0, the family {m,, ,} is uniformly bounded and that it is relatively compact in
the weak topology.
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Take v > 0 and ¢1,...,tp € T with 0 =t; < --- <t =1 and t; —t;—1 < 9,
where 6 > 0 is such that n P(w” (X, d) > a,v/2) < n for n > ng. Then

mny(D) = B([Xl 2 arn)
nP(lrgaiik IXy.| > any/2 or w”(X,8) > a,7v/2)

IN

IA

nP(max [X¢,| > an7/2) + nP(w"(X,0) > anv/2)
_z_ 3

fu(¥) + gn(7)-

By (4.6), {fn(7)} converges to some finite limit as n — oo and hence the sequence
{fn(7)} is bounded. Moreover, g,(y) < n for n > ng, and clearly g,(y) < ng for
n < ng. Hence, sup,,~q My (D) < 00, i.e. {m,, ,} is uniformly bounded.

Since m,,(-) = nP(a,'X € - ) < ng for n < ng and since a probability measure
P(a,'X € - ) on B(D) is tight it follows by Theorem 15.3 p. 125 in Billingsley
[2] that (4.7), (4.8) and (4.9) hold for the finitely many n preceding ng by taking &
small enough. Hence, we may assume that ng = 1. Note that [y,00] x K; € B(D)
is compact in D if and only if K; is compact in D;. For any 1 > 0, by (4.7), (4.8)
and (4.9), we can choose d; such that, if

Ak,l = {X €D;: w"(x, 5k) < 1/k},
Ak,2 = {X €D : w(Xv [Oaék)) < 1/k}7
Ak,S = {X € Dl : w(x, [1 - 6ka 1)) < 1/k}a

then my, ~([v,00] x (D1\Ag ;) < (1/3)n/2* for every j and n. Let B = N2, N3,
Ay ;. If K is the closure of B, then by Theorem 14.4 p. 119 in Billingsley [2], K1
is compact in D;. Moreover, for every n,

mny’y(ﬁ\(hvoo] X Kl)) < mn,'y([%oo] X (Dl\B))
co 3
< S (o] x (D1\Ay,))
k=1j=1
<

oo
n Z 27k = n.
k=1

Hence, we have shown that {m,, .} is uniformly bounded and tight. It follows
from Prohorov’s Theorem (Theorem A2.4.I p. 619 in Daley and Vere Jones [6])
that {m, ,} is relatively compact in the weak topology. Thus, by Proposition
A2.6.1V p. 630 in Daley and Vere-Jones [6], {nP(a,'X € - )} is relatively compact
in the w-topology. We will now show that any subsequential w-limit m satisfies
m(D\D) = 0. By (4.7) and the above argument we can choose u; and § such that
nP(w”(X,0) > ayui/2) < n/2 for every n > 1 (i.e. we may take ng = 1 in (4.7)).
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By (4.6) and Theorem 4.5 (for mappings h : R¥ — [0,00)) there exist a Radon
measure v on B((0,00]) with v({oo}) = 0 such that

Un(-) == nP(a,; ! Joax Xl €)% v() on B((0,]).

It follows that v has the scaling property described in Remark 4.2 (the same proof
applies with the obvious notational changes). Hence there exists an o > 0 such that
v([z,00]) = 27*v([1,00]) for every & > 0. Choose x such that v([z/2,00]) < n/4.
Then there exists n' such that v,([x/2,00]) < 1/2 for n > n/. Clearly there
exists ' such that v, ([z'/2,00]) < /2 for n < n’. Hence, with us = max(z,z’),
Vn([uz/2,00]) < n/2 for every n > 1. Hence, with © = max(uy,us), for every n > 1,

nP(|X|e > anu) < nIP’(lrilag(k Xy, | > anu/2) + nP(w”(X,d) > apu/2)

IN

n/2+n/2=n.

Suppose M, % m. We have just shown that for any n > 0 there exists u > 0
such that m, ({x € D : |x| > u}) < n for n’ > 1. In particular, this implies
that m, ({x € D : |x|s > u}) — 0 uniformly in n’ as u — oco. Since G, = {x €
D : x| > u} is open and bounded we have m(G,,) < liminf, . m, (G,) and
because of uniform convergence
m(D\D) = lim m(G,) < lim liminfm, (G,) = liminf lim m, (G,) = 0.
Uu— 00 uU—00 n’/—oo n’/—o0o0 uU—00o

Let m and m be two subsequential w-limits. We will show that m = m and that
m is uniquely determined by {my, :, : k € N,t; € T}. Let T, and Tj consist of
those ¢ € [0,1] for which the projection m; is continuous except at points forming
a set of m-measure 0 and m-measure 0, respectively. Then, by Theorem 4.5, for
t1,..tr €T, NTHNT,

_ ~ _ —dk
mo 7Tt141..tk,(' N de) =mo th.l..tk(' N de) =my,..4,(-) on B(R\{0}).

Since T;,,, T and T each contain all but countably many points of [0, 1], the same
is true for T,, N Tz N T, in particular T, N Tz NT is dense in [0,1]. Moreover,
0,1 € T,, N Tz NT. With some minor modifications of Theorem 14.5 p. 121 in
Billingsley [2] one can show that

{(mil, (H): k€N, H € BR™{0}) NR¥ t,,... t) € T,y N T5 NT}

generates B(D) N D. Hence m and m coincides on B(D) N D and since m(D\D) =
m(D\D) = 0 we have m = m.

(ii) = (i) Let T}, consist of those ¢ in [0,1] for which the projection m; from D
to R? is continuous except at points forming a set of m-measure 0. The projections
7o and 7 are continuous and hence 0,1 € T,,,. For ¢ € (0,1), m; is continuous if and
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only if m({x : x¢ # x;—}) = 0. By the same arguments as in Billingsley [2] p. 124
there are at most countably many ¢ € (0, 1] such that m({x : x; # x:—}) > 0.
Then, since m is nonzero and T, is dense in [0, 1], there exists ¢ € T}, such that
my is nonzero. Moreover, m, . ¢, is continuous except at points forming a set of
m-measure 0 if t1,...,tx € T,,. Hence, by Theorem 4.5, for t1,...,tx € T,

nPa, ! (Xey, o, X)) €)= nPa,'X em,’, (- NR¥))
_ —dk
mo /n-tl.l‘.tk- ( =N de) on B(R \{0})'

e

For t1,...,tg € T, let my, . 1, (1) =mo 7Tt_11tk( N R,

For n > 1, let m,(-) = nP(a,'X € - ). By the scaling property of m, the set
S, = {x € D : |x|s > u} is an m-continuity set for every v > 0. Hence, m,,(S,) —
m(Sy) = u=*m(S1) for every u > 0. Choose u such that u=*m(S1) < /4. Then
there exists n; such that m,(S,) < n/2 for n > n;. By Proposition A2.6.IV
p. 630 in Daley and Vere-Jones [6], for every 0 < v < u < o0, {m,( - N{x €
D : x| € [y,u]})} is relatively compact in the weak topology on D. Since
{x € D : |x|oo € [y,u]} € D\{0} and on this subspace the subspace topologies (of
D and D) coincide it follows that {m, (- N{x € D : |x|e € [y,u]})} is relatively
compact in the weak topology on D. Hence, by Theorem 15.3 p. 125 in Billingsley
[2], for any € > 0 and 7 > 0 there exist ¢ € (0,1) and integer ny such that

nP(w”(X,68) > ane, |X|wo € anly,u]) <n/2, n >na,
nP(w(X,[0,0)) > ane, |X| € anly,u]) <n/2, n>ne,
and

nP(w(X,[1—=10,1)) > ane, | X|oo € an[y,u]) <n/2, n>ns.

In particular the three inequalities above hold, with 7/2 replaced by n and ns re-
placed by ng = max(ny,na), for u = co and v < €/2 and for such v they coincide
with (4.7), (4.8) and (4.9).

4.3 Markov processes with asymptotically inde-
pendent increments

In this section we will study Markov processes with increments that are not too
strongly dependent in the sense that an extreme jump does not trigger further
jumps or oscillations of the same magnitude with a nonnegligible probability. We
will derive surprisingly concrete results for such Markov processes (see Theorem 4.8
and 4.12) which will prove very useful when used in combination with Theorem 4.5
(see e.g. Example 4.14 and 4.15).
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Let {X; : t € [0,1]} be a Markov process on R? with transition function
P (z,B). Forr >0 and 0 < u < T <1 define

arr(u) = sup{ P +(x, By ;) : X € R% and s,t € [0,T],t — s € [0,u]}.

Note that if the random vectors Y and Y are independent and, for some se-
quence {an}, 0 < a, T 0o, and nonzero Radon measures m and m with m(@d\Rd) =
ﬁl(@d\Rd) = 0 we have

nP(a;'Y €)% m() and nP(a 'Y e-)=>m() on BR\{0}),
then, by Proposition 3.11 in Chapter 3,
nPa; (Y +Y) € )5 m()+m() on BR\{0}),

i.e. the limit measure of the sum is the sum of the limit measures. If a regularly
varying Markov process satisfies o, 1(1) — 0 as 7 — oo, then it has asymptoti-

cally independent increments in the above sense (with Y and Y representing two
nonoverlapping increments).

Lemma 4.7. Let {X; : t € [0,1]} be a Markov process on R? such that . 1(1) — 0
as r — oo. Fix arbitrary s,t € [0,1] with s < t. Let {an} be a sequence with 0 <

ap, 1 0o, and let ms, my and p be Radon measures on B(@d\{ﬂ}) with m (@d\Rd) =
mt(ﬁd\Rd) = u(@d\Rd) = 0. Consider the following statements.

nP(a;'X, €-) = my() on BERN\{0}), (4.11)
nPa'X,€-) 5 m() on BRM\{0D), (4.12)
nPa, (X, ~X)€-) 5 u()  on BR\{0}). (4.13)

If any two of the above three statements hold, then the third also holds and the limit
measures are related through my = ms + .

It turns out that for a strong Markov process with sample paths in D satisfying
ar1(1) — 0 as 7 — oo we can obtain sufficient conditions for regular variation on
D, which are easier to verify than the general conditions of Theorem 4.6.

Theorem 4.8. Let X = {X; : t € [0,1]} be a strong Markov process with sample
paths in D such that a,1(1) — 0 as 7 — co. Suppose there exist a set T C [0,1]
containing 0 and 1 and all but at most countably many points of [0,1], a sequence
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{an}, 0 < a, T 0o, and a collection {m; : t € T} of Radon measures on B(Rd\{O}),

with my (Rd\Rd) = 0 and with my nonzero, such that
nPla,'X; €)% my(-) on B(@d\{O}) for every t € T, (4.14)

and such that, for any € > 0 and n > 0 there exists a d > 0,0 €T, 1 —06 € T such
that

mJ(BS,e) - mO(B(C],E) < n and ml(BS,e) - ml*(s(Bg,e) < n. (415)

Then there exists a nonzero boundedly finite measure m on B(D) with m(D\D) = 0,
such that, as n — oo,

nPla,'X €)% m(-) onB(D).
Moreover, the measure m is uniquely determined by {my : t € T}.

Ezample 4.9. If {X; : t > 0} is a Lévy process, then it is strong Markov, it has
sample paths in D, a,.¢(t) — 0 as r — oo for every ¢ > 0 and, if (4.14) holds, then
it is not difficult to show that (4.15) holds and Theorem 4.8 applies.

Remark 4.10. By Theorem 11.1 p. 59 in Sato [14], a sufficient condition for a
Markov process {X; : t > 0} on R? to have a version in D is that

lifr&aQT(u) =0 foranye>0andT > 0.

Theorem 11.1 considers Markov processes with fixed starting points, however this
requirement can be dropped as seen from the proof. Note that the above condition
implies stochastic continuity.

Remark 4.11. We have chosen to formulate the above theorem and results below for
strong Markov processes, since it is convenient to use the strong Markov property in
some of the proofs. We could however, instead of the strong Markov property, have
assumed that we have the Markov property and that, for every € > 0, na2 (1) —

0asn — oo.

It turns out that a regularly varying Markov process with asymptotically inde-
pendent increments, in the sense of Lemma 4.7, has a very simple extremal behavior.
In this case the process reaches a set far away from the origin by making at most
one jump to that set (it might start there at time 0 since we allow for a regularly
varying starting point) and the process essentially stays constant before and after
the jump. This is formalized in the next theorem. Let

V={xeD:x=yl,vel01]yc Rd\{O}}.

Theorem 4.12. Let X = {X; :t € [0,1]} be a strong Markov process with sample
paths in D such that a;1(1) — 0 as r — 0o. Suppose there exist a sequence {an},
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0 < a, 1 00, and a nonzero boundedly finite measure m on B(D) with m(D\D) = 0
such that, as n — oo,

nP(a,'X €)% m() onB(D).

Then m(V¢) = 0. Moreover, there exist an o > 0 and a probability measure o on
B(D1) such that, for every x >0, as u — o0,

P(X]oo > uz, X/ X|oo € )
v,

P( Xl > 1) = %ol) onBDy),

with o({x € D1 : x =yl q,v € [0,1],y € S*'}) =1 and
o({xeDy:x=yl,vel0,1,ye-})
coincides with the spectral measure of X1 on B(S471).

For Lévy processes we can be even more explicit.

Exvample 4.13. Let X = {X; : t € [0,1]} be a Lévy process on R?. Suppose
there exist a sequence {a,}, 0 < a,, T 00, and a nonzero Radon measure m; with

ml(ﬁd\Rd) = 0 such that
nP(a;'Xy €)% mi(-) on BRN\{0}).

Then, since X has stationary and independent increments, n P(a; 'X; € -) - tmq(-)

on B(Rd\{O}) for every t € [0,1]. Hence, combining Theorems 4.3 and 4.8 gives,
for every = > 0, as u — oo,

P(|X|oo > uz, X/|X]|o0o € *)
P(|X]|o0o > u)

=2 % (-) on B(Dy),

where « > 0 is the tail index of X; and it follows that

o() =P{Z1yy(t),t€[0,1]} € ),

where Z and V' are independent, the distribution of Z is the spectral measure of
X; and V is uniformly distributed on [0, 1]. The random vector Z is the direction
of the big jump and V is the time of the big jump.

The following two examples illustrate the usefulness of Theorem 4.12 in combi-
nation with the Continuous Mapping Theorem.
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Ezample 4.14. Let X be a strong Markov process with Xy = 0 satisfying the
conditions in Theorem 4.12 and let & : D — R¢ be defined by

h(x) = ( sup x,(fl),..., sup J;id))
te[0,1] te[0,1]

Then it is straightforward to show that h satisfies the conditions of Theorem 4.5.
Hence,

nPa;h(X) €-) > moh '(-NRY) on BR™\{0})
and for B € l’:o’(Rd\{O})7 with R? = [0, 00),

moh ™' (BNRY) = m({xe€D:h(x)c BNR}NV)
= m({xeD:x=yly,ve01l,y e BNRL})
= m(r;"(BNRL)NV)
= m(r(BNRY))
= ’n’h(BﬁRi),

where my is vague limit of {nP(a,;'X; € -)}.

Example 4.15. Let X be a strong Markov process with Xy = 0 satisfying the
conditions in Theorem 4.12 and let A : D — R? be defined by

1 1
h(x) = (/O x,El)dt,...,/O x§d>dt>.

Then it is straightforward to show that h satisfies the conditions of Theorem 4.5.
Hence,

nPath(X) € ) > moh~t(-NRY) on BR\{0})
and for B € BR"\{0})

moh ' (BNRY) = m({xeD:h(x)c BNR}NV)
= m({xeD:x:yl[vJ],ve[0,1],y(1—v)€BﬂRd})

1
m({xeD:x; € EBQR‘{ some t € [0,1]} NV)

1
m({xeD:x € ﬁB NRY some ¢ € [0,1]}).

