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Preface

I first heard about long-range dependence while working on a book on stable
processes with Murad Taqqu. Initially, the notion did not seem to stand out among
other notions I was familiar with at the time. It seemed to describe simply situations
in which covariance functions (or related functions) decayed at a slow rate. Why
were so many other people excited about long-range dependence? At best, it seemed
to require us to prove some more theorems. With time, I came to understand that I
was wrong, and the people who got excited about long-range dependence were right.
The content of this phenomenon is truly special, even if somewhat difficult to define
precisely. This book is a product of many years of thinking about long memory (this
term is synonymous with long-range dependence). It is my hope that it will serve as
a useful complement to the existing books on long-range dependence such as Palma
(2007), Giraitis et al. (2012), and Beran et al. (2013), and numerous surveys and
collections.

I firmly believe that the main importance of the notion of long-range dependence
is in statistical applications. However, I think of long-range dependence as a
property of stationary stochastic processes, and this book is, accordingly, organized
around probabilistic properties of stationary processes that are important for the
presence or absence of long memory. The first four chapters of this book are
therefore not really about long-range dependence, but deal with several topics in
the general theory of stochastic processes. These chapters provide background, lan-
guage, and models for the subsequent discussion of long memory. The subsequent
five chapters deal with long-range dependence proper. This explains the title of the
book: Stochastic Processes and Long-Range Dependence.

The four general chapters begin with a chapter on stationarity and invariance.
The property of long-range dependence is by definition a property of stationary
processes, so including such a chapter is necessary. Information on stationary
processes is available from many sources, but some of the material in this chapter is
less standard. The second chapter presents elements of ergodic theory of stationary
processes. Ergodic theory intersects our journey through long-range dependence
multiple times, so this chapter is also necessary. There are plenty of books on
ergodic theory, but this literature is largely disjoint from books on stochastic
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viii Preface

processes. Chapter 3 is a crash course on infinitely divisible processes. These
processes provide a crucial source of examples on which to study the presence or
absence of long memory. Much of the material in this chapter is not easily available
from a single alternative source. Chapter 4 presents basic information on heavy
tailed models. There is significant difference in the way long-range dependence
expresses itself in stationary processes with light tails and those with heavy
tails, particularly processes with infinite second moment. Therefore, including this
chapter seems useful.

Chapter 5 is the first chapter specifically on long-range dependence. It is of
an introductory and historical character. The best-known approach to long-range
dependence, applicable to stationary processes with a finite second moment, is
presented in Chapter 6. The vast majority of the literature on long-memory processes
falls within this second-order approach. The chapter we include contains results
not easily available elsewhere. Long-range dependence is sometimes associated
with fractional integration, and Chapter 7 discusses this connection in some detail.
Long-range dependence is also frequently associated with self-similarity. The
connection is deep, and much of its power is due to the Lamperti theorem, which
guarantees self-similarity of the limit in certain functional limit theorems. Chapter 8
presents the theory of self-similar processes, particularly self-similar processes with
stationary increments. Finally, Chapter 9 introduces a less-standard point of view
on long memory. It is the point of view that I have come to adopt over the years.
It views the phenomenon of long-range dependence as a phase transition. In this
chapter, we illustrate the phenomenon in a number of situations. Some of the results
in this chapter have not appeared before.

The book concludes with an appendix. I have chosen to include it for convenience
of the reader. It describes a number of notions and results belonging to the topics
used frequently throughout this book.

The book can be used for a one-semester graduate topics course, even though the
amount of material it contains is probably enough for a semester and a half, so the
instructor has to be selective. There are exercises at the end of each chapter.

Writing this book took me a long time. I started working on it during my
sabbatical in the Department of Mathematics of the University of Copenhagen and
finished it during my following sabbatical (!) in the Department of Statistics of
Columbia University. Most of it was, of course, written between those two visits, in
my home department, School of Operations Research and Information Engineering
of Cornell University. I am grateful to all these institutions for providing me with
wonderful facilities and colleagues that greatly facilitated writing this book.

A number of people have read through portions of the manuscript and contributed
useful comments and corrections. My particular thanks go to Richard Davis, Emily
Fisher, Eugene Seneta, Julian Sun, and Phyllis Wan.

Ithaca, NY, USA Gennady Samorodnitsky
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Chapter 1
Stationary Processes

1.1 Stationarity and Invariance

The stationarity of a stochastic process means the invariance of its finite-dimensional
distributions under certain transformations of its parameter space. The classical
definitions apply to the situations in which the parameter is one-dimensional, and
has the interpretation of time.

Definition 1.1.1. A discrete-time stochastic process (X,l, n e Z) is stationary if

(Xt n € Z) £ (X, n € Z) forall k € Z.
A continuous-time stochastic process (X(t), -0 <t < oo) is stationary if

(X(t+s), —00 <t < oo) £ (X(t), —00 <t < oo) forall s € R.

In this case, the transformations of the (one-dimensional) parameter space form
the group of shifts gg : T — T, s € T, defined by gt =t +sfort € T = Z
orT =R.

Sometimes, the stationarity of a stochastic process with one-dimensional time is
defined “halfway,” so to speak: the process is defined only on the positive half-line,
and shifts by only a positive amount are allowed. The following proposition shows
that the two notions are equivalent.

Proposition 1.1.2. (i) A discrete-time stochastic process (Xn, n=20,1,2,.. ) has

the property that (X,H_k, n=2~012,.. ) 4 (X,l, n=0,12,.. ) forall k =
0,1,2,...ifand only if there exists a stationary stochastic process (Yn, ne Z)

such that (X, n=0,1,2,...) £ (Y,, n=0,1,2,...).
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2 1 Stationary Processes

(ii) A continuous-time stochastic process (X(t), t > O) has the property that

(X(t +s),t > 0) £ (X(t), t > 0) for all s > 0 if and only if there exists a

stationary stochastic process (Y(t), —00 <t < oo) such that (X (¥, t> 0) £

(Y(), t>0).

Proof. We will prove the second part of the proposition. The proof in the discrete-
time case is the same. Clearly, the existence of a stationary process (Y(t), -0 <
t < oo) as in the proposition guarantees that the process (X ®,t > 0) has the
required shift-invariance of its finite-dimensional distributions. Conversely, suppose
that the finite-dimensional distributions of (X (1), t > 0) are invariant under positive
shifts. Define a family of finite-dimensional distributions on R by

Fiy.n(A) = P((X(O),X(tz —t)e. Xt —1)) € A) (1.1)

fork > 1,y <t < ... < t, and A a k-dimensional Borel set. This family is
clearly consistent and invariant under shifting all the time points by any real number.
By the Kolmogorov existence theorem (see, e.g., Theorem 6.16 in Kallenberg
(2002)), there exists a stochastic process (Y (1), —c0 <t < oo) whose finite-
dimensional distributions are given by (1.1). The shift-invariance of the family (1.1)
means that this stochastic process is stationary, and by construction, its restriction
to nonnegative times has the same finite-dimensional distributions as the process
(X(), r=0).0

Remark 1.1.3. Sometimes, the distributional invariance under shifts of Defini-
tion 1.1.1 is referred to as strict stationarity, to distinguish it (for stochastic
processes with a finite second moment) from the invariance of the mean of the
process and its covariance function when the time of the process is shifted. This
weaker invariance property is then called “stationarity.” In this book, stationarity
means exclusively the distributional invariance of Definition 1.1.1, and we will
refer to stochastic processes possessing the weaker invariance property as “weakly
stationary” or “second-order stationary.”

For stochastic processes (X (1), t e T) whose parameter space is not necessarily
one-dimensional, the notion of stationarity is typically connected to a group
of transformations of 7. Let G be a group of transformations ¢ : T — T
(the transformations are then automatically one-to-one and onto).

Definition 1.1.4. A stochastic process (X (1, t € T) is called G-stationary (or
stationary with respect to the group G of transformations of T) if (X(g(t)), t €
T) £ (X(1), t € T) forall g € G.

The most common examples are those of stochastic processes indexed by a finite-
dimensional Euclidian space.
Example 1.1.5. Let T = RY ford = 1,2,.... One says that a stochastic process
(X(t), t € RY) is stationary if (X(t + s), t € RY) L (X(t), t € RY) forall s € R7.
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Here the group G of transformations in Definition 1.1.4 is the group of shifts
gs(-) = -+ s for s € R, Stationarity with respect to the group of shifts will be
our default notion of stationarity of stochastic processes indexed by R, unless a
different group of transformations of R is specified, as in the next example.

Example 1.1.6. Let, once again, T = RY ford = 1,2,.... A stochastic process

(X(t), t e Rd) is said to be isotropic if (X(U(t)), t e Rd) L (X(t), t e Rd)

for each d x d orthogonal matrix U. According to Definition 1.1.4, an isotropic
stochastic process is stationary with respect to the group G = SO(d) of rotations
of RY,

A certain amount of ambiguity is connected to the notion of isotropy, because
one sometimes combines it with the stationarity under shifts of Example 1.1.5
and reserves the adjective “isotropic” for stochastic processes (X t),te Rd) that,
according to Definition 1.1.4, are stationary with respect to the group G of rigid
motions of R¢, consisting of transformations gy : RI >R U € SO(), s € R,
defined by gy st = U(t) +s, t € RY.

It is easy to understand what the various notions of stationarity and invariance
mean in the case of Gaussian processes.

Example 1.1.7. Let (X(t), t € RY) be a Gaussian stochastic process (see Exam-
ple 3.10). The finite-dimensional distributions of such a process are determined by
the mean function m(t) = EX(t), t € R? and the covariance function R(s,t) =
COV(X (s), X (t)), s,t € R?. Therefore, a Gaussian process is stationary if and only
if the mean function m(t) = m € R is constant on R and the covariance function
R(s,t) = R(t — s) depends only on the difference between its arguments (we are
committing here, and will continue committing in the sequel, the usual sin of using
the same name for two slightly different functions).

A Gaussian process (X(t), t € RY) is isotropic if and only if its mean function
m(t) = m(||t])., t € R? depends only on the length of the parameter 7, and
the covariance function R(s,t) = R(U t),U (s)) remains unchanged if both of its
arguments undergo the same rotation. In one dimension, this all means only that the
mean function is even.

Finally, a Gaussian process (X(t), t € R?) is stationary with respect to the group
of rigid motions of R if and only if its mean function is constant and its covariance
function R(s, t) = R(||t — s||) depends only on the length of the difference between
its arguments.

Two major classes of stationary stochastic processes are the linear processes of
Section 1.4 and the stationary infinitely divisible processes of Section 3.1, of which
the Gaussian processes of Example 1.1.7 form a special case.

Definition 1.1.8. A stochastic process (X(t), t € RY) has stationary increments if
the finite-dimensional distributions of (X(t + s) — X(s), t € RY) do not depend
ons e R,
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A similar definition applies to stochastic processes indexed by t € Z¢, in which case
the finite-dimensional distributions of the increment process should not depend on
the initial time point s € Z<.

Clearly, every stationary process has stationary increments as well, but the
converse is not true: there are nonstationary stochastic processes with stationary
increments.

Example 1.1.9. Let d = 1. A Brownian motion has stationary increments. More
generally, every Lévy process (X(t), —00 <t < oo) of Example 3.1.2 below
has stationary increments. Such a process is obviously nonstationary (unless it
degenerates to the zero process).

Example 1.1.10. Let (X(t), t e ]Rd) be a Gaussian process. It is clear that if its
mean function is linear, m(t) = (c, t), t € R?, for some ¢ € R?, and the incremental
variance depends only on the difference between the two points, Var(X t)—X (s)) =
H(t—s),s, te R4, for some function H, then the process has stationary increments.
The latter condition is also necessary for stationarity of the increments. The former
condition is necessary as well if, for example, the mean function is continuous
(which will be the case if the process is measurable; see below), but in general,
there are “pathological” nonlinear mean functions consistent with stationarity of
the increments, given as solutions of the Cauchy functional equation. See Bingham
et al. (1987). An example of a Gaussian process with stationary increments is the
fractional Brownian motion of Example 3.5.1, including the usual Brownian motion
as a special case.

The following, somewhat unexpected, result shows that stochastic processes with
stationary increments become stationary if one ‘“randomizes” them additionally
by a shift chosen according to the Lebesgue measure. We will always denote the
Lebesgue measure in any dimension by A.

Proposition 1.1.11. A stochastic process (X t), t e Rd) on a probability space
(Q ,F, P) has stationary increments if and only if the image on RE of the o-finite
measure A X P on R x Q by the map (u+ X(t+s), t € RY) : Rx Q — RE' s
independent of s € RY.

Proof. Suppose first that (X(t), t € R?) has stationary increments. Let t;, ..., t;,s
be arbitrary points in R, and let A be a (k + 1)-dimensional Borel set. Let F be the
(k + 1)-dimensional law of the random vector (X (s),X(t; +5s) —X(s),X(t; +s) —
X(t; +5),....X(t +5) — X(t;i— +s)). Notice that

)txP((u,a)) ERXxQ: (1.2)

(0 + X(s), X(t; +5) — X(5), X(tz +8) — X(t1 +5),..., X(t +5) — X(tg—1 +5)) € A)

=/(// 1((u+x,y1,...,yk)eA)F(dx,dyl,...,dyk)) du
R \JR JRK
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_ AP((X(tl +8) = X(9).X(ta +8) —~ X(t1 +5). .. X(t +5) — Xt +5) € Ay) du

where A, = {(v1,....5) € R : (w.y1....,m) € A} is the u-section of A. By the
stationarity of the increments, this last expression is independent of s € R¢. Since
for every (k 4+ 1)-dimensional Borel set B, there is a (k 4+ 1)-dimensional Borel set
A such that

{(X(),X1 ...,xk) : (X(),xl ...,xk) (S B}

= {()C(),Xl . ,Xk) : (xo,x1 — X0, ... Xk _xk—l) € A} y
this proves the required invariance of the infinite “law” of (u +X(t), te Rd) under
shifts.
In the opposite direction, given the invariance of the above infinite “law,” the very
first expression in (1.2) is independent of s € R? for all t;, ..., t; in R? and (k + 1)-

dimensional Borel sets A. Choosing A = [0, 1] x C, where C is a k-dimensional
Borel set, it follows from (1.2) that

P((X(tl +8) = X(5). X(ts +5) — X(t +5).... . X(t +5) —X(t_s +5)) € c)

does not depend on s € R either, which means that the process (X (t), te R") has
stationary increments. [

1.2 Stationary Processes with a Finite Variance

For a stochastic process (X (1,1t € T) such that EX(f)> < oo forall t € T, we
denote by

Rx (s, 1) = Cov(X(s),X(?)), s,t €T,

its covariance function. If 7 is a topological space and the process (X (1,1t e T) is
continuous in L2, then the bound

’RX(S, )] _RX(SI,II)‘

< (Var(x(s)) "/ (Var(X (1) — X(11))) "/ + (Var(X(11))"* (Var(X(s) — X(s1))) "

(it is an easy consequence of the Cauchy—Schwarz inequality) implies that the
covariance function is continuous in both of its arguments.
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It (X @), te T) is stationary with respect to a group G of transformations of 7,
then the covariance function automatically satisfies the relation

Rx(s.1) = Cov(X(s), X(1)) = Cov(X(g(5)), X(g(r))) = Rx(g(s), g(1)) (1.3)

foralls,teT, g eG.

In the particular case that G = T is an abelian group (e.g., G = T = R?, or
G = T = 7Z%), we will denote the identity element by 0 and use additive notation.
Selecting g = —s in (1.3) then gives us

Rx(s,t) = Rx(0,t —s), s,teT.

The covariance function of a G-stationary process then becomes a function of
one variable. It is very common simply to drop the unnecessary variable in the
covariance function and write Ry(f) when the meaning is Rx(s,s + ¢) for some
(equivalently, any) s € T. We will adopt this reasonably innocent abuse of notation
in this book. If G = T is a topological abelian group, and a process (X (0, t e T)
is both G-stationary and continuous in L?, then its one-variable covariance function
clearly inherits continuity from its two-variable counterpart.

It (X 1, te T) is a stochastic process with a finite variance, then for every n > 1,

n 2

t,...,t, € T, and complex numbers zi,...,z,, one has E
which gives the relation

n n

Z Z ZjzRx (1. 1) = 0. (1.4)

j=1 k=1

This is the nonnegative definiteness property of the covariance function. In the cases
in which stationarity allows us to use a one-variable notation for the covariance
function, the nonnegative definiteness property takes the form

n n
DY R (G — 1) = 0 (1.5)
j=1 k=1
foralln>1,¢,...,t, € T, and complex numbers zy, ..., z,.

Suppose now that G = T is a locally compact abelian group, and a G-stationary
process (X (1,1t e T) is continuous in L?. By Theorem 10.1.2, we know that there
is a uniquely defined finite measure @y on the dual group I' of G such that

Ry(t) = /r Y () px(dy). 1€ T (1.6)

(recall that y € I are the continuous characters of G). Since we work with real-
valued stochastic processes, the covariance function is real, and the uniqueness of
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Mx guarantees that it is invariant under the transformation of the dual group I' that
sends every continuous character to its complex conjugate. The measure Ly is the
spectral measure of the (covariance function of the) process (X(7), t € T).

Applying the general representation (1.6) to the cases G = T = RY and G =
T = 74 and using Example 10.1.1 proves the following theorem.

Theorem 1.2.1. (i) Let (X t), t € Rd) be a stationary stochastic process with
a finite variance, continuous in L*. Then there is a unique finite symmetric
measure jLy on R¢ such that

Rx(t) = /R ) @Y 1y (da), te RY. (1.7)

(ii) Let (X(t), t e Zd) be a stationary stochastic process with a finite variance.
Then there is a unique finite symmetric measure jix on (—m, ] such that

Rx(t) = / de“a»‘) ux(da), t ez . (1.8)
(—m,m]

In the second part of the theorem, the symmetry of the spectral measure wy is
understood to mean invariance under the map (-, 7Y — (—m, 7]¢ witha —
(H(a(l)),...,H(a(‘”) fora = (a(l),...,a(d)), and H : (—n,7n] — (—m, 7] is
defined by

H(a) = —a%f—n <a<m,
r ifa=m.

The measure .y in both parts of Theorem 1.2.1 is also called the spectral measure
of the (covariance function of the) process. Part (i) of Theorem 1.2.1 with d = 1
is often referred to as the Bochner theorem, while part (ii) of Theorem 1.2.1 with
d = 1 is often referred to as the Hergoltz theorem.

Example 1.2.2. Let (X(t), t € RY) be a stochastic process with a finite variance,
continuous in L?. Suppose that the process is G-stationary with respect to the group
G of rigid motions of R? (see Example 1.1.6). That is, (X(t), t € RY) is both
stationary and isotropic. Let px be its spectral measure in part (i) of Theorem 1.2.1.
For every rotation U € SO(d), we have by (1.3),

R) = Re(U(O) = [ @00 uy(d)

— [Tyt = [ o Ul
R4 R4
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for every t € R?. By the uniqueness of the spectral measure, we conclude that
ux = pux o U for all U € SO(d), and so the spectral measure of (X(t), t e Rd) is
invariant under the rotations of R.

If the spectral measure of a stationary process in either part of Theorem 1.2.1
has a density iy with respect to the d-dimensional Lebesgue measure A4, then Ay is
called the spectral density of the (covariance function of the) process. It a symmetric
(outside of a set of A -measure 0) function such that

Rx(t) = /R | ¢@Y hy(a)da, t € RY, (1.9)

if (X t), te Rd) is a stationary stochastic process with a finite variance, continuous
in L?, and

Rx(t) = / def<a~'> hx(a)da, t € Z9, (1.10)
(—m,m)

if (X (t), te Z‘]) is a stationary stochastic process with a finite variance.
A spectral density always exists if the covariance function of the process decays
sufficiently fast to zero at large lags.

Proposition 1.2.3. (i) Let (X t), te Zd) be a stationary stochastic process with
a finite variance. Assume that

Z)Rx(t)‘ < . (1.11)

tezd

Then the process has a bounded and continuous spectral density given by

hy(a) = 2m)™ ) " M PRy(1) (1.12)

tezd

forae (—m, )"
(ii) Let (X(t), t e Rd) be a stationary stochastic process with a finite variance,
continuous in L*. Assume that

/ ‘Rx(t)‘dt<oo. (1.13)
R4
Then the process has a bounded and continuous spectral density given by
hy(a) = 2m)™ f DRy (t) dt (1.14)
R4

fora e R
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Proof. (i) Fora = (aV,...,a) € (—m, )9, the function hy defined by the

(i)

right-hand side of (1.12) is well defined and is clearly bounded and continuous.
Since the covariance function Ry is nonnegative definite, forevery K = 1,2.. .,

05% > o TRy (t—s)

te{—K,... K} se{—K,...K}d
K K
=2 - Z

-k {9

d
H — (1)) & Zim iRy (0. 1))

()

and the last expression converges to Zdhx(a) as K — oo. Hence hy is a
nonnegative function. Finally, for every t € Z,

/ ¢V hy(a)da =Y Ry(s)(2m)™ / ¢ da
(—m,m)d d

sezd (=m.m)
= Rx(—t) = Rx(t),

since
/” o gy — 2 ifn =0,
_ﬂ “lo ifneZ,n#0.

Therefore, hy is the spectral density of the process (X(t), t € Z%).

Notice that the L? continuity of the process implies continuity, hence measur-
ability, of the covariance function, so the condition (1.13) makes sense. As in
part (i), fora = (aV,...,a'¥) € R, the function hy defined by the right-hand
side of (1.14) is well defined, bounded, and continuous. By the symmetry of
the covariance function, hy is also real-valued. If py is the spectral measure of

the process, then all we need to prove is that for all —co < y; < z; < 00, j =
1,....d,

d
/ o nayda = ux(T0531). (1.15)
[Ti=10.31 =1
and it is clearly enough to prove (1.15) for “boxes” ]_[‘;l(yj, zj] such that py
assigns zero measure to the set {x € R? : x0) = —y;j or — z;} = 0 for each
j=1,....d.

The integrability assumption (1.13) justifies the application of Fubini’s
theorem in



10 1 Stationary Processes

/ h(a)da = 27)™¢ / Rx(t) / ¢ da | dt
| TR R4 T 07271

J J

d il(i)z_f _ eil(j))'/

e
= @n) i Ry [ S—5—at.
@m~ lim | x()l_[ 5
[=T.7] j=1

For every T > 0, another application of Fubini’s theorem gives us

d i)y it0)y;
ey — i
/[_T.T]d Rx(® E ot

i) d eit(j)zj _ eit(j))f,-
= etV — | dt dw
/Rd /[—T,T]d 1_[ it® px (dw)

j=1
d A ‘
= Ad [ T(erG +w?) = orG; + w?)) uxdw).
j=1

where for T > 0 and i € R,

or(h) = [ ' Si“j’h) dr.

-7

Notice that ¢7(0) = 0, or(—h) = —¢r(h) for h > 0, and further, for & €
(0, 00), or(h) = @7;,(1) is a uniformly (for T > 0 and & > 0) bounded function
satisfying limy_, o, @7 (h) = 7. It follows that the function of 7 > 0 and w € R¢

d

[ [(er +w?) — or(y; + w))

j=1

is uniformly bounded and converges, as T — 00, to
27[11—[;;1 (5 (W)

apart from the points in the set {w € R? : wl) = —y;, or — z for some
j=1,...,d}, which has, by the assumption, jt.y measure zero.
By the bounded convergence theorem, we obtain

d_ itz _ ,itVy;

e
li R _—
TLIEOIO [—T,T]d X (t) 1_[ itO) dt
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d d
= (Zﬂ)dﬂx(l_[(_st —yj)) = (2”)dMX(1_[[_Zj’ _yj))

J=1 J=1

d
= (27)"pux (H(yj, z1)

J=1

by the symmetry of the spectral measure. The relation (1.15) follows. Therefore,
hy is the spectral density of the process (X t), te Rd). O

We finish this section with an example presenting several frequently encountered
one-dimensional spectral measures and densities.

Example 1.2.4. The first two examples refer to a continuous-time stationary
stochastic process (X (1), —co<t< oo) with a finite variance.

If Rx(r) = s 2 t € R, b > 0 (the so-called Gaussian covariance function),
then the spectral measure of the process is, of course, none other than the law of a
zero-mean Gaussian random variable with variance b%. Therefore, the process has
in this case a spectral density given by

1
hx(a) = ——e /) 00 <a<o0.

b2

If Rx(r) = el t € R, b > 0 (the so-called Ornstein—Uhlenbeck covariance
function), then the spectral measure of the process is the law of a Cauchy random
variable with scale b; see Samorodnitsky and Taqqu (1994). Therefore, in this case
the process has a spectral density given by

b 1

hx(a) = Py

—xX<a<x.

The final example is that of the fractional Gaussian noise, a centered discrete-
time Gaussian process (X ®,t=...,—-1,0,1,2,.. ) with covariance function

2
Ry(t) = %[lt—i—1|2H+|t—1|2H—2|t|2H], te’Z (1.16)

foro > 0and 0 < H < 1 (the Hurst exponent). This is a legitimate covariance
function, as we will see in Section 5.1.

We claim that the fractional Gaussian noise has a spectral density, and if H #
1/2, the density is given by

oo
hx(a) = C(H)o*(1 — cos a) Z 27+ a| O g <a <7, (1.17)

j==o0
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where

H(1 — 2H)
['(2—2H)cos(zH)

C(H) =

Notice that if H = 1/2, then (1.16) reduces to Rx(0) = o and Rx(t) = 0 fort # 0,
so that the fractional Gaussian noise with the Hurst exponent H = 1/2 is simply
an i.i.d. centered Gaussian sequence with variance 2. As such, it has a constant
spectral density hy(a) = 0%/(27), a € (—m, 7).

In order to check the validity of (1.17) for H # 1/2, observe first that the function
defined in (1.17) is symmetric, bounded, and continuous away from the origin. Its
behavior at the origin is determined by the term in the sum corresponding to j = 0.
Since

1
(1 —cosa)|a|~1T2 ~ §|a|1_2H, a—0,

we see that the function sy defined in (1.17) is integrable. Next, for every t € Z,

T T o
/ e"hy(a) da = C(H)OZ/ cos(ta)(1 — cosa) Z 1277j + a|~9F? da

—T -

j=—00
00 Lx(241)
= C(H)o? Z / cos(ta)(1 — cos a)|a|~ 2™ dq
2o D)
o0
= C(H)OZ/ cos(ta)(1 — cos a)|a| "2 dq .
—0o0

We will use the well-known integral formula

00 TQ—2H H
/ M sinada = 14 ) cos(wH) (1.18)
0

1-2H

forO0 < H < 1, H # 1/2; see, e.g., (7.3.8) and (7.3.9) in Titchmarsh (1986). Since
cos(ta)(1 — cosa) = % [(1 = cos((t — 1)a)) —2(1 —cos(ta)) + (1 —cos((t + 1)a))] .
we can continue the above computation to obtain

o0
2C(H)02[|t+ 1PH 4 e — 1P — |z|2H]/ a2 (1 _ cosa) da
0

02
- 7[|t FOPH 1P - 2|t|2H] :
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Since this coincides with the covariance function of the fractional Gaussian noise
in (1.16), it follows that the function Ay defined in (1.17) is the spectral density of
this process.

1.3 Measurability and Continuity in Probability

A continuous-time stationary stochastic process (X t), te ]Rd) may lack even very
basic regularity properties, as the following example shows.

Example 1.3.1. The so-called i.i.d. process is a process for which every finite-
dimensional distribution is the distribution of the appropriate number of i.i.d.
random variables. As an illustration, consider that case in which these i.i.d. random
variables are standard normal. Then the process is an uncountable collection of i.i.d.
standard normal random variables. Clearly, this process is very irregular: it is not
continuous in probability, and its realizations are unbounded on every infinite set of
time points.

In spite of the previous example, most stationary and stationary increment
processes one encounters possess as least some level of regularity. For example,
a certain degree of regularity is guaranteed for stationary and stationary increment
processes that are also measurable.

Definition 1.3.2. A stochastic process (X(t), t € RY) defined on a probability
space (Q, F, P) is measurable if the map X : RY x Q — R is product measurable.

Two stochastic processes, one measurable and the other not measurable, can
have the same finite-dimensional distributions. Nonetheless, the finite-dimensional
distributions of a process determine whether the process has a measurable version.
Explicit necessary and sufficient conditions on the finite-dimensional distributions
of a process for a measurable version to exist can be found in Section 9.4 of
Samorodnitsky and Taqqu (1994). When a measurable version of a process exists,
we always identify the process with such a version, and, with some abuse of
terminology, simply call that process measurable.

Theorem 1.3.3. Every measurable stochastic process (X(t), te Rd) with station-
ary increments is continuous in probability.

Proof. Let ux be the “inﬁnitel law,” described in Proposition 1.1.11, of the shifted
process (X(t), t € R?) on R® equipped with the cylindrical o-field.

Consider the o-finite measure space (RRd, /,Lx), and let Uy be the group of
invertible measure-preserving transformations on that space. The group operation
is the composition of two transformations, which we denote by o. We equip Uy with
the metric
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p(U V)= 2"(fioU—fao Vo +lfao U =fio V'), (1.19)
n=1

where (f,) is an orthonormal basis in the separable Hilbert space L? (RRd, ,ux).
Then (Uy, p) is a complete separable metric space; both the composition of two
transformations and taking the inverse of a transformation are continuous in the
metric p. In short, Uy equipped with the metric p is a Polish group; see Aaronson
(1997), pp. 13-14.

By Proposition 1.1.11, we can define amap T : R? — U, by

(T(9))((x(t), t € RY)) = ((x(t +5), t e RY)), s e RY. (1.20)

This map satisfies T(s; + s2) = T(s1) o T(s») for s;,s, € R?, ie., T is a group
homomorphism from R¢ to Uy. We claim that this map is also Borel measurable.
To show this, it is enough to prove that for every open ball B in the metric p, the
set {s € R? : T(s) € B} is measurable. By the definition of the metric p, this will

follow if we show that for every fixed functions (g,), (h,) in L? (RRd, /,Lx) and € > 0,
the set

seR Y 27 (h 0 T(s) = gulla + Ilfy 0 T(=8) = hull2) < € (1.21)

n=1
is measurable.
To this end, we will check that for every function f € L? (RRd, Mx), the map T
from R? to L2 (RRJ, j+x) that maps a point s € RY to the shifted function f,

(Ts)f) (1), t € RY)) = f((x(t + 5), t € RY)),

is Borel measurable. Indeed, such measurability will imply that the function s —
If o T(s) — g|| is measurable for every f, g € L*(R®", uux), and the sum in (1.21) is
a countable sum of measurable functions, hence itself measurable. By the definition
of the measure f1x, the measurability of the shift 7 on L*(R®’, ux) will follow once

we prove that for all f, g € L2 (RRd, ,ux) and € > 0, the set

{s eRY: /Oo E(f(u + X(t+s),teR)) —g(u+ (X(t).te Rd)))zdu < e}

—00
is Borel measurable. However, this is an immediate consequence of Fubini’s
theorem once we notice that by the measurability of the process (X(t), t € RY),
the map
(u.0.8) > (u+X(t+s),teRY)

from R x Q x R to RR is measurable.
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Since measurable group homomorphisms of a locally compact group and a
separable topological group (RY and Uy, respectively, in this case) are continuous
(Corollary 1.9 in Neeb (1997)), the map (1.20) is continuous. By the definition of
the metric (1.19), this means that for every function f among the basis functions f,
in (1.19), and for every t € R,

/oo E(f(u +X(+t) —f(u+X(+ s)))zdu —0 ass —>t. (1.22)

—0o0

Since every function f € L? (RRd, px) of norm 1 can be chosen to be in a basis of

L’ (]RRd, ,ux), we conclude that (1.22) holds for all f € L? (RRd, /,Lx).
Choosingf((x(r), re Rd)) = 1(|x(0)| < l), the statement (1.22) becomes

E(IX(t) —X(s)| A2) > 0 ass — t,

which is, of course, equivalent to saying that X(s) — X(t) in probability. (]

Remark 1.3.4. There is a simple and intuitive way to view the statement of
Theorem 1.3.3. Lusin’s theorem of real analysis says that a measurable function
is “nearly continuous”; see, e.g., Folland (1999). This allows for a “small number”
of “bad points.” Since each point of a process with stationary increment is equally
“good” or “bad” as far as continuity in probability is concerned, it is easy to believe
that every point must be a point of continuity in probability.

Remark 1.3.5. Note that Theorem 1.3.3 guarantees only that a measurable stochas-
tic process with stationary increments is continuous in probability. No claim
regarding sample continuity is made, and in fact, there exist measurable stationary
processes (X ), te R") whose sample functions are, on an event of probability
1, unbounded in every d-dimensional ball of a positive radius; see e.g. Maejima
(1983).

Interestingly, sometimes continuity and almost sure unboundedness in every ball
of positive radius are the only options for a measurable stationary stochastic process.
For example, for measurable stationary Gaussian processes, this is the statement of
Belyayev’s theorem; see 1t6 and Nisio (1968).

1.4 Linear Processes

Linear processes, otherwise known as infinite moving average processes, are
discrete-time processes of the form

o0 oo
Xo= Y Quj&i= Y @eny. n=12..., (1.23)

j=—00 j=—00
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where (g,, n = ...,—1,0,1,2,...) are i.i.d. noise variables, or innovations, and
(¢,) are deterministic coefficients. The coefficients, clearly, have to satisfy certain
conditions for the series to converge and the process to be well defined. It is obvious
that whenever the process is well defined, it is stationary. If ¢; = 0 for all j < 0,
then the moving average is sometimes called causal (with respect to the noise
sequence (&,)). In that case, each X, is a function of the noise variables ¢; withj < n.
Similarly, if ¢; = O for all j > 0, then the moving average is sometimes called purely
noncausal (with respect to the noise sequence). In that case, each X, is a function of
the noise variables &; with j > n.

Linear processes form a very attractive class of stationary processes because of
their clear and intuitive (though not necessarily simple) structure. As a result, they
have been very well studied.

The actual conditions needed for the series (1.23) to converge depend mostly on
how heavy the tails of the noise variables are. In the situation that the noise variables
are known to possess a finite moment of a certain order, the next theorem provides
explicit sufficient conditions for convergence of that series. Let € be a generic noise
variable.

Theorem 1.4.1. Suppose that E|e|P < oo for some p > 0.

(i) If0 < p <1, then the condition
oo
D gl < oo (1.24)
Jj=—00

is sufficient for convergence of the series (1.23).
(ii) If 1 < p <2 and Ee = 0, then condition (1.24) is sufficient for convergence of
the series (1.23). If Ee # 0, then (1.24) and the condition

o0
the series Z @; converges (1.25)

j==00

are sufficient for convergence of the series (1.23).
(iii) If p > 2 and Ee = 0, then the condition

D 9 <o (1.26)

j=—o0

is sufficient for convergence of the series (1.23). If Ee # 0, then condi-
tions (1.26) and (1.25) are sufficient for convergence of the series (1.23).

Under the sufficient conditions for convergence of the series (1.23) in all
three parts of the theorem, one also has E|X,|P <oo,n=1,2,....
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Proof. We begin by assuming that Ee = 0 whenever p > 1. We will prove that
the series (1.23) converges in L”. This will imply E|X,|? < oo, n = 1,2,....
Furthermore, it will also imply convergence of the series (1.23) in probability,
and for series of independent random variables, convergence in probability implies
almost sure convergence.

In order to prove the L7 convergence of the series (1.23), we need to show that

p

lim supE Z gig| =0. (1.27)

m—>00
k=0 m<|j|l<m+k

We will prove (1.27) by inductionon K = 1,2,..., by considering K — 1 <p < K.
Suppose first that K = 1. We have by the triangle inequality in L” that

p

E| Y gg <E Y lgllegl =Ellr Y gl

m<|j|<m+k m<|j|<m+k m=|j|<m+k

and (1.27) follows from (1.24).
Next, suppose that K = 2. Since we are assuming that Ee = 0, we may use the
Marcinkiewicz—Zygmund inequalities of Theorem 10.7.2 to obtain

14 p/2
E| Y g5 <BE| Y. g| . (1.28)

m=|j|<m-+k m=|jl<m+k

Since p/2 < 1, we may use, once again, the triangle inequality in /2 to conclude
that

p

E| Y. wog| <BE Y gl

m<|j|l<m+k m=<|j|<m+k

and (1.27) follows, once again, from (1.24).

Assume now that (1.27) holds for 0 < p < K, for some K > 2, and consider
K < p < K + 1. Note that the Marcinkiewicz—Zygmund inequalities still apply,
and (1.28) holds. Subtracting and adding Ee? inside the sum on the right-hand side,
we can further bound the right-hand side of (1.28) by

p/2 r/2
B2/ (E|s|2)p/2 Z ¢? + B,2"/>7E Z 97 (] — Ee?)

m<|j|l<m+k m<|j|<m+k
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The assumption (1.26) implies that

p/2

lim sup Z gojz =0.

m—>00
k20 m<|j|<m+k

Furthermore, p/2 < K, and so the induction hypothesis (which we apply while
replacing ¢; with ¢7 and &; with &7 — E¢?) tells us that

p/2

lim supE Z (pjz (ef — E&?) =0

m—o00
20\ i<l <mk

as well. This proves (1.27) for K < p < K + 1 and thereby completes the inductive
argument.

The above argument proves the statement of the theorem if one assumes that
Ee¢ = 0 whenever p > 1. If p > 1 but Ee # 0, then we write (for n = 0)

oo

i p_j &g = Z (p,j<(8j—E8) —i—Es)

j==00 j==00

and thereby reduce the situation to the case already considered. O

A partial converse to the statement of Theorem 1.4.1 is in Exercise 1.6.2. See
also Exercise 1.6.3.

Remark 1.4.2. Note that we have actually proved that in the case p < 1, the
series (1.23) converges absolutely in 7 and with probability 1. In the case p > 1,
absolute convergence may not hold, but the series converges unconditionally. This
means that for every deterministic permutation of the terms of the series, the
resulting series converges in L” and with probability 1, and the limit is almost surely
equal to the sum of the original series.

Let (Xn, ne Z) be a linear process (1.23), and suppose that the noise variables
have a finite second moment. The conditions of part (iii) of Theorem 1.4.1 are,
according to Exercise 1.6.2, necessary and sufficient for the linear process to be well
defined in this case; the fact that they are satisfied will be assumed in the sequel
every time we deal with finite-variance linear processes. The series defining the
process converges in L2, and therefore, the linear process has the covariance function

o0
Ry(n) = Var(e) Y @igipn. n=0.1.... (1.29)
Jj=—00

It turns out that a finite-variance linear process has a spectral density, as described
in the following theorem.
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Theorem 1.4.3. Let (Xn, ne Z) be a linear process (1.23) with a finite variance.
Then the process has a spectral density given by

o
Z gie| | ae(-m 7), (1.30)

where the series in (1.30) converges in L? ((—n.n), )Ll).

Proof. For m > 1, consider a finite-variance linear process (X,({"), n € Z) with

finitely many nonzero coefficients, cp(m) = ¢,1(|n| < m), n € Z. Define also

2

1 (a) = YO | 5 gl o= YO g

j=—m

,a€ (—mm).

Note that foreveryn =0, 1,.. .,

T V: ” .
/ R (4) da = ar(e) Z Z ‘le‘Pn/ elantin=i) gq

J1=—mja=—m

_ Var(e)

Z Z <Pj1<Pj21(iz -1 = n)(27r) = Rym (n)

J1=—mjy=—m

by (1.29). That is, h® is the spectral density of the linear process (X\", n € Z).
Form,k > 1, ( mth) _ xm e Z) is also a finite-variance moving average, with
finitely many nonzero coefficients, (¢,1(m < |n| < m + k), n € Z), and hence has
the spectral density

Vi
h(m.k)(a) E;I'(S) | (m+k)(a) (Wl)(a)|2 ,a€ (_7{’ 71') .
Therefore,
mto ) _ Yar@) [T
var(xg" - x(") = | M) da (1.31)
Var(¢)

i m m 2
=0 8" (@) — g"(a)|” da.
s -
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Since by the L? convergence of the series (1.23), the right-hand side of (1.31)
converges to zero as m — 0o, uniformly in k, we conclude that

lim sup/ } n+h) (q) — g('")(a)| da =0,

m—>00 >0
and so the sequence of functions
m
™ (a) = Z ge’, ae(—m,m),
j=—m
m=1,2,..., converges in Lz((—n.n), )Ll). If we denote its limit by
o0
ga)= > @e ae(-m.m),
j=—00
then we can use twice the L? convergence, first on the probability space, and then
on ((—n, ), )L]) to obtain, for everyn =0, 1, ..,
7'[ .
Rx(n) = lim Rywm(n) = lim / "h™ (a) da
m—00 m—oo J_

— iim [ VE'I(S)I ") ()| d /_ ' Var(8)| (@) da

m—>0Q
T[ .
= / e“"h(a)da,

-7

which shows that 4 is the spectral density of the finite-variance linear process
(Xn, ne Z). O

The function g(a) = Z]ﬁ_w @, —w < a < mw, is sometimes called the
transfer function of the linear filter defined by the coefficients (¢,), and the function
|g|? is called the power transfer function of that filter.

Example 1.4.4. A special class of linear processes consists of stationary AutoRe-
gressive Moving Average, or ARMA, processes. Let r,q > 0 be two nonneg-
ative integers, and let (¢o,...,¢,;) and (6p,...,0,) be real numbers such that
Po =6y = 1.

Given a sequence (sn, ne Z) of i.i.d. random variables, a stationary ARMA(r, q)
process (Xn ne Z) is defined to be a stationary process that satisfies the recurrence

r q
> ¢Xuj =) 6, foralln e Z. (1.32)
—

J=0

We will assume that the noise variables satisfy E|e|’ < oo for some p > 0.
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In order to answer the obvious existence and uniqueness questions, and to
see the connection with the linear processes, we introduce two polynomials: the
autoregressive polynomial ¢ and the moving average polynomial 0, of degrees r
and g, respectively, defined by

r q
() =) ¢, 6(x) =) 6. xeC.

=0 =0
We assume that

¢(x) £ 0 forall x € C with |x| = 1. (1.33)

Under the assumption (1.33), the polynomial ¢ does not vanish in the annulus
{x € C: R < |x| < R} for some R > 1. Therefore, 1/¢ is an analytic function in
that region and hence has a power series expansion

1 =
m = Z ¥ix', xeC, R7' <|x| <R; (1.34)
x A
j=—00

see Section 2.3 in Chapter VI of Ahlfors (1953). In particular, the coefficients (1)
decay exponentially fast: for every T € (R™!, 1), there is a finite C such that |y;| <
C7U! for all j. The analytic function equal identically to 1 satisfies in the annulus
{x e C: R™! < |x| < R} the relation

r o0
L= "¢ Y .
j=0  j=—o0

and the uniqueness of the power series expansion of an analytic function means that
the coefficients at the like powers of x in the two series are the same:

> ek =1(=0). (1.35)
k=0

Similarly, the expansion of the analytic function 6/¢ satisfies

q . oo ) 0 e’} .
Do Yy = qﬁ% =) g (1.36)
Jj=0 Jj=—00

j==o0

in the annulus {x € C : R~! < |x| < R}, and using once again the uniqueness of the
power series expansion of an analytic function tells us that the coefficients of like
powers of x in the two series around 6/¢ are the same:
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q
¢ =Y _ Oy foreachj € Z. (1.37)
k=0

We conclude that the coefficients (¢;) decay exponentially fast as well. Furthermore,
the relation

O(x) = qb(x)ﬁ xeC, R "< |x| <R,

)’

between three analytic functions leads to the corresponding relation between the
three series expansions in that annulus:

Zex/ Z¢J Z (pjx’

j=—00

Appealing yet again to the uniqueness of the power series expansion of an analytic
function, we may equate the coefficients of like powers of x to conclude that

r

=" g jEL. (1.38)

k=0

which one interprets as 0 = 0if j & {0, ..., g}.

Recall that the noise variables satisfy E|e|’ < oo for some p > 0. Theorem 1.4.1
applies regardless of the value of p > 0, and the infinite moving average X,, =
Z;’i_oo ¢Yn—j €, n € Z,in (1.23) with the coefficients given by (1.37) is well
defined. Furthermore, for every n € Z, we can use (1.38) to see that

Z¢an—j Zd)j Z Pk En—j—k
j=0

k=—00

oo

_Z¢/ Z Ok—j En—k = Z Z¢;<ﬂk; En—k

k=—00 k=—o00 \ j=0

q
= E Okt »
k=0

and so the linear process with the coefficients given by (1.37) satisfies the ARMA
equation (1.32).

In the other direction, suppose that (Xn ne Z) is a stationary process satisfying
the ARMA equation (1.32), and denote by W, the random variable appearing on
both the left-hand and right-hand sides of (1.32), n € Z. Since E|¢|’ < oo, we
also have E|W|P < oo. The first Borel-Canteli lemma then shows that with the
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coefficients (v;) defined by (1.34), the sum Zi Y;W,—; converges with probability
1 for each n, and, by (1.32), this sum can be written in two different ways:

YW = Z w]ZM ik = Z w,Zeksn_, ‘- (1.39)

j=—00 j=—00 j=—00

We first treat the last sum in (1.39). Interchanging twice a finite sum and a
convergent sum, and using (1.37), we obtain

Z szekgnj k—zek Z % kEn—j

j=—00 Jj=—00
= 5 (L) o= 3 o
j=—00 j=—00

We would like to offer a similar treatment to the middle sum in (1.39), but a problem
arises, since we do not know a priori whether the stationary process (Xn ne Z) has
any finite moments and hence cannot guarantee that a sum of the type Zj VX
converges. To overcome this problem, we write

Z 1rljjz¢)k}(n—j k — hm Z %Zﬁbkx n—j—k »

j=—00 J—*M k=0

and we work first with the finite double sum above. Write for M > r,

r k+M
Z w]me ik = quk > Xy
j=—M k=0 k=0 Jj=k—M
00 min(rj+M)

= Z Z ¢kwj—k Xn—j~

j=—00 \ k=max(0,j—M)

Appealing to (1.35), we see that for r — M < j < M, the sum over k on the right-
hand side above is equal to 1(/' = 0). Therefore, the middle sum in (1.39) can be
written as

r—M—1  min(rj+M)

X+ lim | Y7 Yo i | Xuy (1.40)

j=—00 \ k=max(0,j—M)

00 min(r,j+M)

+ Z Z GeVj—k | Xn—j

j=—M+1 \ k=max(0j—M)
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Next, observe that the inner sums over k vanish if j < —M in the first sum over j
and j > M + r in the second sum over j. If we set ¥/ (M) = sup|;.p—, |¥;| and

gb > —o |9/, then each of the two double sums above is stochastically bounded
by ¥ (M) > =1 [Xj|. Clearly, V(M) — 0as M — oo, and the limit in (1.40) is
equal to zero, as a limit in probability. We conclude that the middle sum in (1.39)
is equal to X, and therefore, the stationary process (X,l n e Z) satisfies X, =
Zﬁ_w ¢Yn—j €, h € Z, with the coefficients defined by (1.37). We have, therefore,

j
the following result.

Theorem 1.4.5. Suppose that the autoregressive polynomial ¢ has no roots on the
unit circle of the complex plane (i.e., satisfies the assumption (1.33)), and that for

some p > 0, E|e|P < 0o. Then the ARMA equation (1.32) has a unique stationary
solution. The solution is a linear process

o
= Z Yn—j &, N € L

j==o0

with the coefficients (¢;) defined as the coefficients of the series expansion (1.36)
of the ratio of the moving average and autoregressive polynomials in an annulus
{x € C: R" < |x| < R} in which the autoregressive polynomial ¢ does not
vanish. Alternatively, the coefficients (¢;) are given by (1.37). The unique stationary
solution of the ARMA equation (1.32) is a process with a finite absolute pth moment.

Furthermore, if the autoregressive polynomial ¢ has no roots on or inside the
unit circle of the complex plane, i.e., if

¢(x) #0 forall x € Cwith |x| <1, (1.41)

then ¢; = 0 for j < 0, and the unique stationary solution of the ARMA
equation (1.32) is a causal moving average

n
= Z On—j &j, N E L.
j==00

If the autoregressive polynomial ¢ has no roots on or outside of the unit circle of the
complex plane, i.e., if

¢ (x) # 0 forany x € Cwith |x| > 1, (1.42)

then ¢j = O for j > 0, and the unique stationary solution of the ARMA
equation (1.32) is a purely noncausal moving average

o0
X, = Zgon_j g, n€7Z.

j=n
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The only parts of Theorem 1.4.5 that have not yet been proved are the facts
that the unique stationary solution is purely causal under the assumption (1.41) and
purely noncausal under the assumption (1.42). These, however, follow immediately
from the facts that a function analytic inside a circle has a convergent series
expansion inside that circle into nonnegative powers of the argument, while a
function analytic outside a circle has a convergent series expansion outside that
circle into nonpositive powers of the argument; see Ahlfors (1953).

If we now assume that the noise variables have a finite second moment, then
Theorem 1.4.3 applies to the stationary ARMA process, and we conclude that it has
a spectral density given by

0 (e 2

_ Var(s) i (pjeij“ _ Var(e)

_ Varte) o)
2 |¢(eia) 2’

ac(—mm). (1.43)

Since the spectral density of a stationary ARMA process is the ratio of (the norms of)
two finite polynomials of the complex exponential, one sometimes says that such
processes have a rational spectral density.

1.5 Comments on Chapter 1

Comments on Section 1.3

Statements of the type “measurability implies continuity in the presence of homo-
geneity” have been proved in different areas of mathematics. A common reference
is Banach’s theorem on homomorphisms between Polish groups (Theorem 4 in
Banach (1955), p. 23). Banach assumes, however, Baire measurability instead of
Borel measurability, which is more common in probability theory.

Comments on Section 1.4

A wealth of information on the ARMA processes of Example 1.4.4 is in
Brockwell and Davis (1991). This book also contains useful additional information
on general finite-variance stationary processes.

1.6 Exercises to Chapter 1

Exercise 1.6.1. Let (X t), te Rd) be a stationary stochastic process with a finite
variance, continuous in L, with a spectral measure jix. Then the restriction of the
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domain of the process to the integers, (X (t), te Zd), is also a stationary stochastic
process with a finite variance. How is its spectral measure related to the “continuous
time” spectral measure [Lx?

Exercise 1.6.2. Suppose that the series in (1.23) converges. Show that the coeffi-
cients (¢,) must satisfy (1.26).

Exercise 1.6.3. [t is tempting to guess that if the series in (1.23) converges and
Ele|P = oo for some 0 < p < 2, then (1.24) has to hold. The following provides a
counterexample.

Let (g;) be i.i.d. symmetric random variables taking values £n! forn =1,2,...
such that P(e = n!) = P(e = —n!) = ¢/(n + 1), where ¢ > 0 is a normalizing
constant. Suppose that the sequence of the coefficients (@,) is piecewise constant,
with (n— 1)! of the coefficients taking the value 1/n! forn = 1,2, .. .. Show that the
series in (1.23) converges, that E|e| = 0o, and that (1.24) fails for p = 1.

Exercise 1.6.4. Give an alternative proof of the convergence part of Theorem 1.4.1
using the three series theorem.

Exercise 1.6.5. Prove the following extension of Theorem 1.4.3. Let Y be a finite-
variance stationary process with a bounded spectral density fy. Let (¢;) be real
coefficients satisfying (1.26). Then

oo
X,,Z Z (ijn—jv n=1,2,... N

j==o0

is a well-defined finite-variance stationary process, and it has a spectral density, a
version of which is given by

2

KO =fr@x)| Y ge|  xe(=m ).

j=—o0



Chapter 2
Elements of Ergodic Theory of Stationary
Processes and Strong Mixing

2.1 Basic Definitions and Ergodicity

Let (X,,, ne Z) be a discrete-time stationary stochastic process. Consider the space
RZ of the doubly infinite sequences x = (..., x_y, X, X1, X2, ...) of real numbers,
and equip this space with the usual cylindrical o-field BZ. The stochastic process
naturally induces a probability measure px on this space via

px{x € R%: (vi.....x) € B} = P((Xi.....X;) € B) @.1)

forall i < j and Borel sets B € R/ ! The space R” has a natural left shift operation
0 : RZ - RZ Forx = (...,x_1,X0,X1,X2,...) € RZ, the shifted sequence 0x is
the sequence of real numbers whose ith coordinate is the (i + 1)st coordinate x;;
of x for each i € Z. Formally,

9((...,)C_l,X(),xl,Xz,...)) = (...,X(),)C],)CQ,X3...).

Clearly, the left shift is a one-to-one transformation of RZ onto itself, and both 6
and its inverse, the right shift 0!, are measurable with respect to the cylindrical
o-field. Note that the left shift § leaves the measure ux on R” unchanged, because
for all i < j and Borel sets B € RI—+1,

ux o Q_I{X € RZ . (x,‘, . ,x,-) € B} = Mx{X (S RZ : (.X,'_H, e vxj-H) S B}
= P((Xi1. . Xp41) € B) = P((X..... X)) € B)
= /,inXERZI (x,-,...,xj) GB},
© Springer International Publishing Switzerland 2016 27
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where the third equality follows from the stationarity of the process. In other words,
the left shift preserves the measure ux induced by a stationary process on RZ.
This is, of course, not particularly exciting. On the other hand, in spite of this
preservation of the measure px by the left shift, if we choose a point (sequence)
x € R” according to the probability measure f1x, there is no reason to expect that
the trajectory 6"x, n = 0,1,2, ..., of the point x should be in some way trivial.
Here 6" = 0 o ... o 6 is the composition of n left shifts, n = 1,2, ... (which is, of
course, simply a left shift by n time units), while 6 is the identity operator on R”.

In fact, for most stationary stochastic processes, a “typical point” x selected
according to the measure px follows a highly nontrivial trajectory. Such trajectories
are, obviously, closely related to interesting probabilistic properties of a stationary
process. Therefore, ergodic theory that studies measure-preserving transformations
(as well as more general transformations) of a measure space provides an important
point of view on stationary processes. In this and the following sections of this
chapter, we describe certain basic notions of ergodic theory and discuss what they
mean for stationary stochastic processes. Much more detail can be found in, for
example, Krengel (1985) and Aaronson (1997).

We commence by noting that the connection between a stationary stochastic
process (Xn, n e Z) and the probability measure px it induces on the cylindrical
o-field on R? is not a one-way affair, in which the stationary process, defined on
some probability space (Q, F, P), is the “primary actor” while the induced measure
ux is “secondary.” In fact, if we start with any probability measure y on R? that is
invariant under the left shift 6, then we can define a stochastic process (Xn, ne Z)
on the probability space (Z, B%, j1) by

X,(x) =x,, n€Z, forx = (..., x_1,Xx0,X1,X2,...) € RZ, (2.2)

and then the invariance of the measure p causes stationarity of the process
(Xn, ne Z). Moreover, the measure px induced by this process coincides with p.
Recall also that the definition of the cylindrical o-field shows that there is a one-
to-one correspondence between shift-invariant probability measures on R” and
collections of the finite-dimensional distributions of stationary stochastic processes
indexed by Z.

We conclude that, given a collection of the finite-dimensional distributions of a
stationary stochastic process, we can define a stochastic process with these finite-
dimensional distributions on the space R? equipped with the cylindrical o-field
and appropriate shift-invariant probability measure via the coordinate evaluation
scheme (2.2). Since the ergodic properties of stationary stochastic processes we
discuss (such as ergodicity and mixing) depend only on the finite-dimensional
distributions of these processes, it is completely unimportant on what probability
space a stochastic process is defined. However, the sequence space R” has a built-in
left shift operation, which provides a convenient language for discussing ergodic
properties. Therefore, in this section we assume, unless stated otherwise, that a
stationary process (X,,, n € Z) is defined on the probability space (RZ, Bz, /,L)
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by (2.2), and that the probability measure p is shift-invariant. We emphasize that
our conclusions about ergodic properties of stationary stochastic processes applies
regardless of the actual probability space on which a process is defined.

For now, however, we consider an arbitrary o-finite measure space (E JE, m) Let
¢ : E — E be a measurable map. The powers of ¢ are defined in the sense of
repeated application: ¢" is a map from E to E given by ¢"(x) = ¢ (¢ (... p(x))) for
n > 1 (applying ¢ n times). The operator ¢° is, by definition, the identity operator
on E. A set A € € is called ¢-invariant if m(A A $~'A) = 0, where A denotes
the symmetric difference of two sets. It is easy to check that the collection Z of
all ¢-invariant sets is a sub-o-field of £ (see Exercise 2.6.2); we call Z the (¢-)
invariant o-field. Invariant o-fields naturally appear in the following key result of
ergodic theory.

Theorem 2.1.1 (Birkhoff’s pointwise ergodic theorem). Suppose thatp:E — E
is a measurable map, preserving the measure m. Let f € Li(m). Then there is a
function gr : E — R, measurable with respect to the invariant o-field I, such that

n—1
%Zf(q&’(x)) — gr(x) asn —> oo
j=0

Sfor m-almost every x € E. The function g satisfies g € Li(m), |lgrlli < Ifll1, and

/ 4 () m(dx) = / £(6) mid)
A A

for every set A € T of finite measure m.

See, e.g., Theorem 2.3 in Krengel (1985, p. 9). Note, for example, that if the measure
m in Theorem 2.1.1 is actually a probability measure, then the properties of the
function gy in the theorem identify that function as the conditional expectation of f
(viewed as a random variable on the probability space (E L€, m)) given the invariant
o-field 7.

A map ¢ : E — E is called nonsingular if ¢ is both onto and one-to-one, both
¢ and its inverse ¢! : E — E are measurable, and the induced measure m o ¢~
is equivalent to the original measure m. Clearly, if ¢ preserves the measure m, it is
also nonsingular, as long as it satisfies the other requirements of nonsingularity.

Definition 2.1.2. A nonsingular map ¢ on (E,E m) is called ergodic if every
¢-invariant set A is such that either m(A) = 0 or m(A°) = 0.

Note that every measurable set A such that either m(A) = 0 or m(A°) = 0
is invariant for every nonsingular map (see Exercise 2.6.3). They are trivially
invariant, so to speak. What distinguishes ergodic nonsingular maps is that no other
measurable sets are invariant for these maps.
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Example 2.1.3. Let E = 7Z, let £ be the collection of all subsets of Z, and let m
be the counting measure. Consider two nonsingular (actually, measure-preserving)
maps: ¢1(x) =x+ 1, ¢a(x) = x, x € Z.

Note that the only ¢;-invariant sets are the empty set and the entire space Z.
These are trivially invariant sets, and hence ¢, is an ergodic map.

On the other hand, ¢, is the identity map, so that every measurable set is invariant
with respect to ¢,. Since this includes many nontrivially invariant sets (such as the
set of all even numbers, for example), the map ¢, is not ergodic.

If ¢ is a nonsingular measure-preserving ergodic map, then Exercise 2.6.4 tells
us that the function gy in Birkhoff’s pointwise ergodic theorem must be a constant
function regardless of what function f € L;(m) we choose. In particular, if m is
an infinite measure, then for every such f, the function gr must be, up to a set of
measure zero, the zero function, since g; € L;(m), and the only constant function in
the space L (m) of an infinite measure m is the zero function.

Now let (X,,, ne Z) be a stationary stochastic process defined by (2.2) on the
probability space (R”, B%, i) with a shift-invariant ;. We say that the stochastic
process is ergodic if the left shift 6 is an ergodic map, R* — RZ, in the sense of
Definition 2.1.2. Since ergodicity of the left shift is determined by the probability
measure w, which is, in turn, determined by the finite-dimensional distributions
of the process, the latter determine whether a given stationary process is ergodic.
Notice that a stationary process (X,, n € Z) is ergodic if and only if the time-
reversed process (X_,,, ne Z) is ergodic (see Exercise 2.6.3).

Example 2.1.4. Tail and invariant o-fields In the context of stationary stochastic
processes on (R%, B, 1), the (6-)invariant o-field Z is a sub-o-field of B%. Another
important natural sub-o-field of B is the tail o-field T, defined as the completion
with respect to the measure p of the o-field

[ele)
ma(x,1,xn+l,...).

n=1

In general, not every tail event is an invariant event, as can be seen by choosing
= 18 + 18 (2.3)
M= ) (...,0,1,0,...) ) (. 1,0.1,..) .
(xo = 1 in the first sequence and xy = 0 in the second sequence), and
A= {( .oy X_1,X0,X1,X2,...) : Xz, = 1 for infinitely many n = 0, 1,2, .. } .

On the other hand, we claim that every invariant event is a tail event, that is,

IcT. (2.4)
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To see this, let A be an invariant cylindrical set. Since the sets in a o-field can
be approximated arbitrarily closely with respect to a probability measure by the sets
in a field that generates the o-field, for every ¢ > O there is a finite-dimensional
cylindrical set B such that

n(AAB)<e

(finite-dimensionality of B means that B € o (x. ..., X,) for some k < m); see, for
example, Corollary 1, in Billingsley (1995, p. 169). Since the measure u is shift-
invariant and the set A is invariant as well, we conclude that for every n > 0,

ez pu(AnB)=p(07' (A0 E))
= (07 Wa67®) = n(an67'®).
and iterating this procedure, we see that
;L(A A 9—"(3)) <e

for all n = 0,1,.... Note that if B € o(x,...,x,), then 67"(B) €
O'()Ck+,,, . ,.Xm+,,).

We conclude that for every ¢ > 0, there are sets B, € o(x,,X,+1,...) for
n = 0,1,2,... such that for every n, u(A AB,) < &/2". This implies that for
everym=20,1,2...,

o0
M(A AU Bn> <Y wAAB,) <e/2",

n=m

and then also
o0
“(A A Nl U:imBn) = Z p(AA U2, B,) <4e.
m=0

Therefore, for every & > 0, there is a set B € T such that j4(A A B) < ¢, and since
T is a o-field, there is also B € T such that (A A B) = 0. Therefore, A itself is a
tail event.

As a corollary, we conclude that every stationary process for which the tail o-field
consists of trivial events (i.e., of the events of probability O or 1) must be ergodic,
because every invariant event will also have probability O or 1. For example, if
(X,,, ne Z) consists of i.i.d. random variables, then by the Kolmogorov zero—one
law, the tail o-field consists of trivial events, and so every i.i.d. process is ergodic.
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It (X,l, n € Z) is a stationary stochastic process defined by (2.2) on the
probability space (RZ ,BZ, /,L) with a shift-invariant u, then Birkhoff’s pointwise
ergodic theorem applies, of course, in the usual way, and the limiting function g in
that theorem is, of course, the conditional expectation of f given the invariant o-field
just because m is a probability measure. It is interesting to see how the pointwise
ergodic theorem applies if a stationary process (Xn ne Z) is defined on an abstract
probability space (52 ,F, P).

We start by defining the invariant o-sub-field Zx of F. Let Tx : Q — RZ be
the measurable map Tx(w) = ( L X (), Xo(w), X (), .. ) If 7 is the invariant
o-field in RZ, then we set

Ix = TX'T = {T;l(A), Ac I} CF. 2.5)

If p is the shift-invariant probability measure on R? induced by the stationary
process via (2.1), then for every measurable function f : R — R such that

E[f(....X-1.X0.X....)| < o0, (2.6)
we have
1 n—1 1 n—1 '
=D S X1 (0. X(@). X (@), ) = — 3 f (0 (Tx(@))
j=0 j=0
= E,(f|7)(Tx(0)) = E(f(. X Xo Xy .)‘Ix)(a)) 2.7)

with probability 1, where E, is the (conditional) expectation with respect to the
probability measure 1 on R%. The convergence follows from Birkhoff’s pointwise
ergodic theorem, and the last equality follows from the definition of the o-field Zx.

In particular, a stationary process (X,,, ne Z) is ergodic if and only if the o-field
TIx defined by (2.5) consists of trivial events. For an ergodic stationary process, one
has

n—1

1
Jim =3 f (X (@), X(@). X1 (). ) 2.8)
j=0

= Ef(.... X1, X0, X1,...)

with probability 1, for every measurable f satisfying (2.6). Of course, the converse
statement is also true: if (2.8) holds for every measurable f satisfying (2.6), then the
process is ergodic.

Example 2.1.5. The Strong Law of Large Numbers Suppose that (Xn, ne Z) is an
ergodic stationary process with a finite mean. Choosing

f(...,x_l,xo,xl,...) = X0,
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an immediate application of (2.8) proves the strong law of large numbers

1 n—1
Jim -~ ng = EX, (2.9)
with probability 1. Note, however, that the strong law of large numbers (2.9) may
hold for nonergodic stationary processes and hence does not imply ergodicity. For
example, let (X,,, n e Z) be a canonical stationary process defined by (2.2) on
(R%, B%, i), where a shift-invariant p is the following modification of the measure
in (2.3):

1 1 1
= -4 -6 -8 )
2 706-0.10..) + 206101 + 5061/21/2.1/2,..)

In this case, the law of large numbers trivially holds (with EX, = 1/2), but the
process is not ergodic, since the event

A= {inﬁnitely many of x, are equal to zero}

is obviously invariant, and its probability is equal to 1/2.

The following proposition presents a characterization of ergodicity in the context
of stationary stochastic processes that is particularly easy to visualize: a stationary
process is ergodic unless it can be represented as a mixture of two stationary
processes with different finite-dimensional distributions.

Proposition 2.1.6. A stationary process (Xn, n € Z) is nonergodic if and only
if there is a probability space supporting two stationary processes, (Y,,, n e Z)
and (Z,,, ne Z), with different finite-dimensional distributions, and a Bernoulli(p)
random variable with 0 < p < 1 independent of them such that

(Yn, ne Z) with probability p,

4
(X,,nez)= (Z,, n € Z) with probability 1 — p.

(2.10)

Proof. Suppose first that the process (Xn n e Z) is not ergodic, and let i be the
probability measure induced by the process on the probability space (RZ, Bz, /L)
via (2.1). By the lack of ergodicity, there is a set of sequences A € Z with p :=
1(A) € (0, 1). Define two new probability measures on (RZ, Bz, /L) by

i) =p~'u(BNA), u(B)=(1-p)~'u(BNA°), BeB”.
Using first the shift-invariance of A and then the shift-invariance of u, we see that
w67 B) = p ' u(67'(B)NA) = p w(67(B) N 671 (4))
=p ' w(07'(BNA)) =p~'u(BNA) = ui(B),

and hence p; is shift-invariant. Similarly, the probability measure p, is shift-
invariant as well.
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Let now = R% N {0, 1} N RZ, with the product o-field, and let

P = x (p1 + (1 —p)do) X pa.

Using the obvious notation, we define three stochastic processes on this probability
space by

_fwifb=1

Wu(....,vy—1,y0,¥1...), b, (..., 2=1,20,21...)) = . ,
(Coooy—toy0. 120 by (oozr,20.21 -2 2) L ifb =0

Yo(Coooymiyouyi o)y by (o 221.20021--2)) = Vs
Zo((oooy=1v0. 1.0, by (2o, 20,21-.)) = 2py NE L.

Since the measures @, and w, are shift-invariant, the processes (Y,,, n e Z) and
(Z,,, n e Z) are stationary. If the two processes had the same finite-dimensional
distributions, then the probability measures they generate on (R”, B%, ;1) would
coincide. However, these probability measures are (| and u, respectively, and they
cannot coincide, since they live on disjoint subsets A and A¢ of RZ. Therefore,
the two processes have different finite-dimensional distributions. Finally, let A be
a cylindrical subset of RZ. Then

P((W. n € Z) € A) = ppi(A) + (1 = p)po(4)
=u(Ad) = P((X,,, ne Z) € A) ,

and we conclude that the relation (2.10) holds.

Conversely, suppose that (2.10) holds. Since the processes Y = (Y,,, n e Z)
and Z = (Z,,, n e Z) have different finite-dimensional distributions, there is a
bounded measurable function f : R? — R such that Ef(Y) # Ef(Z) (one can
take f = 14, with A a cylindrical set to which the laws of Y = (Y,. n € Z)
and Z = (Z,,, ne Z) assign different probabilities). If we call the right-hand side
of (2.10) (Xn, n e Z) (which is legitimate, since ergodicity depends only on the
finite-dimensional distributions of a process), then the ergodic theorem (2.7) tells us
that

n—1
o1
nlipgo ; X;f( .. ,Xj_1 (C{)),X,‘(C()),X,‘+1 (a)), .. )
=
limy—o0 1 j'-';(;f(. Yo (@), Yj(@), Yig1 (@), . . .) with probability p
lim, o0 2 3020 (- 211 (@), Z(). Zig 1 (@), . . ) with probability 1 —p

.| Ly with probability p
| L, with probability 1 —p °
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where
EL, = Ef(Y) # Ef(Z) = EL, .

Therefore, L; and L, cannot be two identical constants, which would be the only
possibility if (X,,, ne Z) were ergodic. Hence (2.10) implies lack of ergodicity. [

We now switch back to an arbitrary o-finite measure space (E & m) and a
measurable map ¢ : E — E. Let (G, Q) be another measurable space, and
¢ : G — G a measurable map. We say that a mapping f : E — G is compatible
with the maps ¢ and ¢ if fo¢p = @ of, or in other words, if f (¢ (x)) = ¢(f(x)) for all
x € E. It turns out that compatible mappings preserve ergodicity, as the following
proposition shows.

Proposition 2.1.7. Let ¢ : E — E be a nonsingular map on a o-finite measure
space (E g, m) Let ¢ : G — G be a one-to-one and onto map on a measurable
space (G, g) such that both ¢ and its inverse are measurable. Letf : E — G be a
measurable map that is compatible with ¢ and ¢. If ¢ is ergodic on (E ,E, m) then
@ is ergodic on (G, Gg,m Of_l).

Proof. The compatibility of f with ¢ and ¢ implies that for every subset B of G,

o' ®) =" (¢ B). @2.11)
Since ¢ is nonsingular, for every B € G,
mof~'(B)=0 < m(f'(B)) =0 < m(¢~'("'(®)) =0
= m(f(¢7'(B) =0 <= mof(¢7'(B) =0,

and so ¢ is nonsingular on (G, G,mo f‘l). Next, let B be a g-invariant event.
Using (2.11) once again, we see that

0=mof ' (BA¢~ (B) =m(f~'(B) Af™ (¢7'(B)))
=m(f~'(B) A~ (7(B))).
implying that f~!(B) is invariant for ¢. Since ¢ is ergodic, we conclude that

m(f_l(B)) = 0 or 1, which is the same as m o f~!(B) = 0 or 1, which means
that every g-invariant event is trivially invariant, and hence ¢ is ergodic. O

Naturally compatible maps are produced by the common transformations of
stochastic processes. Let (Xn, n € Z) be a stationary stochastic process, and let
g : RZ — R be a measurable function. Then

Yo =8(C...X—1. X0 Xug1,...)), nEZL (2.12)

(with X,, in the zeroth position in the definition of Y,,) is obviously a stationary
process as well.
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We can view this common situation as a special case of compatible maps as
follows. Let E = G = R%, & = G = B% m = Ly, the law of the process
(Xn, ne Z) given by (2.1). Of course, the spaces E and G are identical, and we use
the same left shift 6 on both. In order to avoid confusion, we will use the notation
6r when working on the space E, and 6 when working on the space G.

Defineamapf: E — G by

&) = (... 8(0;"%), 8, (0s(x)),...) € G

forx = (...,x_1, X0, X1,X2,...) € E. Clearly, f is measurable. It is also trivially
compatible with the shifts 8z and 6. Note also that the probability measure m o f~!
is simply the law of the process (Y, n € Z) given by (2.1).

Therefore, Proposition 2.1.7 applies, and we have proved the following
statement.

Corollary 2.1.8. Let (X,,, ne Z) be an ergodic stationary stochastic process, and
let (Y s N E Z) be a stationary process given by (2.12) for some measurable function
g: RZ — R. Then (Yn, ne Z) is ergodic as well.

Example 2.1.9. Moving average processes are ergodic. Let

o0
X, = Z Qj&p—j, NEL

j=—00

be an infinite moving average process (1.23). Recall that the noise variables (g, n =
...,—1,0,1,2,...) arei.i.d. and (¢,) are deterministic coefficients. We assume that
the series defining the process converges with probability 1.

Define a function g : R” — R by

J

) = > o @i x—j if the sum converges,
0 if the sum diverges.

g((...,x_].xo,xl,...

Clearly, g is a measurable function, and
X, = g((. ey Ene1-Ens Ept1s - - )) nez.

Since the i.i.d. process (&,, n € Z) is ergodic (see Example 2.1.4), it follows from
Corollary 2.1.8 that every infinite moving average process is ergodic.

2.2 Mixing and Weak Mixing

We start by introducing another basic ergodic-theoretical notion, that of mixing. It
applies to measure-preserving maps on probability spaces.
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Definition 2.2.1. A nonsingular measure-preserving map ¢ on a probability space
(E, £, m) is called mixing if for every two sets A, B € &,

nl_l)nolo m(A N qb_"B) = m(A) m(B) .

Here ¢ ™" is the nth power of the inverse operator ¢ ~'. An immediate observation
is that mixing is a stronger property than ergodicity. Indeed, let ¢ be a mixing map
on a probability space (E, g, m), and suppose that ¢ is not ergodic. In that case,
there is an invariant set C € £ with 0 < m(C) < 1. Taking A = B = C, we have

m(A N (])_"B) = m(C N qb_"C) = m(C)
# (m(C))* = m(A) m(B),

contradicting the assumed mixing. Therefore, mixing implies ergodicity. On the
other hand, a map can be ergodic without being mixing.

Example 2.2.2. An ergodic but not mixing map.

Consider the left shift 6 on the sequence space (RZ, BZ, /L), where u is the two-
point shift-invariant probability measure (2.3). Let x) and x® be the two points of
the support of z. Note that fx() = x® and #x® = xI). Therefore, every invariant
set A contains either both of these points or none, so that ;(A) = 1 or 0. Since all
invariant sets are trivial, 6 is ergodic.

On the other hand, let

A=B= {(...,X_I,XQ,X],X2,...) L X = ]}

Then

% if n is even,

0 if n is odd 7

= pn(A)u(B).

w(AN6B) = { ;

Therefore, 6 is not mixing.

Let (X,l, n € Z) be a stationary stochastic process. We assume first that the
process is defined by (2.2) on the probability space (RZ,BZ,/L) with a shift-
invariant ;. We say that the process is mixing if the left shift 6 is a mixing map
on (RZ , B2, u). As in the case of ergodicity, whether or not a stationary process
is mixing is determined by its finite-dimensional distributions, regardless of what
probability space the process is really defined on. Explicitly, a stationary process
(Xn, ne Z) is mixing if for every two cylindrical subsets A, B of RZ,

(- X0 X0, X1, 0) €A, (o Xt X Xt ) € B) 2.13)

= P((- Xor Xo X, ) € A)P(( Xt Xo. Xi ) € B)

as n — oQ.
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Example 2.2.3. An i.i.d. process is mixing

We showed at the end of Example 2.1.4 that an i.i.d. process (Xn, n e Z) is
ergodic. Now we will check that such a process is, in fact, mixing. This fact will
also follow from Theorem 2.2.7 below, but a direct argument is instructive. We may
assume that the process is defined on the sequence space (R”, B, 11) by (2.2).

Take any sets A, B € B%. As in Example 2.1.4, given ¢ > 0, we may choose
finite-dimensional cylindrical sets A| and B; € o(xk, ... ,xm) for some k < m such
that

/L(A AAl) <eg, ,bL(BABl) <eg.

Note that 67"(B;) € o(xk+,,, .. ,xm+n), so that for n > m — k, the sets A; and
67"(B;) are generated by disjoint sets of coordinates of a point in the sequence
space. Since the measure p is the law of an i.i.d. sequence, different components
are independent under p, which means that A; and 67" (B;) are independent events
under u when n > m — k. Therefore, for such n,

|L(AN67"B) — u(A) w(B)| < [n(AN6O"B) — w(Ar N O7"By)|

+| (A1 N O7"By) — w(Ar) w(BY)| + |ie(A)) i (Br) — u(A) u(B)|
< 2,u(A AAy) + ZM(BABI) < 4e.