In particular, if {X; : ¢ € [0,1]} is a Lévy process, then the last expression reduces
to (see also Chapter 3)

1 1
1 J J 1
N = —8)%ds = ——m: (B
/0 m1(1 sB R*)ds =m1(BNR )/O (1—s)%ds 1m1( ),

where m; is vague limit of {nP(a,;'X; € - )}
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4.3.1 Proofs

Proof of Lemma 4.7. Fix a relatively compact B € B(@d\{O}). Then there exist
r > 0 such that B C Bg,. Note that the scaling property implies that sets of the
form Bg ., r > 0, are always ms-, m;- and p-continuity sets.

Suppose that (4.11) and (4.12) hold. We first show that {nP(a, ' (X;—X;) € - )}
is vaguely relatively compact. We have

supnP(a, ' (X; — X,) € B) <supnP(a,; ' (X; — X,) € Bg )

n>1 n>1
<supnP(a,'X, € Bg . 0) + supnP(a,'X; € Bg. . 2) < 00,
n>1 n>1

since {nP(a,'X; € - )} and {nP(a,'X; € - )} are vaguely relatively compact.
Hence {nP(a,*(X; — X;) € - )} is vaguely relatively compact.

By essentially the same argument it follows that if (4.11) and (4.13) hold, then
{nP(a,;'X; € - )} is vaguely relatively compact, and if (4.12) and (4.13) hold, then
{nP(a,;'X, € - )} is vaguely relatively compact.

Suppose that (4.11) and (4.12) hold. Let u be a subsequential vague limit such
that

0 Blag (X~ X,) € ) 5 ().

Fix ¢ > 0, e2 > 0 and a relatively compact B € B(Ed\{ﬂ}) with m4(0B) =
1(0B) = 0. We have

n' Pla, (X, Xy — X,) € B, x B§ )
=n'P(a,'X, € B ., )P(a,) (X, — X,) € By ., | a,,'! X, € B ,) — 0.

HmS(BS,q) gaan,%lu)ao

Since my (@d\Rd) = u(@d\Rd) = 0 we may without loss of generality assume that
BNR? £ (). Then,

n'P(a,'(Xs, Xt — Xs) € B x Boe,)
=n'P(a,' X, € B)(1 = Pa,,' (X, — X,) € B§ ., | a,,' X, € B)) — my(B).
N—— —

—ms(B) <o, ep.1(1)—0
Clearly,

n'P(a,! (Xs, X¢ — Xs) € Bo, x B) <n'P(a}(X; — X;) € B) — u(B).

n’
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Set v = inf, ¢ pnra [x|. Then
n'P(a; ! (Xs, X; — X) € Bo, x B)
=n'P(a;}(X; — X;) € B)
—n'P(a,' X, € B§ ) P(a, (X, — X,) € B|a,'X, € B§..,)
> n'P(a;}(X; — X;) € B)
—n'P(a,'X, € B§ ) Pla,} (X — X) € B§ ., | ar' X, € Bg ) — w(B).

—»mS(BSYq) Saan,%1(1)—>0

It follows that n'P(a,'(Xs,X; — Xs) € -) = fi(-) on B(EM\{O}), where 11 is a
Radon measure which concentrates on ({0} x R%) U (R? x {0}). Hence
n' Pla;'(Xs +X¢ — X5) € ) 5 A((x,%X) : x+X €+ ),
where
A(oF) x+Fe-) = A((x,0):x+0€-)+a((0,%): 0+%e)
= ms(-) +p().

However, n/ P(a,'(Xs + X; — X;) € - ) = my(-) and hence pr = m; — mg. Since
this is true for any subsequential vague limit of {nP(a,*(X; — X;) € - )} it follows

that
nP(ay, ' (Xe = Xs) € ) = mu() —ms(-).

Suppose now that (4.11) and (4.13) hold. By the same arguments as above,
replacing n’ by n, it follows that

nP(a,'X;€-) = nP(a,'(Xs+X; —X,)€-)
= (X)) i x+x e ) =ms() + pl).

Suppose now that (4.12) and (4.13) hold, and let ms be a subsequential limit
such that n'P(a,'X, € - ) % m,(-). By the same arguments as above it follows
that

0 Bl (Ko + Xy~ X,) € ) 5 B, x+ % € ) = m, () + ().

However, n' P(a, (X + X; — X;) € - ) =% my(-) along every subsequence {n'} so
we must have mg = my — p. O

To prove Theorems 4.8 and 4.12 we need a couple of technical lemmas. For
e > 0, positive integer p and M C [0,1] we say that an element x € D has e-
oscillation p times in M if there exist to,...,t, € M with ¢y < --- < t, such that
|x¢, —x¢,_,| >efori=1,...,p. Let

B(p,e, M) = {x € D : x has e-oscillation p times in M}.

The following lemma is an immediate consequence of Lemma, 2 p. 420 in Gihman
and Skorohod [7].
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Lemma 4.16. Let X = {X : t € [0,1]} be a Markov process with sample paths in
D. If fore >0 and 0 < Ty < Ty <1 the quantity as 1, (T2 — T1) is less than 1,

then Ty T
Ae/a L2 — 41

P(X € B(1,e¢, [T, T: < . .

(X € B(le [T, o) € 7=0% = —

Proof. First,

P(X € B(1,¢,[T1,T2])) = P( sup |Xi—Xs|>¢€)
S,te[Tl,Tz]
< P( sup |XS - XT1| > 6/2)7
s€[T1,T2]

and, by Lemma 2 p. 420 in Gihman and Skorohod [7],

P(|Xyp, — Xop | > ¢/4
P( sup |X, - Xp|>e/2) < (X, — Xy | 2 €¢/4)
s€[T1,Ts] 1 —aeya,(To —T1)

Since P(| X7, — X, | > €/4) < aejs,1, (T2 — T1) the conclusion follows. O

Lemma 4.17. Let X = {X; : t € [0,1]} be a strong Markov process with sample
paths in D such that a1(1) — 0 as 7 — oo. Suppose there exist a sequence {an},
0 < ap 1 o0, and Radon measures mo and my on B(@d\{O} with mo(ﬁd\Rd) =
ml(Rd\Rd) =0 such that

nP(a;'Xo €-) 2 mo(-) and nP(a;'Xye€-) % mi() on BERN\{O}).
Then, for every e >0, nP(X € a,B(2,¢€,[0,1])) — 0 as n — oo.

Proof. Fix an arbitrary € > 0 and let 7, = inf{t : |X; — Xo| > a,€/2} with the
convention inf ) = co. Then

n]P’(X (S anB(Q, €, [O, 1])) nE(l{Tngl}ET"’XT" (13(1’,1"6,[7”’1])()()))

nE(l{‘rnfl}aane/Al,l(1)/(1 - aane/4,1(1)))

Xg,e/4 1(1)
nP( sup |X; — Xo| > aye/2)—ne/1L)
(t€[0,1]| ! |2 ane/ )1 — g, e/4,1(1)

by combining Lemma 4.16 and the strong Markov property. Moreover, by combin-
ing Lemma 2 p. 420 in Gihman and Skorohod [7] and Lemma 4.7,

P(|X; — Xp| > ane/4
nP( sup |X; — Xo| > ane/2) < nP(|X, o] > ane/4)
te(0,1] 1 _aane/4,1(l)

= ma(Bg,esa) = mo(Boe/a);

as n — oo, from which the conclusion follows. O
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Proof of Theorem 4.8. Fix s,t € T with s < t. We will show that there is a unique
vague limit m,, such that nP(a, (X, Xt) € - ) > ms4(). By repeating the
procedure one can then show that, for any k € N, there is a unique vague limit
Mty oty With my, tk_(ﬁdk\de) = 0, such that nP(a;'(Xs,,...,Xys,) € - ) >
,,,,, to () if t1,...,tg € T. By Lemma 4.7,

nPay ! (Xe = X,) € ) 5 mu() — ma().
Clearly, there are unique vague limits (Radon measures) m, , and m on B (RM\{O})
with 1, s(R-\R24) = i (R>\R?%) = 0 such that

n]P’(a;Ll(Xs,Xs) €-) 5 mgs(-) and nP(a;l(O,Xt —X;) €-) S m().

on B(Ezd\{O}). By arguments similar to those in the proof of Lemma 4.7,
nPla,’ (X, Xy) €-) = nPa, (X, Xs) + (0,X; — X,)) € +)
= mg () +m() =:ms(-) on B(@w\{O}).
Note that, by Lemma 4.17,
nP(w"(X,0) > ane) <nP(X € a,B(2,¢,[0,1])) — 0

as n — oo. Hence, for any positive € and 7 there is an ng such that n P(w” (X, §) >
ane) <nfor any 6 € (0,1) if n > ng. Hence condition (4.7) of Theorem 4.6 holds.

It remains to show that conditions (4.8) and (4.9) also hold. Fix arbitrary ¢ > 0
and 7 > 0. By Lemma 2 p. 420 in Gihman and Skorohod [7],

nPw(X,[1—=10,1)) > ane) < nP( sup |X;—Xi_s| > ane/2)
te[1-4,1]
nP(|X; — Xi_s| > ane/4)
1- aane/4,1(5> .

By Lemma 4.7, for 1 —6 € T
Jim nP(1Xy — Xy5] > ane/4) = mi(Bg jq) = mi-s(Bg /a)-

Hence, by (4.15) there exists a 6 > 0, 1 — ¢ € T such that

P(|X; — X1_4| > ane/4
limsupn P(w(X, [1 = §,1)) > ane) < limsup nP(X, 15| > ane/4)
n—oo n—oo ]_ — aane/4,1(5)

= m1(38,€/4) - m1_6(3876/4) <,

and it follows that (4.9) holds. That (4.8) holds is shown by an almost identical
argument. The conclusion now follows by Theorem 4.6. O
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Proof of Theorem 4.12. First note that B(2,¢, [0, 1]) is open and, by Lemma 4.17,
liminf, o nP(X € a,B(2,¢,[0,1])) = 0. By assumption, liminf, ,nP(X €
a,G) > m(G) for every open bounded G € B(D). Hence m(B(2,¢,[0,1])) = 0.
Since € > 0 was arbitrary it follows that m(B(2,€,[0,1])) = 0 for every € > 0 and
hence also m(Ueso0,ecpB(2, €, [0,1])) = 0. Since

U6>O,EEQB(27 €, [07 1}) = (ﬁ\D) U Vc’
it follows that m(V”) < m(U€>O,€EQB(27 € [07 1])) =0.

Moreover, by Theorem 4.3, there exist @ > 0 and a probability measure o such
that (4.5) holds. Furthermore, by Theorem 4.5,

nPa;'X, €-) S moni() on BERN\{0}),

which holds if and only if there exists a probability measure oy on B(S¢~1) such
that, for every x > 0, as u — oo,

P(IX4] > vz, Xy /|Xy] € - )

P(1X1| > u) 2% () on B(STY)

holds, and o is given by

monr ({x e R\{0} : [x| > 1,x/|x| € - )

o1() = - — .
mo ! ({x e R\{0}: [x| > 1})
We have
P(|X|oo > an, X/ X[oo €-)  nP(a,'Xe{xeD: x| >1,%x/|X|c € })
P(IX]oo > an) B nP(a,'X € {x € D : [x|o > 1})

o m({x €D : x| >1,%x/|X|cc € })
m({x € D : |x|oo > 1}) ’

which necessarily is equal to o(-). Moreover,

m{x €D : |x|e > 1} NV)
m{x €D : x| > 1})
m({x € D :|x|w > 1})

= (xeD:ws1))

o({x€ Dy :x=yly1,vel01],y € Sd_l}) =
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and

m(ri (fx e RN\{0} : |x| > 1,x/|x| € - }))
m(myt({x e RN\{0} : [x| > 1}))
m(r7 ({x € R\{0} : x| > 1,x/[x| € - })NV)
m(r7 ({x € RN\{0} : x| > 1}) N V)
m({xe€D:x=yly,vel01]|yl|>1y/lyl€-})
m({x €D :x=ylpq,v€0,1],]y] >1})
m({x € D : [xX|ec > 1,%x/|X[cc = y1ljp,1,v € [0,1],y € - })
m{x €D :|xleo >1}NYV)
oc({xeDy:x=ylp,vel0,1,y€-}).

01(.) =

The conclusion follows. O

4.4 Filtered Markov processes

In this section we will give another application of regular variation on D by studying
asymptotics of stochastic processes Y of the type

t
Yt:/ f(t,5)dX,, teo,1], (4.16)
0

where X is a regularly varying stochastic process with sample paths in D of finite
variation. The idea here is that if X is a strong Markov process satisfying a1 (1) —
0 as r — 0, then the process Y can be viewed as a mapping of X. This mapping
is sufficiently regular to apply Theorem 4.5. In this way we can show that the
process Y is regularly varying. Furthermore, and equally important, we are able to
explicitly compute the spectral measure of such processes. In doing so we provide
a natural way to understanding the extremal behavior of such filtered regularly
varying Markov processes. As a concrete example we will compute the spectral
measure of an Ornstein-Uhlenbeck type process driven by a regularly varying Lévy
process (Example 4.19). Note that finite variation of the sample paths of X allows
us to define the integral in (4.16) in a pathwise sense. As in the previous section,
let
V={xeD:x=yly,ve01],y € R"\{0}}.

For a continuous f : [0,1]> — R define hy : D — D by
¢ . . L
f x has finite variation
h t) = f(] f(ta S)dXs 1 5
ww={]

otherwise.

Note that Ay is in general not continuous, not even on the finite variation part of D.
However, it is continuous on V), and this is sufficient when considering integrators
whose regular variation limit measure concentrates on V.
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Theorem 4.18. Let X = {X; :t € [0,1]} be a strong Markov process with sample
paths in D of finite variation such that o, 1(1) — 0 as 7 — 0. Suppose that there
exist a sequence {an}, 0 < a, 1 oo, and a nonzero boundedly finite measure m on
B(D) with m(D\D) = 0 such that, as n — oo,

nP(a,'X €-)%m(-) onB(D).

For f :[0,1]? — R continuous, define Y = {Y,:t € [0,1]} by Y; = fg f(t,5)dX,.
Then Y has sample paths in D and, as n — oo,

nP(a,*Y €)% m() onB(D),

where m(:) = m o h;1(~ N D) is a nonzero boundedly finite measure on B(D).
Moreover, m(hy(V)¢) = 0.

To illustrate Theorem 4.18 we will now compute the the spectral measure of an
Ornstein-Uhlenbeck type process driven by a regularly varying Lévy process.

Example 4.19. Let X = {X; : t € [0,1]} be a Lévy process on R? with sample paths
of finite variation. Necessary and sufficient conditions for having sample paths of
finite variation are that the generating triplet (A, v, ) satisfies A = 0 and either
(i) »(R1\{0}) < oo or (ii) ¥(R¥\{0}) = co and Jixj<1 20 V(dX) < 00 (see Sato
[14]p. 140). Suppose there exist a sequence {a,}, 0 < a, 1 oo, and a nonzero
Radon measure m; with ml(@d\Rd) = 0 such that

nP(a,'X; €)% mi(-) on B(Ed\{O}).

v

Then, since X has stationary and independent increments, nP(a,'X; € - ) =

tmy(-) on B(Ed\{O}) for every ¢t € [0,1]. Let Y = {Y; : ¢t € [0,1]} be an Ornstein-
Uhlenbeck type process driven by X, given by,

t
Y, :/ e 00=9dX,, 6>0, telo,1].
0

Hence, by combining Theorems 4.3, 4.8 and 4.18, for every = > 0, as u — oo,

P(|Y|oo > uz,Y/|Y|oo € )
P(|Y|eo > u)

=2 % () on B(D1),
where o > 0 is the tail index of X; and it follows that
U() = P({Ze_e(t_V)l[V,l] (t)at € [07 1]} €- )a

where Z and V are independent, the distribution of Z is the spectral measure of
X1 and V is uniformly distributed on [0, 1].
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Proof of Theorem 4.18. We first show that Y has sample paths in D. By assump-
tion there is Q' C Q with P(€’) = 1 such that for each w € ', X(w) € D and has
finite variation. For such w we also have, since f is continuous on [0, 1]? and hence
also uniformly continuous on [0, 1]?,

lim
vt

/[0 ((09)= 50X ()| < T s [710:9) =70 9) FVIX():0.8) =0

vTt se[0,t]

where FV(g; T) denotes the total variation of g on T' C [0,1]. Hence, for w € Q,

F(v, 8)dX, (w))

lim(Y,(w) ~ Y, (w)) = lim ( . F(t, 8)dX,(w) —

0,9]

= lim (f(t,s) — f(v,s))dXs(w) + lim f(t,8)dXs(w)
vt [O,U] vt (th]

=0+ f(t,t)(Xe(w) — Xy (w)),

since X (w) is right-continuous with left limits. Similarly,

lim(YU(w)—Yt(w))zlim< - F(v, 8)dX,(w) —

vt vl]t

£(t, 5)dX, (w))

[0,¢]

= lim/ (f(v,s) — f(t,s))dXs(w) + lim f(v,s)dXs(w)
[0,¢]

vlt vlt (t,v]
= 0+ f( ) (Ko (@) — Xy(w)) = 0.

Hence Y (w) is right-continuous with left limits. Since m vanishes on V¢ it is
sufficient to show that hy is continuous on V. Moreover, it is sufficient to show that
h¢ is continuous on V C D equipped with the Skorohod metric since this metric
and the Ji-metric are equivalent (see Billingsley [2] p. 114). Let x,,,x € V. Then
there is y, yn, v, v, such that x,, = y, 1}, 1) and x = y1[, 1). Suppose that x,, — x.
Then there exists a sequence A, of strictly increasing continuous mappings of [0, 1]
onto itself satisfying sup;c(o 1 [An(t) — ¢ — 0 and

sup |ynlp, 1)(An(t)) =yl ()] — 0 asn — oo.
te[0,1]

First we show that x,, — x implies that y,, — y and v, — v. Since

sup [ynlj, 11 (An(t) =yl @) > lyn —yl,
te[0,1]

it follows that y,, — y. Suppose that v,, /4 v. Then there exists ¢ > 0 such that
limsup,, o [vn — v| > €. Since sup,¢po 1) [An(t) — t| — 0 and y, — y, this implies
that

limsup sup [ynlp, 11(An(t)) = ¥1p1(t)] > |yl/2,
n—oo te[0,1]
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which is a contradiction. Hence v,, — v. We may now proceed to show that x,, — x
implies hy(xy,) — hy(x). Indeed

sup | /0 () 5)dx(5) — /0 it 5)dx(s)

te(0,1
< sup [f(An(t),vn)(Ynl[,,1)(An(t) = ¥1[1(2))]
t€[0,1]
+ sup [(f(An(t),vn) = f(t,0))yLw,1(t)]
te0,1]
< sup |.f(/\n(t)avn)| sup |y”1[v",1](/\n(t))_yl[v,l](t”
te[0,1] te[0,1]

+ |y‘ sup ‘f()‘n(t)vvn) - f(t71))|.

Since f is bounded and x,, — x,

sup |f()‘n(t)avn)| sSup |y”41[vn,1]()‘n(t)) - y]-[v,l] (t)| — 0.
tel0,1] tel0,1]

Since f is uniformly continuous on [0, 1]%, Supsefo1] [An(t) —t| — 0 and v, — v it
follows that

sup |f()‘n(t)vvn) - f(tvv)| — 0.
t€[0,1]

Hence hy is continuous on V. Note that nP(a,'Y € B) = nP(a, 'hy(X) € B) for
every bounded B € B(D) and, by Theorem 4.5,

nP(a,'hf(X) € ) =moh;'(-ND) on B(D).
Hence nP(a,'Y €-) % mo h;l( N D) on B(D). Note that
hy (V) N D) =hil(hy(V)°ND CV°NDCV*
and, by Theorem 4.12, m(V°) = 0. Hence m(h;(V)°) = m(hJIl(hf(V)C ND)) =
0. O
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Appendix: Results on regular variation

Definition 4.20. A stochastic process X = {X; : ¢t € [0,1]} with sample paths in
D is said to be regularly varying if there exist a sequence {a,}, 0 < a, 1 oo and
a nonzero boundedly finite measure m on B(D) with m(D\D) = 0, such that, as
n — 0o,

nPla,'X €)% m() on B(D). (4.17)
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The limit measure m has a scaling property; there exists an « > 0 such that
m(uB) = u~*m(B) for every u > 0 and B € B(D). This follows from a combination
of standard regular variation arguments. For r > 0 and S € B(D1), let V, s = {x €
DND: x|l >7x/|x|e € S}. Fix S € B(D;) such that for some r > 0 we have
m(0V,,s) = 0. Since m is boundedly finite such a set S € B(D;) exists. Then
m(9uV, g) = 0 for all but at most countably many « € [1,00). Denote this set by
U,ie. U={ue€[l,oc0): m(0uV,g) =0}

Suppose that m(V, g) > 0. Define f and g on (0,00) by f(z) = P(X € zV,.5)
and g(x) = m(zV, s). Then

nf(ua,) =nPX € a,uV;s) = m(uV,s) =g(u), asn—oo, uel.

For z > a1, let t = t(x) be the largest integer with a; < x. Since f is nonincreasing,
i.e. x <y implies f(x) > f(y),

fluai)/ far) < f(ux)/ f(z) < fluar)/ fair).

However, the lower bound is (¢/(t + 1))(¢ + 1)f(uast1)/(tf(az)) which tends to
g(u)/g(1), for each u € U. Similarly for the upper bound. Hence

Fluz)/f(x) = g(w)/g(1), asx— o0, ueU.

For arbitrary u > 0, let ¢*(u) = limsup,_, . f(uz)/f(x). Then, g*(u) = g(u)/g(1)
for w € U. Moreover, g* is nonincreasing since for any = > 0, f(ux)/f(z) is
nonincreasing in u. Hence, for u > 1,

*(u) < inf 1).
g*(u) < 7)El}g[17u)g(v)/g( )

However, since m(9V;.s) = 0, g is continuous at v = 1 and hence

limsupg*(u) <limsup inf g(v)/g(1) =1.
wll wll  vEUN[Lu)

It now follows by Theorem 1.4.3 (ii) p. 18 in Bingham, Goldie and Teugels [4] that
there exists a € R such that

fluz)/f(z) - u™", asx — oo, foreachu >0,

ie. m(uV, g) = u=*m(V; g) for each u > 0.

Suppose that m(V, s) = 0. We will show that this implies that m(V, s) = 0
for every w > 0. Suppose that there exists ro € (0,r) such that m(V,, s) > 0.
Then, by the above arguments, there exists 71 € (0,r) such that m(V,, g) > 0 and
m(0V,,,s) = 0. However, by the above arguments, we must then have

m(uVy, g) =u *m(V,, g) for every u > 0.

In particular, 0 = m(V,.s) = (r/r1)”*m(V,, s) > 0, which is a contradiction.
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Hence, for each m-continuity set V, g there is an o € R such that
m(uV,,s) =u *m(V,.g) forevery u > 0.

It remains to show that o does not depend on V. 5. This can be shown by the same
arguments as in Resnick [12] p. 277. Since the m-continuity sets of the form V. g
for r > 0 and S € B(D;) form a m-system which generates B(D) N D the scaling
property holds for every B € B(D) N D. However, since m(D\D) = 0 the scaling
property holds for every B € B(D). Since m is a boundedly finite measure we must
have o > 0 and since m(D\D) = 0 we must have o > 0.

Theorem 4.21. A stochastic process X = {X; : ¢t € [0,1]} with sample paths in D
is reqularly varying if and only if there exist an o > 0 and a probability measure o
on B(D1) such that, for every x > 0, as u — o0,

P(|X|oo > uz, X/|X|oo € - )
P([X]oo > u)

227 %(-) on B(Dy). (4.18)

The probability measure o is referred to as the spectral measure and « is referred
to as the tail index.

Proof. Suppose that (4.18) holds. For > 0 and S € B(Dy), let

Veos = {x€DND: x| > 2,%x/|X|00 € S},
P = {Vps:2>0,5¢eB(Dy)}.

For u,z > 0 define the measures

muy(Ve.) = P(X|ew > uz, X/|X|x € )/ P(|X|oo > u),
m(Vy,.) = z7%(")

on B(D1). This also defines, uniquely, set functions m, and m on the semiring P.
By Theorem 11.3 p. 166 in Billingsley [3], m, and m can be uniquely extended
to measures on o(P) = B(D) N D. By requiring that m,,(D\D) = m(D\D) = 0,
m, and m can be uniquely extended to (boundedly finite) measures on B(D). By
definition of m, m(V, s) = =*m(V1,g) for £ > 0 and S € B(D;). Suppose that

there exist x, ¢ > 0 such that m(0V, p,) = ¢. Then, for y > =,
m(VfD7D1\V 7D1) > m(quQﬁ(l,y]a‘/:L[h) = Z m(a‘/;]7D1)

q€QN(z,y]
> oy @ Z 1 =o0.
q€QN(z,y]

Since V. p,\Vy.p, is bounded in D this is a contradiction and we conclude that
m(0Vz,p,) = 0 for every x > 0. This implies in particular that m(0V, ) =



102 Chapter 4. On regular variation for stochastic processes

m(Vy,0s) for every x > 0 and S € B(Dq). Since my(Vy.) = m(V,,.) for every
x > 0 this implies m,, (Vy,5) — m(V, s) as u — oo for every m-continuity set V, .
Since m,(D\D) = m(D\D) = 0, the m-continuity sets of P form a convergence
determining class, i.e. m,, > m on B(D). Finally, choose a sequence {a,} such that

nP(|X|o > an) — 1. Then

nP(a,'X € ) . _
D € () m(-) on B(D),
Sk = ma() S m() on B(D)
ie. nP(a,'X €)% m(-) on B(D).

Suppose that (4.17) holds. Then, for z > 0 and S € B(D1),

nP(|X|oo > anr, X/|X|oo € S) =nP(a,'X € Vi5) — m(Vis) = 2~ “m(V1 5),
if m(0V,,s) = 0. Since m has the scaling property m(zB) = x~*m(B) it follows
by the same arguments as above that m(9V, s) = m(Vy,as) for every z > 0 and
S € B(Dy). Hence, with @,, = (m(Vi,p,))*“an,
nP(| Xl > @z, X/|X|oo € ) = 27 % (-) on B(D1),

where o(-) = m(V1,.)/m(Vy p,) is a probability measure on B(D;). For u > aq, let
n = n(u) be the largest integer with @, < u. For any x > 0 and S € B(D;) with
o(0S) = 0 we have

NP(|X|oo > tnt17, X/| X0 € 5)
nP(|X |00 > an)

P(|X |0 > uz, X/|X|s € S)
P(IX[oe > u)
nP(|X|se > Gz, X/|X|o0 € S)
nP(X|oo > Gns1) '

<

However,
nP(|X|oo > Gpr12,X/|X|€S)  n (n+1)P@,,X € Vas)
nP(|X|oo > Gn) n+1 nP@,'XcVip,)
x" % (9) _
- ———2 =2 %(S
O'(Dl) ( )

as u — oo. Similarly for the upper bound. Hence (4.18) holds.
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Chapter 5

Approximating some
Volterra type stochastic
integrals with applications to
parameter estimation

Henrik Hult (2002) Approximating some Volterra type stochastic integrals with applica-
tions to parameter estimation, Stochastic Processes and their Applications, Vol. 105 No. 1,
1-32.

Abstract We consider Volterra type processes which are Gaussian processes admit-
ting representation as a Volterra type stochastic integral with respect to the standard
Brownian motion, for instance the fractional Brownian motion. Gaussian processes can
be represented as a limit of a sequence of processes in the associated reproducing kernel
Hilbert space and as a special case of this representation we derive Karhunen-Loéve expan-
sions for Volterra type processes. In particular a wavelet decomposition for the fractional
Brownian motion is obtained. We also consider a Skorohod type stochastic integral with
respect to a Volterra type process and using the Karhunen-Loéve expansions we show how
it can be approximated. Finally we apply the results to estimation of drift parameters in
stochastic models driven by Volterra type processes using a Girsanov transformation and
we prove consistency, the rate of convergence and asymptotic normality of the derived
maximum likelihood estimators.
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5.1 Introduction

Gaussian processes admitting representation as a Volterra type stochastic integral
with respect to the standard Brownian motion such as the fractional Brownian
motion are used in several fields including telecommunication networks, subsurface
hydrology and mathematical finance. An important problem in such areas is to
estimate the parameters within a given family of models, for example in a stochas-
tic differential equation driven by the fractional Brownian motion. In this paper
we will consider the fractional Brownian motion and related processes. Since the
fractional Brownian motion is quite complicated, one generally tries to find an ap-
proximation which is easier to handle. Different approximations have been studied
in the literature. In Comte [6], and Comte and Renault [7], Gaussian processes of
the form,

X, = /0 a(t — s)dBs, (5.1)

where {B; : t > 0} is standard Brownian motion are studied. In particular the
authors show how to estimate parameters in some special cases when a(-) depend
on an unknown parameter. A natural tool when studying approximations is to use
wavelets. We can represent the process in a wavelet basis, {1 1}, as a Mercer-type
representation,

Xe =Y ixt)in, (5.2)
ik

where the wavelet coefficients {{; 1} is a sequence of Gaussian variables (see Abry,
Flandrin, Taqqu and Veitch [1] and the references therein). The correlations be-
tween the wavelet coefficients depend on the number of vanishing moments of the
wavelet used. Ideal would be to have independent coefficients. In Meyer, Sellan and
Taqqu [21], the authors obtain a wavelet decomposition for the fractional Brownian
motion using a generalization of the midpoint displacement technique. They show
that it has the representation

BY(t) =Y Sp®fl(t) + ) &0 (1), (5.3)

E gk
where convergence holds almost surely uniformly on compact intervals, {Si} is a
fractional ARIMA process and {&; ;} is a sequence of iid N(0, 1) random variables
and independent of {Sy}. The sequence {®H, \I/fk} is constructed from a suitable
wavelet basis, for instance the Meyer wavelets. As we shall see below, in Section
5.3.1, the representation (5.3) can be derived as a special case of a more general
representation. Let us also mention the work by Carmona, Coutin and Montseny [5],
Decreusefond and Ustiinel [9] and Norros, Mannersalo and Wang [22], on further
approximations and problems concerning simulation of the fractional Brownian
motion.
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In this paper we study centered Gaussian processes X = {X; : t € T'}, where T
is an index set, admitting a representation of the form:

X, = / V(t,r)dB,, teT, (5.4)
T

where {B; : t € T'} denotes standard Brownian motion and V is a kernel satisfying
some conditions (see Section 5.2). The conditions are such that X has a continuous
modification and includes the fractional Brownian motion. We will throughout the
paper use the representation of Gaussian processes

Xe=) W(t)g, teT, (5.5)
J

where {{;} is a sequence of iid N (0, 1) random variables and {¥;} is an orthonormal
basis in the reproducing kernel Hilbert space associated with X. If T' is compact
and X is a.s. continuous then the sum converges a.s. uniformly. To get an explicit
representation (5.5) we need to find an orthonormal basis in the reproducing kernel
Hilbert space. For processes of the form (5.4) this is not difficult since, as we will
see, the reproducing kernel Hilbert space is the image of L?(T') under the integral
transform

(V) = / V(t,s)f(s)ds, fe L*(T),
T
equipped with the inner product,

VEVavw iy =, 9 21

An orthonormal basis for the reproducing kernel Hilbert space is then obtained
from an orthonormal basis in L?(T') by applying the integral transform V on each
basis function. That is, if {¢;} is an orthonormal basis in L?(T') then {¥;}, where
U; = V4, is an orthonormal basis in V(L?*(T)). It should be noted that the
representation (5.5) can also be useful for simulations.