That is, for every ¢ > 0,

lim sup|,u(A N 9_”3) — u(A) ,u(B)| < 4e,

n—>o0

and letting ¢ — 0, we conclude that

(AN 67"B) — u(A) u(B)

as n — oo for all A, B € BZ. Therefore, the shift 0 is mixing, and hence so is the
i.id. process (X,. n € Z).

Proposition 2.1.7 has a counterpart describing preservation of mixing.

Proposition 2.2.4. Let ¢ : E — E be a nonsingular measure-preserving map on
a probability space (E, £, m) Let ¢ : G — G be a one-to-one and onto map on
a measurable space (G, g) such that both ¢ and its inverse are measurable. Let
f: E — G be a measurable map that is compatible with ¢ and ¢. If ¢ is mixing on
(E,E.m), then @ is mixing on (G,G,mo f~1).

Proof. Starting with (2.11), an inductive argument shows that the latter relation
extends to

" (F'B) =f (¢ (B))
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for all n > 1. Therefore, for all sets A,B € G,
mof~ (AN @™ (®B) = m(f~A) NS T (B))
=m(f~'(A) N¢"(F~'(B) — m(f~'(A) m(f~(B))
=mof ' (A)ymof~(B).
and 50 ¢ is mixing on (G,G,mof~"). O

As in the case of ergodicity, we immediately obtain the following corollary to
Proposition 2.2.4.

Corollary 2.2.5. Let (X,,, ne Z) be a mixing stationary stochastic process, and let
(Yn, ne Z) be a stationary process given by (2.12) for some measurable function
g: RZ 5> R Then (Yn, ne Z) is mixing as well.

Example 2.2.6. Moving average processes are mixing.

Let (X,, n € Z) be the infinite moving process of Example 2.1.9. Applying
Corollary 2.2.5, we see that the mixing property of the noise variables (g,) says
that every infinite moving process is mixing as well.

It turns out that the mixing property of a stationary stochastic process is
equivalent to weak convergence to independence of the joint distributions of the
blocks of observations of the process separated by increasing time intervals.

Theorem 2.2.7. A stationary process (X,l, ne Z) is mixing if and only if for every
k=1,2,..,

(X1, X X1 X)) = (X X YL YY) (2.14)
as n — oo, where (Y1, ..., Yy) is an independent copy of (X1, ..., Xy).

Proof. We start with checking the easier implication, namely the necessity of
condition (2.14). Suppose that the process (Xn, ne Z) is mixing, and let k > 1. The
weak convergence in (2.14) will follow once we check that for all k-dimensional
Borel sets C and D, we have

P(Xy,....X) € C, Xugt.- ... Xntx) € D) (2.15)

— P((Xy,....X) € C) P((X1,....Xx) € D)

as n — oo (of course, it is really necessary to check (2.15) for continuity sets
of the law of (X,...,X;)). This statement, however, is a special case of the
statement (2.13).

Suppose now that (2.14) holds. We will prove that the process is mixing by
checking the condition in the definition for successively more general sets A and B.
We treat finite-dimensional cylindrical sets first. Fix a dimension k > 1. We prove
the statement (2.15). The challenge is, of course, in the fact that by default, weak
convergence tells us that this statement holds only for continuity sets C and D, and
we need to establish (2.15) for all k-dimensional Borel sets.
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Consider first the case in which the sets C and D are “southwest corners” of the
form

CZ{()C],XQ ..... xx): xi <ajforiel, xj<ajforiedl,..., k}\ll}, (2.16)
Bz{(xl,xz ..... x;) : xi <bjforiel,, xj<b;forie {1,...,/(}\[2},

where Iy, I, are subsets of {1,...,k}, and ay,...,a, by, ..., by are real numbers.
Note that if all of these 2k numbers are continuity points of the distribution of X|,
then the sets C and D are continuity sets of the vector (Xi, ..., Xy, Y1,..., ¥x) on the
right-hand side of (2.14), so (2.15) follows from the weak convergence in this case.
This case forms the basis of an inductive argument. Specifically, letm = 0, 1, ..., 2k
be the number of points among ay, . .., a, by, . . ., by that are not continuity points of
the distribution of X;. We have checked that (2.15) holds if m = 0, and the induction
hypothesis is that (2.15) holds if m < myg for some my = 1,,...,2k. Suppose now
that m = my, and choose one point out of the m discontinuity points. We suppose
that this point is of the type b; with i € I,; all other cases are similar. For ease of
notation, we will simply use by, with 1 € 1.

Choose a sequence ¢; | 0 such that for each j, by + ¢; is a continuity point of the
distribution of X;. By the induction hypothesis,

limsupP((Xl,. .. ,Xk) e C, (Xn+ls . '-an+k) € D)

n—>oo

< limsupP((Xl, LX) eC, Xy <b + &, Xpyi <b;jforiel, \ {1},

m su <
Xpqi <biforie{l,....k}\ b)
=P((X1.....X) € O)P(Xy < by + ¢, X; < b forieh\{l},
X; <biforie{l,....k}\ L)

foreveryj = 1,2, ..., and letting j — oo, we obtain the upper bound
limsup P((X1,....Xx) € C, Xut1, - ... Xp4x) € D) 2.17)
n—>oo

<P((Xi1,....Xx) € C) P((X,...,Xx) € D).

In order to obtain a matching lower bound, we write

P((Xy.....Xp) € C. Xut1... .. Xopx) €D)
=P((X1,....X) € C, Xyq1 < by, Xoqi < bifori e L\ {1},
Xpqi < biforie{l,....k}\ b)

Xpyi < biforie{l,....k}\ L) := pi(n) + pa(n).

+P((X1..... Xk) € C, Xy = by, Xpyi < bifori e L\ {1},
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An argument identical to the one used to obtain the upper bound above (replacing
the condition X,,41 < b; by the condition X, < b; —¢j, where ¢; | 0 and by — ¢;
is, for each j, a continuity point of the distribution of X;) shows that

liminfp,(n) > P((X1,....Xx) € C)P(X; < by, X; < bifori e b, \ {1},
n—o0
X; < b;forie {1,,k}\]2)

Furthermore, given ¢ > 0, we can find § > 0 such that both P(b;—6 < X; < by) <¢
and P(b; < X; < by + §) < ¢, and both b; — § and b; + § are continuity points of
the distribution of X;. Then

pa(n) = P((X1,....X) € C, by —8 < Xyp1 < by + 8, Xqi < biforie L\ {1},

XnJri < b;fori e {1,...,](}\12)—28,
and by the induction hypothesis, we obtain

llmlnfpz(n) > P((Xl, e ,Xk) € C)P(b1—5 < Xl < b1+8, X,' < b,’ fori e Iz \ {1},
n—>o0

X,-<b,~f0ri€{1,...,k}\12)—28

> P((X1.....X) € C)P(Xy = by, X; < b;fori e\ {1},
X; <biforie{l,....k}\ ) —2e.

Letting ¢ — 0 we see that

liminfps(n) = P((X1,....Xx) € C)P(Xy = by, X; < bifori € I, \ {1},
n—oo
Xi<bifori€{1,...,k}\12),

which establishes a lower bound matching (2.17) and hence completes the inductive
argument. Therefore, we have proved that (2.15) holds when the sets C and D are
“southwest corners” of the form (2.16).

The next step is to show that (2.15) holds when C and D are “rectangles” of the
form

C = {(xl,xz, ...,xk) : afl) <x; < 052) fori € I, a;l) <xi < afz) fori € I,
aV’ <x;<a?foriels oV <x<a®forie 114}, (2.18)
B = {(xl,xz, ceXE) blm <x < bfz) fori € I, bl(l) <x < b;z) fori € I,

bl(»l) <x; < bl(z) fori e 123, bl(l) <x < bl(z) fori e 124} s
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where both (111, 12, 113, 114) and (Ip1, Iz, I3, Io4) are partitions of {1,...,k}, and
-0 < afl) < al(?) < o0,i = 1,...,k and b;l) < bl@,i = 1,...,k, are real
numbers. For notational ease, we will consider only the case 113 = I3 = {1,...,k},
but the other cases are similar.

It is easy to check that

P((X1,.. ., Xe) € C, (X1, - -, Xo4i) € D) (2.19)

=Y (pH2lp(x; < g forie i, X; < a? forie {1.... .k} \ /1,
Ji,J2

Xopi < b fori € Jy, Xppi < b forie {1,... .k} \ J),

where the sum is taken over all subsets J; and J, of {1,..., k}. The right-hand side
of (2.19) is a finite sum of probabilities that we have already considered when we
proved (2.15) for the “southwest corners.” Therefore,

lim P((X1,....X¢) € C, Xut1,- ... Xn4x) € D)
n—>oo
= (pIHRlp(x; < oV forie i, X; < a? forie {1.... .k} \ /1)
Ji.J2
P(X; < b fori € J, X; < b fori e {1,... .k} \ J2)

=Y ~D)VIP(x; <oV fori e Jy, X; <a? forie {1,....k}\ /)
J1
Y (=DMlp(x; < bV fori e Jp, X; < b forie {1.....k}\ Ja)
J2
=P((X1.....X) € CO) P((Xy.....Xx) € D),
where at the last step we used (2.19) once again. This proves (2.15) in the case that
C and D are “rectangles” of the form (2.18).
Next, denote by U the collection of all disjoint finite unions of “rectangles” of

the form (2.18). Note that I, forms a field in R¥ that generates the Borel o-field.
Since (2.15) holds for the “rectangles,” it extends by linearity to the case that C and

D are sets in U. Furthermore, if C and D are arbitrary k-dimensional Borel sets,
then given ¢ > 0, we can find sets C; and D; in U}, such that

P((Xy,....Xx) € CACy) <&, P((X1,....Xx) € DADy) < ¢;
see again Corollary 1, p. 169, in Billingsley (1995). Then

(P((Xl, X)) €C, Xpg1. .- Xugsk) €D)

—P((X1....Xp) € €) P((X1..... X) € D)|



2.2 Mixing and Weak Mixing 43

< ‘P((Xl,...,Xk) € C. (Xug1o. ... Xogr) € D)
—P((Xi,... X0) € C) P((X1,.... Xe) € Dy)|
+‘P((X1,...,Xk) € C, Xut1,--.. Xutx) € D)

—P((X1e. . X0) € Cr. (K1 Xuph) € Dl)‘
(X1, X0 € C) P((X1, . X0 € D)

—P((X1.. . X0) € €) P((X1,.... X) € D)|
< ’P((Xl,...,Xk) € Cr. Xup1.. .. Xusr) € D))
—P((X1,....X) € C1) P((X1..... X)) € Dl)( + 4e.
Since we have proved that (2.15) holds for sets in U, we conclude that

limsup‘P((Xl, . Xi) €C, (Xug1. .- Xugsk) €D)

n—>oo

—P((X1.....X) € C) P((X.....X) € D)‘ < 4¢

for every ¢ > 0, and letting ¢ — 0 shows that (2.15) holds for arbitrary
k-dimensional Borel sets.

Now that (2.15) has been established in its full generality, mixing of the process
(Xn, n e Z) follows because the statement (2.13) holds. To show that this is true,
one approximates arbitrary sets in BZ by finite-dimensional cylindrical sets, as in
Example 2.2.3. O

Example 2.2.8. An immediate conclusion of Theorem 2.2.7 is that a stationary
Gaussian process (X,, n € Z) is mixing if and only if its correlation function
asymptotically vanishes: p, := Corr(X4,,X;) — 0 as n — oo.

Example 2.2.9. We now take a second look at the tail o-field 7 of a stationary
stochastic process. We saw in Example 2.1.4 that if this o-field is trivial, then the
process is ergodic. We will show now that a trivial tail o-field implies mixing as
well. This statement is an immediate corollary of the following characterization: the
tail o-field 7 of a stationary process is trivial if and only if for every set A in BZ,

lim  sup |u(AN6T"B) — w@AuB)| =0, (2.20)

n—>00 Beao (xp,x1,...)

where 1 is the law of the stationary process on (R%, B%). This statement makes it
possible to view the triviality of the tail o-field as a kind of uniform mixing and
hence akin to the strong mixing properties of Section 2.3.
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The sufficiency of (2.20) for triviality of the tail o-field is clear: if the tail
o-field is not trivial, then there is a tail event A € N%2,0 (X, Xyt1,...) satis-
fying 0 < (A) < 1. This means that for every n = 1,2,..., the set 6"A is in
o (xg,x1,...), so that

sup (AN OT"B) — w(Au(B)| = |u(AN6T(0"A)) — u(A)p(6"A)|

B€o (x0,x1,...)
= p(A) — (1(4))*> > 0,

contradicting (2.20). On the other hand, suppose that the tail o-field is trivial.
For events A and B as in (2.20), define random variables X = 14 — u(A) and
Yy = 1yp-.p — pu(B), and note that Y is measurable with respect to the o-field
o*(x,,,x,H_l, .. ) Therefore,

sup  |u(AN67"B) — u(A)(B)|

B€o (xo,x1,...)
= sup }E(XYB)| = sup ‘E(YBE(X|0(xn,xn+1, .. )))‘
Beo (xo.x1,...) Beo(xp,x1,...)

IA

[E(E(X|a(xn, Xpt1s - - .)))2] v sup  (EY3)V/?

Beo (xo.x1,...)
= [E(E(X|0(xn,x,,+1, . .)))2]1/2 .

Since the o-fields J(xn,x,H_l, .. ) decrease to the trivial o-field 7, it follows that
with probability 1,

E(X‘a(x,,,xnﬂ,...)) — E(X’T) =EX=0;

see, e.g., Theorem 35.9 in Billingsley (1995). Since the random variable |X] is,
furthermore, bounded by 1, the convergence in (2.20) follows.

Let us consider once again a nonsingular measure-preserving map ¢ on a
probability space (E €, m) Notice that the two ergodic-theoretical properties of
¢ we have already discussed, ergodicity and mixing, can be stated as

mixing if m(A N ¢~"B) — m(A) m(B) — 0, A,B € £,
ergodic if 1 Y02 (m(A N ¢ 7B) — m(A) m(B)) — 0A.B € &:

<
=

2.21)

in fact, the first line in (2.21) is just the definition of mixing. Let us check the second
line in (2.21). Sufficiency of the condition presented there is clear: if ¢ were not
ergodic, then choosing A = B to be an invariant set whose measure takes a value
in (0, 1) would provide a counterexample to the condition in (2.21). Let us check
the necessity of this condition. Suppose that ¢ is ergodic. By the pointwise ergodic
theorem,
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n—1

% > 15(¢/x) — m(B)

j=0

as n — oo for m-almost every x € E. By the bounded convergence theorem, the
integral over the set A of the left-hand side above converges to the integral of the
right-hand side over the same set, and this gives the condition in (2.21).

Since the usual convergence of a sequence implies its Cesaro convergence, (2.21)
provides yet another explanation of the fact that mixing is a stronger property
than ergodicity. Furthermore, (2.21) makes it clear that there is an intermediate
property of probability measure-preserving maps, weaker than mixing but stronger
than ergodicity. We introduce this notion in the following definition.

Definition 2.2.10. A nonsingular measure-preserving map ¢ on a probability space
(E, €, m) is called weakly mixing if for every two sets A, B € £,

n—1

% " |m(A N ¢7IB) — m(A) m(B)| — 0.
j=0

It (X,,, n € Z) is a stationary stochastic process, then we say that it is
weakly mixing if the left shift 6 is a weakly mixing map on the probability space
(RZ, BZ, [L), where 1 is the probability measure generated by the process on RZ.

By definition,

mixing = weak mixing = ergodicity,

either for stationary stochastic processes or for measure-preserving maps. However,
neither of these two implications can, in general, be reversed. It is easy to construct
an example of an ergodic map that is not weakly mixing.

Example 2.2.11. An ergodic but not weakly mixing map.

Consider the two-point left shift-invariant probability measure (2.3) considered
in Example 2.2.2. The left shift 6 is ergodic on that probability space, but is not
mixing. It is not weakly mixing either, since for A and B as in Example 2.2.2, we
have

|m(A N 9_”3) —m(A) m(B)| = %

for each n, and the Cesaro limit of these numbers is equal to 1/4, not to 0.

We will see in the sequel examples of weakly mixing stationary processes that
fail to be mixing.

An alternative point of view on weak mixing is based on the notion of
convergence in density. Recall that a subset K of positive integers N is said to have
density zero if

i |KN{1,2,....n}

n—>00 n

=0.
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A sequence (b,) in a metric space with a metric d is said to converge in density to b
if there is a set K of density zero such that

lim b, =b.

n—00, n€kK

Explicitly, for every &€ > 0, there is N = N(e) such that for every n > N, n ¢ K,
d(b,,b) < e. The following useful lemma is even more explicit.

Lemma 2.2.12. A sequence (b,) converges in density to b if and only if for every
e > 0, the set K, = {n : d(b,,b) > &} has density zero.

Proof. The necessity in the statement is clear, so let us check the sufficiency part.
Assume that for every ¢ > 0, the set K, has density zero. The task is to construct a
set of density zero away from which the sequence (b,) converges to b.

We define an increasing sequence of nonnegative integers as follows. Let Ny = 0,
and for k > 1, let

Ny=sup{n =Ny +1: [{i=1,....n: d(bj,b)>%}|>%}.

By the assumption, each N is a finite number. Let

1
K= {j:j:Nk—l—1,...,Nk+1,d(bj,b)>z}.

(@

k

—_

By the definition, if n ¢ K and n > Ny, then d(b,,b) < % fork = 1,2,....
Therefore, lim, o ,¢x b» = b. To check that K has density zero, let k; be the
largest k such that N; < i, and notice that k; — oo as i — co. Choose m > 1 and let
n be so large that k,, > m. Then

kn—1
[(KN{l,....n})| <N, + Z|({j:j=Nk+ 1,...,Nig1. d(bj, b) > %})|

k=m

1
(i =Ng + 1, n, d(b,b) > k_})|

kn—1

n 1
SNu+ Y |[({:j=1.....Neyr. d(bj.b) > %})(

k=m

1
+|({j5j=1,...,n,d(bj,b)>k_})|
kn—lNk+l " b .

SNat Y T e S Nak Y 2 SNt

k=m k=m
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Therefore,

Kn{lL2....nj| _ 1

lim sup

[— 9
n—>00 n 2m=1

and letting m — oo shows that K has density zero. [
The following proposition is a simple consequence.

Proposition 2.2.13. A nonsingular measure-preserving map ¢ on a probability
space (E, g, m) is weakly mixing if and only if for every two sets A,B € &,

m(A N qb_"B) — m(A) m(B) in density.
Proof. The sufficiency for weak mixing of the condition in the proposition is clear.
Let us check the necessity. Suppose that the condition in the proposition fails. By
Lemma 2.2.12, there is ¢ > 0 such that the set

K. ={n: |m(AN¢7B) —mA)m(B)| > &}

does not have density zero. Since

n—1
% Z|m(A N ¢_jB) —m(A) m(B)|
j=0
A K.Nn{1,2,...,
2% Z |m(Aﬂ¢_]B)—m(A)m(B)| 28} nt . n}| ,

jE€K.N{0,....n—1}

which does not converge to zero, ¢ cannot be weakly mixing, and the proof is
complete. [

Proposition 2.2.4 has an immediate counterpart for weak mixing. The argument
is the same; just use Proposition 2.2.13 and replace the usual convergence by
convergence away from a set of density zero.

Proposition 2.2.14. Let ¢ : E — E be a nonsingular measure-preserving map on
a probability space (E, S,m). Let ¢ : G — G be a one-to-one and onto map on
a measurable space (G, g) such that both ¢ and its inverse are measurable. Let
f : E — G be a measurable map that is compatible with ¢ and . If ¢ is weakly
mixing on (E, £, m), then ¢ is weakly mixing on (G, g m offl).

As in the case of ergodicity and mixing, the following corollary is immediate.

Corollary 2.2.15. Let (Xn, n € Z) be a weakly mixing stationary stochastic
process, and let (Y,,, n € Z) be a stationary process given by (2.12) for some
measurable function g : R” — R. Then (Yn, ne Z) is weakly mixing as well.



48 2 Ergodic Theory of Stationary Processes

Many of the important stochastic processes are constructed as sums of inde-
pendent, and more elementary, stochastic processes. Therefore, it would be nice
to be able to obtain ergodicity of a sum based on the ergodicity of the summands.
Unfortunately, this is impossible to do in general, since the sum of two independent
stationary ergodic processes does not have to be ergodic; see Exercise 2.6.7. It turns
out, however, that strengthening the assumption on one of the two summands from
ergodicity to weak mixing is sufficient to guarantee the ergodicity of the sum.

Theorem 2.2.16. Let (Xn, n e Z) and (Y,,, n e Z) be independent stationary
stochastic processes. Assume that (X,l, n e Z) is ergodic, and that (Yn, n e Z)
is weakly mixing. Then the process Z, = X,, + Y,, n € Z is ergodic.

Proof. Let u be the probability measure generated by the process (X,,, ne Z) on
(R%, B%), and let v be the measure generated by the process (Y, n € Z). Consider
the product probability space, (R” x R%, B% x B%, i x v). The left shift 6 on R”
extends naturally to the product shift 6 x 6 operating on the product space: (6 x
0)(x.y) = (6x, 0y) for x,y € R”. This is clearly a nonsingular map that preserves
the product probability measure. Note that the mapping f : RZ x RZ — R” defined
by f(X,y) = x + y (coordinatewise addition) is compatible with the maps 6 x 6
on R? x RZ and 6 on RZ. Furthermore, the measure (;4 x v) o f~! that f induces
on (R%, B”) is the law of the process Z, = X, + Y,, n € Z. Therefore, in order to
prove ergodicity of the latter process, it is sufficient, by Proposition 2.1.7, to prove
that the product left shift 6 x 6 is itself ergodic.

To this end, we will use the criterion for ergodicity given in (2.21). We need to
prove that for every two sets A, B € B% x BZ,

n—1

1 )
- Z(M xv)(AN (0 x6)7B) = (ux v)(A) (1 x v)(B) (2.22)
=0

as n — oo. We begin with the case that A and B are measurable rectangles of the
type A = A| X A; and B = B X By, for A, A;, By, B, measurable sets in BZ. In that
case, the left-hand side of (2.22) becomes

n—1

! > (AN 67B)v(A; N 67By). (2.23)
j=0

Since the left shift 6 is weakly mixing on the probability space (RZ ,BZ, v), we
know that

U(A2 n Q_nt) — V(Az)V(Bz)

in density. Since a set of zero density cannot affect the Cesaro limit of a bounded
sequence, the limit of the expression in (2.23) is equal to the limit of the expression

n—1

LS s 7 i

j=0
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(and the two limits exist at the same time). Since the left shift 6 is ergodic on the
probability space (R”, B%, i), this last limit exists and is equal to

p(AD(B1)v(A)v(Ba) = (1 X v)(A) (1 X v)(B)

and so we have checked that (2.22) holds when A and B are measurable rectangles.
Now we can proceed as in the proof of Theorem 2.2.7. Since (2.22) holds for
measurable rectangles, it extends, by linearity, to the case that A and B are each
a finite disjoint union of measurable rectangles. Since the latter sets form a field
generating the product o-field B” x B%, we can approximate general sets A and B
arbitrarily well (with respect to the product measure p X v) by finite disjoint unions
of measurable rectangles, and this shows that (2.22) holds in full generality. [

We now present an expected counterpart of Theorem 2.2.7, which says that
weak mixing of a stationary stochastic process is equivalent to weak convergence
in density to independence of the joint distributions of the blocks of observations
separated by long periods of time. Notice that the weak convergence of probability
measures on a Euclidian space is metrizable, for example by the Prokhorov metric;
see, e.g., Billingsley (1999).

Theorem 2.2.17. A stationary process (Xn, ne Z) is weakly mixing if and only if
foreveryk =1,2,...,

(X1, X X1 X)) = (X1 X0 YL YY) (2.24)

in density, where (Y1, ..., Yy) is an independent copy of (X, ..., Xy).

Proof. Sufficiency of (2.24) for weak mixing can be proved in exactly the same
way as the sufficiency part in Theorem 2.2.7; the latter proof does not differentiate
between the usual convergence and convergence in density. We prove now the neces-
sity of (2.24) for weak mixing.

Fix k, and recall that

) — sup V1@ = 220)
T e 110

is a also metric on the space of probability measures on R?* that metrizes weak
convergence. Here & is the characteristic function of a probability measure u. If we
denote by v, the law of the random vector on the left-hand side of (2.24), and by
v the law of the random vector on the right-hand side, then by Lemma 2.2.12, we
need to show only that for every ¢ > 0, the set K, = {n : d(v,,v) > &} has density
zero.

Fix, therefore, ¢ > 0, and choose N = 1,2,...,6y > 0,and m = 1,2, ... such
that
2 OoN2k
P(Xo| > N) < —, > =, 2V <2
12k £ m 6
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In the following decomposition, the probability measure u is either v, or v. Note that
in either case, the one-dimensional marginals of p are the same, and they coincide
with the law of X,. We may assume that the law of X, puts no mass on the rational
numbers (otherwise, a global scale change of the process would have this property).
We write

m—1 m—1
Z Z / &Y 1 (dx),

o) = [ e +
x€Ty j1=—m Ju=—m EINm(1see2k)
where

Ty ={x= (x1,...,x%) € R¥*: |x;| > Nforsomei=1,..., 2k},

Iy o) = {x = (x1,... . xy) € R*

Nji/m < x; < N(; + 1)/m, i =1,...,2k},

ji=-—m,....m—1, i=1,...,2k. Note that by the choice of N,

, e
/ Y pdx)| < - (2.25)
x€Ty 6
Furthermore, for each j; = —m,...,m—1, i = 1,...,2k, there is a zero-density
subset Ky, (1, . - - , jox) of positive integers such that for all n outside of this set,
£
(IvmGrs e jo)) = V(IymGis oo ‘5—. 2.26
Vi (In.m it j20)) = v(Inm i Jj2)) 6 (2.26)
We define K, to be the union of the sets Ky ,,(ji, . . ., jok) overall j; = —m, ..., m—1,
i =1,...,2k Clearly, K, is a zero-density set. It remains to show that outside of
this set, we have d(v,,v) < e.
Foreachj, = —m,...,m—1, i=1,...,2k, we can write

/ e pu(d)
XEIN (1 500J2k)

= [005(0, X(l)(ov /’L’jl’ cee ijk)) + zsm(0 s X(Z)(ov /’Lajlv cee vj2k))]/’L(IN,m(jla e »jZk))

for some points x99, Wojiseensjou) € InmGi, ... jou), d = 1,2. Applying the
resulting decomposition of a characteristic function to the measures v, and v, we
obtain for § € R* with ||| < 6, and n ¢ K., using (2.25),

19,(6) = (8)] < 3

/ Oy, (dx) — / ¢y (dx)|.
XEIN.mUlv---‘i2k) XelN,m(jl~-~vzi2k)

=—m  jy=—m
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Each term in the sum on the right-hand side can be bounded from above by
‘COS(O,X(I)W, VasJts -« - d2))Vn(Ivan Gt - - - 2 j2x)
—cos(0,xV(0,v,j1,.... ) (I, - .- J20))|

plus the corresponding term with the sin function replacing the cos function. Note
that each of the two terms can be bounded by

V(I G- 2)) 11XV O vt o) =X PO v o) |
Va(InamGits -2 j2)) = V(v Gt - - - ,jzk))‘

2k £
O 4+
" T 6amy*

+

< v(IvmGir. - -2 j2))

e
< InmGiy--esj —
= V(N. U1 J2k)) + 6(2m)*

AN ™

by (2.26) and the choice of m. Summarizing, we conclude that

for all & € R* with ||#|| < 6 and n & K,. By the choice of 6, this shows that
d(v,,v) < ¢ foreach n € K., and the proof is complete. (I

Example 2.2.18. Let X = (Xn ne Z) be a stationary centered Gaussian process.
Let ux be its spectral measure, i.e., a measure on (—, 7] such that the covariance
function of the process satisfies

Rx(n) = / e (), n € Z:
(—m,7]

see Theorem 1.2.1. Complementing the characterization of mixing of stationary
Gaussian processes in Example 2.2.8, we will show now that X is weakly mixing if
and only if it is ergodic, and that a necessary and sufficient condition for that is that
the spectral measure 1y be atomless.

Since weak mixing implies ergodicity, we need to check only that the presence
of an atom in px rules out ergodicity of X, while the absence of atoms implies weak
mixing of X.

Suppose that a € (—m, ] is an atom of uy, i.e., ux({a}) > 0. Let u; be
a measure on (—z, ] obtained by removing from pyx the atoms at —a and a if
a € (—m, ), or only the atom at a if a = m. Let wu, be the measure on (—, 7]
consisting of these removed atoms. Note that uy = | + U», and u; is a nonzero
measure. If XV is a stationary centered Gaussian process with spectral measure Mjs
j=1,2,and if XD and X@ are independent, then X has the same distribution as
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XM 4+ X, 50 lack of ergodicity of the process X® and Proposition 2.1.6 would
imply that the process X is not ergodic. To see that the process X® is not ergodic,
observe that the covariance function of this process has the form

COV(Xéz),X(Z)) = cos(an) ||z, n € Z,

n

so that
(X nez) (|| 112]|/2(Gy cos(an) + Gy sin(an)), n € Z) :

where G| and G, are independent standard normal random variables. This shows
that for the invariant set

A= {sup x| > 1},

nez

we have P(X(z) € A) € (0, 1), and hence the process X is not ergodic.

Suppose now that the spectral measure px is atomless. By Fubini’s theorem, we
conclude that the finite measure on (—2m, 27| given by a convolution of ux with
itself, F = uy * x, does not have atoms at the origin or at 2;. Note further that

Rx(n)* = / e™ F(dx), neZ.
(—2n,27]

Therefore, forn > 1,

n—1 n—1
IO B S
n =0 (

—2m,27] n =0

The functions

n—1

1 .
n = - ny € (—2m, 2w,
#n(x) n; x € (2,27

are uniformly bounded and converge, as n — o0, to the function l(x =0orx =
2n), which is equal to zero F-a.e. By the bounded convergence theorem, we
conclude that

o1
lim —

n—1

DR =0,
n—00 n

j=0

and therefore, Ry (n) converges to zero in density as n — oo. By Theorem 2.2.17,
this implies that the process X is weakly mixing.
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2.3 Strong Mixing

In the previous section, we introduced the notions of mixing and weak mixing for
stationary stochastic processes. Perhaps unexpectedly, there exist notions of strong
mixing of stationary processes that are different from the notion of mixing. These
notions of strong mixing are not, strictly speaking, ergodic-theoretical notions in the
sense of being properties of nonsingular measure-preserving maps. They are, rather,
properties of certain families of o-fields generated by a stationary process. The
ergodic-theoretical notion of mixing of a stationary process turns out to be too weak
to be directly applicable in certain limit theorems for stationary processes, and it is
natural to view the strong mixing properties as strengthening the notion of mixing
in ways that are suitable for different purposes. We discuss several of the common
strong mixing notions in this section. An important point to keep in mind is that the
notions we present (and a number of notions that we do not present) are collectively
known as strong mixing properties. This is in spite of the fact that one of these
properties is itself known as the strong mixing property. This is confusing, since
often only the difference between the grammatical singular and the grammatical
plural clarifies the meaning. Still, this is the existing usage, and we will adhere to
this language here.

Let (Q, F. P) be a probability space, and A and B two sub-o-fields of F. We
define

a(A, B) = ) ill.lg . |P(A N B) — P(A)P(B)|. (2.27)

Clearly, this is a measure of dependence between the o-fields .4 and B, and
a(A, B) = 0 if and only if the o-fields A and B are independent. The following
lemma lists several elementary properties of this measure of dependence.

Lemma 2.3.1. For all sub-o-fields A and B of F,

Ofoz(A,B)f%.

Further,

a(A,B) = sup E(P(BlA) - P(B)), = % sup E|P(B|A) — P(B)|. (2.28)

Proof. The first claim of the lemma follows from the Cauchy—Schwarz inequality:
for any two events A and B,

|P(A N B) — P(A)P(B)| = |Cov(14,15)| < y/Var(14)Var(1p) < %.
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For the second claim, fix B € B, and note that

sup |P(A N B) — P(A)P(B)|
AeA

= max(sup (P(ANB) — P(A)P(B)) ., sup (P(ANB) — P(A)P(B))_).
A€ A

A€ A

Further,

sup (P(A N B) — P(A)P(B)) , = sup (E(1alp) — E14E1p)

A€A A€A

= sup (E(LlP(BIA) — ELP(B)), = sup (E(Ly(P(BIA) - P(B)))
A€A A€A +
= E(P(BlA) - P(B)). ,

since the last supremum is obviously achieved on the event A = {P(B|A) >

P(B)} € A. Similarly,

sup (P(A N B) — P(A)P(B))_ = E(P(B|A) — P(B))
AeA

Since for every random variable X with EX = 0 we have EX; = EX_ = E|X|/2,
we obtain (2.28) after optimizing over B € B. [

Let now (X,,, ne Z) be a stationary process defined on some probability space
(Q.F.P). Then

Foo=0X k<0), F*=0X k>n), n>1, (2.29)

are sub-o-fields of F, and we introduce the strong mixing coefficient of the process
(Xn, ne Z) by

ax(n) :=o(F o, F°). n=1.2,.... (2.30)

Definition 2.3.2. A stationary process (X,l, n € Z) is called strongly mixing if
ax(n) — 0asn — oo.

A strongly mixing stationary process is alternatively known as o-mixing. In spite
of defining, as above, the strong mixing property via certain sub-o-fields in the
probability space on which a process is defined, the presence or absence of this
property is determined solely by the finite-dimensional distributions of the process
(Exercise 2.6.9).

Example 2.3.3. It turns out that a strongly mixing stationary process (Xn, ne Z)
has a trivial tail o-field. To see this, let i be the measure generated by the process on
(R%, B%). In order to prove triviality of the tail o-field, we need to check that (2.20)
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holds for every set A in BZIfA e 0(. .. ,xk_l,xk) for some k > 0, then A, = 0*A €
0(. .. ,x_l,xo), and so for every B € o(x, x1, . ..), by stationarity,

|(AN67"B) — u(A)u(B)|
= [w(A N 67" 9B) — n(ADu(B)| < ax(n—k),

and (2.20) holds by the e-mixing of the process. Since sets A as above form a field
generating the o-field B%, we can use our usual approximating argument to extend
the validity of (2.20) to all A in BZ. Therefore, the tail o-field is indeed trivial.

Combining the lessons learned from Examples 2.2.9 and 2.3.3, we immediately
obtain the following proposition showing that, as the terminology implies, strong
mixing guarantees ergodic-theoretical mixing.

Proposition 2.3.4. A strongly mixing stationary process is also mixing.

To introduce the next measure of dependence between two o-fields, let once
again (., F, P) be a probability space, and A and B two sub-o-fields of F. Two
natural probability measures on the product space (Q x 2, A x B) are Pﬁ’B and
PﬁdB Here PA is the probability measure induced on the product space by the
measurable map Ty : @ — Q x Q with Tiy(w) = (0,w), ® € Q, and Pmd
is the product measure of the restrictions P4 and Py of P to the o-fields A and
B respectively. Note that the two measures Pi“g B and P{;‘f put the same marginal
probability measures (equal to P 4 and Pg) on the two copies of 2. We define

BAB) = PP —PoP| = sup |PaP(C) — PP (2.31)
CeAXB
the total variation distance between the probability measures Pi’;"B and Pl“:dB .

The following lemma lists several basic properties of the measure of dependence
between o-fields defined in (2.31).

Lemma 2.3.5. Let A and B be sub-o-fields of F.
(i) We have

0<pAB) =<1
and
B(A,B) > 2u(A,B). (2.32)

(ii) An alternative way of representing B(A, B) is

B(A.B) =

I J
Z 3" |P@i N B) — P(A)PB))|. (2.33)
i=1 j=1

SP
2774
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where the supremum is taken over all finite partitions T = {A;,...,A;}
and J = {Bi,...,B;} of Q into A-measurable sets and B-measurable sets,
respectively.

(iii) B(A, B) = 0if and only if the o-fields A and B are independent.

Proof. The first claim in part (i) is an obvious property of the total variation distance
between two probability measures. For the second claim in part (i), note that if
A € Aand B € B, then PS'B(A x B) = P(A N B). If we define for such events A
and B the sets C;(A,B) = A x B and C,(A, B) = A° x B¢, then these product sets
are disjoint events in A x B, and

PP (€A B) = Pri® (C1(A. B) = PP (Co(A, B)) = P’ (C2(A, B))

= P(ANB)—PA)P(B).
Therefore,

BA.B) > sup |P"(Ci(A,B) U Ca(A, B)) — P’ (C1(A, B) U C>(A, B))|

ind
A€A,BEB
=2 sup |P(ANB)—PA)PB)|=2a(AB),
A€A.BeEB
proving (2.32).
For part (ii), let Q be a probability measure on (Q x Q, A x B) such that both

P;;‘*B < Qand P;;‘&B <« Q; an example of such a measure is Q = (P{;LB +P;§&B) /2.