Furthermore, we introduce a Skorohod type stochastic integral with respect to
a Volterra type process by extending the stochastic integral for fractional Brownian
motion introduced by Decreusefond and Ustiinel in [9]. The integral is defined
as 0% (Vu) where u = {u(t,w) : t € T,w € Q} satisfies suitable conditions and
0% is the divergence operator associated with the Gaussian process X. Using the
expansion (5.5) we find an approximation for this stochastic integral.

Using a Girsanov transformation we derive a maximum likelihood estimator of
the drift parameter € in models of the type

Y(t,w) = 0A(t,w) + X (t,w),

where A(+) is a sufficiently smooth drift function and {X; : t € T} is a Volterra
type process. We prove strong consistency, the rate of convergence and asymptotic
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normality of the estimator. Our results extends previous work by Norros, Valkeila
and Virtamo [23] who studied the case where A(t) =t for the fractional Brownian
motion. We can also derive an estimator for the mean reverting parameter in an
Ornstein-Uhlenbeck type process

V() = 9/; Yods + X(b).

This problem is also studied in Kleptsyna and Le Breton [15] for the fractional
Brownian motion. There the authors also obtain the asymptotic bias and the
asymptotic mean square error of the estimator using Laplace transforms. We show
how their estimator can be obtained via the approach taken in this paper.

The paper is organized as follows. In Section 5.2 we give some preliminaries on
fractional calculus, define Volterra type processes and introduce the reproducing
kernel Hilbert space associated with a Gaussian process. In Section 5.3 we state
the general representation (5.5) for Volterra type processes (processes of the form
(5.4)) and obtain as special cases, the Karhunen-Loéve expansion for the standard
Brownian motion and a wavelet representation (5.3) for the fractional Brownian
motion. In Section 5.4 we introduce a Skorohod type stochastic integral with respect
to a Volterra type process. We also give approximations of these integrals for
deterministic as well as stochastic integrands. In Section 5.5 we apply the results
to parameter estimation using a Girsanov transformation. As examples we consider
the estimation of a fractional Brownian motion with linear drift and estimation of
the mean-reverting parameter in an Ornstein-Uhlenbeck type process driven by a
fractional Brownian motion. We also prove consistency, the law of the iterated
logarithm and asymptotic normality of the derived estimators.

5.2 Preliminaries and definitions

We begin by reviewing some results on fractional calculus to be used later in the
paper. The main reference on fractional calculus is the book by Samko, Kilbas and
Marichev [26]. We will use the Liouville fractional integral.

Definition 5.1. For f € L'([a,b]) and o > 0, the integrals

IzD) 2 o [ =9 1eas, ez (5.6)
1 o
TN® & g [ =07 1as, <, (5.7)

is called the right- and left fractional integral of order «, respectively.

One can also define fractional differentiation as follows.
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Definition 5.2. For functions f given in the interval [a,b], the left-handed and
right-handed fractional derivative of order o > 0, is defined by,

[a]+1
w2 (g) 1.

[a]+1
o= (-5) B,

respectively where [a] denotes the integer part of o and {a} = a — [a].

The connection between fractional integration and differentiation is given by
the following theorem (see Samko et. al. [26] Theorem 2.4, p. 44).

Theorem 5.3. For a > 0 we have,

DS IS f=f, for fe€L'[a,b]), (5.8)
18Dy f=f,  for f €Ig(L'([a,0])).

Because of this theorem we will sometimes write, 1" for D¢, . By Corollary 2
on p. 46 in Samko et. al. [26], we have the integration by parts formula

b b
/f(t)(D3+g)(t)dt=/ 9()(Dy- f)(t)dt, (5.10)

for 0 < a < 1land f € I} (LP),g € I3 (L9),1/p+1/q < 1 + . Similarly,
we can define fractional integration and differentiation on the real line by similar
expressions

(T2 f)(t) 2 F(la)/ (t— )" 1 f(s)ds, tER, (5.11)
(I*f)(t) £ ﬁ /too(s —1)* 7 f(s)ds, teR. (5.12)

We refer to Samko et. al. [26] Chapter 2 for further details.

5.2.1 Gaussian processes of Volterra type

Let us denote by T an index set which will be a compact interval or the whole
of R. We will often use the unit interval and therefore we introduce the notation
I =10,1] ¢ R. We may think of ¢ € T as time. Consider a deterministic function
V:T x T — [0,00) satisfying the following hypothesis.
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Hypothesis 1.

(H1) V(0,s) =0 for all s € T and V(¢,s) =0 for s > t.
(H2) There are constants C, « > 0 such that for all s,¢ € T

/ (V(tr) = V(s,r)2dr < Clt — s|°.
T

(H3) V is injective as a transformation of functions in L*(7T)
VHO = [ Viesses  ferrm).
T

Let (2, A,P) be a probability space and B = {B; : t € T'} denote the standard
Brownian motion. If 7" = R the standard Brownian motion is constructed as
B, =Bjift >0and B, = B”, if t <0 where {B] : t > 0} and {B} : t > 0} are
independent Brownian motions starting at ¢ = 0. Let X = {X; : t € T} be the
process defined by

X, = / V(t,s)dB,, teT. (5.13)
T

Since (H2) implies that V (¢,-) € L?(T) for each t € T, the process X is well defined.
Clearly X is Gaussian and has covariance function

ot ) = B (X, X,) = /T V)V (s, r)dr. (5.14)

The assumption (H2) guarantees the existence of a Holder continuous modification
of the process X. Indeed, since the process is Gaussian, for even p > 2 there is a
constant C)p, such that for each ¢t,s € T

)

B(X- X -5 (
<c, (IE /T V(t,r)dB, - /T V(s,r)dB,

—c, (/T (V) = V(s,7))? dr)p/2

< Olt —s|P2 < Ot — s'F,

/T V(t,r)dB, — / V(s,7)dB,

T
2)1’/2

for some § > 0 and p > 2/a. Hence, Kolmogorov’s condition is satisfied so X
has a modification with sample paths which are Holder continuous of index [ for
every 3 < a/2. Note also that the image of L?*(T) under the integral transform in
(H3) consists of continuous functions. Clearly, by (H2) and the Cauchy-Schwartz
inequality the function (V f)(t), f € L*(T), is continuous. We also remark that by
(H1) X is adapted to the natural filtration generated by B. Finally, note that a
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sufficient condition for the operator V in (H3) to be injective is that V (¢, s) > 0 for
Lebesgue a.e. t > s. Indeed, put ¢(t) = f(t) — g(¢), suppose that (V¢)(t) = 0 for
every t € T and let tg < t; € T. Then it follows that,

t ty
/ V(t1,8)p(s)ds = —/ V(t1,8)d(s)ds, for every to <t < ty.
¢

to

If we differentiate the left- and the right-hand side with respect to ¢ then it holds
that V(t1,t)p(t) = =V (t1,t)p(t) for every tog < ¢ < ¢; which implies ¢(t) = 0
for every to < t < t; where V(¢1,t) > 0. Since to,t; was arbitrary ¢(t) = 0 for
Lebesgue a.e. t € T.

Hypothesis 1 enables the following setup which we will use throughout the paper.
Let V : T x T — [0,00) satisfy Hypothesis 1. We take Q = C(T), the space of
continuous functions, equipped with the Borel o-field .A. The canonical process
X ={X; :t € T} is defined by X;(w) = w(¢t) and the probability measure P on
(€, A) is the unique measure such that X is centered Gaussian with covariance given
by (5.14). Then the representation (5.13) holds in law. We denote by {F;X : ¢t € T}
the natural filtration generated by X.

Definition 5.4. A centered Gaussian process X = {X; : t € T'} with covariance
(5.14) and kernel V satisfying Hypothesis 1 is called a Volterra type process.

The following are our primary examples.

Ezample 5.5 (Brownian motion). Let T = I and
V(t,s) = 1j0,4(s).

Then V satisfies Hypothesis 1 and X is the standard Brownian motion with co-
variance function p(t,s) = t A s. We will denote standard Brownian motion by
{B; : t € T}. Note that, as an integral operator acting on functions in L*(T), V is
simply the integration operator

t
VH) = [ Viesssds = [ fes= 1.
T 0
Ezample 5.6 (Ornstein-Uhlenbeck process). Let T = I and
V(t,s) = ee(t_s)l[o,t](s).

Then V satisfies Hypothesis 1 and X is the Ornstein-Uhlenbeck process. That is,
the solution to the stochastic differential equation

dX, = 0X,dt +dB,, X, =0.

This can easily be verified using It6’s formula.
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Ezample 5.7 (Fractional Brownian motion). For H € (0,1),let T =T and V (¢, s) =
Ky (t,s) where

11 1 ¢
(t — S)H—%lFQ(H . S _HH+-1- ;)1[0@(5),

K £
H(t>s) 279 2

1
VViT(H + 3)
with 1 F5 the Gauss hypergeometric function and

Ve B T'(2—2H)cos(mH)
A= aH( = 2H)

(5.15)

a normalizing constant which makes Var[X(1)] = 1. Then V satisfies Hypothesis
1 and X is called the fractional Brownian motion with index H (see Decreusefond
and Ustiinel [9]). Note that, as an integral operator acting on functions in L?(I),
V' is the operator

(VHE) = [ Vits)5(6)ds = [ Kut9)(s)ds = (Ku o),
I 0
which is an isomorphism from L?(I) onto I(ﬁﬂ/z (L?(I)) and

2H41/2—H 71/2—H, H—-1/2 <
\/EKH]C _ Iofr tH 1 19;_1/275 f, for H<1/2
I3 A2 R 2] e for H > 1/2,

see Samko et. al. [26] p. 187. The fBm has stationary increments and covariance
function

pt,s) =E (X X,) = = (87 + 27 — |t — 5?7 .

1
2

We will denote fBm by {B}! : t € I'}. One of the most important properties of the
fBm is self-similarity in the sense that for any ¢ > 0,

{B(ct):teT} £ {c"B"(t): tel}.

This property allows us to give a representation of fBm on any interval. In fact,
the representation

t
B = / Ky (t,u)dB,,
0
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holds for any ¢ > 0. Indeed, since Ky (t,u) = TH 12Ky (t/T,u/T) for any 0 <
u<t<T weget forany 0 <s <t

IE(/O KH(t,u)dBu/O KH(s,v)dBv> :/O K (t,u) K (s, u)du
— /S/t A K (1, w) K (s/t, w)tdw
0
— t2H1(12H + (S/t)QH _ ‘1 _ S/t|2H>

2

1
_ 5(ﬁQH +82H _ |t— S‘ZH)

which is the covariance function of the fBm.
One can also define the fractional Brownian on the whole real line in another

way. This moving average representation is often used in the literature. For H €
(0,1) let

MH(t,S) =

G (=9 =) sier,

where vy = max(0,u) and

oo 1/2
Ci(H) = ((1—&—5)H_1/2—3H_1/2)2ds—|—i
! 0 °2H [

Then X given by X; = ffooo My (t,s)dBs is the fractional Brownian motion (see
e.g. Samorodnitsky and Taqqu [27] p. 321). This function can be expressed in
terms of the Marchaud fractional derivative D (see Pipiras and Taqqu [25] and
Samko et. al. [26]) for H < 1/2

Mpy(t,s) = W(D:m_u Mion)(s) (5.16)
and for H > 1/2 as
Mg (t,s) = W(Hf] 2 0600)(5) (5.17)

Note that, as an integral operator acting on functions in L?(R), My can be written
as
M0 =gy [ (=972 = (97 s,

or in terms of the fractional integration operator in (5.11)
I'(H+1/2) I'(H+1/2)

Ci(H) Ci(H)
It should be noted that for ¢ < 0, My is not a Volterra type operator since (H1) is
not satisfied.

(Mp f)(t) = (L2 ) ) — (L2 )(0).
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Since the kernel of the fractional Brownian motion is fairly complicated one
sometimes modifies it to simplify computations. One such modification is given
in the next example where we simply remove the Gauss hypergeometric function
(and its singularity at zero). This process is sometimes referred to as fractional
Brownian motion of type II, fBm(II).

Ezample 5.8 (Fractional Brownian motion of type II). For H € (0,1), let T = I
and V(t,s) = Ju(t,s) where

1

JH(t,S) £ m

(t = )" 21,1 (s).

Then V satisfies Hypothesis 1 and X is fractional Brownian motion of type II
(see Feyel and la Pradelle [11]). It is convenient to use the parameterization o =
H + 1/2 when working with fBm(II). The fBm(II) has non-stationary increments
and covariance function

plt,s) = E(XeXo) = @ A (t= ) s =),

We will denote fBm(IT) by {W/ : t € I'}. Note that, as an integral operator acting
on functions in L2(I), V is the Liouville fractional integration operator

(VI = / V(t,5)f(s)ds = / Ti(t5)f(s)ds = (I, £)(t):

Ezample 5.9 (Multifractal Brownian motion). Let T =R, H € C"(R;(0,1)) with
sup,cr H(t) < r and put

1 _ _
V(t,s) = My(t,s) = CED) ((t _HO-Y2_ (_gH® 1/2) . steR

Then V satisfies Hypothesis 1 for ¢ > 0. For ¢ < 0 it does not satisfy (H1).
The process X is then the multifractal Brownian motion of Benassi, Jaffard and
Roux [3]. In [3] the multifractal Brownian motion is introduced through a spectral
representation as

[es] it&_l P
H . e
X7(t) _/MWM(d@

where M is a complex Gaussian random measure. Let us show that the two defi-
nitions gives the same process in law. Writing My ) (t,s) as in (5.16) or (5.17) if
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H(t) > 1/2 or H(t) < 1/2 (or 1j94)(s) if H = 1/2) we see that by Proposition 3.3
(3) in Pipiras and Taqqu [25] the Fourier transform of My y)(t, ) equals

eit§ -1
(i)[¢[H®=1/2"

By Proposition 7.2.7 in Samorodnitsky and Taqqu [27] it follows that the process
Y ={Y(t) : t € R} defined by

My (t,€) = F{Mp(t,-)}(€) =

o~

00 it 1
Y = /,oo a7 (40

has the same distribution as X and since the covariance functions of Y and X
coincides we also have Y £ XH Thus X £ X which is the multifractal Brownian
motion of Benassi et. al. [3].

5.2.2 The reproducing kernel Hilbert space
Let us introduce the general definition of a reproducing kernel.

Definition 5.10. A function p defined on T x T is said to be a reproducing kernel
for the Hilbert space H of functions on T if

(1) p(t,-) € H foreacht €T,
(2) (G,p(t,-))n = G(t), for each G € H.