Setting

we have
P88 =Pt =5 [ a(@1,0) ~s(on. )] Q@1 02)
= [ (a0 ~fua(@1.02), Q(d(@1,02)
= [ (utor. o) = fuaten, o) Q@10
where

C = {(w1,m) : fia(w1,w2) > fina(w1,w2)}. (2.34)
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In particular, for all relevant finite partitions Z = {A;,...,A;} and J =
{Bi,...,B;} of 2, we have

LA
B(A.B) = 3 > - [fia(wr, w2) = fina (@1, @2)| Q(d(w1. @2))
i=1 j=1 " A4*5;
LA
> EZZ - (fia(@1, @2) = fina(@1, @2)) Q(d(@1, 7))
i=1 j=1 iXDBj

I J
1
LY [Py - AR )

i=1 j=1

1 1 J
3 Z Z |(A4; N Bj) — P(A)P(B))| .

i=1 j=1

Taking the supremum over all relevant partitions yields

1 J
pAB) = 5 sup 30 3 [P B) ~ PAPEB)).

i=1 j=1

On the other hand, using the fact that the disjoint unions of measurable rectangles
of the form A x B with A € A, B € B, form a field generating the product
o-field A x B, for every ¢ > 0 we can select such a disjoint union Cy satisfying
O(CAC)) < g, where C is the set in (2.34); see Corollary 1, p. 169, in Billingsley
(1995). Given § > 0, we can select ¢ > 0 so small that this property of Cy will
imply that

’/;(fid(a)ls(l)z) — fina(@1, 02)) Q(d(w1, 7))
- ). (fia(@1.@2) — fina(@1, 02)) Q(d(w1, @2))| < &

see, e.g., Problem 16.8 in Billingsley (1995). We conclude that for every § > 0,
there are relevant finite partitions Z = {Ay,...,A;} and J = {By,...,B;} of Q
such that

B(A.B) < i (fia(@1, w2) — fina(@1, w2)) Q(d(@1, w2)) + 8

1 J
< 33" (P@Ai N B) — PA)P(B)), +5.

i=1 j=1
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Since for all partitions we have

J
(P(Ai N B) — P(A)P(B)) . = > > (P(AiN B)) — P(A)P(B)))_ .

J
=1 i=1 j=1

i=1j

we conclude, after switching to the supremum over the relevant partitions, that for
every § > 0,

r J

1
BA.B) < 5 sup > > PN B) — P(A)P(B))| + 6.

i=1 j=1

Letting § — 0 proves (2.33).
Part (iii) of the lemma is an immediate conclusion from (2.33). OJ

Let, once again, (X,,, n e Z) be a stationary process on a probability space
(Q,]—' , P). Using the notation in (2.29) for the o-fields generated by the process,
we define the beta mixing coefficient of the process (X,l, ne Z) by

Bx(n) := B(Foe. FX).n=1,2,.... (2.35)
Definition 2.3.6. A stationary process (X,,, ne Z) is called absolutely regular, or
B-mixing, if Bx(n) — 0 as n — oo.

An immediate conclusion of part (i) of Lemma 2.3.5 is the following comparison of
the strong mixing property and the absolute regularity property.

Proposition 2.3.7. An absolutely regular stationary process is also strongly mixing.

Let, once again, (Q ,F, P) be a probability space, and A and B two sub-o-fields
of F. We introduce a third notion of dependence between two o-fields by

$(A,B) = sup |P(B|A) — P(B)|. (2.36)
A€A:P(A)>0,BEB

An immediate observation is that unlike the measures of dependence introduced
in (2.27) and (2.31), this new notion of dependence does not appear to be symmetric,
in the sense that there seems to be no reason why ¢ (A, B) and ¢ (B, .A) should
coincide. In fact, the two quantities are, in general, different. See, for instance,
Problem 2.6.10.

The next lemma summarizes the basic properties of the measure of dependence

¢ (A, B).
Lemma 2.3.8. Let A and B be sub-o-fields of F.
(i) We have

0=<¢(AB) =1
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and
$(A.B) = B(A. B). (2.37)
(it) ¢(A, B) = 0 if and only if the o-fields A and BB are independent.

Proof. The first statement of part (i) is obvious. For the second statement of part
(i) we use the representation of B(A,B) given in (2.33). Let {A;,...,A;} and
{Bi,...,By} be partitions of Q into .4-measurable sets and B-measurable sets,
respectively. Then

1

J
> " |PAin B) — P(A)P(B))|

i=1 j=I

I J
- Z P(A)) Z |P(Bj|A;) — P(B))|

i=1 Jj=1
1
=2 P(A)|P(B+i|A) — P(B+.)

i=1

)

where B, ; is the union of all B;,j = 1,...,J, such that P(Bj|A;) > P(B;).
Therefore,

1 J
> > PN B) — P(A)P(B))|

i=1 j=1

1
<2$(A,B) ) P(A) = 2¢(A, B)
i=1

for all partitions, and the second statement of part (i) follows from (2.33). The claim
of part (ii) is obvious.

For a stationary process (X,, n € Z) defined on a probability space (2, F, P),
the phi mixing coefficient is defined by

px(n) == ¢(FL o, F°). n=1,2,..., (2.38)

—0o0? n
where the o-fields are defined in (2.29). The phi mixing coefficient leads to one
more notion of strong mixing for stationary processes.

Definition 2.3.9. A stationary process (X,,, ne Z) is called ¢-mixing if ¢x(n) — 0
asn — 0o.

By Lemma 2.3.8, we immediately obtain the following statement.

Proposition 2.3.10. A ¢-mixing stationary process is absolutely regular (and hence
also strongly mixing).
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The lack of symmetry of the notion of dependence between o-fields introduced
in (2.36) makes it possible to introduce the “time-reversed” versions of the ¢ mixing
coefficient and of the ¢-mixing property. For a stationary process (Xn, ne Z), one
simply defines

o (n) = §(FX, F). n=12,..., (2.39)

leading to the following definition.

Definition 2.3.11. A stationary process (Xn, n e Z) is called reverse-¢-mixing if

v (n) — 0asn — oo.

Clearly, an obvious version of Proposition 2.3.10 for reverse-¢-mixing holds. We
mention that there exist stationary processes that are ¢-mixing but not reverse-¢-
mixing (and conversely); see Rosenblatt (1971).

2.4 Conservative and Dissipative Maps

In this section, we return to maps on general o-finite measure spaces and discuss
certain properties of recurrence of such maps. Their probabilistic significance will
become apparent in Section 3.6.

Let (E, g, m) be a o-finite measure space. In this section we will deal with a
nonsingular map ¢ : E — E that preserves the measure m (a measure-preserving
map). A set W € & is called wandering if the sets (¢™"(W), n = 1,2,...) are
mutually disjoint modulo m (recall that two measurable sets A and B are disjoint
modulo m if m(A N B) = 0). This means that for every point x in a wandering
set W, apart from a possible subset of W of measure zero, the trajectory ¢”"(x),
n =1,2,..., never reenters the set A.

Every set of measure zero is trivially a wandering set. What sets different maps
apart is the existence of nontrivial wandering sets.

Definition 2.4.1. A measure-preserving map ¢ on (E, & ,m) is conservative if it
does not admit a wandering set of positive measure.

Observe that every measure-preserving map on a finite measure space is auto-
matically conservative, since a finite measure space cannot contain infinitely many
sets of equal and positive measure that are mutually disjoint modulo m.

Example 2.4.2. Let E = Z and let m be the counting measure. The right shift
¢(x) = x + 1 for x € Z is measure-preserving. Since the set W = {0} is obviously
a wandering set of positive measure, the right shift is not conservative.

The following result shows that in general, a map ¢ has both a “conservative
part” and a part that is “purely nonconservative.”
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Theorem 2.4.3. The Hopf decomposition Let ¢ be a measure-preserving map on
a o-finite measure space (E E, m) Then there is a partition of E into ¢-invariant
sets C(¢) and D(¢p) such that

(i) there is no wandering set of a positive measure that is a subset of C(¢);
(ii) there is a wandering set W such that D(¢p) = U2 _ _ ¢" (W) modulo m.

n=

The partition E = C(¢) U D(¢) is unique in the sense that if E = C; U Dy,
where Cy and D, are ¢-invariant sets satisfying (i) and (ii), then m(C(d))A Cl) =
m(D(¢)A D) = 0.

Proof. We begin with a probability measure P on (E, 5) equivalent to the o-finite
measure m. We will construct recursively an increasing sequence of ¢-invariant
sets (I,,n = 0,1,2,...) and a sequence of wandering sets (W,, n = 1,2,...)
as follows. Let Iy = 0. Forn = 0,1,2,..., let

o, = sup{P(W), W C I, W wandering} .

Let W,41 C IS be such that P(W,41) > «,/2 (if @, = 0, we can always choose
Wu+1 = 0), and let

00
In+l =L U U ¢k(Wn+1) .

k=—00

Since P is a probability measure, we see that o, — 0 asn — co. Set W = US2 | W,,.
It is clear that W is a wandering set.

Let D(¢) = UX__ ¢"(W). Then D(¢) is a ¢-invariant set, and so is its
complement, which we denote by C(¢). By construction, C(¢) C IS for each
n = 1,2,..., and hence so is every wandering subset V of C(¢). This implies that
P(V) < a, for each n, and since «,, — 0, we conclude that P(V) = 0. Since P is
equivalent to m, we also have m(V) = 0.

To prove uniqueness, suppose, for example, that m(Cl \C (¢)) > 0. Then for
some 7, m(Cl N ¢”(W)) > 0. Since a subset of a wandering set is a wandering set,
this contradicts the fact that C; possesses property (i). O

The Hopf decomposition E = C(¢p) U D(¢) is called the decomposition of E into
the conservative part of E and the dissipative part of E with respect to ¢. It is usual
to say simply that C(¢) and D(¢p) are the conservative part of ¢ and the dissipative
part of ¢ respectively. We see immediately that ¢ is conservative if and only if its
dissipative part vanishes (modulo m). The picture is completed by the following
definition.

Definition 2.4.4. A measure-preserving map ¢ on (E,E ,m) is dissipative if
C(¢) = ¥ modulo m.

Since an ergodic map ¢ cannot have two disjoint invariant sets of positive
measure, each ergodic map is either conservative or dissipative. For the right shift
on the integers in Example 2.4.2, it is immediate that D(¢) = Z, and so the right
shift is dissipative.
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A useful and intuitive criterion for distinguishing between a conservative map
and a dissipative map, or, more generally, between the conservative and dissipative
parts of a map, is through the difference in the behavior of certain sums.

Theorem 2.4.5. Let ¢ be a measure-preserving map on a o-finite measure space
(E, £, m) For every function f € Ly(m) such that f > 0 m-a.e., we have

xekE: Zf(d)”(x)) = oo} = C(¢) modulo m. (2.40)

n=1

Proof. We first show that the set on the left-hand side of (2.40) is, modulo m, a
subset of C(¢). By Theorem 2.4.3, it is enough to prove that for every wandering
set W,

(er Zf "(x) = ):0. (2.41)

n=1

However, for k = 1,2, ..., since ¢ is measure-preserving and W is wandering,

k k
o d" dm — o Hk—mF1
/W;ffbdm ;/Elwfcé dm
k k
gflwotﬁ”f ¢k+1dm—[E(;1w0¢”)f°¢k“dm

/f ¢"+‘dm—/fdm

By the monotone convergence theorem,

/ng0¢”dm§/Efdm<oo,

which clearly implies (2.41).
In order to prove the second inclusion in (2.40), suppose that to the contrary,

(xec(¢) Zf "(x)) <oo>>0.

n=1

Let ¢ > 0 be such that

m (x € C(¢) : ¢ (x) > e forsome j € Z, Zf(q’)”(x)) < oo) >0. (2.42)

n=1
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Let C, be the set of positive measure in (2.42). Define W to be the set of those points
x in C, such that

suplj € Z: f(¢/(x)) > e} = 0.

Then W is a set of positive measure, and it is clearly a wandering set. It is also a
subset of C(¢), which is impossible by the definition of the conservative part of ¢.
This contradiction proves the second inclusion in (2.40). O

We finish this section with a refinement of the Hopf decomposition that will
prove very useful to us in the sequel in a discussion of the memory of stationary
non-Gaussian infinitely divisible processes.

Definition 2.4.6. A measure-preserving map ¢ on (E €, m) is positive if there is a
finite measure /7 on (E € ) that is preserved by ¢ and is equivalent to the measure m.

The following statement is immediate.

Proposition 2.4.7. A positive map ¢ does not admit a wandering set of positive
measure and hence is conservative.

Proof. Indeed, if W is a wandering set with m(W) > 0, then m(W) > 0 as well.
Since the sets (d)_”(W), n=12,.. ) are disjoint modulo m, they are also disjoint
modulo m, so that

m(U¢>—"(W)) > (g™ (W)) =

n=1 n=1

since ¢ preserves m. This contradicts the fact that 7 is a finite measure.

The fact that a positive map ¢ is also conservative follows now from Theorem
2.4.3, since if ¢ had a nontrivial dissipative part, it would admit a wandering set of
positive measure. [

As in the case of the Hopf decomposition, in general a map ¢ has both a “positive
part” and a part that is “purely nonpositive.”

Theorem 2.4.8. The positive—null decomposition
Let ¢ be a measure-preserving map on a o-finite measure space (E, g, m) Then
there is a partition of E into ¢-invariant sets P(¢) and N (¢) such that

(i) ¢ is positive on P(¢);
(ii) no ¢-invariant measurable set A C N (¢) satisfies 0 < m(A) < oo.

The partition E = P(¢) U N(P) is unique in the sense that if E = Py U N,

where Py and N\ are ¢-invariant sets satisfying (i) and (ii), then m(P((j))A 771) =
m(N(¢)AN1) =0.
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Proof. We proceed by “exhaustion,” as in the proof of Theorem 2.4.3. We again
begin with a probability measure P on (E, 5) equivalent to the o-finite measure
m and construct recursively an increasing sequence of ¢-invariant sets (1,, n =
0,1,2,...) and a sequence of sets (F,, n = 1,2,...) as follows. Let [, = 0. For
n=20,1,2,...let

o, = sup{P(F), F C I, F ¢-invariant and m(F) < oo} .

Let F,,41 C IS be such that P(F,41) > ,/2 (use F,4y = @ if o, = 0), and
let I,11 = I, U Fyqy. Finally, let P(¢) = U2, F,. By construction, P(¢) is an
invariant set, and we denote its complement by A (¢). We now check that these sets
satisfy (i) and (ii) of the theorem. If m(P(6)) = 0, then ¢ is trivially positive on
P(¢), since we can take m to be the null measure. If m(P(6)) > 0, then we can
construct a nontrivial ¢-invariant finite measure on P(¢), equivalent to m on that
set, by setting

dm _ .
— =2"onF,ifm(F,) >0, n=1,2,....
dm

Therefore, ¢ is positive on P(¢). The property (ii) holds by the construction of the
set P(¢).

It remains to prove the uniqueness of a decomposition. Suppose, once again, that
m(Cl \C (d))) > 0. Then there is a probability measure m; supported by C; \ C(¢),
equivalent to m on that set and invariant under ¢. The function g = dm;/dm is

¢-invariant, finite, and positive on C; \ C(¢) modulo m, and integrates to 1 with
respect to m. Therefore, there are 0 < &; < &, < oo such that

[ g()1(ey < g(x) < &) m(dx) > 0.
Ci\C(9)

The set

{)C e Cy \C(¢) & < g(x) < 82}

is a ¢-invariant set of finite positive measure m. Since this set is also a subset of
N (¢), we obtain a contradiction with the fact that A (¢) satisfies (ii). O

We call a positive-null decomposition E = P (¢) UN (¢) the decomposition of E
into the positive part of £ and the null part of E with respect to ¢p. With terminology
similar to that in the Hopf decomposition, we say that P(¢) and N(¢) are the
positive part of ¢ and the null part of ¢ respectively. Then ¢ is positive if and only if
its null part vanishes (modulo m). We observe that it follows from Proposition 2.4.7
that

P($) S C(¢). D(p) SN(9). (2.43)
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and the Hopf decomposition can be combined with the positive—null decomposition
into a three-way decomposition of E: let CA(¢) = C(¢) N N(¢). Then we
decompose

E =P(¢) UCN(¢) UD() (2.44)

uniquely into ¢-invariant sets that inherit their properties from the Hopf decompo-
sition and the positive—null decomposition. Finally, we also introduce the following
definition.

Definition 2.4.9. A measure-preserving map ¢ on (E, g, m) is null if P(¢) = @
modulo m.

Our next goal is to understand better the structure of the positive—null decom-
position. To this end, we introduce a new notion. A set W € & is called weakly
wandering if there is a sequence n; — oo such that the sets (¢7""(W), k =
0,1,2,.. ) are disjoint modulo m (with ny = 0). Clearly, every wandering set
is weakly wandering as well. Furthermore, Proposition 2.4.7 immediately extends,
with the same proof, to the following.

Proposition 2.4.10. A positive map ¢ does not admit a weakly wandering set of
positive measure.

The following theorem, which we prove only partially, completely clarifies the
connection between weakly wandering sets and the positive—null decomposition. It
also presents a “weighted version” of the criterion for distinguishing the parts in the
Hopf decomposition, presented in Theorem 2.40. The weighted version allows one
to distinguish the parts in the positive—null decomposition. Denote by W the set of
sequences (w,, n = 1,2, ...) with the following properties:

o0
W, >0, wey1 <w,,n=1,2,..., an:oo. (2.45)
n=1

Theorem 2.4.11. Let ¢ be a measure-preserving map on a o-finite measure space

(E, £, m)

(i) There exist a set W and a sequence ny — 0o such that the sets (qb_”k(W), k=
0,1,2,.. ) are disjoint modulo m and N'(¢) = U3 ¢~ (W) modulo m (the
set W is automatically weakly wandering).

(ii) For every sequence (w,, n = 1,2,...) in W and every function f € L|(m) such
that f > 0 m-a.e,

> waf (¢ (x) = 0o m-a.e. on P(¢). (2.46)
n=1
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Further, there is a sequence (w,, n = 1,2,...) in W such that for every
Sfunction f € Ly(m) such that f > 0 m-a.e., we have

xekE: anf(qﬁ”(x)) < ooy = N(¢) modulo m. (2.47)

n=1

Proof. Part (i) of the theorem is in Jones and Krengel (1974). For the first statement
of part (ii), fix a sequence in YV. We may assume without loss of generality that
wy = L. Letp, = wy, —wyt1,n = 1,2,..., and pooy = lim,—, o0 Wy, so that (p,)
are probabilities on N U {+00}. By the definition of the set W, it follows that this
probability distribution has an infinite mean. Then

[e.]

S W (8" @) = poe S £ (@ @) + Y p S A" ). (248)
n=1 j=1 =1

n=1

If m(P(d))) > 0, then there exists a probability measure /n supported by P(¢) and
equivalent to m on that set. By the pointwise ergodic theorem,

n—1

S A #0) > gy asn— o
j=0

for P-almost every x € P(¢), hence for m-almost every x € P(¢). Furthermore, the
limit is the conditional expectation of a positive random variable, hence is itself a.s.
positive. Now (2.46) follows from (2.48) and the fact that the probabilities (p,) have
an infinite mean.

The second statement of part (ii) is in Theorem 3 in Krengel (1967). O

The following example should clarify the distinction between a wandering set
and a weakly wandering set.

Example 2.4.12. Let 0 < p < 1. The transition rule p;;+; = 1 —p;;—1 = p for
i € Z defines a Markov chain on Z, the simple random walk that takes a step to the
right with probability p. This Markov chain is transient if p % 1/2, and it is null
recurrent if p = 1/2. In any case, it has an infinite invariant measure, which is the
counting measure on Z. We use the law of this random walk to construct a o-finite
measure m on E = Z” by

m(A) = Z P;(a realization of the random walk is in A) . (2.49)
i€z

The probability on the right-hand side of (2.49) is computed according to the law
of the Markov chain that visits state i at time zero. In the special case of a simple
random walk, this law can be constructed very simply: let (W;r ,n=20,1,2,...)and
(W, ,n=0,1,2,...) be two independent simple random walks starting at zero, the
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first one stepping to the right with probability p, and the second one stepping to the
right with probability 1 — p. Then the stochastic process

(it Wy i+ Wi+ Wi+ Wit

has the law P; on E. Since the counting measure is an invariant measure for the
random walk, the measure m defined by (2.49) is invariant under the left shift on E.
Suppose first that p # 1/2, and consider the set

A={xeZ”: xg=0,x, #0forn>0}. (2.50)

By construction, the set A in (2.50) is a wandering set, irrespective of the value of p.
We claim that for p # 1/2, we have

| ¢"(4) = E modulo m. (2.51)

n=—0o0

According to Theorem 2.4.3, this would show that the left shift ¢ is dissipative in
this case. To see that (2.51) holds, note that

(U qb"(A)) {x:€Z: x, # 0foralln € Z)

n=—00

U {x:€ Z: x, = 0 for arbitrary large n € Z} .

The first set above has zero measure with respect to m, because a simple random
walk converges a.s. to the two different infinities as the times goes to £oo, and
does so without skipping steps. Therefore, regardless of the initial state, it will a.s.
visit state zero. The second set above has zero measure with respect to m, because a
simple random walk with p % 1/2 is transient, and so it visits any given state only
finitely many times. This proves (2.51).

This argument for the relation (2.51) fails in the symmetric case p = 1/2, since
in that case, the random walk is recurrent. This actually implies that the left shift ¢
is conservative with respect to m, and hence does not admit any wandering set of
positive measure. In order to see that ¢ is now conservative, consider a positive
measurable function on Z given by f(x) = 271l It is clear that f € L,(m).
However,

D fl9"m) = Zl(xn =0) =
n=1

m-a.e., since the simple symmetric random walk is recurrent and hence visits state
zero infinitely many times. By Theorem 2.4.5, C(6) = E modulo m, and ¢ is
conservative.
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s

It turns out, however, that in the case p = 1/2, the left shift admits quite “large’
weakly wandering sets, and we will construct a family of such sets. Let nj,ny, ...
and by, by, by, . .. be two strictly increasing sequences of positive integers. Let

B={xeZ": xy € (—bo,by), X—p, € (=bx.—br1] U [br—1.bp), k = 1}.
(2.52)

Observe that for each k > 1 and x € ¢~ (B), we have xo € (—by, —by—1] U
[bk—1, by), so the sets (qb_’“‘(B), k=12,.. ) are disjoint, and hence the set B
is weakly wandering. We now show that one can choose the sequences nj,n, ...
and by, by, by, ... in such a way as to make this set “large.” To this end, we will
simply note that by the elementary central limit theorem, for a simple symmetric
random walk (W, n = ...,—1,0,1,2,...), the law of n~2w, converges weakly,
as n — 00, to the standard normal law, whence for every x > 0,

Po(JW,| <x) —> 0asn — oo. (2.53)

Let ¢ > 0 be a small number. We will choose by depending on ¢ momentarily,
but let us keep by fixed for now. By (2.53), we can select n; so large that

Pi(|Wy,| < by) < &/8 for every [i| < by,
and then we choose b; > by so large that
Pi(|W,,| = b1) < g/8 for every |i| < by.

We proceed inductively. Once ny, ..., n; and by, by, ..., by have been chosen, we
first use (2.53) to select ng4+; > ny so large that

Pi(|Wiy = | < bi) <27 e for every |i| < by,
and then we select b4 > by so large that

Pi(|Wo =] = brg1) < 27 g for every |i] < by.

k+1

In order to convince ourselves that we have obtained a “large” set B in (2.52),
we construct a probability measure v on ZZ, equivalent to m, by selecting strictly
positive probabilities (p;) on Z, and defining, analogously to (2.49),

v(A) = Z piP;(a realization of the random walk is in A) . (2.54)
i€z

Select by so large that

Y pi<e/2,

lil=bo
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and note that

k=1

v(B) <&/2+ ) piP; (U{|Wnk_1| < bg—1, Wy & (b, =bi—1] U [bk—l»bk)})

lil<bo

(with ng = 0). We now use the Markov property to see that by construction, for
everyk=1,2,...,

Pi(|Wnk,1| < bg—1, Wy, & (b, —by—1]1 U [bk—l,bk))

= 2 PilIWacsl =0)Pi(Woimmics # (i =bict] U Tt b))
Ul <br—1

< 2. 2_(k+2)8 — 2_(k+1)8 ,

so that v(B¢) < e. Selecting ¢ > 0 small, we can hence obtain a “large” weakly
wandering set B.

Notice that we have actually proved that the map ¢ is a null map. Indeed,
if we had m(P(¢)) > 0, then we would also have v(P(¢)) > 0 for the
probability measure v in (2.54). This would imply that for ¢ > 0 small enough,
v(P(¢) N B) > 0, hence also m(P(¢)NB) > 0. Since a subset of weakly wandering
set is itself weakly wandering, we obtain a contradiction with Proposition 2.4.10.

2.5 Comments on Chapter 2

Comments on Section 2.1

There are many books on ergodic theory. The notions of ergodicity and mixing
are widely used in probability. Among the sources that have been used in probability
are Cornfeld et al. (1982) and Walters (1982).

Comments on Section 2.3
A very useful survey on strong mixing conditions is in Bradley (2005).

Comments on Section 2.4

Much of the material on the positive—null decomposition presented in this section
is in Section 3.6 of Aaronson (1997) and Section 3.4 of Krengel (1985), and many
of the results are due to U. Krengel and his coworkers, e.g., Krengel (1967) and
Jones and Krengel (1974).

The phenomenon exhibited in Example 2.4.12 goes much further than the case
of a simple random walk. For example, it is shown in Harris and Robbins (1953)
that every recurrent real-valued Markov chain with an invariant measure generates
similarly a shift-invariant measure on R” with respect to which the left shift is
conservative.
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2.6 Exercises to Chapter 2

Exercise 2.6.1. Let (E,S,m) be a o-finite measure space, and ¢ : E — E a
measurable map. Show that the collection T of all ¢-invariant sets € is a o-field.

Exercise 2.6.2. Let ¢ : E — E be onto and one-to-one. Check that ¢ is
nonsingular if and only if its inverse ¢~ is nonsingular.

Exercise 2.6.3. (i) Prove that measurable sets satisfying either m(A) = 0 or
m(A°) = 0 are invariant sets for every nonsingular map ¢.

(ii) Suppose that ¢ is nonsingular. Prove that the o-field of ¢-invariant sets
coincides with the o-field of ¢~'-invariant sets. Does this remain true if ¢
is one-to-one and onto, but not necessarily nonsingular? Conclude that a
nonsingular map is ergodic if and only if the inverse map ¢~ is ergodic.

Exercise 2.6.4. (i) Let ¢ be a measurable map, and f : E — R a function
measurable with respect to the o-field T of ¢-invariant sets. Show that f is
¢-invariant in the sense that f(¢p(x)) = f(x) for m-almost every x.

(ii) Suppose that ¢ is a nonsingular and ergodic map, and f is as in part (i). Show
that f is constant in the sense that there is a € R such that f(x) = a for m-
almost every x.

Exercise 2.6.5. Recall that the conditional expectation can be defined for nonneg-
ative random variables without a finite mean; see Billingsley (1995). Prove that the
ergodic theorem in the form of (2.7) holds for a nonnegative measurable function f
even if the integrability assumption (2.6) fails.

Exercise 2.6.6. Show that a map ¢ is mixing if and only if the inverse map ¢~ is
mixing.

Exercise 2.6.7. Show by example that the sum of two independent stationary
ergodic processes may not be ergodic. Hint: What is the stationary process
corresponding to the measure in (2.3)? Show that on the other hand, the sum of
two independent stationary mixing processes must be mixing.

Exercise 2.6.8. Weak convergence is not kind to various ergodic-theoretical
notions.

(i) Give an example of a family of nonergodic stationary processes that converge
weakly to a mixing process (no need to work hard: a trivial example suffices).

(ii) Give an example of a family of mixing processes that converge weakly to
a nonergodic process (an autoregressive process of order 1 with Gaussian
innovations can provide an easy example).

Exercise 2.6.9. Show that the presence or absence of strong mixing is determined
by the finite-dimensional distributions of a stationary process.
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Exercise 2.6.10. Let (2, F, P) be a probability space and A, B two events in F
such that PA N B) = 2,P(A\ B) = .3, P(B\ A) = .4. Let A be the o-field
generated by the event A, and B the o-field generated by the event B. Calculate
¢ (A, B) and ¢ (B, A) and check that they are different.

Exercise 2.6.11. Let g : R — R be a one-to-one function such that both g and g~
are measurable. Show that a stationary process (X,,, ne Z) is o- (B-, ¢-) mixing if
and only if the process (g(Xn), ne Z) is - (B-, ¢-) mixing.

Exercise 2.6.12. Theorem 2.4.5 requires the function to be strictly positive m-a.e.
We can relax this assumption somewhat. Let B C C(¢) be such that m(B) > 0.
Prove that

o]

Z 13(¢”(x)) = 00 m-a.e. on B.

n=1

Exercise 2.6.13. Let ¢ be a null map on (an automatically infinite) o -finite measure
space (E, g, m) and f € L,(m). Prove that

n—1

1 A

—Zf(d(x)) — 0 asn— o0
s

for m-almost every x € E.

Exercise 2.6.14. A nonnegative sequence (g,, n = 1,2,...) is called subadditive
if §ntm =< &n + &m for all n,m > 1. Prove that for every subadditive sequence, the
limit lim,, o g,/ exists and is equal to inf, >, g,/n.



Chapter 3
Infinitely Divisible Processes

3.1 Infinitely Divisible Random Variables, Vectors,
and Processes

Infinitely divisible stochastic processes form a broad family whose structure
is reasonably well understood. A stochastic process (X(t), t € T) is said to
be infinitely divisible if for every n = 1,2,..., there is a stochastic process
(Y (1), te T) such that

(X(r), t€T) < ZY,-(t), teT|,
=1

where (Yj(t), t € T),j = 1,...,n, are i.i.d. copies of (Y(t), t € T). It is also
common to say that the law of a stochastic process (rather than the process itself) is
infinitely divisible, and we will use both pieces of terminology interchangeably.

The basic ingredient of an infinitely divisible stochastic process is a one-
dimensional infinitely divisible random variable, to which an infinitely divisible
stochastic process reduces if the parameter space T is a singleton. The most powerful
tool for studying infinitely divisible random variables is their Lévy—Khinchine
representation. Specifically, a random variable X is infinitely divisible if and only if
there is a uniquely determined triple (6%, i, b) such that the characteristic function
of X can be written in the form

. 1 .
Ee® — exp { —50%7 + / (e'GX - i9[[x]]> (u(dx) + i9b§ 3.1)
—00
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for 6 € R, where for x € R, its truncation [[x] is defined by

x if|x] <1,
[x] = § —1ifx < —1, (3.2)
1 ifx>1.

The triple (02, t, b) is called the characteristic triple of the infinitely divisible
random variable X, and it consists of 62 > 0, a measure pn oon R satisfying

©({0}) = 0 and

[(1 AX?) pldx) < 0o,
R

and finally, b € R. See Sato (1999).

The basic examples of infinitely divisible random variables are the normal
random variable and the compound Poisson random variable of the following
example.

Example 3.1.1. If N is a mean A Poisson random variable independent of an i.i.d.
sequence Y1, Y», ... with a common distribution F'y, then

N
X = Z Y; (3.3)
i=1

is an infinitely divisible random vector because its characteristic function is of the
form (3.1) with 0> = 0, 4 = AFy, and b = AE[Y;]. An infinitely divisible
random variable with a representation of the form (3.1.1) is said to be compound
Poisson. Note that a compound Poisson random variable has a finite measure u in
its characteristic triple.

Other examples of one-dimensional infinitely divisible random variables include
the gamma random variable and the geometric (and, more generally, the negative
binomial) random variable, as can be verified by identifying, in each of these exam-
ples, the characteristic triple. See Exercise 3.8.1.

The entry o2 in the characteristic triple of an infinitely divisible random variable
X is the variance of the Gaussian component of X; if o2 = 0, we say that
the infinitely divisible random variable has no Gaussian component. The entry
W in the characteristic triple of an infinitely divisible random variable X is the
Lévy measure of X; it describes the Poisson component of the infinitely divisible
random variable; if 4 = 0, the infinitely divisible random variable has no
Poisson component and hence is a Gaussian random variable. The entry b in
the characteristic triple of an infinitely divisible random variable X is sometimes
referred to as the shift component of X; this, however, has to be taken with a grain
of salt, since b interacts with the truncation [-] in the representation (3.1) of the
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characteristic function. In certain special cases, the characteristic function of an
infinitely divisible random variable has slightly different representations, in which
the role of a “shift” parameter is clearer.

Example 3.1.2. A Lévy motion

A Lévy motion (also known as a Lévy process) is continuous in a probability
stochastic process with stationary and independent increments, (X (1), te R), such
that X(0) = 0 a.s. Note that it is also common to define a Lévy process only
on the positive half-line, as (X ®,t > 0), satisfying the same requirements. The
definition on the entire real line is more natural and convenient for our purposes.
The finite-dimensional distributions of a Lévy process are completely determined by
its one-dimensional marginal distribution at time 1, which is necessarily infinitely
divisible (in one dimension). In fact, there is a one-to-one correspondence between
the laws of Lévy processes and the laws of one-dimensional infinitely divisible
random variables that are the values of the Lévy processes at time 1. See Sato (1999).

It is easy to see that a Lévy process is an infinitely divisible stochastic process.
Indeed, let n = 1,2,.... Since X = X(1) is a one-dimensional infinitely divisible

random variable, there is an infinitely divisible random variable Y such that X 4
Y1+ ...+ 7Y, where Yy,...,Y, are i.i.d. copies of Y. Let (Y(t), t e R) be a Lévy
process such that Y(1) Ly and let (Y;().t € R),j = 1,...,n, be iid. copies
of (Y(1), t € R). Then the stochastic process (Z}lzl Y(t), t € R) is continuous

in probability, has stationary and independent increments, and vanishes at time 0.
Therefore, it is a Lévy process. Since

d
ITOED I EDEP ()

d
=1 j=1

J

by construction, we conclude that

d
S Y. teR| £ (X0). 1€ R).

J=1

Therefore, (X (1, te R) is an infinitely divisible stochastic process.
A Brownian motion is a particular Lévy process for which X(1) has a normal
distribution.

An infinitely divisible stochastic process corresponding to a finite parameter
set T is a (finite-dimensional) infinitely divisible random vector. The distribution
of an infinitely divisible random vector, say X = (X, ..., X@), is once again
uniquely determined by a characteristic triple (E, ,u,b), where this time, X is a
d x d nonnegative definite matrix, and  a measure on R? such that /({0}) = 0 and

Ad(l A Ix]|%) p(dx) < oo
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Finally, b € R, The characteristic function of an infinitely divisible random vector,
say X, with a characteristic triple (E, °, b) is given by

Ee®X = exp{—%ﬂTﬁa +/ (e"“’»") -1 —i(0,[[x]]))u(dx) +i(6.,b)
R4
(3.4)

for @ € RY, where the truncation of a vector is defined componentwise: for x =
(0, ... x@),

Ix] = (Ix"T, ..., [x]).

The role of the entries in the characteristic triple of an infinitely divisible random
vector X is similar to their role in the one-dimensional case. The entry X is the
covariance matrix of the Gaussian component of X, the measure u describes the
Poisson component of X, and the vector b can be (imprecisely) thought of as
the shift vector of X.

The following characterization of an infinitely divisible stochastic process is
almost immediate; see Exercise 3.8.5.

Proposition 3.1.3. A stochastic process (X (1,1t € T) is infinitely divisible if and
only if all of its finite-dimensional distributions are infinitely divisible.

The most useful description of infinitely divisible processes is through their own
characteristic triples. Such triples are similar in nature to the characteristic triples
of one-dimensional infinitely divisible random variables and of infinitely divisible
random vectors, but this time, they “live on the appropriate function spaces.” In the
description below, we follow Rosiriski (2007).

For a parameter space T, let R” be the collection of all real-valued functions
on T. We transform R7 into a measurable space by endowing it with the cylindrical
o-field. A measure p on R is said to be a Lévy measure if the two conditions stated
below hold. The first condition is as follows:

Condition 3.1.4.

/ [x](r)* u(dx) < oo foreveryt e T. (3.5)
RT

As in the finite-dimensional case, the truncation of a function in (3.5) is understood
componentwise: for x = (x(1), t € T) € R, [x]] € R is defined by

[x]() = [x(O]. 1€ T.

The second condition will be stated separately in two cases: when the parameter
space T is countable (or finite), and when it is uncountable.

Condition 3.1.5 (Countable space T).

,u(XE]RT:x(t)zO foralltET) =0. (3.6)
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Condition 3.1.6 (Uncountable space 7). For every countable subset 7 of T, such
that

p,(x eRT: x(1) =0 forallt e T1> >0, 3.7)
there is 7o € T7 such that
;L(x eRT: x(1) =0 forallt € Ty, x(t) # o) > 0. (3.8)

To state the theorem characterizing infinitely divisible stochastic processes, we
introduce the following notation: let

RD = {x € R" : x(#) = 0 for all but finitely many ¢ € T}

be the collection of functions on 7 vanishing outside of a finite set. Note the obvious
fact that if x € R™ and y € R”, then the sum > er x()y(r) makes perfect sense
because the (potentially uncountable) number of terms in the sum is really only
finite, corresponding to the set of nonzero coordinates of x. Similarly, if a € RTXT
then the double sum ) ., Y~ o7 a(s, 1)x(s)x(r) makes perfect sense as well.

Theorem 3.1.7. A stochastic process (X (1), te T) is infinitely divisible if and only
if there exists a uniquely determined triple (Z, U, b) such that for every § € R™),

Eexp{i) 6(0X(0)

teT

(3.9)

1 )
_ exp{—-oTzo +/ (e’<”~X> —1 —i(0,[[x]])),u(dx) +i(0,b)}
2 RT
with the notation

07S0 =3 Y T(s.00()0(). (0.y) =) 6(0y(1).yeR".

S€T €T teT

In (3.9):

e ¥ = (Z(s, 1), s, t € T) is a nonnegative definite function on T,
* isalLévy measure on T;
« beR

See Rosifiski (2007) for a proof. The sufficiency part of Theorem 3.1.7 is clear: if
a stochastic process (X(7), ¢ € T) satisfies (3.9) for some triple (X, s, b), as in the
theorem, then for every finite subset {f{,...,#;} of T, the d-dimensional random
vector (X(#1), ..., X(ts)) has the characteristic function
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1
Eexp Z 0 X () :exp{—EOTE“ ,,,,, w0
j=lod

.....

infinitely divisible random vector, and so all finite-dimensional distributions of the
process (X (), t e T) are infinitely divisible. By Proposition 3.1.3, one concludes
that (X(7), ¢ € T) is an infinitely divisible process.

As in the finite-dimensional case, the triple (E, W, b) appearing in Theorem 3.1.7
is referred to as the characteristic triple of the infinitely divisible process, and the
representation (3.9) its Lévy—Khinchine representation.