For Gaussian processes we can construct the reproducing kernel Hilbert space
with reproducing kernel p(t, s) = E [X; X,] as follows. Let H be the closure in L?(Q)
of the space spanned by {X; : t € T'} equipped with the inner product (£,{)y =
E(&C), for £, € H. The reproducing kernel Hilbert space H associated with X
is the space R(H) = {R(§) : £ € H} where for any £ € H, R() is the function
R(&)(t) = (&, Xy)y = E(£Xy). H has inner product (F,G)y = (R7'F,R71G)y.
Since p(s,-) = R(X;), we clearly have p(s, -) € H. Furthermore, (2) is satisfied since
for £ € H, (R(§),p(s,))n = E(£Xs) = R(§)(s). For more details on reproducing
kernel Hilbert spaces we refer to Grenander [12] or Janson [13].

For processes of the form (5.13) where the kernel V satisfies (H2) and (H3)
we have the expression (5.14) of the covariance function. Then the reproducing
kernel Hilbert space can also be represented as the image of L?(T") under the in-
tegral transform V, H = V(L?(T)) equipped with the inner product, (F,G)y =
(V7YF,V7'G) 12¢). Indeed, it is clear that V(L*(T)) is a Hilbert space with
p(t,-) € V(L?(T)), proving (1) and for any F =V f we have

(F, p(t, Yy = (. V() o) = /T V(t,5)f(s)ds = F(2).

which proves (2).
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We also note that if K C T is compact then the embedding H — {F|x : F €
C(T)} given by F +— F|k is continuous, where F'|i denotes the restriction of F' to
K. Indeed, since K is compact we have by (H2) that there is a Constant C such that
for each t € K, [,V (t,s)?ds < C. It follows that for each F(t) = [, V( s)ds,

sup |F(¢ |—sup‘/Vts ‘
teK tek

/2 1/2
<sup ([ veesras) ([ 156)%as)
teK T T
< Cllfllzxcry = CI1F

Finally, by Theorem 3 in Kallianpur [14] we have that, for compact T, the
closure of H in C(T) is equal to the support of P.

Ezample 5.11 (Brownian motion). For the standard Brownian motion on T' = I
we saw that V is just the integration operator. Therefore the reproducing kernel
Hilbert space is simply the Sobolev space VVO1 2 of differentiable functions, vanishing
at zero, with first derivative in L2(T).

Ezample 5.12 (Fractional Brownian motion on I). For the fractional Brownian
motion on T = I we have V = K. Since Ky is an isomorphism from L?(I) onto

Ié{rﬂm (L?(I)) the reproducing kernel Hilbert space is Iéﬁlm (L?(I)) with the inner

product (F,G)y = (K" F, Ki7' G) r2(1).

Ezample 5.13 (Fractional Brownian motion on R). For the fractional Brownian
motion on T' = R we have the representation X; = f_oooo My (t, s)dBs which is not
a Volterra type representation for ¢ < 0 but satisfies (H2) and (H3). We conclude
that the reproducing kernel Hilbert space is the space My (L?(R)) (see also Pipiras
and Taqqu [25]).

Ezample 5.14 (Fractional Brownian motion of type II). For V = I, i.e. in the case
of fractional Brownian motion of type Il on T' = I, the reproducing kernel Hilbert
space is the space I$!, (L?(T')) with the inner product (F, G)y = (I7.°F, I;°G) 12(1).
That is, the fractional Sobolev space W¢"2.

Ezample 5.15 (Multifractal Brownian motion). As for the Brownian motion on R
we can obtain the reproducing kernel Hilbert space for the mutifractal Brownian
motion as My .y(L*(R)). An alternative representation is given in Benassi, Jaffard
and Roux [3] as the set of functions of the form

00 itﬁfl R
fo0) = | e e,

where @ is the Fourier transform of ¢ € L*(R).
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5.3 Representation of Volterra type stochastic in-
tegrals

In this section we apply a general representation theorem for Gaussian processes to
Volterra type processes. As examples we obtain the Karhunen-Loéve decomposition
and the classical Lévy construction of standard Brownian motion and also a wavelet
representation for the fractional Brownian motion studied in Meyer et. al. [21].
In the Section 5.5 we will apply this representation in the context of parameter
estimation. The general representation theorem mentioned above is the following,
which is proved in e.g. Janson [13] Theorem 8.22.

Theorem 5.16. Suppose that {X; : t € A} is a Gaussian process on some index
set A and {¥; : j = 1,2,...} is a countable orthonormal basis in the associated
reproducing kernel Hilbert space H. Then there exist independent standard normal
random variables {§; : j = 1,2,...} such that for each t € A,

X =Y w00 (5.18)

with the sum converging in L%(2) and almost surely.

Conwversely, for any sequence {&; : j = 1,2,...} of independent standard normal
random variables, the sum converges almost surely for each t € A and defines a
centered Gaussian process with the same distribution as {X: :t € A}.

As indicated in Remark 8.24 in Janson [13] we can prove the following corollary.

Corollary 5.17. If X is a.s. continuous and T C A is compact then the sum in
(5.18) converges almost surely uniformly on T.

Proof. Since X is a.s. continuous, H consists of continuous functions on A. We
consider the compact subset T C A. We have in particular that each ¥;(-) restricted
to T is in C(T) so the partial sums,

* o

form a random sequence of elements in C(T"). Now, since T' is compact, C(T)
M(T), where C(T)* is the dual of C(T) and M(T) is the space of finite signed
regular Borel measures on 7. On A the function p(t,-) can be expanded in the
basis {¥; : j =1,2,...} and we find that

plt) = D W), o)) = Y ()5 (8).

o0 o0
j=1 j=1
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Furthermore, E [S,(t)?] = Z;‘L:1 U;(t)? < Zjoil W;(t)* = p(t,t) and E [X()?] =
p(t,t). Since S,(t) — X(t) in L?(Q) for each ¢, and p(t,t) is bounded on T, the
bounded convergence theorem implies that for u € M(T),

/T Sn(t)(dt) — /T X(Ou(dt), i LA(Q).

The statement now follows from the Lévy-It6-Nisio Theorem (see Ledoux and Ta-
lagrand [18] Theorem 2.4). O

In our quest for finding an explicit representation we are left with the problem
of finding an orthonormal basis in H. This is however very simple because H =
V(L*(T)). Simply take any orthonormal basis {¢; : j = 1,2,...} in L*(T) and
apply the integral transform V' on each function. Then {¥, : j = 1,2,...} with
;(-) = (V4h;)(+), is an orthonormal basis in V(L*(T)). Indeed,

(U5, Ue)very = (VU V) 2y = (W), )2y =0, j#k
and

1¥5llvz2ryy = 1WllL2ry = 1.

Ezample 5.18 (Brownian motion). Let {1, : j =0,1,...} be the orthonormal basis
of L*(I) defined by

¥;(t) = V2cos(t/)), j >0,

where \; = 1/7(j +1/2), j > 0. Then the functions
t
(1) = (I ;) (8) = / VBcos(r/A)dr = \VEsin(t/N,), G >0,
0
form an orthonormal basis in the reproducing kernel Hilbert space WO1 2 and

B = 3 0V Esin(t/A)6;,

=0

where {{; : 5 =0,1,...} is a sequence of iid N(0,1) random variables. This is the
standard Karhunen-Loéve expansion for Brownian motion.
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Ezample 5.19 (Brownian motion). Let {1, : n = 0,1,...} be the Haar basis of
L?(I) defined by,

Yo(t) = 1p,1(1),
Ynlt) =202 (27t — k), n=2+k j>0and0<k< 2.

where ¢(¢) =1 on [0,1/2) and () = —1 on [1/2,1]. Integrating gives us the basis
{¥,:n=0,1,...} of the reproducing kernel Hilbert space,

Uy (t) =t,
U, (t) =272V (27t — k), n=2 +k
where U(-) is the primitive of (),
U(t) = %max(o, 1—2t —1)).
We obtain the representation,

Bt = Z \I’n(t)gna

where {&, : n=0,1,...}is an iid N(0,1) sequence. This is a classical construction
of Brownian motion by Lévy (see e.g. Steele [28] for a nice exposition).

Remark 5.20. We see that any orthonormal L?(T')-basis, {¢; : j = 1,2,...}, yields
a representation of Brownian motion as,

By = Z ‘I’j(t)fﬁ
J

where, ¥;(t) = fot Y(s)ds and {&;}1° is a sequence of iid N(0,1) random variables.
This is of course a very well known result.

5.3.1 A wavelet representation of fractional Brownian mo-
tion

Consider the fractional Brownian motion on 7' = R with the kernel My (¢, s). Even
though My is not of Volterra type for ¢ < 0 it is easy to verify (see Example 5.13)
that the reproducing kernel Hilbert space is H = My (L*(R)). Let {¢,79} be a
wavelet pair such that {¢y,1; 1}, where,

Gu(t) = St — k) k=0,+1,42, ...
Gik(t) =229t — k), j>0, k=0,+1,42,...

form a basis in L?(R). For instance we may take the Meyer wavelets which have
vanishing moments of all orders (see Meyer et. al. [21] and references therein). Since
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B has representation (5.18) there exists independent sequences {n} and {&; 5}
of iid N(0,1) random variables such that (5.18) can be written as,

oo

B (t) = Z @(t—k)nmz i 27IHW (27t — k)i, (5.19)

k=—o0 720 k=—o0

where ®(t) = (Mpgo)(t), U(t) = (Mpyv)(t) and My is the integral transform in
Example 5.7. Indeed, a simple transformation of variables yields

(Mudr)(t) = (Mud)(t — k) = ®(t — k),
(Muj) () = 2797 (Mp ) (27t — k) = 2777 W(27t — k).

By Corollary 5.17, convergence holds almost surely uniformly on compact intervals.
From this representation of fBm we can, as a special case, derive the wavelet
representation

Bty =cu Y SHOu(t—k)+emd > 277Uy (2t — k)& — bo, (5.20)

k=—o0 j>0 k=—o00

given in a recent paper by Meyer et. al. [21]. Here convergence holds uniformly on
compact intervals, {S;} is a fractional ARIMA process and {¢; 1} is a sequence of
iid N(0,1) random variables, independent of {Si}. The random variable by is a
correction such that B (0) = 0 and the functions ® and ¥y are defined via their
Fourier transform as

)

~ 1 — ¥\ H+1/2 1
(<)
Uy (€) = (&) /27 1(g).

In the representation (5.20) we have included the constants ¢y to have a represen-
tation of the standard fBm (Var[B(1)] = 1). Let us show how one obtains (5.20)
from (5.19).

We start with the second sum in (5.19). For f € S(R), the Schwartz space of
rapidly decreasing functions on R, with vanishing moments of all orders, the Fourier
transform of I f, a > 0, is (see Samko et. al. [26] Section 8.2)

o~

FETIHE) = (i)~ (E)-

This implies that

Uy (t) = (I729) ().



5.8. Representation of Volterra type stochastic integrals 121

Using Definition 5.11 of the fractional integral we see that

WO = ()0 = s [ 6= 917 = ol tegas

_ ClgH (/t (t—S)H_l/Q'(/J(S)dS—/O (_S)H—1/2¢(3)d8)

AN o
CT(H+1/2)
- Ci(H)

(L2 0) () — (L2 0)(0))
So we have

U(t) =cg¥u(t) — ca¥u(0),
with ey = T'(H + 1/2)/C1(H). Hence,

3 i 2 MW (2t — k) =cu Y i 27U (27t — k)& p

§>0 k=—o0 >0 k=—o0
o0
_iH
—cg Y Y 27 Ug (k)
j>0 k=—o00

and we include the second sum in the last expression in by.
Let us now focus on the first sum in (5.19). We want to show that

i md(t — k) = cy Z St — k) —cn Z s

k=—o00 k=—o00 k=—o0

and this requires a little more work. First note that
(1) = exr (17 20) (1) = (1771%6)(0)) = en @™ (1) — e @M (0),

where (1) (1) = (IfH/ng)(t). If we include the sum cg > 5 . @M (—k)ny in by,
then it is sufficient to show that

oo

S oWk Z ®p(t— k). (5.21)

k=—o0 k=—o0

The fractional ARIMA process S ,gH) can be defined as
S =S D g =), k=0,£1,42,
1=0
where vl(_d) is the coefficients in the expansion (1 —z)~% =32/ 7l Dl We also
have (see Meyer et. al. [21] Section 4) that for a function f € S(R)

{Z% =1} = (1= (e).
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Since @y € S(R) (see Lemma 6 in Meyer et. al. [21]) it follows that
FAITTRoHE) = (1)) = (1— )72 H oy (¢)
= F{ YA e -0}

1=0
and then (5.21) follows since
>0 Wt —kme = 30 @) - kym
k=—o00

k=—o00 [=0

=3 S ATyt - jymi
j=—00 =0
j=—o0

5.4 Stochastic integrals with respect to Volterra
type processes

In this section introduce stochastic integrals w.r.t. a Volterra type process X on
T = [0,7] and show how they can be approximated. A stochastic integral of a
deterministic integrand with respect to a Gaussian process can be defined as an
isometry between L?(T) and a subspace of L2(£2). There are essentially two different
ways to define a stochastic integral of deterministic functions with respect to the
Volterra type process X. Either as the isometry which associates 1jgy — X(t)
or the one which associates V (¢, ) — X(t) (see e.g. Decreusefond [8]). For our
purposes it is convenient to define the stochastic integral as the isometry Zx of
L?(T) onto H given by Zx = R~! o V. With this definition we see that Zx maps
V(t,:) — X(t). One advantage with this approach is that orthogonality relations
become straightforward

E [ X|FX] =Zx(V(t,)ps), s<t

but contrary to many other stochastic integrals it is not the limit of Riemann sums.
We have for instance that {W; : t € T} £ {Zx(194) : t € T} is a Brownian motion
with respect to {F/X : ¢t € T}. Indeed, W is Gaussian with covariance function

E[W:Ws] = (V(10,9), V(1jo,5)) % = (Lj0,9, Lj0,s)) 2 (1) =t A 5.

Moreover, the filtration {F}V : ¢ € T'} generated by W coincides with the filtration
{FX :t € T} generated by X. To sece this note that span{lj : s < t} is dense



5.4. Stochastic integrals with respect to Volterra type processes 123

in L*([0,¢]) and hence span{Wj : s < t} = span{Zx (1jo,) : s < t} is dense in Hy,
the closure of span{ X, : s <t} in L?(Q). The sigma algebra (£ : £ € Hy) is equal
to X and does not change if we restrict the £’s to a dense subset of H;. Hence
FX=FN".

It may seem difficult to approximate this stochastic integral since we can not
approximate it by Riemann sums. However, we can approximate it using the rep-
resentation (5.18) (see Proposition 5.29 below). We will also define a stochastic
integral for stochastic integrands with respect to X. For our purposes it will be
natural to consider a stochastic integral w.r.t. X which has been introduced for
the fractional Brownian motion by Decreusefond and Ustiinel [9]. We use similar
techniques as in [9] with fractional Brownian motion replaced by a Volterra type
process.

Another approach to stochastic integration is to consider pathwise stochastic
integrals defined w by w. This can be done for very general stochastic processes
and do not rely on the Gaussian Hilbert space structure used here. A detailed
account on these constructions can be found in Dudley and Norvaisa [10].

In order to define the stochastic integral for stochastic integrands we introduce
some concepts of Malliavin calculus. For further details we refer to Nualart [24] and
Ustiinel [29)].

5.4.1 Malliavin calculus

Let (Q,F,P) be a complete probability space and {G(h) : h € H} an isonormal
Gaussian process on (€, F,P) (see Definition 1.1.1 in Nualart [24]) indexed by a
separable Hilbert space H that consists of real valued functions on 7" and equipped
with the inner product (-,-)g¢. Let X be a separable Hilbert space and F : § — X
be an X-valued functional of the form

F(w) = f(G(h),G(h2), ..., G(hn)),

where hi, ha, ..., h, € Hand x € X. If f belongs to the space Cg°(R™) of bounded
infinitely differentiable functions from R™ to R with all partial derivatives bounded,
then we call F an X -valued smooth cylindrical functional and denote by S(X) the
space of all X-valued smooth cylindrical functionals. If X = R we write S for the

space of all real-valued smooth cylindrical functionals. We introduce the derivative
of FF e §(X) as

V.E =3 0;f(G(h),....G(ha))y(-) @ .
j=1

The directional derivative of F' € § in the direction h € JH is then (VF, h)g
which we sometimes denote by V;, F. By Lemma 1.2.1 in Nualart [24] we have the
following result.



124 Chapter 5.  Approximating some Volterra type stochastic integrals

Lemma 5.21. If F € S and h € H, then
E[(VF, h)oc] = E[FG(h)].
Applying Lemma 5.21 with F} F5 gives us:
Lemma 5.22. If Fi,Fo € S and h € H, then
E[F3(VF1, h)gc] = E[-F1(VFy, h)g] + E[F1 F>G(h)). (5.22)

Furthermore, the derivative operator V is a closable operator (see page 27 in
Nualart [24] or Proposition I.1 in Ustiinel [29]).

Lemma 5.23. V is a closable operator from LP(Q) to LP(Q;H), p > 1.
This result implies that we can define the LP-domain of V.

Definition 5.24. We say that F is in Dom, (V) if there exists a sequence {F,, : n >
1} of smooth cylindrical functionals such that F,, — F in LP(2) and {VF,, : n > 1}
is a Cauchy sequence in LP(2; H). Then we define

VF = lim VF,.

n—oo
This extended operator V is called the Gross-Sobolev derivative.

We denote by D, 1 the linear space Dom, (V) equipped with the norm
”F”§,1 = ||F||Z£p(gz) + HVF”ip(Q;:}()'

Starting with & = R we can define the derivative of a real valued smooth cylindrical
functional F. Then, for k > 2, taking X = H®*~! we define the k-th derivative as
VM F = V#=1(VF) and we can define the spaces D, ; as the closure of S with
respect to the norm

k
||F||p,k = HFHIL],P(Q) + Z ||V(J)F|‘I£p(g;:}(®j)-
j=1
Using the Meyer inequalities (see Ustiinel [29] or Decreusefond and Ustiinel [9]) one
can extend V to a continuous linear operator from D,, ;, to Dy, ,_1 () for any p > 1,
but we will not enter the details here. From the closablility of V we the conclude.

Lemma 5.25. The relation (5.22) holds for any F1, F» € D, 1.

Next we introduce the divergence operator § which is the formal adjoint of V.
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Definition 5.26. Let U : Q — H. We say that U € Dom, (), if for any F' € D, 1
with 1/p+1/q = 1 there exists a constant ¢, 4(U) such that

E[(VE,U)sc] < ¢pq(U)[1Fllg,
and in this case we define §(U) by
E[F6(U)] = E[(VEF,U)g] for each F' € D ;.
The element 6(U) is called the Skorohod integral of U.

For k£ > 1 we denote by D, _j, the dual of D,, ;.. Since V has continuous extension
d also has continuous extension from I, _1(3H) to D, _—1 for any p > 1. In this
paper we will use the domain Domy(d). Next we turn to Skorohod integration of
elementary processes. Let

n

U™(t) =Y Fjhy(t),

j=1

where F; € § and h; € J for each 1 < j < n. Any process of this type is in
Doms(6). Indeed, using Lemma 5.25 we get for each F € Dy,

E[<VF7U”>H}:E[<VF,ithj> ZE (VF, h;)a]

=1

M=

E[-F(VE}, hj)sc + FF;G(hy)]

<.
I
—

B[~ F(VE;, b)) + S EIFE,G(hy)

J=1

1/2(215 (Vs 72 + 3 B, G R )?)

j=1

<
I
—

M-

I /\

< U

since (VFj, h;)sc and F;G(h;) are in L?(Q) for each 1 < j < n. From this compu-
tation we also see that

ZF G(h ZWFjvhj%}c

j=1
5.4.2 A stochastic integral with respect to a Volterra type
process

We use the setup described in Section 5.2.1. Let V : T x T — [0,00) satisfy
Hypothesis 1. We take Q) = C(T') equipped with the Borel o-field .A. The canonical
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process X = {X; : t € T} is defined by X;(w) = w(t) and the probability measure P
on (£2,.A) is the unique measure such that X is centered Gaussian with covariance

Pt ) = /T V)V (s, r)dr.

We denote by {F;X :t € T} the natural filtration generated by X. To the stochas-
tic process {X; : t € T'} we can associate the stochastic process {X(h) : h € H}
by X(h) = R7!(h) with R as in Section 5.2.2 and H = V(L?(T)). Note that for
hi, he € H we have E[X (h1)X (ha)] = (h1, ha)s and {X (k) : h € H} is an isonormal
Gaussian process. Since {W; :t € T} = {Zx(1j,q) : t € T} is a Brownian motion
we can also consider the process{W (f) : f € L*(T)} where W(f) = X(V f). We
denote by VX, 6%, VW and 6" the Gross-Sobolev derivative and the divergence
associated with the Gaussian processes { X (h) }ner and {W(f) : f € L*(T)} respec-
tively. We see that for any fi,..., f, € L*(T) and any L?(T)-valued square inte-
grable random variable u we have, with F' = f(X(V f1),..., X (V fn)), f € C°(R™)
that

n

E[(Vu, VXF)y] = E[(Vu, Y 0if(X(Vf1), -, X(VED)V )24

= E[(u, Zajf(W(f1)> e W) fi) L2 (1))

= ]E[(u, VWF>L2(T)].

This implies that 6% (Vu) = §" (u) and in particular that Domy(6%) is the image
of Domy(6") under the integral transform V. Similarly F € D3, if and only if
F e Dg{’l. Let us define a stochastic integral for stochastic integrands with respect
to a Volterra type process X for integrands u such that Vu € Domg(5%).

Definition 5.27. For a process {u(t,w) : t € T,w € Q} in L?(T x Q) such that
Vu € Domy(6%), the stochastic integral with respect to X is defined as,

/ us6 X, 2 6% (V).
T

Note that for adapted processes {u(t,w) : t € T,w € Q} this definition reduces
to the Ito integral w.r.t. the standard Brownian motion {W; : ¢ € T} (see also
Decreusefond and Ustiinel [9] Theorem 4.8). This stochastic integral is analogous
to the one introduced by Alés, Mazet and Nualart in [2] where the authors consider
the Volterra process X indexed by H = (V*)~1(L?(T)) and the stochastic integral
of u € (V*)~}(Domy ") with respect to X is given by 6" (V*u). For further
details on the construction of different stochastic integrals in the case of fractional
Brownian motion we refer to Decreusefond [8]. Using the representation (5.18) we
can approximate the stochastic integral 0% (Vu). Let us first make a couple of
remarks.
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Remark 5.28. Recall that the Skorohod integral of an elementary process U™(t) =
> i1 FjV (hy)(t) given in the last section is
sX U™ =" (u") =Y FX(V(hy)) = Y VY Ey hy) ey

Jj=1 Jj=1
(i) Note that if the F}’s are deterministic, then VWFj =0 for each 1 < j <n and
the second sum in the expression for % (U™) vanishes.
(ii) If U™ is an elementary and adapted process U™ (t) = Z;L:1 FyV (L, ,,000) (1)
with F; € S and Fj is ft)f -measurable, then F} is also Ft‘;v—measurable and Propo-
sition 1.2.4 in Nualart [24] implies that V{VF; = 0 on (t;,T]. Thus, in this case
the second sum in the expression for 6% (U™) vanishes as well.

Proposition 5.29. Let {); : j = 1,2,...} be an orthonormal basis in L*(T) and X
a Volterra type process with kernel V.. Then there exist a sequence {§; : j =1,2,...}
of #d N(0,1) random variables such that the following statements hold.

(1) If f € L*(T) is a deterministic function and f; = (f, ;) r2(r), then
(Vf Z fjgjv a.s.

(2) If w € L*(T x Q) is an adapted process with Vu € Doma(6X) and u; =
(u, ;) 2 (1), then

X(Vu) = Zujfj, a.s.
j=1

(3) Let u € L*(T x Q) be a process with Vu € D' (H) and u; = (u, ;) p2(r).
Then

Z u;&j — vx)p(jvuv ‘I’j>H], a.s.

Jj=1

Proof. (1) First we show that the integrals 6% (V f) and Zx(f) coincide. Since f
is deterministic V f is a deterministic function in H and it is in Domsy(6%) by the
same arguments as for an elementary process. By Remark 5.28 (i) we have that

(V) =X(Vf)=R"oV(f) =Ix(f).

Hence the two integrals coincide. Since {t; : j = 1,2,...} is an orthonormal basis
in L3(T) it follows that W; = V1), is an orthonormal basis of the reproducing
kernel Hilbert space H and therefore the sequence {¢; : j = 1,2,...} defined by
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& £ R1oVa,, j > 1, is an orthonormal basis in H. Hence, {¢; : j = 1,2,...}
is a sequence of iid N(0, 1) random variables. Writing the function f as, f(t) =
Z;il [i;(t), where f; = (f, ;) r2(r) and using the definition of Zx we find,

Ix(f)=R'oV(f)=R oV (> fi; | =R [D_£HY | =D fi&
j=1 j=1

j=1

Since f € L3(T) we have that the sequence {f; : j = 1,2,...} is in [*(N) and
S, & Z?Zl fi&;, is a square integrable martingale so convergence follows from the
martingale convergence theorem. This proves (1).

(2) First we show the result for an elementary adapted process ™ and then we use
a limit argument for general adapted processes u. Suppose that «” is an elementary
adapted process of the form u"(t) = Y1 | Fil(, 4, ,)(t), where F; € S and F; is 77\ -
measurable. Then U™ = Vu is of the form U"(t) = >°i" | F;(V1g, 4, ,))(t) which
is in Domy(6%). By Definition 5.26 and Lemma 5.25 we have for any G € Dy,

E{GéX(VZFil(ti,tm])} _ IE[G(SW(Z Fi1(ti,ti+ﬂ)} (5.23)
i=1 1=1
= E|:<VWG7 Z F’il(ti,t,i+1]>L2(T):|
=1
= |:Z GFX Vl(t t1+1]) —_ G<VWF1, l(ti,ti+1}>L2(T)):| . (524)
=1

By (1) we have X (V1 4,,,) = 6 (V1 1,,)) and since F; is F;¥-measurable we
have, as in Remark 5.28 (ii),

n

E[GY (VWFi 1, b 12(m)] = 0.

i=1

Inserting this into (5.23) we obtain

E [G&X(Vzn: Fil (e tia1)] = E[Gi Fib™ (V1))

i=1 i=1

By (1), 5X(V1(ti,ti+1]) = Z?‘;l f;gj where f; = fT Lt t00](8)1hj (£)dE so we get,

n

VZFltI,M ZZ@/me Y (£)dlt = ij

Jj=11i=1

Any adapted process in L?( x T') can be approximated by a sequence u™ of simple
adapted processes in the norm of L?(Q x T). Furthermore, u® — u in L?(Q x
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T) implies that u} = (u",1;)r2(ry — u; in L*(Q) uniformly in j. Since Vu €
Domy(6%) and §% is continuous on Domg(6%) we get that 6% (Vu") — §%(Vu) in
L?(9). We can now identify the limit to obtain

u) = Z u;&;,
=1

which completes the proof of (2).
(3) First note that we have

D31 (H) = V(D3 (L*(T))) € V(Domz(8")) = Domy(6)

so the integral 5% (Vu) exists. Recall that by the proof of (1) we have that ¢; =
§%(¥;) = X(V;) is standard normal and the ;s are independent. We approximate
Vuby U" = 3% ujW;. Then U™ — Vu in D3 (H). Now for any F € Dy, we
have

E[F§X(U™)] = [VF Zuj ]

n

= E[ZFqu(\IJj) - > F(V¥u, \I@)H}
j=1 Jj=1

n

- E[Fiujax(\lfj) ~F) (Vg U, ‘I’J‘M

j=1
=E[F Y u&; — (VU W)
j=1

Hence, 6% (U") = > ujfj—<VfIfj U™, ;). Since U™ — Vuin Dy’ (H) and 6% is
continuous on Domy (6%) it follows that 6% (U") — 6% (Vu) in L?(£2). Furthermore
V\)p(j Uun = Vfl,(j Vu for j < n so identifying the limit we obtain

Z u;&; — (Vg Vu, Uj)p].

j=1
This completes the proof. O

We have the following consequence of the above definition of the stochastic
integral.

Proposition 5.30. Assume that v = {u(t,w) : t € T,w € Q} is a process in
L3(T x Q) such that Vu is in Domg(6%) and that u is adapted to {FX : t € T}.
Then M = {M, : t € T} defined by My £ 6% (V(uljgy)) is a square integrable
continuous martingale w.r.t. {F¥X : t € T} with associated Doob-Meyer process

t = fO 2d.S
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See also Theorem 4.7 in Decreusefond and Ustiinel [9] in the case of the fractional
Brownian motion.

Proof. Since u is adapted we have 6% (V(ulpy)) = 6" (uljgy) which coincides
with the It6 integral fot u(s)dWs. This is a continuous martingale with Doob-Meyer
process fot u(s)?ds. O

5.5 Applications to parameter estimation

In this section we will study estimation of drift parameters in some stochastic mod-
els driven by Volterra type processes. Throughout this section we assume that the
index set T' is a compact interval [0, 7]. We will start to develop theory for estima-
tion of drift parameters in a fairly general setting using a Girsanov transformation.
Then, the following subsections we will apply the theoretical results to some par-
ticular models involving the fractional Brownian motion. We start by deriving a
Girsanov formula for the Volterra process X.

Theorem 5.31 (Girsanov transformation). Let X = {X; : t € [0,7]} be a
Volterra process on (2, F,Po) with kernel V and let a = {a(t,w) : t € [0,7],w € O}
be a process in L?([0,7] x Q) with Va in Domy(6%) and a(t,-) Fi-measurable.
Define the probability measure Py, 6 € R, by

azy

dP, = &P (95X(V(al[o,t])) _z /Ot a(s)2d3>.

2

Fi*
Then the process Y = {Y; : t € [0, 7]} defined by
¢
Y(t)=X(t) — 9/ V(t,s)a(s)ds,
0

is a Volterra process with kernel V' under Py.

Proof. Since W = {Zx(1jp,q) : t € [0,7]} is a Brownian motion under Py and
6% (V(alpy)) = fot a(s)dW; it follows from the Girsanov theorem for Brownian
motion (see e.g. Liptser and Shiryayev [20] Theorem 6.3 p. 232) that W= {Wt :

t € [0,7]} given by
— t —_—
Wy =W, — 0/ a(s)ds, Wy =0,
0
is a Brownian motion under Py. Therefore, we can represent Y as

t
Yi— [ Vs,
0

which is a Volterra process with kernel V' under Py. O
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Let us now consider parameter estimation for processes defined on the positive
half-axis [0, 0c0). We will assume that the processes are observed on [0, 7] and use the
Girsanov transformation to derive maximum likelihood estimators for the unknown
parameter 6.