Remark 3.1.8. Conditions 3.1.5 and 3.1.6 on a Lévy measure on T ensure that the
measure does not put “redundant” weight on functions with “many” zero coor-
dinates. This guarantees (by Theorem 3.1.7) that an infinitely divisible stochastic
process has a unique Lévy measure.

Let, on the other hand, (X (1), te T) be an infinitely divisible stochastic process
and suppose that (E, W, b) is a triple as in Theorem 3.1.7, except that the measure
W is assumed to satisfy only Condition 3.1.4 but not necessarily conditions 3.1.5
and 3.1.6. In such a case we will say that y is a weak Lévy measure of the process
(X(t), te T), and (E, ", b) is a weak characteristic triple.

“Redundant weight on zeros” of a weak Lévy measure does not play any role in
the representation (3.9) of the characteristic function of the process. For example,
suppose that T is uncountable and there exists a countable set 7 such that (3.7)
holds but (3.8) fails for every #o € T7. We can then remove some “redundant zeros”
by defining a measure ; on R by

n1(A) = ,u(A N {x e R”: x(r) # 0 forsome 7 € Tl}), A a cylindrical set.

The triple (E, Ui, b) clearly still satisfies (3.9). Therefore, a weak Lévy measure is
not unique.

In some cases, we will find it convenient to work with weak Lévy measures of
infinitely divisible stochastic processes. Apart from lack of uniqueness, their role in
describing the structure of infinitely divisible processes is identical to that of “true”
Lévy measures.
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Example 3.1.9. A Gaussian process is a stochastic process (X(t), t € T) whose
finite-dimensional distributions are multivariate normal distributions. These are
infinitely divisible stochastic processes with characteristic triples in which the Lévy
measure p vanishes. That is, the characteristic function of a Gaussian process can
be written in the form

Eexp

> 0mx ()

teT

1
=exp %—EoTzo +i(0,b) (3.10)

for 8 € R, Then X is the covariance function of the process, and b is its mean
function.

The following proposition lists elementary properties of the characteristic triples
of infinitely divisible stochastic processes. We leave the proof for Exercise 3.8.10.

Proposition 3.1.10. (i) If (X (1, te T) is an infinitely divisible stochastic process
with a characteristic triple (E, uw, b) and a € R\ {0}, then (aX(t), te T) is an
infinitely divisible stochastic process with the characteristic triple (Za, Was ba),
where

Yo = (122, wa() = M(a—l.)’ b, = ab + /RT((Z[[X]] — [[ax]]) w(dx) .

(ii) If (X1 (1,1t € T) and (Xz(t), t € T) are independent infinitely divisible
stochastic processes with respective characteristic triples (E,-, Wi, b,-), i=1,2,
then (X1 ) +X(0), t € T) is an infinitely divisible stochastic process with the
characteristic triple (El + X9, U1 + M2, by + bz).

Example 3.1.11. A stochastic process (X (1,1t e T) is called a-stable if it has the
following property: for every n > 1, there is a (nonrandom) function (c,(¢), t € T)
such that

X reT) £ [0S X0 +caln) 1€ T 3.11)
j=1

where (X;(r), 1 € T),j = 1,...,n, are i.i.d. copies of (X(¢), t € T). It is called
strictly a-stable if ¢,(t) = 0 for every n > 1. It is called symmetric o-stable (often
abbreviated to SaS) if it is «-stable and symmetric. It is clear that a symmetric
a-stable process is also strictly «-stable.

The definition immediately implies that every «-stable process is infinitely
divisible. If (X, u,b) is the characteristic triple of the process (X(1), t € T),
then, by Proposition 3.1.10, the stochastic process on the right-hand side of (3.11)
is infinitely divisible with the characteristic triple (n'~%/“%, nu(n'/*:),b,) for
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some function b, € R”. It follows from Theorem 3.1.7 that a stochastic process
(X (1), te T) is a-stable if and only if it is infinitely divisible and its characteristic
triple (E, uw, b) satisfies

Y =n'""2% and u = nu(n"*) (3.12)

foreveryn =1,2,....
It follows immediately from (3.12) that ¥ = 0 unless &« = 2. Further, suppose
that u # 0. Then there exists #y € T such that

h(a) = /L(X e RT : |x(fy)| > a) >0

for some a > 0. Clearly, % is a nonincreasing function. Since it follows from (3.12)
that h(anl/ “) = n_lh(a), we conclude that necessarily o« > 0, and further, this
relation means that lim,—, o, a®h(a) = 1. Since

1
/ [l (o) pe(dx) = / Vh(y) dy
RT 0

Condition 3.1.4 on a Lévy measure implies that o < 2.

That is, a nondeterministic «-stable process can exist only for 0 < o < 2. If
a=2, then the Lévy measure of the process vanishes, and the process is the Gaussian
process of Example 3.1.9.

If 0 < a < 2, then the function ¥ in the characteristic triple of the process must
vanish, while (3.12) implies that the Lévy measure of the process must have the
scaling property

u(c) = ¢ *u foreachc > 0. (3.13)

See Exercise 3.8.11.

Conversely, every infinitely divisible process with ¥ = 0 and Lévy measure
that scales as in (3.13) is a-stable. One usually constructs «-stable processes as
stochastic integrals as in Section 3.3.

We summarize the discussion of this section by recording the following immedi-
ate but important corollary of Theorem 3.1.7.

Corollary 3.1.12. A stochastic process (X(t), t € T) is infinitely divisible if and
only if it has a unique decomposition in law

(X(0).1eT) £ (G, teT)+ (Y1), teT),
where (G(t), t e T) and (Y(t), t e T) are independent stochastic processes, with

(G(t), t e T) a centered Gaussian process and (Y(t), t e T) has a characteristic
function of the form
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Eexp

Ze(z)ym) - exp{/RT(ei(M —1-i(6, [[x]])) [1(dx) + i(0,b))
teT

for @ € R where 11 is a Lévy measure on T, and b is a real-valued function on T.

If (X(r),t € T) has a characteristic function given by (3.9), then ¥ is the
covariance function of the Gaussian process (G(t), te T) (the Gaussian component
of (X(1), t € T)), and the rest of the characteristic triple (2, i, b) determines the
law of the process (Y(t), te T). The latter process is an infinitely divisible process
without a Gaussian component (the Poisson component of (X (1), 1t € T) plus a
deterministic “shift”).

3.2 Infinitely Divisible Random Measures

An infinitely divisible random measure is the single most important infinitely
divisible stochastic process, and it often serves as the basic ingredient in construct-
ing other infinitely divisible stochastic processes. In order to define an infinitely
divisible random measure, we start with a measurable space (S, S). We need three
measures as ingredients:

¢ ao-finite measure y on S;
+ ameasure v on S x (R \ {0}) such that the measure

mo(B) :=// [x]? v(ds,dx), Be S (3.14)
B JR\{0}

is o-finite;
e ao-finite signed measure 8 on S (see Section 10.3).

Let Sy denote the collection of sets B in S satisfying
m(B) := y(B) + [|B[|(B) + mo(B) < oc. (3.15)
For sets By, B, € Sy, define
2(B1.B;) = y(Bi N By). (3.16)

Note that foreveryd = 1,2,...,ay,...,a; € R,and By, ...,B; € S,

2

d
Z ZajakE(Bj,Bk) = /S Zajl(s € Bj) y(ds) > 0.
, =

j=1 k=1

Therefore, ¥ is a nonnegative definite function on Sy.



82 3 Infinitely Divisible Processes

Next, let @ : S x (R \ {0}) — R be a map defined by
®(s,x)(B) =x1(s € B), BE Sy

for s € S and x € R\ {0}. Clearly, ® is a measurable map, and it defines a measure
on RS by

w=vod 1, (3.17)

We claim that p is a Lévy measure on Sy. Note, first of all, that for every B € S,

2 = X 2 S, adx
[oweruao=[ [ g v <o

by the definition (3.15) of the collection Sy. Therefore, the measure p satisfies Con-
dition 3.1.4. If the collection S is countable, we also need to check Condition 3.1.5.
Since the measure m in (3.15) is o-finite, the countable collection Sy covers S. Then

M(x eRS% : x(B) =0 forall Be SO> = v((s,x) L5 ¢ UBegoB) = v(@) =0,

and so Condition 3.1.5 holds. If the collection Sy is uncountable, we need to check
Condition 3.1.6. Suppose that B; € Sy, j = 1,2, .. ., are such that

u(xe RS : x(B;) = 0 forallj = 1,2,...) > 0.
Then
v((s, X):s¢ Uj=1,2ij> >0,
which is equivalent to saying that for the measure my in (3.14),

mg ((Uj=1,2,___Bj)c) > 0.

Since the measures 7 and m are o-finite, there is a set B in Sy such that B C
(szl,szj)L and mg(B) > 0. Then also

v((s,x) i s¢Ui=i1p B, s€ B) >0,
which means that
u(x e RS : x(Bj) =0 forallj=1,2,..., x(B) > 0) >0.

Therefore, Condition 3.1.6 holds, and the measure p in (3.17) is a Lévy measure
on Sy.
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Finally, define b € R by
b(B) = B(B), BE Sy. (3.18)

The infinitely divisible stochastic process M = (M (B), B € SO) with the
characteristic triple (E,u,b) defined by (3.16), (3.17) and (3.18) is called an
infinitely divisible random measure on (S, S) with Gaussian variance measure y,
Lévy measure v, and shift measure S.

The basic properties of an infinitely divisible random measure are described in
the following proposition.

Proposition 3.2.1. (i) For every B € Sy, M(B) is an infinitely divisible random
variable with a characteristic triplet (Oé, g, bp), where

o5 = y(B). pus() = v(Bx ). Py = B(B).
(ii) An infinitely divisible random measure is independently scattered. That is,

M(By),...,M(By) are independent for every collection of disjoint sets
Bl,...,BdES(). (3.19)

(iii) An infinitely divisible random measure is o-additive. That is, for each choice
of disjoint sets (B;) C Sy such that U;B; € S,

M(UB) = Y MB) as. (3.20)
J

(note that the exceptional set in (3.20) depends, in general, on the choice of
(Bj) C So).

Proof. Part (i) follows from the construction of the stochastic process M =
(M(B), B € SO) and Theorem 3.1.7. For part (ii), we use the fact that the
components of an infinitely divisible random vector are independent if and only
if every pair of the components is independent (see Sato (1999)). Therefore, it is
enough to prove part (i) in the case d = 2, and then the statement follows by noticing
that for disjoint sets By, B, € Sy, the Gaussian component of the infinitely divisible
random vector (N (By),N (Bz)) has vanishing covariance, while the bivariate Lévy
measure is concentrated on the axes in the plane. This implies the independence of
N(B;) and N(B;); see Sato (1999).
For part (iii) of the proposition, it is enough to prove that

A, = iM(Bj) —M(u;;lBj) -0 (3.21)

J=1
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in probability as n — oo, which will, in turn, follow if we check that the
characteristic function of the difference A, on the left-hand side converges to the
constant function. By (3.9), for 6 € R,

; 1
Ee%%n = exp {—5920,12 + 1,(0) + iGbn§ ,

where by (3.16),

= o (0m) -2 5o ()] =5 (U)o

J=1 j=1

as n — oo because U;B; € Sy. Further, by (3.18),

b= BB - B(U2iB) = —B(U1B;) — 0

J=1

as n — oo, also because U;B; € Sy. Finally, by (3.17),

o) = [

/ (e_iex -1+ i9[[x]]) v(ds,dx) .
/=n+lB/ R\{O}

Since
e — 1 —if[x]| < K(O)[x]*

for some K(0) € (0, c0), we conclude that

ne) =ke [ _

Jj=n+1 B

/ [x]? v(ds, dx) — 0
R\{0}

as n — oo, once again because U;B; € Sy, whence the o-additivity of the random
measure. []

The Lévy measure of an infinitely divisible random measure can also be
represented in a disintegrated form, given in the following proposition. This
representation has the advantage of providing additional intuition into the structure
of infinitely divisible random measures.

Proposition 3.2.2. There exists a family of one-dimensional Lévy measures
(p(s, ), s € S) that is measurable in the sense that for every Borel set A € R \ {0},
the function (p(s,A),s € S) is measurable, and such that for each such A and
B e S(),

v(B X A) = / o(s, A) m(ds) . (3.22)
B
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The family (p(s, ),8 € S) is unique in the sense that if (,5(5, ), € S) is another
measurable family satisfying (3.22), then p(s,-) = p(s,-) for all s € S apart from a
set of m-measure zero.

Proof. Let (S,) be disjoint sets in Sy such that m(S,) > 0 for each n and

mo((Un$1)*) = 0. (3.23)

We will show that for each n, there is a measurable family of one-dimensional finite
measures (,ol(s, ), 8 € S,,) such that for every Borel set A € R\ {0} and measurable
subset B, of S,,,

/ /[[x]]zv(ds,dx) =/ 01(s,A) my(ds) . (3.24)
B, JA

n

Then for each s € S,,,

dp2(s7 )
dpl (S, )

@) =72 x e R\ {0}

defines a o-finite measure on R \ {0}, which is a one-dimensional Lévy mea-
sure because p;(s,-) is a finite measure. Combining these one-dimensional Lévy
measures into a single family (,02 (s,*),s € S) produces a measurable family of one-
dimensional Lévy measures such that for every Borel set A € R \ {0} and B € S,

/l;pz(s,A) my(ds) = Xn:/BﬂS,, p2(s, A) mo(ds)

- Z (/I;OS,, /A[[x]]_zpl(s’ dx)) mo(ds) = Z v((BN'S,) x A) = v(B x A)

by (3.23), and now (3.22) follows by setting

d
p(s,+) = pa(s, ~)$(s) seS.

We now prove (3.24). By scaling if necessary, we may assume that m(S,) = 1.
Consider the probability space (S, x (R \ {0}), Pn), where we are using the product
o-field on S, x (R \ {0}), and P, (ds, dx) = [x]?v(ds. dx). On this probability space,
consider the random variable X = X(s,x) = x, (s,x) € S, x (R \ {0}), and the
o-field G = {B x (R\ {0}), B a Borel subset of S,,}. Let po(A, (s,x)), A e R\ {0},
(s,x) € S, x (R {0}) be a conditional distribution of X given G (see Section 33
in Billingsley (1995)). Since for each A, py (A, (s, x)), considered as a function on
the probability space, is G measurable, it must be a function of s alone. Setting
pi(A.s) = po(A, (s,x)) produces a required family (p; (s, -). s € Sn).
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It remains to prove uniqueness. Let p and p be two measurable families
satisfying (3.22). Let (A,) be an enumeration of intervals with rational endpoints that
are subsets of R \ {0}. For a fixed n, and A,, in place of A in (3.22), the latter relation
says that both (p(s,A,), s € S) and (p(s,A,). s € S) are the Radon-Nikodym
derivatives of the o-finite measure v(-xA,) on S with respect to the o -finite measure
m. Therefore, they coincide outside of a set of m-measure zero. The union of these
null sets taken over all n is a null set, and for s outside of this null set one has
p(s,A,) = p(s,A,) for each n. Since the sets A, form a w-system generating the
Borel o-field on R \ {0}, we conclude that p(s,-) = p(s, -) for s outside of the above
null set. O

It is clear from the definition of the measure m in (3.15) that both y <« m and
B < m, so we can define

1/2
o(s) = (%(s)) (3.25)
and
b = P (3.26)

for s € S. The representations (3.22), (3.25), and (3.26) lead to a different way
of describing an infinitely divisible random measure. Specifically, we will say that
the corresponding infinitely divisible stochastic process M = (M (B), B € 80)
with the characteristic triple (E, ,u,b) defined by (3.16), (3.17) and (3.18) is
an infinitely divisible random measure with control measure m, local Gaussian
variance (02(s), s € S), local Lévy measures (p(s, ),8 € S), and local shifts
(b(s), s € S). This terminology is intuitively appealing if one thinks of the local
characteristics (Jz(s),p(s, -),b(s)) as describing an infinitely divisible random
variable representing the “value of the random measure around the point s € §.”
In other words, such an infinitely divisible random measure is an independently
scattered and o-additive random set function M = (M (B), B € SO) such that for
every B € Sy, M(B) is an infinitely divisible random variable with the characteristic
triple

z = 2 ds), u() = )m(ds), b= | b ds). 3.2
o /Bo(s)m(s> 40 pr(s ) m(ds) /B<s)m<s) (3.27)

Example 3.2.3. A Lévy motion as a random measure

A Lévy process of Example 3.1.2 can be thought of as an infinitely divisible
random measure in the following way. Let S = R (or a subinterval of R), and let S
denote the Borel o-field. Let 62 > 0, b € R, and let p be a one-dimensional Lévy
measure. Consider an infinitely divisible random measure M on S with the Lebesgue
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control measure, constant local Gaussian variance o2(s) = o2, constant local Lévy
measure p(s,-) = p(-), and constant local shift b(s) = b, s € S. In this case, Sy
consists of all Borel sets of a finite Lebesgue measure, so we can define

X(@) = M((O,t]) fort > 0and X(r) = —M((t, O]) fort < 0.

It is easy to check using Proposition 3.2.1 that the process (X(z), t € R) thus con-
structed is continuous in probability and has stationary and independent increments.
Hence, it is a Lévy motion. It is also elementary that for every t > 0, X(¢) is
an infinitely divisible random variable with the characteristic triple (to2, tp, tb). In
particular,

Ee™X0 = (Ee*XM)" for 1 > 0.

Therefore, (the increments of) a Lévy process can be identified with a particular
infinitely divisible random measure, and the law of a Lévy process is determined by
the one-dimensional distribution of its value at time 1, or any other fixed positive
time.

Example 3.2.4. A Gaussian random measure

An infinitely divisible random measure with vanishing local Lévy measures is
a Gaussian random measure in the sense that the stochastic process M = (M (B),
B € SO) is Gaussian. The most common sort of Gaussian random measures are
the centered Gaussian random measures, where the local shifts (b(s), s € S) also
vanish. In the latter case, there is no longer any utility in distinguishing the control
measure m from the Gaussian variance measure y, and a centered Gaussian random
measure is a centered Gaussian process M = (M(B), B € SO) with covariance
function given by

Cov(M(B1),M(B,)) = y(B1 N By) = m(B; N B,). (3.28)

Example 3.2.5. A Poisson random measure

A Poisson random measure is an infinitely divisible random measure for which
the local Gaussian variances vanish, 0'2(.5‘) = 0, the local shifts are equal to unity,
b(s) = 1, while p(s,-) = 8;(-), for m-almost every s € S. That is, all local Lévy
measures are unit masses at the unity. In this case, the control measure m is also
called the mean measure of the Poisson random measure M. Indeed, it follows
from (3.27) that for every B € Sy, M(B) is a Poisson random variable with parameter
m(B); hence EM(B) = m(B) in this case.

Example 3.2.6. An o-stable random measure

Let 0 < o < 2. An infinitely divisible random measure with vanishing local
Gaussian variance 02(s) = 0 for m-almost every s € S and local Lévy measures
satisfying

p(s, dx) = [w+(s)x_(l+°‘)1(x > 0) + w_(s)|x " TY1(x < 0)] dx, s €S,
(3.29)
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where wy,w_ : S — [0,00) are measurable functions, is an «-stable random
measure. It is «-stable in the sense that the infinitely divisible process M =
(M(B), B € 8) is a-stable, as in Example 3.1.11.

To see that this is the case, we need to check that the Lévy measure (3.17) satisfies
the scaling condition (3.13). Let A be a measurable set in RS, For¢ > 0,

u(cA) = /S (/R\{O} l(xl(s €€ cA) p(s,dx)) m(ds)
= / (w+(s) [00 l(xc_ll(s €€ A)x_(H"") dx
s 0
+w_(s) [ ' (e "1(s € ) € A) 70+ dx) m(ds)
= / (w+(s)c_a [00 l(yl(s €)e A)y_(HD‘) dy
s 0

+w_(s)c® / ' 1(yl(s € -) € A)[y|"+¥ dy) m(ds) = ¢ u(A),

—00

as required.

If the weights in (3.29) satisfy w (s) = w_(s) for m-almost every s € S, and the
local shifts vanish, b(s) = 0 for m-almost every s € S, then the infinitely divisible
random measure M is symmetric o-stable; see Example 3.1.11 and Exercise 3.8.12.
In this case, it is common to incorporate the weights w(s) = w4(s) —w_(s), s € S,
into the control measure m. In fact, for an SaS random measure, it is usual to take
as the control measure and the local Lévy measures

1
i(ds) = ——w(s) m(ds), p(s, dx) = aCylx| 1T dx, s € S, x e R\ {0},
o

Ca
(3.30)
where

¢, = )T —acos(ra/2)™" ifa # 1., (3.31)

In this notation, for every set B € S, one has
EeM®B) — e_’h(B)le‘a, 0eR.

See Samorodnitsky and Taqqu (1994). In this book, in order to avoid ambiguity, we
will call the measure given in (3.30) the modified control measure of an SaS random
measure.

We conclude this section with an obvious but useful property of infinitely
divisible random measures.
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Proposition 3.2.7. Let M,,...,M; be independent infinitely divisible random

measures on (S,S) with Gaussian variance measures Vi, ..., Yy Lévy measures
Vi,...,V and shift measures Bi,...,Br. Let my,...,my be the corresponding
control measures, and let So; = {B €S :m(B) < oo},j =1,...,k Then

k
M(B) = My (B) + ... + My(B). B € () Sy
j=1

is an infinitely divisible random measure on (S, S) with Gaussian variance measure
Y1+ ...+ Y Lévy measure vy + ... + v, and shift measure 1 + ... + Py

Example 3.2.8. The sum of k independent centered Gaussian random measures on
(S, S) with control measures my, ..., my is a centered Gaussian random measure on
(S, S) with control measure m; + ... + my.

Example 3.2.9. Let 0 < a < 2. The sum of k independent SaS random measures
on (8, S) with modified control measures my, . .., my is an SaS random measure on
(S, S) with modified control measure m; + ... + my.

3.3 Infinitely Divisible Processes as Stochastic Integrals

The infinitely divisible random measures of Section 3.2 are important mainly
because it is possible to construct a great variety of stochastic models by integrating
suitable functions with respect to these random measures. In particular, it turns
out that a very large number of infinitely divisible stochastic processes can be
represented in the form

X(1) = /S f(t,s)M(ds), teT, (3.32)

where M is an infinitely divisible random measure, and (f (t,)), t € T) is a family
of nonrandom measurable functions. It turns out that many properties of infinitely
divisible stochastic processes can be conveniently described when a process is given
in the form of a stochastic integral as in (3.32).

Let (S, S) be a measurable space, and M an infinitely divisible random measure
on this space with control measure m, local Gaussian variance (o2(s), s € S), local
Lévy measures (p(s, ), s € S), and local shifts (b(s), s € S). For a simple function
f: § — R of the form

k
f(&) =) fl(s€B). s€S. (3.33)

J=1
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withk > 1,f1,....fk € R, and By, ..., By disjoint sets in Sy, we define the integral
of f with respect to M by

k
1) = [ £ M@ = M),

J=1

It is easy to see using the additivity of an infinitely divisible random measure (part
(ii) of Proposition 3.2.1) that this definition is consistent, in the sense that it will
change only on a set of measure zero if one uses a different representation of the
same simple function of the form (3.33).

The following proposition lists several important properties of the integrals of
simple functions of the form (3.33).

Proposition 3.3.1. (i) For a simple function f of the form (3.33), the integral
I(f) is an infinitely divisible random variable with the characteristic function
given by

Ee1) — expg _%92 /f(s)262(s) m(ds) (3.34)
s

+ fs ( /_ C:(e"@f(m — 1 —i6f(s)[x]) P(S,dx)) m(ds) + if /S f(s)b(s)m(ds)} _

In particular, the characteristic triple (02()‘), w(), b(f)) of the integral I(f) is
as follows: the Gaussian variance is given by

o*(f) = /S f(5)*0°(s)m(ds) . (3.35)
the Lévy measure is given by
w(f) =veo T ", (3.36)
where the measure vy on S x (R \ {0}) is defined by
vr(A) = U(A N {(s,x) D f(s) # 0}), A measurable,
v is the Lévy measure of the random measure M given by (3.22), and Ty :

S x (R \ {0}) — R is given by T¢(s,x) = xf(s), s € S, x € R. Finally, the
“shift” parameter is given by

o) = | (f(s)b(s)+ [ (woa-ron) p(s,dx)) mds).  (337)

—0o0
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(ii) If f and g are simple functions of the form (3.33), and a, b are real constants,
then af + bg is also a simple function of the form (3.33), and the integral has
the linearity property

I(af + bg) = al(f) + bl(g) a.s. (3.38)

Proof. The expression for the characteristic function (3.34) follows from the fol-
lowing calculation, which uses the fact that an infinitely divisible random measure
is independently scattered (part (i) of Proposition 3.2.1) and the expressions (3.27)
for the characteristic triple of M(B) for a set B € Sy:

k k
e . 1
Eel@l(f) — HEeIijM(Bj) — Hexp{_EQZfJ‘Z/ O'Z(S) m(ds)
j=1 =1 B

+ /B‘ (/°° (7 — 1 —i0f[x]) p(s, dx)) m(ds) + iij/" b(s) m(ds)} ,

—00 Bj

which coincides with the expression on the right-hand side of (3.34) for a function
f of the form (3.33). The expressions (3.35), (3.36), and (3.37) follow by compar-
ing (3.33) with the canonical representation (3.1); the latter requires insertion inside
the truncation of f(s) in the middle term on the right-hand side of (3.33). Hence we
have a somewhat complicated expression for the “shift” parameter (3.37).

Since the value of the integral of a simple function of the form (3.33) changes
only on an event of probability zero if one changes a representation of the function,
part (ii) of the proposition is immediate.

In order to extend the definition of the integral from simple functions of the
form (3.33) to a more general class of measurable functions on S, we need to
introduce some notation. Let LO(Q,.F , P) be the space of all random variables
defined on a probability space (Q,}" , P), equipped with the metric do(X,Y) =
|IX — Yllo, where ||X|lo = Emin(|X|, 1). Then LO(Q,}', P) is a complete metric
space, and convergence in that space is equivalent to convergence in probability.
For a simple function f of the form (3.33), we set

Ifllar = Sup{||1(g)||0 : g asimple function of the form (3.33), (3.39)
g()] = ()l all s € 5.}

We call a measurable function f : S — R integrable with respect to the infinitely
divisible random measure M if there is a sequence (f;,) of simple functions of the
form (3.33) such that

fa = f m-almost everywhere as n — oo and . lim |fy —fullsr =0. (3.40)
=00
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The last requirement implies that the sequence of the integrals (I (fn)) is fundamental
in LO(Q ,F, P), and since the latter space is complete, we can define

1) = /S £ M(ds) = Tim 1(5). (3.41)

defined in the sense of convergence in probability.

We denote by Ly(M) the class of functions integrable with respect to an infinitely
divisible random measure M. The next theorem, presented without a proof, describes
explicitly the class Ly(M) of integrable functions and the basic properties of their
integrals. See Rosifiski (2007) and Kwapieni and Woyczyiiski (1992) for a proof.

Theorem 3.3.2. (i) The class Ly(M) of integrable functions is a linear vector
space of functions, and a measurable function f : S — R belongs to Ly(M) if
and only if the following three conditions hold:

/f(s)zaz(s) m(ds) < o0, (3.42)

s

/ ( / N [ (s)x]* o (s. dx)) m(ds) < oo, (3.43)
S —00

m(ds) < 00. (3.44)

o

/S P(s)b(s) + [_00 ([[f(S)x]] —f(s)[[x]]) o(s, dx)

(ii) Foreveryf € Ly(M), the integral I(f) is an infinitely divisible random variable
with the characteristic function given by (3.34) and the characteristic triple
(Oz(f), w(), b(f)) given by (3.35), (3.36), and (3.37), respectively.

(iii) The integral is linear: for every f, g € Lo(M) and a,b € R, the equality (3.38)
holds.

(iv) Let (f,) be a sequence of measurable functions such that |f,| < g m-a.e. for
every n > 1, where g € Ly(M). Suppose that as n — oo, f, — f m-a.e. for
some measurable function f. Then f € Ly(M) and I(f,) — I(f) in probability
asn — oo.

Remark 3.3.3. Intuitively, condition (3.42) for integrability in part (i) of Theo-
rem 3.3.2 requires the function to be integrable with respect to the Gaussian part
of the random measure M. Condition (3.43) deals with the integrability of the
function with respect to the Poisson part of the infinitely divisible random measure;
it makes sure that the function does not “rearrange the Poisson jumps” of the random
measure in such a way that they “break” the properties required of a Lévy measure.
The requirement (3.44) is, in a sense, the trickiest. It is related to the centering of
the Poisson points in a neighborhood of the origin, and its complicated form is due
to the fact that the function f may “move” the points of the random measure in and
out of a neighborhood of the origin.
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Remark 3.3.4. If f : S — R is a measurable function and B € S, it is common
to use the notation [, f(s) M(ds) for the integral [;f(s)1(s € B) M(ds) as long as
f1(- € B) € Ly(M).

The definition (3.40) of an integrable function uses a somewhat involved “size
functional” || - ||57 in (3.39). Instead, one could have used the functional || - || directly
and still defined the integral as in (3.41). The definition we are using, even though
more restrictive, has the appealing property that for measurable functions f, g,

if f € Lo(M) and |g| < |f| m-a.e. on S, then g € Ly(M). (3.45)

See Exercise 3.8.15. This property would not automatically follow under the broader
definition, not the least due to a different treatment of the Poisson points of the
random measure in and out of a neighborhood of the origin. See Remark 3.3.3
above.

In certain cases, however, the two definitions become equivalent, and the
conditions for integrability in part (i) of Theorem 3.3.2 simplify. Suppose, for
example, that an infinitely divisible random measure M is symmetric. That is,

p(s,-) is a symmetric measure and b(s) = 0 for m-a.e. s € S. (3.46)

It follows from (3.27) that if M is a symmetric infinitely divisible random measure,
then for every set B € Sy, M(B) is an infinitely divisible random variable, with a
symmetric Lévy measure and a vanishing “shift” parameter. This implies that M (B)
is a symmetric random variable, whence the adjective “symmetric” applied to M.

Proposition 3.3.5. Let M be a symmetric infinitely divisible random measure.
A measurable function f is integrable with respect to M if and only if there is a
sequence (f,) of simple functions of the form (3.33) such that

fu = f m-almost everywhere as n — oo and . lim ||fi —fullo=0. (3.47)
=00

Further, f € Loy(M) if and only if (3.42) and (3.43) hold.

Proof. The only part of the statement that requires proof is that in the symmetric
case, (3.47) implies (3.40). Let f and g be simple functions of the form (3.33) such
that |g(s)| < |f(s)| for all s € S. We can find disjoint sets By, ..., By in Sy and real
numbers fi,...,fy and g1, ..., g with |g;| < |fj| foreachj = 1,...,k such that

k k
f&) =) fl(s€B). g(s) =) gl(s€B). s€S.

j=1 j=1
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Because of the symmetry, we may use the contraction inequality in Theorem 10.7.5
to obtain

1
1)l = Emin(ji(g)]. 1) = [0 P(i(g)| > 1) dr

1 k 1 k
0

j=1 =
1
P /0 P(IE()| > 1) di = 2Emin(|I()]. 1) = 2]1¢) .
We conclude that

I v = 211 llo

for every simple function of the form (3.33), and so (3.47) implies (3.40). O

Example 3.3.6. The integral with respect to a centered Gaussian measure

Let M be a centered Gaussian measure on S with control measure m; see
Example 3.2.4. Applying Theorem 3.3.2 or Proposition 3.3.5, we see that Lo(M) =
L?*(m), and for f € L*(m), I(f) is a zero-mean normal random variable with variance

1712 -

Example 3.3.7. Functions integrable with respect to a Poisson random measure
Let M be a Poisson random measure on S with mean measure m; see Example 3.2.5.
By Theorem 3.3.2, it is immediate that f € Ly(M) if and only if

/ min(1, [f(s)]) m(ds) < 0o . (3.48)
N

Example 3.3.8. The integral with respect to a symmetric a-stable measure

Let M be a symmetric o-stable random measure on S, 0 < o < 2, with control
measure m and weights w(s), s € S; see Example 3.2.6. By Theorem 3.3.2 or
Proposition 3.3.5, a measurable function f is integrable with respect to M if and
only if (3.43) holds. Since

Oo)‘sxzsx m(ds) = ooz‘sxzx_(““")stms
[S(/_Oo()]]/o(,d)) (ds) /S([_Oo()]]ll d)()(d)
4 o
= ) /s If (s)|*w(s) m(ds) ,

we conclude that Ly(M) = L%(m), where m is defined in (3.30). Furthermore, for
f € L*(m), the characteristic function of the integral /(f) satisfies
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Ee10 — exp{ / (/‘00 (e"gf(s)x —1- i(?f(s)[[x]]) o(s, dx)) m(ds)}
S —_

oo

= exp{ —Z/S (/000(1 - cos(@f(s)x)) |x| () dx) w(s) m(ds)

= exp{ —2/0 (1 —cosy) y~"*® ay || /; If(s)|“w(s) m(ds)§

= exp{-16/" /S F@I ds)} (3.49)

and so I(f) is an SaS random variable. See Samorodnitsky and Taqqu (1994).

Integrals with respect to infinitely divisible random measures behave in the
expected way with respect to the addition of the measures as well. In the situation
of Proposition 3.2.7, we have the following additivity statement.

Proposition 3.3.9. Let My, ..., My be independent infinitely divisible random mea-
sures on (S,S) andf € Lo(Mj) forj=1,... k. Thenf € LO(M1 + ...+ Mk) and

k
/Sf(s) (Ml +...+ Mk)(ds) = ;/Sf(s) M;(ds) a.s.

Proof. The factthatf € L (M 1+...+M, k) follows immediately from Theorem 3.3.2
and Proposition 3.2.7. Next, for n > 1 define

2% ifz% <f(s) < j;’,,l,j: —n2", ..., n2* —1,n2",
fo(s) = —nif f(s) < —n, (3.50)
n iff(s) > n.

It follows by Theorem 3.3.2 that (f,) is a sequence of simple functions of the
type (3.33) for the infinitely divisible random measure M| + ... + My, and then,
by Proposition 3.2.7, also for each infinitely divisible random measure M;, j =
1,...,k. Applying part (iv) of Theorem 3.3.2, we see that

[an(s) (M + ...+ M;)(ds) — /f(s) (M + ...+ M) (ds),
N

[fn(s)Mj(ds) — /f(s)Mj(ds),jz 1,...,k
S S

in probability as n — oo. Since for each n > 1 we have

k
[ 0+ ) @) = 3 [ s,
j=1

the claim of the proposition follows. [
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Not only is the integral with respect to an infinitely divisible random measure M
of an integrable function an infinitely divisible random variable, but also the family
of the integrals of a collection of integrable functions is an infinitely divisible
stochastic process. This fact, announced at the beginning of this section, is the
single most important property of stochastic integrals with respect to infinitely
divisible random measures. It is contained in Theorem 3.3.10 below.

Theorem 3.3.10. Let M be an infinitely divisible random measure on a measurable
space (S, S), with control measure m, local Gaussian variance (c*(s), s € S), local
Lévy measures (,o(s, 2,8 € S), and local shifts (b(s), s € S). Let f(t,-) € Ly(M) for
each t € T. Then the stochastic process X(t) =1 (f (, -)), t € T, defined in (3.32) is
infinitely divisible, with a weak characteristic triple (EX, UX, bx) given by

EX(ll»tZ) = /;f(tl’s)f(t27s)02(s) m(ds)v I, € T, (351)
ux =voH !, (3.52)

where v is the Lévy measure of the random measure M given by (3.22), and H :
S x R — R is given by H(s,x) = (xf(t, s), t € T)fors € S, x € R. Finally,

bx (1) = /S (f(t, $)b(s) + / ([[f(t, o] — £, s)[[x]]) p(s,dx)) m(ds), 1€ T.
- (3.53)
Proof. We begin by noticing that by (3.42) and (3.44), the functions ¥x and by

are well defined, since each f(¢,-) is in Lo(M). Next, let t,...,7; € T, and
01, ...,0, € R. By the linearity of the integral (Theorem 3.3.2),

d

d d
Eexp Z 0;X(t) ¢ = Eexp Z Gjl(f(tj, )) =Eexp/ Z 0;f (5, )
j=1

j=1 J=1

Next, we use part (ii) of Theorem 3.3.2 with f = Z}izl 8;f (¢, -) to conclude that in
the notation (3.51), (3.52), and (3.53), this is further equal to

2

1 d
eng ) /S J;@jf(tj,S) o’ (s) m(ds)
[e3) d
—i—/S /_oo (eixZ}i:l OfGs) _ 1 — iZ 01 (. s)[[x]]) p(s,dx) | m(ds)

J=1

d
+i / >0 (1. 5)b(s) m(ds)
S
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1 d d
= exp{ 3 Z Z EX(tjl »tjz)ejl ejz

Ji=1jx=1

d d
+ /R ) (ef D) 1 iy g (t,)) px(dx) +iy ejbx(z,)} .

J=1 J=1

According to Theorem 3.1.7 and Remark 3.1.8, our statement will follow once we
check that the measure pux in (3.52) is a weak Lévy measure on 7. However, for
everyt €T,

[ 102 ex@0 = [ ([~ iesn pts.an ) mian < o0
RT N —00

by (3.44), since f (¢, ) € Lo(M). Therefore, ux satisfies Condition 3.1.4. O

In many concrete cases, it is easy to check that the measure ux in (3.52) is a
Lévy measure on R”, and not only a weak Lévy measure; see Exercise 3.8.18.

Combining the statement of Theorem 3.3.10 with Exercise 3.8.3, we immediately
obtain the following important corollary.

Corollary 3.3.11. (i) Let M be an infinitely divisible random measure on a
measurable space (S,S), with control measure m, local Gaussian variance
(02(s), s € S), local Lévy measures (,o(s, ),s € S), and local shifts
(b(s), s € 8). Letf, g € Lo(M). Then the integrals I(f) and I(g) are independent
if and only if the following two conditions hold:

[ oo ms =o.
xf(s)g(s) = 0 forv-a.e. (s, x).