Suppose that X = {X; : ¢ € [0,00)} is a Volterra type process with kernel V
defined on [0,00) x [0,00) satisfying Hypothesis 1 on every interval [0, 7] x [0, 7],
0 < 7 < co. We assume that X is defined on the probability space (£, F) and
has distribution Pg. Let a = {a(t,w) : t > 0,w € Q} be a process such that
{a(t,w) : t € [0,7],w € Q} belongs to L*([0, 7] x Q) with Valj  in Domy(6%) for
every 0 < 7 < co. Suppose further that a(t,-) is F;¥-measurable. Consider the
class of models {Py : 0 € O}, © C R, int O # () given by

dP, . 02 [t
| = O (055 (V(a10.) — 5 /0 a(s)*ds). (5.25)
To simplify notations we will write A(t,w) = (Va(:, fo (s,w)ds

throughout this section. By the Girsanov formula glven above we have the repre-
sentation

X(t) = 0A(t) + X (t)

where X is a Volterra type process with kernel V' under Py. Our objective is to
estimate 6 based on observing {X; : ¢t € [0,7]}. Let us briefly comment on this
assumption.

From a practical point of view it is unrealistic to assume that the whole trajec-
tory of the process is observed. In practice one would like to obtain an estimator
based on discrete observations of the process. In the case of classical diffusion pro-
cesses this problem has been thoroughly investigated by e.g. Bibby and Sgrensen
[4] using martingale estimation functions. We will however not follow this approach
here.

To construct an estimator of § we maximize the likelihood (5.25) to get

X (V(alp,n))

0, = W. (5.26)
0

Recall that the process W defined by W; = 6% (Vl[o t]) is a Brownian motion

under Py and in particular 5X(Va1[0,t]) = "( (aljo,y) fo s)dWs. Then we see

that

)

- Lot o)
0

Furthermore, the Girsanov transformation can be written as

2

dPy B T 6% [T
d]P’o‘}‘gf = exp (9/0 a(s)dW 5 /0 a(s) ds)
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which falls into the framework of the exponential families of stochastic processes
(see e.g. Chapter 5 in Kiichler and Sgrensen [17]). Thus, the properties of the

estimator 6 is derived by straightforward application of the results in Kiichler and
Serensen [17]. Denote by M. the Po-martingale 6% (V (aljy ) with Doob-Meyer
process (M), = [ a(s)?ds.

Theorem 5.32. Suppose that X, a, 0, and M are as above and (M), — oo
Pg-a.s. as 7 — o0o. Then the following statements hold.

(1)  (Strong consistency) 0, — 60 Py—a.s as T — oo.
(2) (Law of the iterated logarithm,)

lim sup (M) 10, — 6]
700 (2loglog(M),)1/2

=1, Py-a.s.

Moreover, if a is deterministic, then 0, ~ N(0,1/{M),).

Proof. (1) By Proposition 5.30 M is a continuous martingale w.r.t. Py with associ-
ated Doob-Meyer process

on. - [ a(s)?ds.

Then M, — 0(M), is a Py martingale with the same Doob-Meyer process (M),
which tends to infinity Py almost surely as 7 — oo, by assumption. From the law
of large numbers for martingales it follows that, as 7 — oo,

M, —0(M),

an, , on {{M), = oo}

Hence, 57 — 0 Py-a.s.
(2) This follows from law of the iterated logarithm for martingales (see e.g. Lepingle
[19] Theorem 3).
The last assertion follows since, if a is deterministic, then under Py we have M, ~
N(0,(M),).

O

We can also derive a central limit theorem under some extra assumptions (see
Kiichler and Sgrensen [17]).

Theorem 5.33. Suppose 0 € int © and that there exists an increasing positive non-
random function @g(7) such that under Py, (M), /pe(T) — n?(0) in probability as
T — 00, where n?(0) is a finite non-negative random variable for which Pp(n?(6) >
0) > 0. Then, under Py

[(M)YY2(8, — ), (M), /pe()] — N(0,1) x F,

weakly as T — oo conditionally on {n*(0) > 0}, where Fy is the conditional distri-
bution of n*(6) given {n*(0) > 0}.
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Proof. This is a direct application of Theorem 5.2.2 p. 49 in Kiichler and Sgrensen
[17]. O

We denote by {¢; : j = 1,2,...} an orthonormal basis of L?([0,7]) and {¥; :
J 1,2,...} the associated basis in the reproducing kernel Hilbert space H =
V(L?([0,7])). Then according to Proposition 5.29, we can rewrite the estimator as

~ > ajié;
0, = Zi;};? (5.28)
j=1"j

giving us a spectral reprisentation of the estimator.

In order to compute 6, we need to compute the coefficients a; and £;. The a;’s
can be computed simply as a; = (A, ¥;) but the ;’s are more difficult to compute
since the process X is typically not in H. The next result solves this problem using
the adjoint operator. We denote by V* the adjoint of V with respect to the L?(T)
inner product, i.e. for f,g € L*(T)

Vg2 =,V 9 2
and V~1* denotes the adjoint of V1.

Proposition 5.34. Let {X; :t € T} be a Volterra type process with kernel V.. As-
sume that {1; : j = 1,2,...} is an orthonormal basis in L*(T) and v; € V*(L*(T)),
Jj > 1. Then, the coefficients {§; : j = 1,2,...} in the representation (5.18) are
given by

&= [ X0 w0 =12, (5.20)
T

Proof. By the proof of Theorem 5.16 we have that & = R™'W;(¢), where {¥; :
j=1,2,...} is an orthonormal basis in the reproducing kernel Hilbert space. For
processes of the form (5.13) we have that the reproducing kernel Hilbert space is
V(L*(T)) and hence ¥; = V; is an orthonormal basis in this space. We need to
prove that R(&;)(t) = ¥;(¢) for &; given by (5.29). Indeed, using integration by
parts,

R(E)() = E (&, X(1)) = E (X(t) / X<s><v1*wj><s>ds)

p(t, ) (V1710 (s)ds = /; (V= p(t, ) (585 (5)ds

V(t,s)p;(s)ds = (Vi) (t) = ¥, (2).

J,
J
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In the following subsections we will give two concrete examples where this es-
timation technique is applied. The first example studies the case of a fractional
Brownian motion with deterministic linear drift which was considered by Norros
et. al. in [23]. The second example studies the fractional Ornstein-Uhlenbeck type
process considered by Kleptsyna and Le Breton in [15]. We will show how the
general results derived so far applies in these two cases.

5.5.1 Deterministic drift
Let us consider the family {Py : 8 € O} of models given by

dP, N 02t
B = (65 (Kot ) ~ % /O a(s)°ds) (5.30)
where X is the fractional Brownian motion and A(t) = (Kp(aljgy))(t) = t. Then
the maximum likelihood estimator of # is given as in (5.27)
5 6% (K (aly ) _ Jy a(s)dW,

T Jy a(s)?ds Jo a(s)?ds

Note that using Table 9.1 in Samko et. al. [26] we find that

a(s) = (K5 A)(s) = mmslm—H’

7

(5.31)

with Vi as in (5.15). Hence a is deterministic and thus 0, is normally distributed
under Py with mean 6 and variance (M), = fOT a(s)?ds. We can explicitly compute
the variance as
~ T, o o 1 (2—2H)[(2—2H)?
Vary(6;) = /0 a(s)*ds=r1 Vr T(3/2— H)?
ooy TH(1 — 2H)(2 — 2H)T(2 — 2H)
-7 cos(rH)T'(3/2 — H)2

In Norros et. al. [23] this particular example is studied. We will now show that
our approach leads to the same results in this case. Their estimator is given by

_ M’

0~ ;

(M)~
where = o, s s kp(t,s) =c18/“ H(t—s - 0.t)(s) which can be
here M{ = [ k dBH & 1/2-H 1/2=H1 4 1y(s) which can b

rewritten as (see Norros et. al. [23] p. 584) & Otsl/z_HdWS where

1

T HT(3/2— H)T(H +1/2)’
_/ 2HT(3/2—H) /2

o= (F(H F1/2)T(2— 2H)>

(&1
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Figure 5.1. The variance of the estimator §1.

Since a(s) = \/WFF(BQ/Q2 1) g1/2-H we get that e [TsU2HAW, = 6% (alp ) =
5BH(KH(a1[Oﬂ)) = 5X(KH(a1[077])) and then also (M'), = (M),. It follows that
0, =0,.

We can compare this estimator at 7 = 1 with the sample mean X, /7 = X7 which
is unbiased and has variance 1 for all H € (0,1). The variance of the estimator 9.,
as a function of H, is illustrated in Figure 5.1. We conclude from this figure that
the estimator 57 has significantly lower variance than the sample mean for small

values of H, has the same variance for H = 1/2 and has negligible lower variance
for H € (1/2,1).

5.5.2 The fractional Ornstein-Uhlenbeck type process.

Let us consider the family {Py : 8 € ©} of models given by

dPg . x 92 t )
?%’ff = exp (95 (KH(al[o,t])) — 5/(; a(s) ds) (5.32)

where X is the fractional Brownian motion and the drift is given by A(t,w) =
(Kgal(-, fo (s,w)ds. This means that we must take a(-,w) = (K5 ' o
x(, ))( ) To verify that this choice is possible we need to check that I' X (-,w) €
H for Pp-a.e. w € 2. For every 6 € © the measure Py is absolutely continuous
w.r.t. Py so it is sufficient to check this for § = 0, i.e. when X is the fractional
Brownian motion. We denote by Hol®([0,7]) the Holder space of order « over
the interval [0,7]. For every a < H we have X € Hol®([0,7]) Po-a.s. so I'X €
Hol®***([0, 7]) Po-a.s. For 8 < a+1 < H+1 we have Hol*™ ([0, 7]) < I°(L3([0, 7]))
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so in particular I*X € T''+Y/2(L2([0,7])) Po-a.s. Hence, the process a is well
defined. Using the Girsanov transformation we see that X has the representation

X(t) = a/ot X (s)ds + B (1),

where BH is a fractional Brownian motion under Py.
The maximum likelihood estimator of 6 is given as in (5.26)

_ 5X (KH (al[oy,,.]))
Jy a(s)?ds

Let us derive the relation to the results in Le Breton and Kleptsyna [15] where
this problem is studied for H > 1/2 as an extension of Norros et. al. [23]. The
authors introduce the process @) defined by

/Ot Q(s)dw{ = /Ot k()X (s)ds,

’LUH(t) _ F(3/2 — H) t2_2H
SHT(3 —2H)L(H +1/2)

)

where

The estimator 6, of 6 is then derived as
7. — fOT Q(s)dM]
fOT Q2(s)dwH’

with M’ as in Section 5.5.1. To show that the estimators (/9\7 and 6, coincides it is
sufficient to show that fo s)dM! = §%X(Kg (alp,-)). Indeed,

/OT Q(s)dM; = /OT Q(s)s'>~Haw, = sV (Q(s)s'/> 1) = 6X(Kp(Q(s)s'/>~ 1))

and using (12) in Kleptsyna, Le Breton and Roubaud [16] we find

¢
(KgQ(s)s'/?~ /KHts 31/2_Hds:/ X(s)ds
0

Thus we have established that 5 0. It is proved in Kleptsyna and Le Breton
[15] Proposition 2.2 that [, Q2(s)dw! — oo Pp-a.s. and since ( = [y a(s)*ds =
fo Q?(s)dwH Theorem 5.32 apphes and we derive consistency and the law of the
iterated logarlthm of the estimator. In Kleptsyna and Le Breton [15] the bias and
mean square error is also determined using Laplace transforms.
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Chapter 6

Parameter estimation for
discretely observed fractional
Ornstein-Uhlenbeck process

Henrik Hult (2003) Parameter estimation for the fractional Ornstein-Uhlenbeck process.

Abstract. The fractional Ornstein-Uhlenbeck process is constructed as a classical
Ornstein-Uhlenbeck process with the Brownian noise replaced by a fractional Brownian
noise. It is a continuous time stationary Gaussian process and has long memory if the
Hurst index in the driving fractional Brownian motion is greater than 1/2. We study the
problem of estimating unknown parameters in this model based on discrete observations
of the process. The idea of Whittle estimation is well adapted to this particular estima-
tion problem as the covariance function is complicated whereas the spectral density has a
simple form. This allows us to derive consistency, asymptotic normality and asymptotic
efficiency of our estimator. The theoretical results are illustrated by simulations.
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6.1 Introduction

Stationary time series with long memory such as the fractional Gaussian noise and
the fractionally integrated ARMA processes are currently used as stochastic mod-
els in various applications including telecommunications, hydrodynamics and eco-
nomics. A stationary time series { X : j € Z} is said to have long memory if the sum
of correlations diverges, i.e. ), p(k) = oo, where p(k) = Cov (X, X;)/ Var(X;).
In continuous time the fractional Ornstein-Uhlenbeck process is a natural analogue
to these models. It is constructed as a classical Ornstein-Uhlenbeck process with
the Brownian noise replaced by a fractional Brownian noise. It can be defined the
stationary solution to the equation

t
Xt—st—e/ X, du+o(Bf — BH), s<t,

where 0 > 0, § > 0, H € (0,1) and {B}! : t € R} is the fractional Brownian
motion with Hurst index H. The increments of the fractional Brownian motion
have long memory if H > 1/2 and this property is transfered to the fractional
Ornstein-Uhlenbeck process. The fractional Ornstein-Uhlenbeck process has re-
cently received some attention in the literature. Cheridito, Kawaguchi and Maejima
[3] derives some of its properties and show, contrary to the classical case, that it can
not be derived as the stationary process obtained by the Lamperti transformation
of fractional Brownian motion for H # 1/2. Kleptsyna and Le Breton [7] and Hult
[6] study the fractional Ornstein-Uhlenbeck process via a Girsanov transformation
of the fractional Brownian motion and discuss the use of the Girsanov transforma-
tion in the context of parameter estimation.

In this paper we use the following setup. Let {X; : ¢ € R} be the fractional
Ornstein-Uhlenbeck process with H > 1/2 and suppose we have at hand discrete
observations x = (z1,...,zn) of {X;a : j = 1,...,N}, with A > 0 being the
time between consecutive observations. Based on these observations we want to
estimate all the unknown parameters ¥ = (02,0, H). Since the process is Gaussian
the exact log-likelihood may be explicitly computed as

1 1
log L(x; ¥) —3 log |Xa n| — ix’EZ}Nx,

where XA,y is the covariance matrix of (Xa,..., Xnya)’. A problem here is that the
expression for the covariance function for the fractional Ornstein-Uhlenbeck process
is complicated and the inversion of ¥ A ny may be computationally demanding if the
number of observations N is large. A way around these problems is to use an idea
introduced by Whittle [11] and further developed for Gaussian sequences with long
memory by Fox and Taqqu [5] and Dahlhaus [4]. This approach is also discussed
in some detail in Beran [1]. The idea is to approximate the exact likelihood by
replacing log [Sa | by N(2m) 7 [T log fa(X; W)dA and £,'y by a matrix A where

™ 1 o
Ajp = (271')_2/ me’“"“)’\d)\,
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and fa is the spectral density for the Gaussian sequence {X;a : j € Z}. In the case
of the fractional Ornstein-Uhlenbeck process this spectral density is easily computed
and this provides a satisfactory solution to the estimation problem. Using results by
Fox and Taqqu [5] and Dahlhaus [4] we see that the derived estimator is consistent,
asymptotically normal and asymptotically efficient as N — oo. The results are also
illustrated by simulations.

The paper is organized as follows. In Section 6.2 the fractional Ornstein-
Uhlenbeck process is introduced and we derive its spectral density and its covariance
function. In Section 6.3 we study the problem of parameter estimation based on dis-
crete observations and show that the asymptotic results derived by Fox and Taqqu
[5] and Dahlhaus [4] may be applied. Section 6.4 contains numerical illustrations
and simulations.