(i) Let f(t,) € Lo(M), g(t,-) € Lo(M) for each t € T. Then the stochastic
processes X(t) = I(f(t, )) teT, andY(t) = I(g(t, )) t € T, are independent
if and only if f(t,,) and g(t2,-) satisfy the two assumptions of part (i) for all
ti,tp € T (ie., if X(t1) and Y (t,) are independent for all t;,t, € T).

When an infinitely divisible stochastic process is represented as a stochastic inte-
gral with respect to an infinitely divisible random measure, as in Theorem 3.3.10,
it is sometimes more convenient to work with the process and study its properties
via the integral representation, and not via its Lévy—Khinchine representation (3.9).
Fortunately, it turns out that every infinitely divisible stochastic process with a
o-finite Lévy measure has an integral representation.

Theorem 3.3.12. Let (X (0, te T) be an infinitely divisible process with a o-finite
Lévy measure. Then there exist a measurable space (S, S) and an infinitely divisible
random measure on that space, with some control measure m and some local
characteristics (O'Z(S), o(s, ), b(s)), and functions f(t,-) € Ly(M), t € T, such that
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(X(1),1eT) L ( f f(t,5) M(ds), te T) . (3.54)
N

Proof. Let (EX, X, bx) be the characteristic triple of the infinitely divisible process
(X (), te T). We choose S = R”, and S the cylindrical o-field on R. Let

(X(1), 1€ T) £ (G@), te T) + (Y1), t € T)

be the decomposition of the infinitely divisible stochastic process into a sum of
two independent processes, a centered Gaussian process and an infinitely divisible
process without a Gaussian component given in Corollary 3.1.12. We defined the
ingredients of an infinitely divisible random measure on (S, S) as follows.

Let y be the (probability) law of the Gaussian process (G(t), te T) on R7, and
define a measure on R x (]R \ {O}) by v = ux x §;. Finally, let 8 = §,, where a is
a function on 7 defined by

a0 = bx() = [ (0] =x0) puxia), 1€ 7

Let now M be an infinitely divisible random measure on (S,S) defined by
the measures y, v, and B, and let m be the corresponding control measure, and
(0%(5). p(s.-), b(s)) the corresponding local characteristics. Forx = (x(1), t € T) €
Sandt € T, we define f (¢, x) = x(f). That is, f is the evaluation function on R”. By
the definition of the cylindrical o-field, f(¢,-) : RT — R is a measurable function
for every t € T. Next we check that f(t,-) € Ly(M) for each t € T by checking the
three conditions in part (i) of Theorem 3.3.2.

First of all,

/f(t, x)202(x) m(dx) = / x(1)? y(dx) = EG(f)* < oo,
s R
since a Gaussian process has a finite variance. This verifies condition (3.42). Next,
o0
/(/ I (2, x)x]° p(x, dx)) m(dx) = / [x()]? ux (dx) < oo,
S —00 R?

since ux is a Lévy measure on R”. This verifies condition (3.43). Finally,

[ e+ [ (6.3 ~1.081) . )
N —00

< [ 010 + [ 10150 exta = 1a] + [ [0 0] px () < o

because once again, px is a Lévy measure on R”. This verifies condition (3.44), and
so f(t,-) € Lo(M) foreachr e T.
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The only step remaining to complete the proof of the theorem is to check that the
(weak) characteristic triple of the infinitely divisible stochastic process defined as
the integral on the right-hand side of (3.54) (and given in Theorem 3.3.10) coincides
with the characteristic triple of the process (X (1), te T). First of all, for t,1, € T,

[ 000 @m@n = [ sty = EG)G).

and so the Gaussian components in the two triples coincide. Trivially, voH™! = ux,
which means that the Lévy measures in the two triples coincide as well. Finally, for
teT,

[ (000 + [~ (170040 ~0.911) p0x. ) mia)
N —00

= at) = [ (101 ~x0) sexta) = bx(0).

which checks that the last components in the two triples are the same, and the proof
is complete. [

Example 3.3.13. Centered Gaussian processes as integrals with respect to a cen-
tered Gaussian measure Let M be a centered Gaussian measure on S with control
measure m, and T a parameter space. Suppose that for each ¢ € T, a function (¢, -) €
L?(m) is given. Generalizing Example 3.3.6, we observe that by Theorem 3.3.10,
X)) =1 (f (, -)), t € T, is a centered Gaussian process with covariance function
given by (3.51).

Example 3.3.14. Symmetric a-stable processes as integrals with respect to a
symmetric a-stable measure Let M be an SaS random measure on S with a modified
control measure 7, and T a parameter space. Suppose now that for each t € 7, a
function f(z,-) € L*(m), 0 < o < 2, is given. We can generalize Example 3.3.8
and define a stochastic process by X(r) = I(f(t,-)), t € T. By Theorem 3.3.10, this
process is an SaS process with characteristic function satisfying

o

k k
Eexp iy _ 6;X(t) ¢ =exp{— / D 0f(4.s)| (ds) (3.55)

j=1 51j=1
for every k = 1,2,...,1,...,4, in T and real numbers 6, ..., 6;. We leave the

verification to Exercise 3.8.20.

Using stochastic integrals with respect to infinitely divisible random measures,
we can define new infinitely divisible random measures, as described in the
following proposition.
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Proposition 3.3.15. Let M be an infinitely divisible random measure on (S, S) with
a Gaussian variance measure y, a Lévy measure v, and a shift measure B, and
f: S — R ameasurable function. Let

S = {B €S:fl(-€B)e LO(M)}.
Then

M;(B) = /B f(s)M(ds), Be Sy

is an infinitely divisible random measure on (S,S) with a Gaussian variance
measure y, a Lévy measure v, and a shift measure 8, where

- o dy
7 <y with ZL(s) = f(s)?,
dy
the measure v is the restriction to S X (R \ {O}) of the measure v o F~! with
F:Sx(R\{0}) - SxR givenby F(s,x) = (s, xf(s)),

and,B~ = ,51 + ,gz, where

< dp

B < B with d%(s) = 1)
and ,3~2 is a signed measure on S defined by

fa(B) = /B /_ Z ([[f(s)x]] - f(s)[[x]]) v(ds,dx), B € Sp.

Remark 3.3.16. In order to simplify the notation in defining the measure v, in the
proposition, we used the letter v to denote the obvious extension of the measure v
to S x R. Note that the proposition simply says that for every set B € Sy, we have

7(B) = / s y(ds) (3.56)
B
and

pe = [ropa+ [ [~ (oa-rom)vasw. 65

Proof of Proposition 3.3.15. Let m be the control measure of the infinitely divisible
random measure M and let (oz(s), p(s, ), b(s)), s € S, be its local characteristics.

By Theorem 3.3.10, (M;(B), B € SO) is an infinitely divisible process with a weak

characteristic triple (E, i, b) given as follows. For any sets By, B, € So,
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i](Mf(Bl), M,«-(Bz)) = /S(f(s)l(s S Bl)) (f(s)l(s € Bz))az(s) m(ds)
=/' ﬂw&@muﬂ=/ ) y(ds) = 7(B).
B1NB; B1NB;

Further, if H : S x R — R is given by H(s,x) = (xf(s)l(s € B),B ¢ So) for
s €S, xeR,andif ®is asin (3.17), then
f=voH '=7od7 !,

Finally, for every set B € So.
B(B) = / (f(s)l(s € B)b(s)
N

+ /_ ” ([[f(s)l(s € B)x] — f(s)1(s € B)[[x]]) p(s,dx)) m(ds)

= B1(B) + Ba(B).

Since the measure
my(B) := // [x]? ¥(ds, dx) = // [xf (s)]? U (ds. dx), Be S
B JR\{0} B JR\{0}

is o-finite because the measure my in (3.14) is, the statement of the proposition will
follow once we check that

So={B: 7(B) + 1BI(B) + ing(B) < oo}
This last statement, however, follows immediately from the description of Ly(M) in

Theorem 3.3.2. O

Combining Proposition 3.3.15 with examples 3.3.13 and 3.3.14 leads to the
following useful corollary.

Corollary 3.3.17. (i) Let M be a centered Gaussian measure on S with control
measure m, and f : § — R a measurable function. Let

S = {Bes: /f(s)zm(ds) < oo}.
B

Then (M;(B), B € 5‘0) is a centered Gaussian measure on S with control
measure m < m and dim/dm = f?.
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(ii) Let M me an SaS random measure on S with a modified control measure m, and
f: § — R ameasurable function. Let

So = {B €s: /B[f(s)|°‘m(ds) < oo}.

Then (Mf(B), B e So) is an SaS random measure on S with modified control
measure m < m and dm/dm = |f|*.

Intuitively, one can view the relation between infinitely divisible random mea-
sures M and My in Proposition 3.3.15 as the relation of absolute continuity, with
f serving as the “derivative.” With this point of view, the following proposition is
completely expected.

Proposition 3.3.18. Let M, f, and My be as in Proposition 3.3.15. Let g : § — R
be a measurable function. Then g € Lo(My) if and only if fg € Lo(M), and in that
case,

/ 8(s) My(ds) = / J(s)g(s) M(ds) a.s.
N N

Proof. The fact that g € Lo(My) if and only if fg € Lo(M) follows from the
description of the two Ly spaces in Theorem 3.3.2.

Letnow g € Lo(My). For n > 1, let g, be the simple function defined on the basis
of g as in (3.50).

By part (iv) of Theorem 3.3.2, we know that

/ g0 (s) M (ds) — / o(5) My (ds). / F()8a(s) M(ds) — / F()g(s) M(ds)
S S S S

in probability as n — co. However, each g, is a simple function of the form g, (s) =

Z;;l a;1(s € B;) for some k > 1, real numbers (a;), and measurable sets (B;) such

that 1(- € B;j) € Lo(My) and f1(- € B;) € Ly(M) for each j. Therefore,

k k
/ M) = Y aMyB) = Y g /B F(s) M(ds)
=t B

s e
k
= [0 X a6 € Bym@) = [ 61,0 M@).
=1

and the claim follows. (J
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3.4 Series Representations

An infinitely divisible stochastic process without a Gaussian component has only a
Poisson component. Such a process has representations, often explicit, as an infinite
series involving the standard Poisson arrivals as well as an independent of them
sequence of i.i.d. random vectors. Representations of this kind are often very helpful
in understanding the structure of infinitely divisible processes and their properties.
In this section, we present an introduction to such representations. A full discussion
can be found in Rosifiski and Samorodnitsky (2016).

We begin by introducing the notation that is standard in series representations
of infinitely divisible stochastic processes. Let I'j, I'5, ... be the ordered points of
a unit-rate Poisson process on (0, c0). In queuing applications, it is common to use
the terminology “arrival times” or “Poisson arrivals,” and we will use these terms
interchangeably. Note that

I'=e+...4¢,n=12,...,

where (¢;) is a sequence of i.i.d. standard exponential random variables.

Let T be an arbitrary parameter space, and let (E, ) be a measurable space.
Given a family of measurable functions H(¢;-) : (0,00) x E — R, t € T, we define
a stochastic process

X(6)=Y H(t:T,.Y,). teT, (3.58)

n=1

where (Y,) is a sequence of i.i.d. E-valued random variables independent of
the Poisson arrivals (I',). Of course, the functions H(f;-) must satisfy certain
assumptions to make sure that the series in (3.58) converge. If the series converges,
then the process (X(t), ¢t € T) is automatically infinitely divisible, and it is possible
to represent its characteristic triple through the functions H(t;-) and the law of a
generic representative Y of the sequence (Y;). In this case, one views the right-hand
side of (3.58) as a series representation of the infinitely divisible stochastic process
on the left-hand side. A given infinitely divisible stochastic process has, generally,
multiple series representations.
The following theorem gives sufficient conditions for convergence in (3.58).

Theorem 3.4.1. Let H : (0,00) X E — R be a measurable function. If
(o) 2 (e )
/ E([Hx, Y)]) dx < oo and / |E([[H(x, Y)]])|dx < 00,
0 0

then the series

X=> HT,.Y,) (3.59)

n=1
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converges a.s. Further, X is infinitely divisible, with a characteristic triplet
(02, ., b), where o = 0, the Lévy measure is given by

W(B) = / " P(H(x, Y) € B\ {0}) dx, B Borel, (3.60)
0
and
b= /OOE([[H(x, Y)])dx. (3.61)
0

Proof. In order to prove the a.s. convergence of the series (3.59), we would like to
use the three series theorem, Theorem 10.7.6. However, the latter applies to series
of independent random variables, while the series in (3.59) is not, generally, a series
of independent random variables due to the dependence introduced by the Poisson
arrival sequence. To overcome this difficulty, we first condition on that sequence.
Formally, we may assume that the underlying probability space is a product space,
(Q,}", P) = (Ql X Qq, F1 X Fa, P} X Pz), and the Poisson arrival sequence (')
lives on €21, while the i.i.d. sequence (Y,) lives on 2. By Fubini’s theorem, the
a.s. convergence of the series (3.59) will follow from its P,-a.s. convergence for
Pi-a.e. w; € 1, which we now proceed to prove. Note that for a fixed w; € €21, the
series (3.59) is a series of independent random variables, so the three series theorem
applies.

We begin with the first series in Theorem 10.7.6. Choosing ¢ = 1/2, we use the
Markov inequality to write

> Py(JH(Tu(w1). V)| > 1/2) =Y Py(|[[H(Tu(wn). V]| > 1/2)

n=1 n=1

<43 E([HTu(@). ).

n=1

In order to prove that the last sum is finite Pj-a.s., it is enough to check that its
expectation is finite. However, by Fubini’s theorem, since the nth Poisson arrival
has the gamma distribution with n degrees of freedom, we have

X'~ 1

(n—1)!

e “dx

B BT ). 0F) = Y [ BT
n=1 n=1

_ / ” E(IH . D) dx < oo,
0

by an assumption of the theorem.
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For the second series in Theorem 10.7.6, also with ¢ = 1/2, we have

> B (HTu@). DI HTy @), V)] < 1/2))

n=1

= > E(IHT, @) (AT, @). )] < 1/2))
n=1

Z[Ez [H(Tu(@1). V)]) = E> ([H (o). DIL(HT, @), 1] > 1/2))].
Note that

S| (T o DD CE ). 1] > 1/2))
n=1

oo

Z (IH(Tu(@1). V)| > 1/2) <

on a subset of 2 of P-probability 1, as we have already proved. Therefore, it is
enough to prove that

S |E(IH(T (@), D) < o0

n=1

on a subset of 2| of P|-probability 1 as well. Taking as before an expectation with
respect to P, we obtain by the second assumption of the theorem,

e dx

E Z|E2 [H(T (). V)| = Z / B D)

n=

¢
=/0 |E([H(x, V)])| dx < o0,

as required. Finally, convergence of the third series in Theorem 10.7.6 follows from
what we have already proved, since

>~ Vara (H(T, (@) DI(HT, @), V)| < 1/2))

n=1

< iEz[(H(Fn(wl), NI(|H(Ty(1). V)] < 1/ 2))2]

<Y E([HTy (). NP) < o0
n=1

on a subset of 2 of P;-probability 1.
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Now that we have proved that the series in (3.59) converges with probability 1,
we can write

X = lim Z H(T,.Y,)

n:Lp<w

in the sense of almost sure, hence also distributional, convergence. Let X,, be the
random variable under the limit. We can write, in distribution,

KW
X, =Y H(U.Yy),
k=1

where (U,) is an i.i.d. sequence of random variables uniformly distributed between
0 and w, K, has the Poisson distribution with mean w, and (U,), (Y¥,) and K
are independent; see Exercise 3.8.19. That is, X,, is a compound Poisson random
variable, so that

EifXe — exp %/ /(eieﬂ(x,s) — 1 —i0[H(x, s)]]) Fy(ds) dx
o JE

+i6 fow /I;[[H(x,s)]]Fy(ds)dx} ;

see Example 3.1.1. Here FYy is the law of Y} on E. As w — o0, the characteristic
function on the left-hand side converges to the characteristic function of X, while
the assumptions of the theorem guarantee that the expression on the right-hand side
converges to

exp {/000 /E(eigH(x’s) —1—i0[H(x, s)]]) Fy(ds) dx
~+i6 j:o /E[[H(x, )] Fy(ds)dx%

= exp {/00 (eigz —-1- i9[[z]]) w(dz) + i@b}

—00
with p and b given by (3.60) and (3.61) respectively. This completes the proof. [

The following is a consequence of Theorem 3.4.1. It can be proved using linearity
in the same manner as in the proof of Theorem 3.3.10.

Corollary 3.4.2. Let H(t;) : (0,00) X E — R, t € T, be a family of measurable
functions. Assume that for every t € T,

o]

/ OOE([[H(I; X, Y)]])zdx < 00 and / |E([H(t; x, Y)]) | dx < o0 (3.62)
0 0
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Then the (X(1), t € T) in (3.58) is a well-defined infinitely divisible stochastic
process with a weak characteristic triple (ZX, Ux, bx), where Xx vanishes, while

pux = (A x Fy)oH™!

and
bx(t) = /OOE([[H(t;x, Y))dx, teT.
0

Here Fy is the law of Yy on E, and H : (0, 00) x E — R is defined by the collection
H(+): (0,00) xE—>R teT.

One of the very useful types of series representations of infinitely divisible
processes is obtained as series representations of processes given as stochastic
integrals with respect to infinitely divisible random measures. We now present one
such representation. We restrict ourselves to the integrals with respect to symmetric
infinitely divisible random measures.

Let M be a symmetric infinitely divisible random measure on S without a
Gaussian component, with control measure m. Recall that this means that the local
Gaussian variances vanish and that b(s) = 0 and p(s, -) is a symmetric measure for
m-a.e. s € S. Suppose that (f(z,-), t € T) is a family of measurable functions on T
such that

/ / [ (t: s)x]* p(s, dx) m(ds) < oo foreacht e T. (3.63)
SJR

By Theorem 3.3.2, each function f (¢, -) is in the space Ly (M) of integrable functions;
hence the stochastic process

X(t) = /Sf(t, syM(ds), te T, (3.64)

is a well-defined symmetric infinitely divisible process. Its series representation can
be obtained as follows. Let y be a probability measure on S equivalent to the control
measure m. Then

r(s) = Z—':(s), seSs, (3.65)

is a strictly positive (on a set of full measure m) function, and

pr(s, ) = r(s)p(s,-) (3.66)

is, for each s € S, a symmetric one-dimensional Lévy measure. We define its
generalized inverse by

G(x,s) = inf{y >0: ,or(s, (v, oo)) < x/Z}, x>0. (3.67)



108 3 Infinitely Divisible Processes

Theorem 3.4.3. Let (g,,) be a sequence of i.i.d. Rademacher random variables (i.e.,
random variables taking values +1 with probability 1/2 each), and let (Y,) be a
sequence of i.i.d. S-valued random variables with a common law y. Let (I'y) be a
sequence of standard Poisson arrivals on (0, 00). All three sequences are assumed
to be independent. Then

Y(t) =Y &Gy Y)f (1. Y,). teT, (3.68)

n=1

is a well-defined stochastic process equal in its finite-dimensional distributions to
the process (X(t), t € T) in (3.64).

Proof. We begin by checking the conditions (3.4.2) with E = {-—1,1} x S,
H(t;x, (y,s)) = yG(x,s)f(t,s),t € T,x > 0,y € {—1,1}, and s € S. Since
E([[H(t;x, (&1, Yl)]]) = 0 by symmetry for every t € T and x > 0, only the first
condition in (3.4.2) needs to be verified. Note that for a fixed s € S,

)L({x >0: G(x,s) > z}) = 2p,(s, (z, oo)), z>0. (3.69)

Therefore, using Fubini’s theorem and changing the variable of integration, we
obtain

[ B v as= £ ( [ ienne )
=2F (/oo[[f(t, Y1)Z]]2Pr(Y1,dZ))
0

o o s 2 s o) — i ) S i
_2[g/(; [[f(t, )Z]] pr( ,dZ)]/(d) /‘;/R[[f(t’ )Z]] p(,dz) (d)<00

for every ¢t € T by (3.63). This verifies the assumptions of Corollary 3.4.2 and shows
that (Y(¢),t € T) is a well-defined symmetric infinitely divisible stochastic process.
If B is a cylindrical set in R”, then the corollary tells us that the mass assigned by a
weak Lévy measure of the process to the set B is

SO P(05) G C5) € BY) + 500 N ({09) : Glx s ) € ~BY).

Appealing to (3.69), we see that this is also equal to
o0 [e )
[ [ 16re emptanya + [ [T 16760 € -5 pts.n yido)
sJo sJo

=/[ l(xf(-,s) € B) p(s, dx) m(ds) ,
sJR
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which is, by Theorem 3.3.10, the weight a weak Lévy measure of the process
(X(1), t € T) assigns to the set B. Therefore, the two processes have the same finite-
dimensional distributions. [J

Example 3.4.4. Let M be an SaS random measure on S with a modified control
measure m. Let (f(,-), t € T) be a family of measurable functions on 7 such that
f(t,-) € L*(m) for each t € T. Then the stochastic process (X(¢), t € T) in (3.64) is
a well-defined SaS process; see Example 3.3.14.

Let y be a probability measure on S equivalent to 7. Define

i
s) = Zs), s €S.
dy

We apply Theorem 3.4.3. A straightforward calculation shows that
G(x,5) = (2C,)"/*#(s)"/*x™1* forx > 0 and s € S.

Therefore, a series representation (in law) of the SaS process (X(¢),t € T) is
given by

(o)
X(1) = 2C)"* Y e O U RY)f (1Y), tEe T (3.70)

n=1

Certain other representations of SaS processes of the previous example are
indicated in Exercise 3.8.14.

3.5 Examples of Infinitely Divisible Self-Similar Processes

A stochastic process (X (0, te T) with T = [0, 00) or T = R is called self-similar
if for some H € R,

(X(cr), t € T) £ (X(1), 1 € T) (3.71)

in the sense of equality of the finite-dimensional distributions for every ¢ > 0.
The number H is the exponent of self-similarity. Some of the best-known examples
of stochastic processes regarded as long-memory processes are the increment
processes of certain self-similar processes with stationary increments. In turn,
the best-known of the latter processes are infinitely divisible. In this section, we
present several examples of infinitely divisible self-similar processes with stationary
increments by constructing them as stochastic integrals defined in the previous
section. The general theory of self-similar processes will be discussed in Chapter 8.
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Example 3.5.1. Fractional Brownian motion A fractional Brownian motion, com-
monly abbreviated FBM, is the most famous self-similar process with stationary
increments. Let Q; = (Q,(x), x € R), 7 € R, be a family of kernels on R with
O, € L*(A, R) for € R (recall that A is the one-dimensional Lebesgue measure)
satisfying the following conditions: for all s, f and ¢ > 0,

0,(x) — Qs (x) = Qr—s(x —5), Quil(ex) = *712Q,(x), (3.72)

up to a set of Lebesgue measure zero, where H is a real number. Let B = (B(x),
X € ]R) be the standard Brownian motion, which we view as a Gaussian random
measure on R with the Lebesgue Gaussian variance measure (Example 3.2.3). The
stochastic process

X(t) = A 0.(x) B(dx), t € R, (3.73)

is a well-defined zero-mean Gaussian process. Notice that for every ¢ > 0, by (3.72)
and Exercise 3.8.17,

(X(ct), 1 € R) = (/ 0u(0) B(dy), t € R)

= (/ A=120, (c x) B(dx), t € R / Q:(x)B(dx), t € R)
R
= (CHX(ct), te R) ,

and so the process (3.73) is self-similar with exponent H. Similarly, for every s > 0,
by (3.72) and Exercise 3.8.16,

(X(t +5)—X(s). € R) = ( / (Qr1+(x) — Q.(x)) B(dy). 1 € R)
/ 0.(x— ) B(dv), 1 € R) / 0,(x) B(d), 1 € R) = (X(1), 1 € R).

Therefore, the process (3.73) has stationary increments. We will see in Section 8.2
that up to a scale change, there is only one self-similar Gaussian process with
stationary increments, and this process is called a fractional Brownian motion.
Therefore, the process (3.73) is, in fact, a fractional Brownian motion.

We will also see in the sequel that the only possible range of the exponent of
self-similarity is 0 < H < 1 (unless the process is the trivial zero process), and if
the process is continuous in probability (or only measurable), then the value H = 0
is impossible. Furthermore, the only such process with H = 1 is the trivial straight
line process X(f) = tX(1) a.s. for each t € R. Therefore, kernels not identically
equal to zero satisfying (3.72) do not exist outside of the above range, and only in
the range 0 < H < 1 can nontrivial processes appear. In the above range, however,
a number of kernels possess property (3.72). If H # 1/2, one choice is
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H—1/2 H—1/2
gileriexi i) = e[ ((1=04)" " = ((=2) "] (3.74)

+cz[((t _x)_)H—l/z _ ((_x)_)H—l/Z] ’

where 0 is interpreted as O for all @ € R, and cy,c; are real constants. It is
elementary to check that this kernel has the required properties. Using kernel (3.74)
leads to the so-called moving-average representations of the fractional Brownian
motion. When H = 1/2, a fractional Brownian motion is just a Brownian motion,
but using the kernel in (3.74) with H = 1/2 produces the zero process. Nontrivial
moving-average representations of a Brownian motion can be obtained using the
kernel

gi(c1,¢2;1/2;x) := cl(l[o.,](x) — 10 (x)) + cz(log |t — x| — log |x|) , (3.75)

where ¢y, ¢, are real constants. (It is transparent that kernel (3.75) with ¢, = 0
produces a Brownian motion, but the above discussion shows that the same is true
in general.) Another well-known kernel is given as follows. Let 1/2 < y < 1. For
0<H<1,H # 3/2 — y, the kernel

o
0:(x) = / W =X (o732 — jp — Y32 ay, x e R, (3.76)
X

for t > 0 is in L? (A, ]R) and satisfies (3.72). We will see in the sequel that there
are natural generalizations of (3.76) to a family of functions on R that lead to self-
similar processes with stationary increments that can be written as multiple integrals
with respect to a Brownian motion. However, it turns out that the kernel (3.76) is
actually a special case of the kernel (3.74) if H # 1/2, and of (3.75)if H = 1/2, as
is, in fact, every kernel satisfying (3.76) and additional mild regularity assumptions;
see Exercise 3.8.22.

One can also represent a fractional Brownian motion as a stochastic integral
without using kernels of the type (3.72). For example, let B; = (Bj(x), x > 0),
j = 1,2, be independent standard Brownian motions. The stochastic process

1 —costx  sintx
X = /O xH-l-—l/ZBl(dx) +/0 WBz(dx), teR, 3.77)

is, for 0 < H < 1, a well-defined zero-mean Gaussian process. By Theorem 3.3.10,
its incremental variance is

2 . . 2
COS SX — COS tx) o0 (sm tx — sin sx)
x + X
0

E(X(f) —X(S))z :/o (Td 2HA+1

S|2H ,

dx = c|t —

_ /-oo 2(1 —cos((t— s)x))

2HF1
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where
® 1 —cosx
c=2 ——dx.
/0 2HF]

As we will see in Section 8.2, this means that (X (1), te ]R) is a fractional Brownian
motion.

A more direct argument, using the properties of the integral, is also possible.
The self-similarity with exponent H of the process defined in (3.77) follows using
Exercise 3.8.17 in the same manner as above. Let us check the stationarity of the
increments. For s > 0, by the linearity of the integral,

(X(z +5) = X(s). t € R)

_ (/oo cos sx— cos((t+s5)x) By(@i)+ /00 sin((r+s)x)— sin x By(dv). 1 R)
0

SH¥1/2 A2

® cos sx — (cos X COS sX — sin £x sin sx) 4
“\J H¥1)2 B (dx)

% (sin £x cos sx + COS £x sin sx) — sin £x R
A 12 Bz(dx), te

_ 1 —costx ® 1 —costx .
= A xH-l——l/Z COS S.XB] (dx) — A _X-H'i‘—l/Z S SXBz(dX)

* sinx * sintx
+/0 Y smstl(dx)+/ Ty cos sx By (dx), teR)
For a Borel subset B of (0, co) with a finite Lebesgue measure, let
M,(B) = /Bcos sx B (dx) — /Bsin sx B;(dx) ,
M,(B) = /B sin sx By (dx) + [Bcos sx By (dx) .

It follows from Corollary 3.3.17 and Proposition 3.2.7 that M, and M, are centered
Gaussian random measures with the Lebesgue control measure each. Moreover, M
and M, are independent; see Exercise 3.8.21. Proposition 3.3.18 gives us

(X(t +5) — X(s), t € R)

d ® 1 —cositx  sintx 4
= (/0 T A2 M, (dx) + fo prESYE) M;(dx), t € R) = (X(1), t e R),

and so the process in (3.77) has stationary increments.
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The representation of a fractional Brownian motion given in (3.77) is its so-called
harmonizable representation.

In the remainder of this section, we will consider self-similar symmetric c-stable
processes with stationary increments, 0 < o < 2. Such processes are often referred
to as fractional SaS motions. We will see in the sequel that the only interesting range
of the exponent H of self-similarity of such a process is

(0,1/01] if0<a<l,

H e
(0.1 ifl<a<2.

(3.78)

In a notable departure from the Gaussian case, where the only self-similar centered
Gaussian process with stationary increments is a fractional Brownian motion, for
“most” of the feasible pairs (o, H) of the exponents of stability and self-similarity,
there exist many (substantially) different fractional SoS motions with exponent H
of self-similarity.

Most of the known fractional SaS motions are represented as stochastic integrals
with respect to SaS random measures. Often, one starts with an integral representa-
tion of a fractional Brownian motion and modifies it in an appropriate way.

Example 3.5.2. Linear fractional symmetric stable motions Let Q, = (Q,(x),
x € R), t € R, be a family of kernels on R with Q, € L*(A, R) for 7 € R, satisfying
the following conditions: for all s, 7 and ¢ > 0,

0/(x) — 0s(x) = Qr—y(x — 5), Quilex) = 7% Q,(), (3.79)

up to a set of Lebesgue measure zero, where H is a real number (note the similarity
to (3.72)). The number H has to be in a subset of the range described by (3.78). Let
L = (L(x), X € ]R) be the unit-scale SaS motion, which we now view as an SaS
random measure on R with the Lebesgue modified control measure (Example 3.2.3).
The stochastic process

X(1) = /R 0,(x) L(dx), t € R, (3.80)

is a well-defined SaS process. The same arguments as in the case of the fractional
Brownian motion shows that the process (3.80) is self-similar with exponent H and
has stationary increments.

Let 0 < H < 1. If we exclude the value H = 1/« (possible if 1 < o < 2), then
a kernel satisfying the above properties is the following modification of (3.74):

gilcr, e Hyx) = ¢ [((t —x)+)H_l/a - ((—x)+)H_l/a] (3.81)

+cz[((t _x)_)H—l/oz _ ((_x)_)H—l/a] 7
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where once again, cy,c; are real constants. If 1| < @« < 2 and H = 1/a,
then the kernel (3.75) has the required properties in the stable case as well.
Using kernels (3.81) and (3.75) leads to the so-called linear fractional stable
motions. Notice the difference in terminology between the Gaussian and stable
cases. In the Gaussian case, different kernels lead to different representations of
the same fractional Brownian motion, and our terminology reflects that. In the
a-stable case, 0 < « < 2, different kernels (or even different parameters in
the same kernel) typically lead to different processes, and we have changed the
terminology accordingly.

As in the Gaussian case, every kernel satisfying (3.79) and mild regularity
assumptions reduces to the form (3.81) or (3.75), with parameters c¢; and c;
depending on the kernel. To see this, one needs an obvious modification of
Exercise 3.8.22. An example is the following extension of (3.76) to the case
l <a<2for0<H<11/a <y < 1suchthaty # 1 + 1/a — H, the
kernel

o0
0,(x) = / (W —x)7 (o[t —y — BT gy xe R, (3.82)

fort > 0isin L?* (A, R). It also clearly satisfies (3.79) (and hence has to be of the
form (3.81) or (3.75), with parameters ¢; and c, depending on y).

Recall that in the Gaussian case, all the different choices of the parameters c; and
¢ in (3.74) and (3.75) led to the same (up to a multiplicative constant) fractional
Brownian motion. The situation is very different in the «-stable case, 0 < a < 2, as
the following proposition shows.

Proposition 3.5.3. Let 0 < H < 1, and let (Xi(t), t e R), i = 1,2 be two linear
fractional stable motions corresponding to (3.81) and (3.75) with the respective

choices of the constants (cgi), c(zi)), i=1,2. Then (Xl (1), te ]R) £ (X2(1), t e ]R) if

o) (2 o _ 2
1 2 =

and only if for some € € {—1,1}, ¢;” = ec,” and c gcy .

Proof. Only the necessity has to be proved. Let (X (7), t € R) £ (Xa2(1). 1 € R).
The measures ux, and ux, given by (3.52) for the two processes (based on the
integral representation (3.80) with the kernel (3.74) and (3.75)) are Lévy measures
on RE (see Exercise 3.8.18). Hence, by the uniqueness statement of Theorem 3.1.7,
we must have

X, = KX, - (3.83)
Suppose first that H # 1/«. Notice that by (3.52), for every a,b > 0, fori = 1,2,

Mm) —
X, (w eRE: ¢/ (0)y/'(1) <0, lim w exists and is greater than a,
n—>o0 n
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o YE2m =y ()

n—>00 nH—1/a

o -
= C, (ZH_I/O‘ — 1) min(|c§l)‘aa_a,

exists and is greater than b)

Céi) |otb_a>
@ @)

if ¢;’c,” > 0, and the measure is equal to zero if c(’) () < 0 (see (3.31)).
If c(l) g) > 0, then it follows from (3.83) that 652)6(22) > 0 as well, and letting

a — 0 or b — 0, we obtain the statement of the proposition. If ¢} "¢ (1) (1) < 0, then it

follows from (3.83) that C(lz)cgz) < 0 as well. In the case c(1 )cé ) < 0, we obtain the

statement of the proposition by looking at

) —
(w eRE: ¢/ (0)y/'(1) <0, lim w exists and is greater than a,
n— 00 n

2n —n
lim y(2n) —v(n) exists and is less than —b | .
n—00 nH—1/a
We leave it to the reader to consider the final case c(ll)cgl) = 6(12) @ _ 0

(Exercise 3.8.23).
Ifl <a <2and H = 1/a, we proceed in a similar manner. For every a, b > 0,
fori=1,2,

(W eRE: v/ (0)y/'(1) <0, l_i>r(r>10(w(2n) — w(n)) exists and is greater than a,
lim (W(n) — th(—n)) exists and is greater than b)
n—>oQo
=C, min(\cg)| (log2)“a™ |c§i)|ab_“)

if ¢ > 0, and the measure is equal to zero if ¢\’c)’ < 0. Once again, if

(1) (1) > 0, then it follows from (3.83) that c(z) (2)
the statement of the proposition by letting a — 0 or b — 0.If ¢,

> 0 as well, and we obtain
MM < 0 (and then
also ng) g ) < 0), we consider instead

(w eRR: v/ (0)y'(1) <0, l_i)ngo(Ip(Zn) — ¥ (n)) exists and is greater than a,

lim (¥ (n) — ¥ (—n)) exists and is less than —b) ,
n—>oo

and the case cﬁl)cg) = cﬁz) ) = 0is left to Exercise 3.8.23. O

Example 3.5.4. Harmonizable fractional stable motion Let (', F,P') be a
probability space supporting two measurable stochastic processes, (G_,~(x) =
Gi(o', x), x > 0), j = 1,2, such that for each x, G;(x) and G,(x) are independent



116 3 Infinitely Divisible Processes

standard normal random variables. Let M be an SaS infinitely divisible random
measure on ' x (0,00) with modified control measure P* x A. The random
measure itself lives on some other probability space, (Q,}' , P), and so does the
stochastic process defined for 0 < H < 1 as

M(dw',dx), t € R;
(3.84)

(1 —costx)G (', x) + sintx Gy (o', x)
X(1) = o o A e

we are using the double integral notation instead of the more awkward

/ ce M(d(0, X))
Q/%(0,00)

It is elementary that the process (3.84) is a well-defined SaS process. It follows
from (3.55) that for all k = 1,2, ..., real numbers #1, ..., %, and 61, ..., O,

k
Eexp iy 6;X(1) (3.85)
j=1

Z 0; dx

o
B k (l — cos(tjx))Gl(x) + sin(#x) G2 (x)
= exp —E / J xH+1/a

j=1
o

0o k k
= exp —/ E |G (x) Z 9]-(1 — cos(tjx)) + G, (x) Z 8; sin(tjx) S @HED gy

0 j=1 j=1

2 ,a/2
k

o) k
= exp —/(; E|G, (1) Z 6;(1 —cos(tx)) | + Z 6; sin(#jx)
=1

=1
x—@H+D dx} .

Observe that the finite-dimensional distributions of the process (X (1),t € R)
defined in (3.84) do not depend on further properties of the processes (Gj(x)
x> 0), j = 1,2, apart from the fact that for each x, G (x) and G, (x) are independent
standard normal random variables.

Applying (3.85), we see that for every ¢ > 0,

k k
Eexp iZ 0;iX(ct)) ¢ = Eexp iZ O;c"X(1) ¢
j=1 j=1

and so the process defined in (3.84) is self-similar with exponent H. Furthermore,
fors € R,
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X(t+ ) — X(s) =

/ /Oo (cos SX— cos(t+s)x)G1 (o', )2J—r|—1(sin(t+s)x— sin sx) Gr(w', x) M(de.dv)
Q’ Jo X /o
% (1 —cos 1x) Gy (@', x) + sin 1x G» (', x) ,
_ / , /0 . M(de', ),

where
G1(x) = cos sx Gy (x) — sinsx G»(x), G»(x) = sinsx Gy (x) + cos sx G»(x), x > 0.

Clearly, it is still true that for each x, G (x) and G,(x) are independent standard
normal random variables. Therefore, the process (X t+s)—X(s), t e R) has, for
each s, the same finite-dimensional distributions as the process (X (0,1t e R), and
so the latter process has stationary increments.

The process (X(t), t € R) defined in (3.84) is called the real harmonizable
SaS motion, and it is an extension to the «-stable case of the harmonizable
representation (3.77), even though the two integrals do not quite look alike.

The real harmonizable fractional SaS motion is a very different process from the
linear fractional SS motions of Example 3.5.2; see Section 3.6.

Example 3.5.5. FBM-local time fractional stable motions As in Example 3.5.4, we
begin with a probability space (€2, 7, P’). This time, we would like this probability
space to support a fractional Brownian motion (BH/ (), t > O) with exponent H’
of self-similarity and consequently also its jointly continuous local time process
(l(x, 1) =Ix1(w),xeR, t> 0). The fact that (Q', ]—",P’) supports such a local
time process follows from Proposition 10.4.6.

Let M be an SaS random measure on the space 2’ x R with modified control
measure P’ x A. Once again, the random measure itself lives on some other
probability space, (SZ F, P). We define

X)) = /Q//Rl(x,t)(a)’)M(dw’,dx), t>0. (3.86)

The following proposition shows that this is, in fact, a well-defined Sa:S process that
is also self-similar and has stationary increments.

Proposition 3.5.6. The process (X(t),t > 0) in (3.86) is a well-defined SaS
process. It has stationary increments, and is self-similar with exponent

1
H=1—H’+H//a=1+H’(——1). (3.87)
o

Proof. To show that the process in (3.86) is well defined, we need to show that

L/Al(x,t)(w )* P(dw')dx = E /Rl(x,t)”‘dx<oo.
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By Proposition 10.4.3, Fubini’s theorem, and the Cauchy—Schwartz inequality, we
have

E A I(x, 1) dx = /R E’(l(x, D*1( sup By (s)| = |x|)> dx

0<s<t

< [ (E10) (P sup 1B (o) = b)) ax

0<s<t

=< (supE’l(x, t)zo’)l/z/ﬂ;(P( sup |By(s)| > |x|))1/2 dx.

x€R 0<s<t

By Proposition 10.4.7, the first term on the right-hand side above is finite.
Furthermore, by the Borell-TIS inequality of Theorem 10.7.8, for all x with |x| large
enough,

P(sup By (s)| = |x[) < P(| sup |Bu(s)| —E sup |Bu(s)]| > |x]/2)
0<s<t 0<s<t

0<s<t

< 2exp{—(x/2)?/2Var(Bu (1))} = 2exp{—x*/82"'}

and so the integral

[R(P( sup |By(s)| > |x|)>l/2 dx

0<s<t

is clearly finite. Therefore, the process in (3.86) is well defined.

Notice that by Proposition 10.4.6 and Theorem 10.7.8, fractional Brownian
motion satisfies the assumptions of parts (i) and (iii) of Proposition 10.4.8. In
particular, forc > 0, k > 1, 6;,...,6, € Rand 71,...,4 > 0, we can use
first (3.55) and then part (i) of Proposition 10.4.8 to obtain

o

k k
E exp iZGjX(ctj) = exp —/ E' Ze,zoc, ctj)| dx
=1

j=1 R

a
k

g X
= exp —/]RE/ Z@_,-cl HI(CF,I}') dx

j=1

k o
= ex —c"‘(l_Hl)E'/ 0.1 i,r dx
P i FZI (0 5)

o4
k

N
R

Jj=1
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k
= Eexp iz Qjcl_H/"'H//“X(tj)

j=1
k

= Eexp iZ 0;c"X (1))
j=1

Therefore, the process (X(t),t > O) in (3.86) is self-similar with exponent
of self-similarity given by (3.87). Next, using first (3.55) and then part (iii) of
Proposition 10.4.8, we see that for every h > 0, k > 1, 6y,...,6, € R and
tHy. ...ty >0,

k
Eexp i) 6;(X(t + h) — X(h)
j=1

k
=exp|— /R E' [ 60,(Get; + h) = 1(x. )| dx

J=1

o
k
= exp —/E’ Zejl(x, )| dx
R |
j=1

k
=Eexp (i) 6X(1)
j=1

Therefore, the process (3.86) has stationary increments. [

Interestingly, the exponent of self-similarity of the FBM-local time fractional
stable motion (3.86) belongs to the range

He(l, 1/a)if0<a <1
H=1 ifa=1,
He(l/a, )ifl <a<2.

In spite of the fact that in the case o = 1, all choices of H' € (0, 1) of the exponent
of self-similarity of the underlying fractional Brownian motion lead to the same
value H = 1 of the exponent of self-similarity of the FBM-local time fractional
stable motion, the finite-dimensional distributions of the latter depend on the value
of H'; see Proposition 4.4 in Cohen and Samorodnitsky (2006).

The FBM-local time fractional stable motion turns out to be a very different
process from both the linear fractional SeS motions of Example 3.5.2 and the
real harmonizable fractional SaS motion of Example 3.5.4, as will be seen in
Section 3.6.
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3.6 Stationary Infinitely Divisible Processes

In this section, we discuss certain properties of stationary infinitely divisible pro-
cesses. We will use frequently the following notation. For ¢ € R let 6, : R® — RE
be defined by

0,x)(w) =x(t+w), weR

forx = (x(w), w e R). The shifts (6;, t € R) define a group of measurable maps.
We begin with a basic structural result on stationary infinitely divisible processes.

Theorem 3.6.1. Let (X (1),t € R) be an infinitely divisible process with a
characteristic triple (E, nw, b). Then the process X is stationary if and only if the
following conditions are satisfied:

X(s,1) =R(t—5), s,teR (3.88)
for some nonnegative definite function R on R;

the function b is constant on R; (3.89)

po® ' =y forallreR. (3.90)

Proof. For every r € R, the shifted process (X(z 4 r), ¢ € R) is clearly an infinitely
divisible process with a characteristic triple (,, i, b,) given by

Y.0,0)=X(6+rt+7r), s,teR, u = ;Loe;l, b, = 6,(b).
The process is stationary if and only if (X, i, b,) = (X, i, b) for all r, which is
equivalent to the conditions (3.88), (3.89), and (3.90). O

Remark 3.6.2. 1t should be clear that the statement of Theorem 3.6.1 remains true
for an infinitely divisible process in discrete time, (Xn, n e Z). In this case, all
the functions are defined on Z, and the shifts 6, : RZ — RZ for n € 7 are now
shifts of functions defined on the integers. We will set 6 = 6, so that 8, = 6" for
each n € Z. In fact, in the rest of this section, we will deal mostly with stationary
infinitely divisible processes in discrete time.

Let (Xn, ne Z) be a stationary infinitely divisible process. Its Lévy measure u
is, by Theorem 3.6.1, invariant under the measure-preserving map 6. It turns out
that it is useful to classify stationary infinitely divisible processes according to the
recurrence properties of this map as discussed in Section 2.4.

Definition 3.6.3. A stationary infinitely divisible process with Lévy measure u
is said to be generated by a conservative (respectively dissipative, null, positive)
flow if the shift @ is a conservative (respectively dissipative, null, positive) map on
(R%, B%, ).
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The decomposition given in (2.44) immediately gives us the following result.

Theorem 3.6.4. Every stationary infinitely divisible process X = (X,,, ne Z) can
be decomposed into a sum X = X® 4+ X 1 X of three independent stationary
infinitely divisible processes such that X® is generated by a positive flow, X is
generated by a conservative null flow, and X'V is generated by a dissipative flow.
Moreover, the Lévy measures of X® X gnd XD gre uniquely determined.

Remark 3.6.5. The uniqueness part of Theorem 3.6.4 cannot be strengthened to the
uniqueness of the decomposition, because both the Gaussian part and the shift of the
process X can be decomposed in multiple ways. When the Gaussian part is absent,
however, the decomposition is automatically unique up to a shift by a constant. If
there is a “canonical” shift (such as zero shift in the symmetric case, for instance),
the decomposition becomes truly unique.

Since in most cases we work with infinitely divisible processes given as
stochastic integrals with respect to infinitely divisible random measures, we discuss
next the relationship between an integral representation of a stationary infinitely
divisible process and its decomposition in Theorem 3.6.4. We will consider several
situations.

The first situation we consider is both very general and the most transparent. Let
(E L E, m) be a o-finite measure space, and let ¢ : E — E be a nonsingular measure-
preserving map. Let p be a one-dimensional Lévy measure, and b € R a constant.
Let M be an infinitely divisible random measure on E with control measure m and
constant local characteristics, equal to (0, p, b). In particular, M has no Gaussian
component. Let f € Ly(M). We consider an infinitely divisible process given by

X, = /f0¢”(s)M(ds), nez. (3.91)
E

Notice that by Theorem 3.3.12, every stationary process X = (Xn n e Z) has a
representation of the form (3.91). See Exercise 3.8.24.

Theorem 3.6.6. (i) The process X given by (3.91) is a well-defined stationary
infinitely divisible process.
(ii) Let P(¢), CN (), and D(p) be the decomposition (2.44) of the map ¢. Then

X :/ fog"(s)M(ds), n=0,1,...,
P(9)

X’(f“):/ fo¢"(s)M(ds), n=0,1,...,
CN(¢)

and

X@ =/ fod"(s)M(ds), n=0.1,....
D(¢)
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are well-defined independent stationary infinitely divisible processes, X® is
generated by a positive flow, XV is generated by a conservative null flow, and
X9 is generated by a dissipative flow. Furthermore, X = X® 4+ X 4 X(@,

(iii) If ¢ is positive, then X is generated by a positive flow. If ¢ is conservative null,
then X is generated by a conservative null flow. If ¢ is dissipative, then X is
generated by a dissipative flow. The converse of these statements is true if the
function f has full support, i.e.,

m(seE:fo¢"(s)=0foralzn=0,1,2,...)=0. (3.92)

Proof. The process X is well defined because the fact that f € Ly(M) means that
fo@" € Ly(M) for every n, since ¢ preserves the measure m. Furthermore, by
Theorem 3.3.10, the process X is infinitely divisible, without a Gaussian component,
with a constant shift function, and Lévy measure given by

px = (mxp)oH ", (3.93)

with H : E x R — RZ given by H(s,x)(n) = xf o ¢"(s), n € Z, for s € E and
x € R. By Theorem 3.6.1, we conclude that X is a stationary process.
Next, since P(¢), CN(¢), and D(¢) are invariant under the map ¢, we see that

£ o d"(s) M(ds) = / Loy (5)f 0 ¢"(s) M(ds)
P(p) E

= /;[17’(45)](] o ¢"(s) M(ds) .

Further, (3.45) tells us that 1p)f € Lo(M). Therefore, the already established part
(i) of the theorem tells us that X® is a well-defined stationary infinitely divisible
process. Similarly, X and X@ are also well-defined stationary infinitely divisible
processes. Furthermore, since P(¢), CN'(¢), and D(¢) are invariant under the map
¢, we obtain independence of the processes X, X" and X@ by Corollary 3.3.11.
The fact that X = X® 4+ X 4+ X@ follows from Theorem 3.3.2.

Let us prove that X@ is generated by a dissipative flow. If the Lévy measure jiq
of this process vanishes, then there is nothing to prove, so assume that jtq does not
vanish. Let & be a positive function in L' (114). By Theorem 2.4.5, we need to prove
that

a (x eRZ: Zh(@”(x)) = oo) =0.

n=1

By Theorem 3.3.10, this is the same as to show that

(m % p) ((s,x) €D(@) xR: Y h(x(fo¢"(s). ke 2)) = oo) =0.

n=1
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By Fubini’s theorem, there is a Borel subset B of R of a full p-measure such that for
every x € B, the function

hi(s) = h(x(f o ¢*(s), k € Z)), s € D(9),

isin L' (m| D(¢)) (the measure m restricted to D(¢)), and it is enough to prove that
for every x € B,

m(sep(¢): > heod'(s) = oo) =0.

n=1

This, however, follows from the fact that the map ¢, restricted to D(¢), is dissipative
and from Theorem 2.4.5. Therefore, X@ is generated by a dissipative flow, and
in the same way, we can prove that XV is generated by a conservative flow. Let
us check that the latter process is also generated by a null flow. If the process is
not generated by a null flow, then by Theorem 3.6.4, this process has a positive
part with a nonvanishing Lévy measure. We now use part (ii) of Theorem 2.4.11
(instead of Theorem 2.4.5) to show, in the above notation, that for every sequence
(wp, n=1,2,...) in W, there is a set of positive measure p such that for every x in
this set, we have

o0

m <s ECN($): Y wihyo¢"(s) = oo) >0.
n=1

This, however, contradicts part (ii) of Theorem 2.4.11 applied to N (¢).

Finally, to see that X is generated by a positive flow, assume that m(P(¢)) > 0,
and choose a ¢-invariant probability measure m supported by P(¢) and equivalent
to m on this set. Then by Theorem 3.3.10, there exists a shift-invariant probability
measure on RZ equivalent to the Lévy measure 1, of the process X® | This means
that the left shift is positive with respect to ,, and hence the process X® s
generated by a positive flow.

If ¢ is a dissipative map, then P(¢) and CA (¢) have m-measure zero, so that the
processes X and X" vanish, and hence by part (ii) of the theorem, the process
X = X is generated by a dissipative flow. Similarly, if ¢ is a positive (respectively
conservative null) map, then the process X is generated by a positive (respectively
conservative null) flow.

Suppose now that (3.92) holds. Let X be generated by a dissipative flow. If ¢ is
not dissipative, then either m(P(¢)) > 0 or m(CN'(¢)) > 0, and hence by (3.92),
either the process X® or the process X has a nonvanishing Lévy measure. By
Theorem 3.6.4, this means that the process X is not generated by a dissipative flow.
This contradiction shows that ¢ is a dissipative map. Similarly, if X is generated by
a positive (respectively conservative null) flow and (3.92) holds, then ¢ is a positive
(respectively conservative null) map. [J
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We consider next stationary SaS processes, 0 < o < 2, represented as stochastic
integrals with respect to an SaS random measure, i.e., processes given in the form

X, = / f(s)M(ds), ne Z, (3.94)
E

where M is an SoS random measure on a measurable space (E, £ ), with modified
control measure 1, and f;, € L*(m) for n € Z; see Example 3.3.14. Note that in the
first part of the theorem, we do not assume that the functions (f,,) are of the special
form they take in (3.91).

Theorem 3.6.7. Let X be a stationary SaS process, 0 < a < 2, given in the
form (3.94).

o If

S 1@ < 00 i-ae., (3.95)

n=1

then X is generated by a dissipative flow. If for some sequence (w,, n =
1,2,...)in W,

an I/, ()] < o0 m-a.e., (3.96)

n=1

then X is generated by a null flow. If for some & > 0,

S )t = 00 i-ace., (3.97)

n=1

then X is generated by a conservative flow. If for every sequence (w,, n =
1,2,...)in W, for some 0 < € < q,

Z Wy min(b‘n(s)|°‘+‘”‘, [fn(s)|°‘_£) = 00 m-a.e., (3.98)

n=1

then X is generated by a positive flow.

(i) Suppose that a stationary SaS process, 0 < o < 2, is given in the form (3.91),
with M an SaS random measure on a measurable space (E , 5), with modified
control measure m (so that f,(s) = f o ¢"(s)). If

Y @) = 0o iirae., (3.99)

n=1
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then X is generated by a conservative flow. If for every sequence (w,, n =
1,2,..)inW,

D walfa(@)|* = o0 f-ace, (3.100)

n=1
then X is generated by a positive flow.

Proof. Suppose that (3.95) holds. Then by (3.93),

Zh(@"(x)) < 00 HUx-a.e.,

n=1

where i : RZ — R is given by h(x) = |x(0)|*. This implies that C(9) = @ ux-a.e.
(see Exercise 2.6.12), and so X is generated by a dissipative flow. Similarly, if (3.96)
holds for some sequence (w,, n = 1,2,...) in W, then the function & above also
satisfies

anh(e"(x)) <00 ux-ae.,

n=1

which implies, by Theorem 2.4.11, that P(0) = @ ux-a.e.
If, on the other hand, (3.97) holds, then we define a function 4 : RZ — R by

h(x) = min(|x(0)|*~*, [x(0)|***).

It is elementary to check that 2 € L'(j1x), and by the assumption,
oo
Zh(@”(x)) = 00 Uy-a.e. (3.101)
n=1

By Theorem 2.4.5, this implies that D(6) = @ ux-a.e., and so X is generated by
a conservative flow. Using the same function /4 and Theorem 2.4.11, we see that
if (3.98) holds for every sequence (w,, n = 1,2,...) in W, then N'(0) = 0 ux-a.e.,
and so X is generated by a positive flow.

If we have f,(s) = f o ¢", n € Z, then the sufficiency of the condition (3.99)
follows from Theorem 3.6.6 and Theorem 2.4.5, while the sufficiency of the
condition (3.100) follows from Theorem 3.6.6 and Theorem 2.4.11. (1

The following proposition is sometimes helpful in conjunction with Theo-
rem 3.6.7, because it allows us to relate properties of stationary SaS processes to
different values of «.

Proposition 3.6.8. Let ay, oy be numbers in (0,2). Suppose that both XV and
X have integral representation (3.94), with the same functions (f,) and the same
modified control measure m. In one case, the random measure M is an So,S
measure, while in the second case, the random measure M is an SayS measure.
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Assume that both XV and X® are well-defined stationary processes. If XV is
generated by a dissipative (respectively conservative, positive, null) flow, then also
X® is generated by a dissipative (respectively conservative, positive, null) flow.

Proof. 1Tt follows from Theorem 3.3.10 that the Lévy measures [ty and pye of the
two processes are equivalent. Since both the Hopf decomposition and the positive—
null decomposition are clearly invariant under a switch from one measure to an
equivalent one, the statement of the proposition follows. (I

Example 3.6.9. The increment process X, = X(n) — X(n — 1), n > 1, of the
linear fractional stable motion X of Example 3.5.2 is generated by a dissipative
flow. Indeed, if H # 1/, we have

X, = [l;{fn(s)L(ds), n=12,...,
with
£ =i (0= 94)" 7 = (= 1=94)" ]
(0= — (1= ]
so that
fo(s) ~ c1(H — 1)) i =127 a5 — oo,
and (3.95) holds because H < 1.

A similar computation can easily be done inthe case | <o < land H = 1/«
with the kernel (3.75).

Example 3.6.10. The increment process X, = X(n) — X(n — 1), n > 1, of the
harmonizable fractional stable motion X of Example 3.5.4 is generated by a positive
flow. Indeed, we have

o0
X, =/ / fil@ , x)Mdw',dx), n=1,2,...,
o' Jo
with

— Dx)— G (o', . e 1 (@,
£ x) = (cos((n — 1)x)— cos nx) Gy (w ;ci:(/imnx sin((n — 1)x)) Ga (o x)‘

Elementary trigonometry shows that

fo(@',x) = 2sin((n — 1/2)x) [cos(x/Z)Gz(a)’,x) - sin(x/2)G1(a)’,x)] .
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For every x that is irrational relative to m, the trajectory of the sequence (sin((n —
1/2)x),n = 1,2,.. ) visits the interval (1/2, 1) (say) at a linear frequency. This
implies that (3.98) holds for every sequence (w,, n = 1,2,...) in W (withw; = 1),
since the probabilities p, = w, —w,41, n = 1,2, ..., and pso = lim,— o, W, have
infinite mean, as in the proof of Theorem 2.4.11.

Example 3.6.11. The increment process X, = X(n) —X(n—1),n > 1, of the FBM-
local time fractional stable motion X of Example 3.5.5 is generated by a conservative
null flow. To see this, notice that we can write

X, = / [(l(x,n + 1) (@) — l(x,n)(®")M(do', dx), n> 0. (3.102)
o Jr

Note that

M=

[lx,n+ (o) — l(x,n)(@)] = l(x.m+ 1)(&') - 00 asm — oo
0

n

outside of a subset of ' x R of measure 0. By part (i) of Theorem 3.6.7, this implies
that in the case 0 < o < 1, the FBM-H-local time fractional SaS noise is generated
by a conservative flow. An appeal to Proposition 3.6.8 shows that the same is true
forall 0 < o < 2.

In order to prove that the FBM-H-local time fractional SaS noise is generated by
a null flow, we use, once again, Theorem 3.6.7 and Proposition 3.6.8. It is enough
to exhibit a sequence (w,) € W such that

D wa[l0xn + D(@) = I n)(@))] < o0 (3.103)
n=0

for P’ x Leb-almost every (', x). We claim that the sequence w, = (1 4+ n)~? with
6 € (1 — H, 1] satisfies (3.103). To see this, it is clearly enough to find a strictly
positive measurable function g such that

E /R g() > wy [lGe.n + (@) — (x. n)(')] dx < o (3.104)

n=0

Note that by (10.11),
0 o n+1
E’/ gx) an [l(e,n + 1) (') — l(x,n) ()] dx = an[ E'g(By(1))dt.
R n=0 n=0 "

Choose g(x) = exp(—x?/2), x € R. Then for all r > 0, we have

1

E'g(Bu(1) = (T 2o
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where 62 = Var By(1). Then the left-hand side of (3.104) is

> 1

S n+1 dr
—<Zw—<oo (3.105)
Z:OW" i (1 +t2H02)1/2 - ~ ”(1 +n2H0-2)1/2 :

by the choice of 6. Hence (3.103) follows, and so the process is generated by a null
flow.

In particular, we have learned from the last three examples that the increment
processes of the linear fractional stable motion, of the harmonizable fractional stable
motion, and of the FBM-local time fractional stable motion are different, and hence
the three motions themselves are different processes.

3.7 Comments on Chapter 3

Comments on Section 3.1

An encyclopedic treatment of finite-dimensional infinitely divisible random
vectors and Lévy processes can be found in Sato (1999).

A thorough discussion of a-stable processes, 0 < o < 2, is in Samorodnitsky
and Taqqu (1994).

Comments on Section 3.2

The theory of infinitely divisible random measures and stochastic integrals with
respect to these measures was presented in the fullest generality in Rajput and
Rosinski (1989).

Comments on Section 3.4

Early work on series representations of infinitely divisible random variables often
dealt with the so-called shot noise models, representing sums of certain impulses
(usually nonnegative) generated by Poisson arrivals; see, e.g., Vervaat (1979). An
approach to the series representations focused on ordering the underlying Poisson
jumps by their size was introduced in Ferguson and Klass (1972). An explicit form
of such a representation in the stable case was given in LePage et al. (1981). A very
general discussion of series representations is in Rosifiski (1990).

Comments on Section 3.5

The moving-average representations of the fractional Brownian motion origi-
nated with Mandelbrot and Van Ness (1968); see also Section 7.2.1 in Samorod-
nitsky and Taqqu (1994). The origins of the harmonizable representation of the
fractional Brownian motion are in Kolmogorov (1940) and Yaglom (1955).

The fractional Brownian motion on [0, 00) can also be represented as a stochastic
integral on compact intervals, of the form

X(t) = [KH(t,x)B(dx), t>0,
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where Ky : {(t,x) :0<x< t} — R is a kernel such that Ky (,-) € L*(}) for
each r > 0, and B is the standard Brownian motion; see Decreusefond and Ustiinel
(1999).

The FBM-local time fractional stable motion was first introduced in Cohen and
Samorodnitsky (2006). One can also obtain new classes of self-similar stationary
increment SaS processes using the local times of stable Lévy processes, as was
shown in Dombry and Guillotin-Plantard (2009).

More examples of self-similar stable processes with stationary increments are in
Example 8.4.1 and Example 9.6.3.

Comments on Section 3.6

Integral representations of stationary infinitely divisible processes are discussed
in Kabluchko and Stoev (2016). The line of work connecting the recurrence proper-
ties of nonsingular flows to the structure of stationary «-stable processes originated
with the paper Rosiriski (1995). The role of the positive—null decomposition in the
same context was pointed out in Samorodnitsky (2005). A very general treatment
for general stationary infinitely divisible processes without a Gaussian component
was given in Roy (2007).

3.8 Exercises to Chapter 3

Exercise 3.8.1. Show that the gamma random variable and the negative binomial
random variable are all infinitely divisible by computing their characteristic triples.

Exercise 3.8.2. Let X be a one-dimensional infinitely divisible random variable
with a characteristic triple (02, ;u, b). Assume that X has a finite variance. Show
that

Var(X) = o2 + / X2 pu(dx) .
R

Exercise 3.8.3. Let X = (XD, ..., XD) be an infinitely divisible random vector
with characteristic triple (E, W, b), and let AU B = {1,...,d} be a partition of
{1,...,d} into two nonempty parts. Prove, using the uniqueness of the characteristic
triple, that the random vectors (XY, j € A) and (XV, j € B) are independent if and
only if the following two conditions hold:

X, =0 foreachj €A, j, € B;

plx=@0, ... x9): Z(XU))Z > 0 and Xz(x("))2 >0]=0.
JEA JEB
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Exercise 3.8.4 (Rosiniski and Zak (1997)). Let (X1, X>) be an infinitely divisible
random vector. Suppose that neither the one-dimensional Lévy measure of X| nor
the one-dimensional Lévy measure of X, puts any mass on the set {2k, k € Z}.
Prove that if both

E(e"(x1 +X2)) = E(eiX‘)E(eiXZ) and E(ei(X‘_XZ)) = E(eiX‘)E(e_ixz),

then X, and X, are independent.
Exercise 3.8.5. Prove Proposition 3.1.3.

Exercise 3.8.6. Consider the following condition on a measure on R : for every
countable subset T\ of T, there is a countable set T, of T such that T1 C T, and

M(x eRT: x(1) =0 forallt Tl) (3.106)

= /L(X eRT: x(t) =0 forallt € Ty, but not for all t Tz).

Prove that a measure satisfies this condition if and only if it satisfies Condition 3.1.5
when T is countable, and Condition 3.1.6 if T is uncountable.

Exercise 3.8.7. Prove that a Lévy measure on a countable set T is necessarily
o -finite.

Exercise 3.8.8. Let T be an arbitrary set, and (X (1), 1€ T) a stochastic process

whose finite-dimensional distributions consist of i.i.d. components such that X(t) £
X for each t € T, with X an infinitely divisible random variable. Prove that
(X(t), t € T) is an infinitely divisible stochastic process, and express its Lévy
measure in terms of the one-dimensional Lévy measure of X. Show that if the
latter does not vanish and T is uncountable, then the Lévy measure of the infinitely
divisible process (X (1, te T) is not o-finite.

Exercise 3.8.9. The notion of a compound Poisson random variable of Exam-
ple 3.1.1 has an extension to infinitely divisible processes. Let (Y,(t), t e T), i =
1,2,..., be a sequence of i.i.d. stochastic processes on T, independent of a mean-A
Poisson random variable N. Prove that

N
X(t)=) Y. teT,

i=1

is an infinitely divisible stochastic process with a characteristic triple (0, AFy,b),
where Fy is the law of the process Y on RT, and b(t) = AE[Y\()], t € T. The
process X is then a compound Poisson process.

Exercise 3.8.10. Prove Proposition 3.1.10.
Exercise 3.8.11. Prove (3.13).
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Exercise 3.8.12. (i) Prove that an «-stable process is strictly a-stable if and
only if

b=/ [x] u(dx) if 0 < < 1;
RT

Lévy measure | is symmetric if o = 1;
b:/ ([[x]]—x)u(dx) ifl<a<?2.
RT

(ii) Prove that an a-stable process is symmetric a-stable if and only if the Lévy
measure |4 is symmetric and b = 0.

Exercise 3.8.13. Prove that the process (X(t), t € R) constructed in Example 3.2.3
is continuous in probability, that it has stationary and independent increments, and
that X(1) is an infinitely divisible random variable with the characteristic triple

(02, p, b).

Exercise 3.8.14. Prove that the representation (3.70) of an SaS process can be
generalized in the following way: the Rademacher sequence (g,) can be replaced by
any other i.i.d. sequence (W,,) of symmetric random variables such that E|W;|* = 1.

Note that this allows the choice of (W,) being zero-mean normal and shows
that an SaS process of the form (3.64) is, distributionally, a mixture of zero-mean
Gaussian processes.

Exercise 3.8.15. Prove the comparison property (3.45).

Exercise 3.8.16. Let L be a Lévy motion and f € Ly(L). Prove that for every s € R,
one has f(- + s) € Ly(L) and

[ Ot 5) Lidn) L / £ L(d).
R R

Exercise 3.8.17. (i) Let B be a Brownian motion on R and f € L? (/l, R). Prove
that for every ¢ > 0,

/ £(x) B(dx) < / V2 (ex) B(dx) .
R R

(ii) Let 0 < o < 2, and let L be an SaS Lévy motion on R. Let f € L* (/\, R). Prove
that for every ¢ > 0,

f F(x) L(dx) £ / eV f(ex) L(dx) .
R R

Exercise 3.8.18. Let M be an infinitely divisible random measure on a measurable
space (S, S), and let f(t,-) € Lo(M) for each t € T. Let my be the o-finite measure
on (S,S) given in (3.14). If T is countable, assume that
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m()(s €S: f(t,s) =0 forallt T) =0.
If T is uncountable, assume that for every countable subset Ty of T such that
m()(s €S: f(t,s) =0 forallt e T1) > 0,

there is ty € T} such that

m0<s €S: f(t,s) =0 forallt € Ty, f(ty,s) # O) >0.

Prove that the measure ux in (3.52) is a Lévy measure on R (and not only a weak
Lévy measure).

Exercise 3.8.19. The following is a convenient construction of a Poisson random
measure with a finite mean measure. Let m be a finite measure on a measurable
space (S,S). Let X1, X5, ... be i.i.d. S-valued random variables with a common law
m/m(S), independent of a Poisson random variable K with mean m(S). For B € S,
let

K
M(B) =) 1(X, €B).

k=1

the number of points among X, ..., Xk that are in the set B. Prove that (M (B),
B e 8), is a Poisson random measure with mean measure m.

Exercise 3.8.20. Prove the claim of Example 3.3.14.

Exercise 3.8.21. Let MV and M® be independent centered Gaussian random
measures on (S, S) with control measure m each. Let f, g : S — R be measurable.
Prove that M}l) + Méz) and Mél) — Mf@) are, once again, independent centered
Gaussian random measures on (S, S) with control measure m << m each, where
dim/dm = f* + g%

Exercise 3.8.22. Let 0 < H < 1, and let Q, = (Q,(x), X € R), t > 0, be a family
of kernels on R with Q, € L? (/\, R) fort > 0 satisfying (3.72). Assume that for each
t > 0, Q; is continuous at each x & {0, t}. Prove that there are real numbers c, c;
such that Q;(x) = g,(c1,c; H;x) forallt > 0 and x & {0, 1}, where g;(c1,c2; H;+)
is given by (3.74) if H # 1/2 and by (3.75) if H = 1/2.

Exercise 3.8.23. Complete the proof of Proposition 3.5.3 by considering the case
c(ll)cgl) = c(lz)cgz) =0.

Exercise 3.8.24. Let X = (Xn, n e Z) be a stationary infinitely divisible process
without a Gaussian component. Prove that the integral representation of X given
in Theorem 3.3.12 has the form (3.91) (in particular, the random measure M has
constant local characteristics, i.e., it is a homogeneous infinitely divisible random
measure).



Chapter 4
Heavy Tails

4.1 What Are Heavy Tails? Subexponentiality

When we talk about the “tails” of a one-dimensional random variable X, we usually
think about probabilities of the type P(X > x) and P(X < —x) for a large positive
x, with the appropriate meaning of “right tail” and “left tail.” If (X(¢), r € R)
or (X,, n € Z) is a stationary stochastic process, the kind of marginal tails the
process has may significantly impact the way memory expresses itself in the process.
Particularly important is the distinction between stochastic processes with “light
tails” and those with “heavy tails.”

Defining the notions of light tails and heavy tails precisely is neither possible nor
actually necessary, since the distinction varies from application to application. Let
us begin with a nonnegative random variable X, so that we have only one tail to
worry about. Let F be the c.d.f. of X. Intuitively, if F(x) = P(X > x) decays fast as
Xx — 00, then X has a light tail, whereas a slow decay of F(x) means that X has a
heavy tail. If

Ee?* < 0o for some 6 > 0,

then the tail of X decays at least exponentially fast at infinity, and in such situations,
we will always say that the tail is light. On the other hand, in some cases the much
weaker finite variance assumption EX? < oo is adequate enough to say that the tail
of X is light.

Somewhat analogously, if the infinite second moment assumption EX> = oo
holds, then we say that the tail of X is heavy, but in some cases, much weaker
assumptions on X suffice to induce us to say that X has a heavy tail. As a rule, most
formal definitions of heavy tails impose a certain regularity on the tail function F
besides its slow decay. We begin with one of the broadest available definitions.
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Definition 4.1.1. é nonnegative random variable X, or its distribution F, is called
subexponential if F(x) > 0 for all x > 0 and

. FxF(x)
lim — =2 4.1)
X—>00 F()C)
Note that this simply says that X is subexponential if
PX + X, >
jim P& X >0 4.2)

x—>00  P(X > x)

where X; and X, are i.i.d. copies of X.

Unless stated otherwise, in the rest of this section, X; and X, are assumed to be
i.i.d. copies of a given random variable X. It is clear that X; + X, > max(X}, X;) for
nonnegative random variables. Furthermore, we also have

P(max(X;,X) > x) = 2P(X > x) — (P(X > x))’
~2P(X > x)

as x — oo. In particular, for every nonnegative random variable X with P(X > x) >
0 for all x > 0, we have

P(X; + X PX, + X, >
liminf L&+ X2 >0 L PR A >0 > 1. 4.3)
x—oo P(max(Xy,X3) > x) x—oo  2P(X > x)

We also see that an alternative way of defining subexponentiality is by

PX) + X2 > x)
1m =
x—00 P(max(X;,X) > x)

4.4)

That is, for a subexponential random variable X, the tail of the sum of two
independent copies of X is equivalent to the tail of the maximum of these random
variables. Note a very important message in this sentence: for a subexponential
random variable, such a sum becomes very large because one of the two terms in
this sum becomes as large as required for the entire sum (and not, say, because both
terms in the sum become about half of the total value each)!

A quintessential example of subexponential random variables is that of regularly
varying random variables.

Definition 4.1.2. A Eonnegative random variable X, or its distribution F, is called
regularly varying if F(x) > 0 for all x > 0 and there is @ > 0 such that for every
b >0,

fim 209 _ e (4.5)
X—>00 F()C)

We discuss regularly varying random variables in detail in Section 4.2.



4.1 What Are Heavy Tails? Subexponentiality 135

Proposition 4.1.3. A regularly varying random variable is subexponential.
Proof. Let 0 < ¢ < 1. We can write
PXi+X>x)<PX;>({0—¢g)xorX, > (1 —¢e)x)
+P(X1+ X2 > x. X; < (1—e)x, Xo < (1 —e)x)
<2P(X > (1 —&)x) + P(X1 > ex, X > &x)
=2PX > (1 —&)x) + (P(X > ex))z.
By the definition of a regularly varying random variable,

P(X > (1—¢)x) (1) P(X > &x) N
P(X > x) & P(X > x) ¢

-

as x — 00. Therefore,

. P(X] + X, > x)
lim sup <

—_— - <2(1—¢e)7%.
msup =y =219
Letting ¢ | 0, we obtain

P(X X5 >
limsup XL T X2 >0
X—>00 P(X > x)

which, according to (4.3), implies subexponentiality. [

Next, we discuss the basic properties of subexponential random variables. The
property described in the following proposition is often called the long tail property.
Proposition 4.1.4. If X is a subexponential random variable, then

PX>x+y)

oo P(X > x) (4.6

uniformly in 'y over compact sets.

Proof. By monotonicity, it is enough to check (4.6) for a fixed negative y. Suppose
that, to the contrary,

] PX>x+Yy)
limsup ———=

=1 > 1.
sy TP > %) te

Then we can write
PX; + X5 > x) > P(max(Xl,Xz) >xorx+y<X; <x,Xp> —y)

>2P(X > x) + P(x+y < X < )P(X > —y)—o(P(X>x)),
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implying that

. PX) + X3 > x)
limsup————= > 2+ pP(X > —y) > 2.
mswp =y = pP(X = —y)

This contradicts the assumption of subexponentiality. (]

The long tail property of subexponential random variables has the following
corollary, which says that the tail of a subexponential random variable decays more
slowly than any exponential function (and hence explains why a random variable
satisfying (4.1) is called “subexponential”).

Corollary 4.1.5. If X is a subexponential random variable, then for every ¢ > 0,
lim e*P(X > x) = c0. 4.7)
X—>00

Proof. By Proposition 4.1.4, we know that for every 0 < p < 1, there is xo > 0
such that for every x > xj, we have

PX>x4+1)>pP(X > x).
Iterating, we see that for every n > 1,
P(X >xy+n) > p"P(X > xp).

By monotonicity, this means that there is a finite positive constant C such that for
all x > xo,

P(X > x) > Cellogrx
This shows that (4.7) holds for every ¢ > —log p. Since p can be taken arbitrarily

close to 1, (4.7) holds for every ¢ > 0. O

We have said previously that the sum of two independent copies of a subexpo-
nential random variable becomes large only because one of the two terms becomes
large. The next lemma formalizes this statement.

Lemma 4.1.6. If X is a subexponential random variable, then

. . PXi+X>x, X1 >M, X, >M)
lim limsup =

0.
M—00 100 P(X > x)

Proof. For every M > 0, we have by the long tail property,

P(X Xo>x, X1 <M
lim DX X 22 X =M gy,
x—>00 P(X > x)
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so that

. PX; 4+ X, > x, min(X, Xp) < M)
Iim lim =2,
M—>00 Xx—>00 P(X > x)

and the claim of the lemma follows from the definition of subexponentiality. [

It turns out that tail equivalence to a subexponential random variable implies
subexponentiality.

Proposition 4.1.7. Let X and Y be nonnegative random variables. If X is subexpo-
nential and P(Y > x)/P(X > x) — ¢ € (0, 00) as x — oo, then Y is subexponential
as well.

Proof. Denote by Fy and Fy the corresponding distributions of X and Y. For every
€ > 0, there is x, > 0 such that for all x > x,, P(Y > x)/P(X > x) < c(1 + ¢).