6.2 The fractional Ornstein-Uhlenbeck process

In this section we introduce the fractional Ornstein-Uhlenbeck process and study
some of its properties. The fractional Ornstein-Uhlenbeck is constructed as a clas-
sical Ornstein-Uhlenbeck process with the Brownian noise replaced a fractional
Brownian noise. The fractional Brownian motion {B} : t € R} is a continuous
Gaussian process with mean zero and covariance function

1
rpu(t,s) = 5 ([HP7 + |5 = [t = s*7),

where H € (0,1) is called the Hurst index. For H = 1/2 is coincides with the
standard Brownian motion. The classical Ornstein-Uhlenbeck process is defined as
the process {Y; : t € R} given by

t
Y, = a/ e 00=wqBY2  teR,
where 0 > 0, 8 > 0. For arbitrary H € (0, 1) the stochastic integral
t
a/ e ?tWdABH (w), teR,

is well defined as a pathwise Riemann-Stiltjes integral (see Cheridito, Kawaguchi
and Maejima [3]) and it is the almost surely continuous process which satisfy the
equation

Xi(w) — Xs(w) = 79/ X, (w)du + o(Bf (w) — B (w)), s<t.

This motivates the following definition.
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Definition 6.1. The fractional Ornstein-Uhlenbeck process {X; : ¢ € R} is the
stochastic process given by

¢

Xi(w) = a/ e ?tWdBH (w), teR,
— 00

where o > 0,60 > 0, H € (0,1) and {Bf : t € R} is the fractional Brownian motion.

For every ¢ € R the functions f;(u) = oexp{—0(t — u)}1{,<¢ belongs to the
space of integrands (see Pipiras and Taqqu [9])

A2 = (f: fe (R >/_Z|f(§>|2|£1-2Hd§<oo},
where
fo= [~ e
Indeed,
o) = [ too (i =01y — o eefl :

Hence the stochastic integrals I(f;) = ffooo f+(v)dBH may be consistently defined
as limits of elementary functions and I(f;) is Gaussian with E(I(f;)) = 0 and

BUIE) = S5 [ RT©

where
C(H)=T(2H + 1)sin(nH).

This enables the derivation of the spectral density of the fractional Ornstein-
Uhlenbeck process. Indeed,

b+ 5,5) = B(X01,X,) = Bt 1(£2)
-2 ﬁ+s<§>ﬁ75)|§|l—”d§

C(H) [ UF98 e=iss | oy
p— d
2T / 79 + i€ = |§| ¢

= [T s Mg ) ag

Hence, we can identify the spectral density as

F(&) = o*C(H)(2m)~ ¢! 21 (0 + &%) 7. (6.1)
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By inverting the spectral density (see e.g. Oberhettinger [8] p. 6) we obtain an
alternative expression for its covariance function

r(t) = oC(H) [%9_21{ sec(m(1 —2H)/2) cosh(6t) (6.2)
b b AT H)D(H +1/2)] B (1 H 4 g 1,267

where 1 F3 is the Gauss hypergeometric function. We have just proved the following
result.

Proposition 6.2. The spectral density and the covariance function of the fractional
Ornstein-Uhlenbeck process are given by (6.1) and (6.2) respectively.

The process {X; : t € R} can also be given a spectral representation
Xo=(@en/m? [~ es@ e e g 69)
where M is a complex Gaussian measure (see e.g. Samorodnitsky and Taqqu [10]).
Indeed, the covariance function is then given by
r(t) = E(X¢Xo) = 0*C(H)(2m) ™! / " e (92 4 )7 g~ ag = / " e (e)a

— 00

The spectral density of the fractional Ornstein-Uhlenbeck process satisfies
F(&) ~ C(H)o®(2m) = 072(¢' 72, as |¢] — 0.

Hence, using a Tauberian theorem (Bingham, Goldie and Teugels [2] Theorem
4.10.3 p. 240) its covariance function satisfies

r(t) ~ oc?H(2H — 1)02t]P172  as [t| — .

We may conclude that the fractional Ornstein-Uhlenbeck process has long mem-
ory for H € (1/2,1) since ), r(k) diverges (see also Cheridito, Kawaguchi and
Magejima [3]).

An alternative construction of the fractional Ornstein-Uhlenbeck process is to
consider a Girsanov transformation of the fractional Brownian motion. If {cX} :
t € R} is a fractional Brownian motion under the probability measure Py then o X
is a fractional Ornstein-Uhlenbeck process under the measure Py given by

dPy

2
d]P() ‘]:tx

= exp <9Mt — %<M>t>,

where M; = fOt(Kﬁl o I'X)(s)dB(s) is a martingale and B is a Brownian motion.
Here I' denotes the integration operator and K is the kernel in the representation
of the fractional Brownian motion (see e.g. Hult [6])

t
BtH:/ Ky (t,s)dBs.
0



144 Chapter 6. Estimation for the fractional Ornstein-Uhlenbeck process

6.3 Parameter estimation based on discrete obser-
vations

Let {X; : t € R} be a fractional Ornstein-Uhlenbeck process with unknown pa-
rameters ¥ = (02,0, H). We will throughout the rest of the paper assume that

H > 1/2. Suppose we have made discrete observations (x1,...,2y) of the pro-
cess {X;n :j=1,...,N} with A > 0. That is x; is the observed value of X;a,
7 =1,...,N. Based on these observations we want to estimate the unknown pa-
rameters.

This is a natural situation that one encounters in practice. We have a sample
of discrete observations and want to estimate parameters for the continuous time
stochastic process generating the sample. In the case of diffusion processes this
problem have been well studied and one of the fundamental examples in this con-
text appears to be the classical Ornstein-Uhlenbeck process. The Markov-structure
of diffusion processes is essential for most of the methods used and therefore study-
ing this problem for non-Markovian models as in this paper seems challenging.
On the other hand, for Gaussian processes estimation techniques have been quite
extensively developed and it will become apparent that some of these techniques
works fine for estimation of the unknown parameters for the fractional Ornstein-
Uhlenbeck process.

In analogy to the classical case a natural starting point for estimating unknown
parameters would be to use the likelihood given by the Girsanov transformation for
estimating the unknown parameters. Let us comment on this approach. First of all
the Girsanov transformation gives the likelihood for continuous observations of the
process. In practice we have discrete observations so we need to approximate the
integrals appearing in the likelihood by discrete analogues. This requires the time
between observations, A, to be small which is not always the case. Furthermore,
the Girsanov transformation gives the likelihood as a function of 6. It can not
provide us with insights for estimating H which in most practical situations will
be unknown. This differs from the classical case where H = 1/2 is known. Hence,
although the Girsanov transformation is theoretically interesting, it does not seem
very practical to use it in the context of parameter estimation for the fractional
Ornstein-Uhlenbeck process.

On the other hand, since the fractional Ornstein-Uhlenbeck process is Gaussian
the log-likelihood for the discrete observations x = (z1,...,zn)" of {X;a 1 j =
1,..., N} may be explicitly computed.

1 1
log L(x; ¥) 3 log |¥a n| = §X/E£,1NX’

where (XA ~5)jx = r((j — k)A). The problem with this approach is the computa-
tional effort needed to maximize the exact log-likelihood. First have to compute
Y a,~ which is complicated since this involves computing the hypergeometric func-
tion 1 F». Then, ¥ A n must be inverted which may be computationally demanding
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if the number of observations N is large. A way around the computational problems
is to use an approximation of the exact likelihood. Since the spectral density of
the fractional Ornstein-Uhlenbeck process is known we may consider the approxi-
mation of the exact likelihood suggested by Whittle (see Whittle [11]) and further
developed for Gaussian sequences with long memory by Fox and Taqqu in [5] and
Dahlhaus [4]. This approach is well suited for the current problem and allows us
in a straightforward way to estimate all the unknown parameters. The exact log-
likelihood is approximated by replacing log [Sa,n| by N(2m)7! [T log fa(X; ¥)dA
and EZ’IN by the matrix A where

Ajj = (2m) 72 T(i’ \P)ei@*’“)*dx

Here fa denotes the spectral density for the sequence {X;a : j € Z}. It is given by

o2 2H akl|1—2H
fa() = C(H)A Z : A+ 27k]

N 2 L (A0)2 + (A + 2mk)?

Indeed, using the spectral representation (6.3) we have

‘ B e’} y |£|172H
(G8) = B(X;aX0) = 2 C(H)(2n) [ eJA502+§2d£
(m+27k)/A ) |§|1 2H
— 2 oy
7 Z /7r+27rk A 92+£2 5

k=—o0
oo

x/A 1-2H
)(2m)~ / / Z GHAE+2mR/A) |25 + 27k/A| _de
/A +(§+27Tk/A)

— 00

1-2H
eunen s [ S o
r W T

Next we parameterize the model so that fa(\) = o2 f.(\) with
_ K(0, H) C(H)

f )= o2C(H) UQK(G,H)
K(0,H) = 0>C(H) exp ( — (2m)! / log fA(A)dA)

—T

fA()‘)’ 03:

Then, ffﬁ log f«(A\)dA = 0 and the approximative log-likelihood becomes

N
log LW (x, ¥) o —Elogaf 502

(0, H)x.

To maximize the approximate log-likelihood we see that it is sufficient to minimize

x'A(0, H)x
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with respect to 6, H to find the estimators 6, H and then put 62 = % (9, I:I) For
computational purposes we note that

P L
A0 =5 [ e

where In()\) = | Z§V:1 e X;a|?/(2nN). Furthermore, the asymptotic results will
hold if we replace the integral by a discrete sum (see e.g. Dahlhaus [4])

[V/2]
1
2 H) = —— X I (27k/N).
O = D Ty YY)
k=_[N/2]

Next we give a result on the consistency and asymptotic normality of the estimators.

Theorem 6.3. Let U* = (U}, U3, U%) = (07,0, H). The estimators 62(N), O(N)
and H(N) for the unknown parameters of the fractional Ornstein- Uhlenbeck process
satisfies with probability one

lim 62(N) =02, lim §(N)=0 and Jim H(N)=H.

N—oo N—o0

Moreover, the vector VN (U*(N) — U*) converges in distribution to a normal law
with mean zero and covariance 4xW ~1(U*) where,

T o 02 1
WO Hje= | Jah¥ )a\mallf,’; fa(x; \If*)dA'
—T J bl

Finally, the estimator \il*(N) 18 an asymptotically efficient estimate of U* in the
sense of Fisher.

Proof. The consistency follows from Theorem 1 in Fox and Taqqu [5], asymptotic
normality from Theorem 2.1 in Dahlhaus [4] and the asymptotic efficiency from
Theorem 4.1 in Dahlhaus [4] if we verify the conditions (A1)-(A7) in Dahlhaus [4].
To verify conditions (A1)-(A6) we may apply the arguments of Lemma 6 in Fox
and Taqqu [5] and instead verify the following conditions. For each § > 0 there
exist constants Cy(d) > 0 and C(d) > 0 such that

(B.1) fa(A;¥*) is continuous at all (A, T*), A # 0, and

Fa(X ) > Co() A 2H+0

(B2) fa(X¥*) < O30
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(B.3) 3\1,* fa(h; U, %fA()\;\P*) and MWfA(/\; U*) are continuous at
all (A, %), A 0,

0 * 1-2H—6
— : <
s fa O ¥ < CEOW,

| 5geage A T < CEON'27 and
FO¥L
83

P | < 1-2H—¢6

(B.4) gf (A 07), 6)\8'11* fa(x; %) and mﬁigwa(A; U*) are continuous at all
J
(A, %), A #0,

—2H—-§
|2 asw)| < C@N,

32

S| < —2H-§

FaOu )] < CE)IN2

‘8)\28\11*

The only difference from Lemma 6 in Fox and Taqqu [5] is the condition on the third
derivative appearing in (B.3) which is sufficient for verifying the third derivative
condition in (A3) in Dahlhaus [4]. To verify these conditions we write fa(A; ¥*) =
o2K(0,H)fi(\;0, H) with

AZH |)\|172H

2H

I\ + 2mk|1—2H
(A0)2 + (N +27k)?

ge(\ 7)) =
Then

K(0,H) =exp ( — (2m)! / log f1(A)dA)

and if we verify the conditions (B.1)-(B.4) for f; then by the arguments of Lemma
6 in Fox and Taqqu [5] we find that ffﬂ log fa(A)dA is three times continuously
differentiable in (6, H) under the integral sign. Hence K (60, H) is also three times
continuously differentiable and the conditions are satisfied for fa. A standard
theorem on differentiation of series shows that the sum -, gr(A; ") is three
times continuously differentiable at all (A, ¥*). To prove the conditions are satisfied
for A2H (27)~HA[172H ((AB)2 + A2)~! is elementary. It remains to show condition
(A.7) in Dahlhaus [4], i.e.
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(A7) fAMN(ON \I/*)a/\fA()\ U*) and d}\2 fAl()\;\II*) are continuous at all (A, U*), A #
0 and

< CONPHIR=0 0 for k=0,1,2.

ngl()\; ‘I’*)

Again, by the arguments of Lemma 6 in Fox and Taqqu [5] this follows if we verify
that

()N 2HF0 for k=0,1,2.

‘axkfl

Since Zk#) gr(A; U) is three times continuously differentiable at all (A, ¥*) we only

need to prove this for A7 (2m) 7L A|*72H((A6)% + A2)~! which is elementary. [

6.4 Numerical illustrations

To illustrate the performance of the estimator we have simulated M trajectories of
the fractional Ornstein-Uhlenbeck process and recorded the mean and the standard
deviation of the estimated parameter values as well as the correlation matrix. To
simulate the fractional Ornstein-Uhlenbeck process we have used the spectral rep-
resentation and the fast Fourier transform. The results are illustrated in the tables

below. For each simulation we have 02 =1, =1 and A = 1.
mean | stddev correlation
2(N) | 0.062 | 0.0087 11]-0.06 | 0.08
O(N) 1.42 0.71 | -0.06 1084
H(N) 0.62 0.12 | 0.08 | 0.84 1

Table 6.1. 02 = 0.065, § = 1, H = 0.6, A =1, N = 100, M = 50.

mean | stddev correlation
2(N) | 0.053 | 0.0090 11021 | 0.23
O(N) 1.25 0.44 | 0.21 11]0.71
H(N) 0.73 0.13 | 0.23 | 0.71 1

Table 6.2. 02 =0.053, 0 = 1, H = 0.75, A = 1, N = 100, M = 50.




6.4. Numerical illustrations

mean | stddev correlation
2(N) | 0.026 | 0.0034 110.12 | 0.05
O(N) | 096 | 0.34]0.12 11]0.72
H(N) 0.82 0.10 | 0.05 | 0.72 1

Table 6.3. 62 =0.027,0 =1, H=09, A =1, N =100, M = 50.

mean | stddev correlation
2(N) | 0.065 | 0.0046 1| 0.08 | 0.16
O(N) 1.21 0.35 | 0.08 11 0.90
H(N) 0.63 0.07 | 0.16 | 0.90 1

Table 6.4. 02 =0.065,0 =1, H = 0.6, A =1, N = 500, M = 50.

mean | stddev correlation
62(N) | 0.053 | 0.0038 1[-0.14 ] -0.02
O(N) 1.18 0.37 | -0.14 1] 091
H(N) 0.77 0.09 | -0.02 | 0.91 1

Table 6.5. 02 =0.053, 0 =1, H =0.75, A =1, N = 500, M = 50.

mean | stddev correlation
2(N) | 0.027 | 0.0016 1|-0.13 | -0.19
6(N) 1.02 0.26 | -0.13 1] 0.89
H(N) 0.89 0.08 | -0.19 | 0.89 1

Table 6.6. 02 =0.027,0 =1, H=0.9, A =1, N = 500, M = 50.
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