Let M > x., and denote by yy > x, a positive number such that for all x > y,,,
P(X >x—M)/P(X > x) <1+ ¢e.Forx > 2M, we have

PY1+Y,>x)=2PY1+ Yo >x, Y1 <M)+PY,+Y,>x, Y >M, Y, >M).

Now for all x > yy + M,

PO\ + Y > x ¥, < M) = / P(Y > x—y) Fy(dy)
[0.M]

<c(l+¢) P(X > x—y) Fy(dy) < c(1 4+ )*P(X > x) P(Y <M).

[0.M]
Similarly,
PYi+YVo>x, Y1 >M Y, >M) = / P(Y > max(x —y, M)) Fy(dy)
(M,00)

<c(l+¢g) P(X > max(x —y,M)) Fy(dy)
(M,00)

=c(l +¢) P(Y > max(x —y, M)) Fx(dy)
(M,00)

<1+ 8)2/ P(X > max(x —y, M)) Fx(dy)
(M ,00)

=1+ PX + X >x, X, >M, X, > M).
Therefore, for all M > x,
. P(Y 4+ Y, > X)
limsup ———
X—>00 P(X > X)

. P(X1+X2>X,X1>M,X2>M)
2 2

1+ ¢)"limsu .
+C( + ) x—>oop P(X>x)

<2c(1 4 &)*P(Y < M)
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Applying Lemma 4.1.6, we obtain

. P(Y1 + Y, > x)
1 ———— < 2c(1 .
e

Since this is true for all ¢ > 0, we conclude that
. P(Y1 + Y, > x)
limsup ——
00 P(Y > x)
By (4.3), this means that Y is indeed subexponential. [

The tail equivalence (4.2) with two random variables in the definition of a
subexponential random variable implies an analogous tail equivalence with an
arbitrary number of terms in the sum.

Proposition 4.1.8. Let X be a subexponential random variable. Then for every k =
1,2,..,

. P(X1~|-...+Xk>x)
lim =
x—>00 P(X > x)

(4.8)

Proof. We begin by proving (4.8) for k of the form k = 2", m = 1,2,..., and
we proceed by induction on m. For m = 1, the statement is the definition of
subexponentiality (4.2). Assume that the statement holds for some m = 1,2,....
Then by Proposition 4.1.7, Y™ := X; + ... 4 Xpm is subexponential, so that by the
induction hypothesis,

P(Xl + e +X2m+l >.x)
P(X > x)

P + Y > x) P(Y™) > x)

s .om — 2m+1 ,
P(Y™ > x) P(X > x)

completing the induction step. Next, we prove (4.8) for a general k, and since the
statement has already been established for k of the form k = 2", m = 1,2, ..., itis
enough to verify the backward induction step: if (4.8) holds for some k > 2, then it
also holds for k — 1. Since by the inclusion—exclusion formula, we clearly have

L. P(X1+...+Xk_1>x)
lim inf >
x—>00 P(X > x)

k—1,

we need to prove only the appropriate asymptotic upper bound. However,
PXi+ ...+ Xk >x)

>PXi 4+ ...+ X >)C)+P(Xk>x)—0(P(X1+...+Xk_1 >)C)),
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so that by the assumption of the backward induction,

. P(X1+...+Xk>x)
k= lim

x—00 P(X > x)
P(X e+ X >
> lim sup (1+P + X x)+1,
X—>00 (X>x)

from which the required upper bound

PXi+ ...+ Xi—1 > x) k1

;
b P(X > %)

follows. This shows the backward induction step and hence completes the proof. [

The backward induction step used in the proof of the last proposition immedi-
ately establishes the following corollary.

Corollary 4.1.9. Let X be a nonnegative random variable. If (4.8) holds for some
k > 2, then X is subexponential (and hence (4.8) holds for all k > 2).

The result of Proposition 4.1.8 is a tail equivalence statement, in the sense that it
compares the tail function of a subexponential random variable to the tail function
of a sum of several independent copies of the random variable in the asymptotic
sense. The next proposition provides a useful comparison of these tail functions,
valid for all values of the argument.

Proposition 4.1.10. Let X be a subexponential random variable. For every ¢ > 0,
there is K = K, € (0, 00) such that

P(X1+...+X,,>x)
P(X > x)

<K(l+e)" (4.9)

forallx > 0andn=1,2,...
Proof. Clearly,
P(X; + X; > x) = P(X; + X, > x, min(X;, X») < x) + o(P(X > x)),

implying that

P(X, + X, > x, min(X;, X>) < x) 5
m =
x—>00 P(X > x)

Further, it follows from (4.4) that

P(X] +X2 > X, Xl <ux, Xz Sx) =P(X1 ~|—X2 >x)—P(max(X1,X2) >)C)
= O(P(X >x)).
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These two facts together show that

PXi <x, X1 +Xp >x)

li 1. 4.10
00 P(X > x) (4.10)
Given ¢ > 0, choose xo > 0 such that
P(X1§x,X1+X2>X)§1+£
P(X > x) 2

for all x > xy, and let

. 1 2
- max (P(X ~x0) e(l +8))'

We will prove (4.9) by induction on n. The statement is trivially valid for n = 1.
Assume that it is valid for some n > 1. Using the notation F for the distribution of
X, we have for every x > xo, by the induction hypothesis,

PXi+ ...+ X0+ Xut1 > %) =P(X>x)+/ PXi+ ...+ X, >x—y)F(dy)
[0.x]

<PX>x)+K(1 +8)”/ P(X > x—y) F(dy)

[0,x]
:P(X>x)+K(1 ~|—8)nP(X| <x, Xi+X; >x)
<P(X>x) +K(+8)'(1 +¢/2)PX > )
<K(1 4 ¢&)""'P(X > x),

since K > 2/(&(1+¢€)). On the other hand, for 0 < x < x, since K > 1/P(X > xp),
PXi 4+ ...+ X, +Xpp1 > %) <1 <KP(X > x0) <K(1+¢)""PX > x).

This completes the inductive argument and hence the proof of the proposition. [

A consequence of Proposition 4.1.10 is the following extension of the tail
equivalence in Proposition 4.1.8 to the sum of a random number of terms.

Corollary 4.1.11. Let N be a nonnegative integer-valued random variable indepen-
dent of a sequence X,X», ... of i.i.d. copies of a subexponential random variable
X. If Ee®N < oo for some 6 > 0, then

. P(X1+...+XN>)C)
lim =

EN .
x—>00 P(X > x)
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Proof. By Proposition 4.1.10 with 0 < ¢ < e — 1, the dominated convergence
theorem, and Proposition 4.1.8,

PXi+ ...+ Xy > JPX +.. + X, >
fim P& Xy x)zlimz Kt +X x)P(Nzn)
_)C—)OO”=O

x—>00 P(X > x) P(X > x)

P(N =n)

N PXi 4. X, > x)
= Z lim
oo P(X > x)

=Y nP(N=n)=EN.

n=0

|

Example 4.1.12. The most important application of Corollary 4.1.11 is to the
compound Poisson random variables of Example 3.1.1. Let

Y =X;+ ...+ Xy, Namean A Poisson random variable

and let X;, X5, ... be i.i.d. random variables independent of N. Then subexponen-
tiality of X implies

P(Y > x)
im ——= =
x—=o00 P(X > x)

Remark 4.1.13. The converse statement of Corollary 4.1.9 easily generalizes to the
case of the sum of a random number of terms. For the converse statement, one does
not even need the assumption of finite exponential moments of the random number
of terms. Let N be a nonnegative integer-valued random variable independent of a

sequence X, X»,... of i.i.d. random variables. Assume that P(N > 2) > 0 and
EN < oo If
P(X o+ X
fim P& A X >0
x—>00 P(X > x)

then X is subexponential. To see this, let k > 2 be such that P(N = k) > 0. By
Corollary 4.1.9, it is enough to show that

. P+ X > x)
lim =

k.
x—>00 P(X > x)

Indeed, if this fails, then we must have

. P(X1+...+Xk>x)
lim sup >k,
X—>00 P(X>.x)
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since the obvious counterpart of (4.3) says that for everyn = 1,2,.. .,

. P(X1++X,,>x)
lim inf >n
x—>00 P(X > x)

In that case, we would have by Fatou’s lemma

PXi+...+X PX +...+X
lim sup Kt + N>x)zP(N:k)1imsup Xi+...+ X >x)
X—>00 P(X>x) X—00 P(X>.X)
_ .. P(X1+—|—X,,>x)
+ éékP(N—n)lgcrgg)lf P> 1)
>kP(N:k)+E nP(N = n) = EN,

n#k

contradicting the assumption.

The long tail property (4.6) of subexponential random variables is a basic one,
and one might conjecture that every nonnegative random variable with a long tail is
subexponential. The conjecture is false, as the following example demonstrates.

Example 4.1.14 (Embrechts and Goldie (1980)). Forn =1,2,..., we set

a,=max{k=1,2,...: (k+ 1) <n+ 1},
ky,=max{k=1,2,...: (k+ 1! <+ Da,}.

The following properties of the two sequences are clear:
1<a, oo, k,>a,. “4.11)

Let now X be a nonnegative random variable with the density

1
fx(x) = —— form+ D! <x<(n+D'+na,,n=12,...,
: a,(n+ 1)!

and equal to zero otherwise. Clearly, fy is a legitimate density, and
1
PX>m+ 1) = - forn=1,2,....
n!

We first check that X has a long tail. To this end, we need to check that for every
y >0,

[ ey dr

PIX =) — 0 asx — oo. 4.12)
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Let(n+ 1) <x<®+2)!,n=1,2,.... Then

while

x+y
/x fx(®)dt < )’m ,

so that the ratio in (4.12) is at most y/a, — 0 as n — oo, and (4.12) follows. Hence,
X has a long tail.
Next, we check that X is not subexponential. We will check that

. PXi+Xo > (n+ 1! + nay)
lim =

n—oo  P(X > (n+ 1)! + na,) (“-13)

To this end, observe that
PX, + X, > (n+ D! + na,)

> P((1+ DI < X1 < (04 D! 4y, Xi + X > (14 D!+ nay)

1 (n+1)!4na,
=—/ PX>m+ D!+ na, —u)du
(

an(n + D! Jt1y
1 nay kn  p(k+1)!
= PX>x)dx> ———— P(X > x)dx
an(n—l—l)!/o ( Yz an(n—i-l)!;_/,;, ( )
kll
> k+ 1D —kNPX > (k+1)!
an(nﬂ)!;(( ) —k)P(X > (k+ 1))
1 b K (ki + 1)
— —Zkz i T
a,(n+ 1)! Pt 2a,(n + 1)!
Since
PX>m+ 1! 4+na,)=PX>n+2)!)= m,
we see that

P(X; + X > (n+ 1! + nay) - ky(ky + 1)
PX>m+ ) +na,) 2a,
a, + 1

> —
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by (4.11), which proves (4.13). Therefore, X is not subexponential, even though it
has a long tail.

Remark 4.1.15. Somewhat surprisingly, the class of subexponential distributions
turns out not to be closed under convolutions. That is, there exist independent
nonnegative subexponential random variables, X and Y, such that the sum X + Y
does not have a subexponential distribution. An example showing this can be found
in Leslie (1989).

It is useful to extend the notion of subexponentiality to not necessarily nonnega-
tive random variables.

Definition 4.1.16. A real-valued random variable X, or its distribution F, is called
subexponential if the positive part X4 of X is subexponential according to Defini-
tion4.1.1.

In fact, for a real-valued subexponential random variable X, the tail equivalence
relation (4.2) still holds. To see this, note that

i P(Xl + X2 > x) . P((X1)+ + (X2)+ > .X) _
imsup ——————— < limsup =
x—>00 PX >x) x—>00 P(X4 > x)

27

and for every M > 0,
PXi+X,>x)>PX; >x+MX,>—-MorX; > —M,X, > x + M)
=2P(X; > x + M. Xs > —M) — (P(X, > x + M)),
so that

.. P(X1+X2>X) .. P(X1>)C+M,X2>—M)
Iiminf ———————— > liminf2
x—>00 P(X > x) x—>00 P(X > x)

=2P(X > —M).

Letting M — oo, we obtain (4.2).

Most of the properties of nonnegative subexponential random variables extend
easily to real-valued subexponential random variables. This includes the long tail
property of Proposition 4.1.4, as well as Corollary 4.1.5 and Proposition 4.1.7.
The statements of Proposition 4.1.8 and Corollary 4.1.11 are also true in this more
general case. See Exercise 4.6.1.

The following statement gives an explicit criterion for membership in the class
of subexponential distributions. It is due to Pitman (1980).

Theorem 4.1.17. Let X be a nonnegative random variable with P(X > x) > 0 for
all x, and set g(x) = —log P(X > x), x > 0. Suppose that there is xo > 0 such that
on the interval (xg, 00), g is differentiable, and g'(x) decreases to zero as x increases
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to infinity. If

/ exp{xg’(x) — g(x)}g' (x) dx < o0, (4.14)

x0
then X is subexponential.

Proof. 1t is easy to construct a random variable ¥ with P(Y > x) = P(X > x)
for x > 2xy such that Y satisfies the assumption of the theorem with x, = 0.
By Proposition 4.1.7, it is enough to prove subexponentiality of Y. For notational
simplicity, we write X instead of Y. Since

P(X[ + X> >.X) :P(Xl S.X/Z, X1 +X >X) +P(X2 §x/2, X1 +X >x)
+P(X1 > X/Z, X5 >x/2),
the claim of the theorem will follow once we check that

PXy <x/2, X1 +Xa>x)

Jm PX > x) : (.15)
and
(PX > x/2)"
S ST 10

We can write the fraction in (4.15) as

P(X] fx/2, X +X2>x) _
P(X > x) N

/ 8 —8(—y) g' ) 8w dy.
[0.x/2]

Notice that for every y > 0,

X

1(y < x/2)eg(x)_g(x_y) = l(y < x/2) exp %/

-y

g dt} -1

as x — oo, since g’ converges to zero. Furthermore, by the monotonicity of the
derivative,

0<1(y <x/2) exp{/_ 40 a’t}

= l(y =< X/2) eXp{yg'(x — y)} <0
By (4.14) and the dominated convergence theorem, we obtain

y P(X, <x/2, X; + X3 > x)
im =
x—00 P(X > x)

/ g etVdy=1,
[0.00)
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establishing (4.15). For (4.16), we can write, for every a > 0 and x > 2a, by the
monotonicity of g/,

P> 2 i o S [
P(X > x) = BT = exp /X/zg(r)df /0 g () dt

x/2 x/2+4+a
= exp / (g’(t +x/2) — g’(l)) dt + /

/2

g @) dt— /0 g’(t)dt}

x/2+a a
< eng / , g () d— [) 140 dt} < exp{ag'(x/2) — g(a)} .

Since the derivative g’ converges to zero, we have

2
P(X > x/2
lim sup u <e @ =pPX>a).
X—>00 P(X > X)

Letting a — oo establishes (4.16). O

Example 4.1.18. If X is a (nondegenerate) normal random variable, then ¥ = e¥

is a lognormal random variable. It is easy to check, using Proposition 4.1.7 and
Theorem 4.1.17, that a lognormal random variable is subexponential. It is equally
easy to check that every random variable whose right tail satisfies

P(X > x) ~ exp{—cx“(logx)e} as x — 00

for ¢ > 0 is subexponential as well, under any of the following conditions:

e O<a<landf e R;
e a=0and 6 > 0;
e g=1andf <0.

See Exercise 4.6.2.

4.2 Regularly Varying Random Variables

Regularly varying nonnegative random variables were introduced in Definition 4.1.2
as an example of subexponential random variables. In this section, we discuss this
important class in more detail. The parameter « > 0 in (4.5) is sometimes called
the index of regular variation, or the exponent of regular variation. Sometimes, the
expression “tail exponent” is used. When the tail exponent of a random variable is
equal to zero, the random variable is said to have a slowly varying tail. The tail of
such a random variable is particularly heavy.
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Clearly, to say that a random variable is regularly varying with exponent & > 0
is the same as to say that its distribution function F satisfies the requirement that
F(x) = 1 — F(x) be regularly varying at infinity with exponent —a < 0. We
discuss general regularly varying functions in Section 10.5. By its definition, the
tail distribution function F is not only regularly varying, but also monotone.

It follows immediately that a nonnegative random variable X is regularly varying
with tail exponent « if and only if

P(X > x) = x *L(x), x > 0, @.17)

for a positive slowly varying function L. When ¢« = 0, then L has to be
nonincreasing. One of the reasons why random variables with regularly varying
tails (or distributions of random variables with regularly varying tails) are popular
is that the tail exponent o provides a linear scale of how heavy a tail is; the lower
the value of «, the heavier the tail. One consequence of this is that the tail exponent
of a nonnegative random variable largely determines which moments of the random
variable are finite.

Proposition 4.2.1. Let X be a nonnegative regularly varying random variable with
tail index a.. Then for p > 0,

EX is {<°°’,fp<“’
=o0ifp > a.
Proof. Since we can write forp > 0

EX? =p/ F¥P(X > x)dx, (4.18)
0

the statement of the proposition follows from the comparison (10.33) of a regularly
varying function and power functions. [

Remark 4.2.2. Note that a nonnegative regularly varying random variable with tail
index « may or may not have a finite moment EX“. In fact, finiteness of that moment
or lack thereof is determined by further properties of the slowly varying function L
in (4.17).

When a moment of a regularly varying random variable is infinite, it is an often
very useful fact that the corresponding truncated moment is regularly varying as
well.

Proposition 4.2.3. Let X be a nonnegative regularly varying random variable with
tail index a.. Then for p > «, the truncated pth moment

my(x) = EX Ax)’, x>0,
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is regularly varying with exponent p — o, and

E(X A x)P p
im =
oo xPP(X >x) p—a

)

with p/0 = 4o0.
Proof. Applying (4.18) to the random variable X A x gives us

EX A x)P :p/O yp_lP(X > y)dy

and the claim follows from Theorem 10.5.6. (J

A related statement for upper truncated moments is in Exercise 4.6.4.

If X is a not necessarily nonnegative random variable, we say that it has a
regularly varying right tail with tail exponent @« > O if its positive part X is
regularly varying with tail exponent «. Clearly, (4.17) still characterizes a regularly
varying right tail, regardless of whether the random variable is nonnegative.

Regular variation of the tails of random variables is a very robust property, one
that is preserved under various operations. We begin with a simple observation
described in the following lemma.

Lemma 4.2.4. Let X have a regularly varying right tail. Suppose that Y is
independent of X and such that

. PY>x)
lim ——= = 0.
x—>00 P(X > x)
Then
PX+Y >
fim PEFY>D

x—=o00  P(X > x)

In particular, X + Y also has a regularly varying right tail.

Proof. Forevery 0 < ¢ < 1andx > 0,
PX4+Y>x)<PX>—-¢ex)+PY>(1—-¢e)x)+PX>cex, Y>cex).

Therefore, by the assumption of regular variation and independence,

, PX+Y>x) . PX>(1-ex) P(Y > (1 —&)x)
limsup —— < limsup ———— + limsup ————
X—>00 P(X > X) X—>00 P(X > x) X—>00 P(X > x)
. P(X > &x)
1 P(Y > _
Flmsup POV > &0 5y

=(l—8)“+A(l—e) ™ +0-e=(1+A)(l—e) ™.
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Letting ¢ — 0, we conclude that

PX+Y>
lim sup X+ x)<

— " < 1+A.
M X >x

For the matching lower bound, write for 6 > 0,
P(X+Y>x)zP({X>x+9,Y>—9}u{y>x+6,x>—9})
>PX>x+60,Y>-0)+PY>x+0,X>—-0)—PX>x,Y>x).

Since a random variable with a regularly varying tail is subexponential, we conclude
by the long tail property of subexponential random variables in Proposition 4.1.4
that

PX+Y P(X 6
liminfM > liminf P(Y > _9)(>—x+)
x—oo  P(X >x) x—>00 P(X > x)
P(Y >x+0)

liminf P(X > —0
+liminf P( ) P(X > x)

=P > —-0) +AP(X > —0).
Letting & — oo completes the proof. [

The next statement shows that if X has a regularly varying right tail, then adding
arandom variable with a lighter tail does not change the tail of X even in the absence
of independence.

Proposition 4.2.5. Suppose that X has a regularly varying right tail and Y is a
random variable such that

P(lY
lim M = 4.19)
x—o0 P(X > x)
Then
PX+Y
lim PX+Y>x) (4.20)
x00  P(X > x)

In particular, X 4+ Y also has a regularly varying right tail.

Proof. Forevery 0 < e < 1,
PX>(4¢ex)—PY <—ex) <PX+Y>x) <PX>(1—¢e)x)+P(Y > ex).
Therefore, by (4.19) and the regular variation of X,

PX+Y> P(Y| >
lim sup M < (1 —&)"% + lim sup (|Y] > ex) o

—(1—g)",
ol T PX > %) ! P(X > ex) (1-¢)
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where « is the tail exponent of X. Now the upper bound in (4.20) follows by letting
& — 0. The lower bound in (4.20) can be obtained in the same way. [

It turns out, further, that multiplying a random variable X with a regularly varying
right tail by an independent positive random variable with a sufficiently light tail
leaves the tail of X asymptotically unchanged apart from multiplying it by a positive
constant.

Proposition 4.2.6. Suppose that X has a regularly varying right tail with exponent
o > 0, and Y is a positive random variable such that

EY*T® < 00 4.21)
for some ¢ > 0. Then
P(YX
im POX >0 _ by (4.22)
x—>00 P(X > x)

In particular, YX also has a regularly varying right tail.

Proof. Let Fy be the law of the random variable Y. Write

P(YX > x) = [OOP(X > x/y) Fy(dy).
0

Lety > 1. By the Potter bounds of Corollary 10.5.8, there exist C > 0 and a, > 0
such that if x/y > a,, then

P(X > x/y) < (e 4.23)
PX>x) — ' '
On the other hand, if x/y < a,, then

P(X > x/y) - 1
PX>x) ~— PXX>ay)

This last expression, according to (10.33), is smaller than y*™¢ for all y > y, for
some yo > 1, and hence is also bounded from above by C;y**¢ for all y > 1 if we
choose

1

Ci=—mm.
"7 P(X > acyo)
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Therefore, (4.23) holds for all y > 1 and x > 0 if we increase the constant C. By the
dominated convergence theorem, we conclude that

. PYX>x) [ . PX>x/y)
lim P(X > x) _/0 lim P(X > x) Fri@)

o0
=/ y* Fy(dy) = EY®.
0

|

It is sometimes appropriate to discuss regular variation of both the left and the

right tails of a random variable at the same time. The key notion is that of balanced
regularly varying tails.

Definition 4.2.7. A real-valued random variable X, or its distribution F, is said
to have balanced regularly varying tails with exponent o« > 0 if the nonnegative
random variable |X| is regularly varying with exponent ¢ and for some 0 < p,q <1,
ptqg=1,

. PX>x
lim ————— =

. P(X < —x)
=p, lim =
Y EE

A X ) q (4.24)

Note that the numbers p and ¢ in Definition 4.2.7 describe the relative weights
of the right and left tails of the random variable X. The right tail of X is actually
guaranteed to be regularly varying only if p > 0, and the left tail does not need to
be regularly varying unless ¢ > 0. If, however, 0 < p < 1, then both tails of X are
regularly varying with exponent o, and moreover, asymptotically equivalent to each
other.

Example 4.2.8. Recall that for 0 < o < 2, an «-stable random variable is an
infinitely divisible random variable X with a characteristic triplet (02, W, b), where
o = 0, and the Lévy measure p is of the form

u(dx) = [a_|x|_(1+°‘)l(x <0) +apx TI1(x > O)] dx.

Here a_,ay > 0, a— + a4+ > 0. For an o-stable random variable,

a_+ay _
P(X| > x) ~ ——"F5 asx — o0,
o

and (4.24) holds with

ay a—

a-+ay’ 1= a_+ay’
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see Samorodnitsky and Taqqu (1994). Therefore, «-stable random variables have
balanced regularly varying tails. In particular, for an «-stable random variable, the
absolute moment of order « is infinite, but all absolute moments of orders strictly
smaller than « are finite.

A two-sided version of Proposition 4.2.6 is contained in the following easy
corollary.

Corollary 4.2.9. Let X have balanced regularly varying tails with exponent o > 0,
and let Y be independent of X such that for some s > 0, E|Y|*1® < oo. Then

P(YX| >
im —(l > = E|Y|®
x=oo P(|X| > x)
and

. P(YX > x) EYY EY*
lim =p +q )

x—o0 P(|YX| > x) E|Y|* E|Y|*

P(YX < —x) _EY? EYY

li =
oo P(IYX[ > %)  E|Y]*

+qE|Y|“ .

In particular, YX also has balanced regularly varying tails with exponent «.

See Exercise 4.6.5.

An immediate consequence of Lemma 4.2.4 and Corollary 4.2.9 says that if
Xi,...,X, are i.i.d. random variables with balanced regularly varying tails with
exponent o > 0, independent of a sequence Yi,...,Y, of independent random
variables such that for some ¢ > 0, E|Y;|*"® < oo, i = 1,...,n, then the sum
>, Y:X; also has balanced regularly varying tails with exponent «, which are
asymptotically equivalent to the tails of a generic representative X of the sequence
X, .., X,

This statement, however, can be greatly generalized. First of all, it remains true
evenif Y,...,7, are not independent. Second, we can even allow a certain type of
dependence between the sequences X, ..., X, and Yy, ..., Y,. Finally, and perhaps
most importantly, the statement remains true even for infinite sequences (i.e., for
n = 00), under additional assumptions on the random variables Y|, Y5, .. ..

The following theorem, stated here without proof, is a very general result of this
type. The proof can be found in Hult and Samorodnitsky (2008).

Theorem 4.2.10. Let X, X>, ... be i.i.d. random variables with balanced regularly
varying tails with exponent o > 0. If « > 1, we assume that EX = 0. Let Y1, Y>, ...
be a sequence of random variables such that sup; |Y;| > 0 a.s.

Assume that there is a filtration (F;, j > 1) such that

Y; is Fj-measurable, X; is Fji1-measurable, (4.25)

F;j is independent of o (Xj, Xj11,...), j > 1.



4.2 Regularly Varying Random Variables 153

Suppose that there is 0 < & < o such that

o0 o0
D EY, | <oo and Y E|Y,|** <oo, if a€(0.1)U(1.2).

n=1 n=1
(4.26)
ate
o0 a—e
E( |Y'n|0(—8 < o0, lf‘ o€ {1)2}7 (427)
n=1
a+te
o0 2
E( |Y,,|2) <oo, if a€(2,00). (4.28)
n=1
Then the series
o0
S = Z Y, X,
n=1
converges with probability 1. Moreover,
. P(|S]| > x)
1 E|Y,|* 4.29
00 P(X| > x) Z v *2%
and
. PS> >
lim ———— PE(Y,)% + gE(Y,)~|. (4.30)
I P~ 2 ]

In particular, S has balanced regularly varying tails with exponent «.

Remark 4.2.11. Under the assumptions of the theorem, the series S converges
absolutely if & < 1, and unconditionally if o« > 1; see Remark 1.4.2.
The condition (4.25) means that the sequence Y1, Y», . .. is, in a sense, predictable

with respect to the sequence X, X5, .... This framework includes, as a special
case, the situation in which the sequence Y, Y5>, ... is independent of the sequence
X1, X, ..., since in this case, one can choose F; = O'(Yn,l’l =1,2,..., X,,n < j)
forj=1,2,....

It follows from Proposition 4.2.5 that even without the assumption of zero mean
in the case o« > 1 in Theorem 4.2.10, the conclusions of that theorem will still be
valid under the following additional assumption on the sequence Y;, Y>, .. .:

P(|Sy| >
the series Sy = Z Y, converges and 111})1o % 0. (4.31)

n=1
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When the sequence Yi,Y5,... in Theorem 4.2.10 is actually deterministic,
the result of the theorem gives sufficient conditions for the linear processes of
Section 1.4 to consist of random variables with balanced regularly varying tails.
We state these conditions as a corollary; it is an immediate consequence of
Theorem 4.2.10. This corollary complements the result of Theorem 1.4.1.

Corollary 4.2.12. Let...,X_1,Xo,X1,X2, ... be i.i.d. random variables with bal-
anced regularly varying tails with exponent o > 0, and let (¢,, n € Z) be real
numbers such that

Y oo lonl*F < 00 for some 0 < ¢ <a, ifa <2,

4.32
Z;i—oo |(pn|2 < o0 ifoe > 2. ( )

If « > 1, assume that either EX = 0 or (1.25) holds (i.e., the series Y_ ¢,
converges). Then the series

)
= Z (ann
n=—00

converges with probability 1, and

P(|S| > x) «
L n;oolgo,A (4.33)
P(S > x) > . .
lim X > n=§_oo[l’(§0n)+ + q(en) ] .- (4.34)

Therefore, S has balanced regularly varying tails with exponent c.

Remark 4.2.13. 1t is clear that Theorem 4.2.10 can be applied in the situation of
Corollary 4.2.12, even though the series in the latter is doubly infinite. Note that the
convergence statement in Corollary 4.2.12 follows also from Theorem 1.4.1.

4.3 Multivariate Regularly Varying Tails

It is often desirable to have a notion of heavy tails for a random vector. In the
context of a stochastic process, this corresponds to the notion of heavy tails for
the finite-dimensional distributions of the process. A multivariate version of the
subexponential tails of Section 4.1 exists, but it has not proved to be particularly
useful. On the other hand, there is a very useful notion of multivariate regularly
varying tails.
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Definition 4.3.1. A random vector X € R, or its law, is said to be regularly varying
if P(||X]|| > x) > 0 for all x > 0, and there exist > 0 and a probability measure o
on the unit sphere S*~! of R such that for every b > 0,

L PUX] > bx, X/ X € )
e P(XI > )

=b () (4.35)

vaguely in S~ 1.

Remark 4.3.2. Since the unit sphere S~! is compact, there is very little difference
between vague and weak convergence in S?~!. The reason we call convergence
in (4.35) vague is that the measures involved are not probability measures. See
Section 10.2 for a discussion of weak and vague convergence.

The parameter « is called, as in the one-dimensional case, the index of regular
variation, the exponent of regular variation, or the tail exponent. The probability
measure ¢ is called the spectral measure of X.

Of course, (4.3.1) simply says that for every o-continuity Borel set A € S¢~!,

P > bx X/IX € 4)
e P(XI >

= b (A). (4.36)

In particular, using (4.36) with A = S?~! shows that the norm of a regularly varying
random vector is itself a regularly varying nonnegative random variable. Even more
precisely, the statement (4.36) can be restated as follows.

Proposition 4.3.3. Let X € R? be a random vector. On the event X # 0, define
0x = X/||X]||. Then the vector X is multivariate regularly varying with tail exponent
a and spectral measure o if and only if its norm || X| is regularly varying with tail
exponent a and the conditional law of 0x given that ||X|| > x converges weakly to
0 asx — oQ.

Example 4.3.4. What is multivariate regular variation in R'? In this case, S =
{—1,1}, and for a probability measure o on S°, set p = o({1}), ¢ = o({—1}).
Then (4.36) becomes

PX>x) . PX<—x)

lim , lim —— =
x—>o0 P(|X| > x)

x—>o0 P(|X| > x) ’

so that multivariate regular variation in R! is exactly the balanced regular variation
of Definition 4.2.7.

In the case @ > 0, there is an alternative characterization of multivariate regular
variation in which the unit sphere does not play a special role. An advantage of this
characterization is that it is possible to use it as a definition of regular variation in
metric spaces more general than R¢, in which an obvious unit sphere may not be
available.
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Consider the space Rﬁ = [—o00, 00]? \ {0}, which we endow with the subspace

topology inherited from [—oo, oo]?. It is not difficult to check that K‘(f is metrizable
as a complete separable metric space; see Exercise 4.6.6. Note that relatively

A~ . ..
compact sets in IR, are precisely the sets that are bounded away from the origin.

Theorem 4.3.5. Let X € R? be a random vector. The following statements are
equivalent.

(a) X is multivariate regularly varying with a tail index a > 0.
(b) There is a sequence a, 1 oo such that

nP(a;'X € ) > () (4.37)
vaguely in @g, where a Radon measure | on Rg is assumed to be nonzero and
to satisfy

,u({(xl,...,xd) . x; € {£o0} for somej = 1,...,d}> —0. (4.38)

Furthermore, if (4.37) holds, then there is o > 0 such that the measure | has
the scaling property

w(aA) = a*u(A) (4.39)

—d .
for every a > 0 and every Borel set A C R,,, and the parameter « is the exponent of
regular variation of the vector X.

Proof. Suppose first that X is multivariate regularly varying with tail index o > 0.

Define a measure p on @g by assigning it zero mass on infinite points (i.e.,
guaranteeing (4.38) by definition), and setting

o0
w(B) = / / 1(xs € B) ax~ @Y dx o (ds)
se=1 Jo
for Borel sets B C (—o0, 00)? \ {0}. Clearly, 11 assigns finite values to sets bounded
away from the origin; hence it is a Radon measure on KO. Next, we set
a, = inf{x >0: P(|X]| >x) < l/n} n=12,..., (4.40)

and define

my,(+) = nP(a,TlX €) on@(d), n=12,....
Let B C Kg be a compact set. Then there is § > 0 such that ||x|| > § for all x € B,
so that

PUXI = ad) o
m(B) = nP(IX] 2 ad) ~ S = 8
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as n — oo (see Exercise 4.6.3). Therefore, each measure m, is Radon, and by

Theorem 10.2.8, the family (m,,) is relatively compact in the vague topology on Rg.
In order to prove (4.37), it is enough to prove that all subsequential limits of the
sequence (m,,) coincide with p.

Suppose that m,, N y for some subsequence n; — oo and a Radon measure y.
Let C, = {A > 0: y({x: x| = A}) = 0}. Note that the complement of C, in
(0, oo) is at most countable. For every A € C,,

y(x: Ixl = AY) = lim m, (x:[x] = A}) = 477

as above. Letting A — oo, we see that y does not charge infinite points.
Next, let A € C,, and let A be a Borel subset of S*~! that is a continuity set both
for the spectral measure o and for the measure

7o) = y({x: 2 < Il < o0, x/IIxl| € 1)
on S9! Then the set
B:{xeﬁﬁzA<nxu<a>mdxmmneA}

is a continuity set for y. In particular, m,, (B) — y(B) as k — oc0. On the other
hand,

m,(B) = nP(|X| > a,A, X/|IX]|| € A)

_ PUXI > ad. X/[X] € A)
P(IX] > an)

— o(AA™ = u(B)

as n — oo by the multivariate regular variation of X. Therefore, u(B) = y(B).
Since sets B as above form a 7-system generating the Borel o-field on R \ {0},
the measures i and y coincide on that Borel o-field. Since neither u nor y charges
the set of infinite points, we conclude that y = w, and so all subsequential limits
of the sequence (m,) indeed coincide with .

In the opposite direction, suppose that (4.37) holds and pu satisfies (4.38). For
x > 0, define h(x) = P(|X|| > x), g(x) = p({x : |[x|| > x}). The functions 4 and
g satisfy the assumptions of Lemma 10.5.15, so we conclude that the sequence (a,)
is regularly varying with some exponent 8 > 0. Let a > 0 and take any b; > 0,
j=1,...,d, not all equal to zero, such that

ui{x: xj = b; or x; =ab; forsome j=1,...,d} =0.
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LetA = ]_[j‘vi:1 [bj, 00). Then both A and aA are relatively compact u-continuity sets

in Eg, so by (4.37) and the regular variation of the sequence (a,),
p(aA) = lim nP(a;'X € aA)
n—>odo

= nlig)lo nP(aElla_l/ﬂ]X €A) =d"PuA).
Setting @ = 1/, and noticing that the sets A as above form a 7-system generating
the Borel o-field on [0, 00)¢ \ {0}, we conclude that the measures j(a-) and a®ji(-)
coincide on [0,00)? \ {0}. Reversing the directions of some of the half-lines in
the definition of the set A above and using the same argument shows that these
two measures coincide on all the other quadrants in RY \ {0} as well. This proves
the scaling property (4.39). One consequence of (4.39) is that the measure p must
assign zero weight to all spheres bS?~!, b > 0, for if it assigns a positive weight to
any one of these spheres, by the scaling property it assigns a positive weight to all of
them, and a o-finite measure cannot assign a positive weight to each of uncountably
many disjoint sets.
Because of (4.39), the measure

pix: Xl > b, x/|x] € A}

. A aBorel subset of S9!,
pix: ||x[| > b}

o(A) =

is a probability measure on S?~!, independent of the choice of b > 0. If A is a
o-continuity Borel subset of S?=1 then for every b > 0, the set

B = {x: x|l > b, x/|x]| EA}
is a p-continuity relatively compact Borel subset of Rg. If we set, for x > 0, n, =
inf{n > 1: a, > x}, then n, — oo as x — oco. For every b > 0, we have, by (4.37),
with sets A and B as above,
nP(IX|| > bx, X/[1X]| € A) ~ nP(|X[| > ban,, X/[X] € A)
= nP(X € a,,B) — u(B) = o (A)pu(bS")
as x — oo. Since
nP(|IX| > x) ~ nxP(||X|| > a,,x) — /L(Sd_l) ,

we conclude by (4.39) that

PAXI > bx, X/IXI €4) _ . 1(BST)

im ——~ =b"%(A),
% P(X[ > x) (57 )

and (4.36) follows. Therefore, X is multivariate regularly varying with a tail index
a>0.0
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The limiting measure w in (4.37) is called the fail measure of the random vector
X. It is clear that the tail measure is defined uniquely up to a positive multiplicative
constant.

Corollary 4.2.9 has the following, very natural, extension to the case of multi-
variate regular variation.

Proposition 4.3.6. Let X € RY be a random vector. Assume that X is multivariate
regularly varying with a tail index a > 0 and tail measure [Lx, corresponding to
some sequence (ay). Let A be an m x d random matrix, independent of X, such that
for some & > 0, E||A||*T¢ < co. Assume that the measure E(jiy o A~") on R™ is not
the zero measure. Then the random vector . = AX € R™ is multivariate regularly
varying with a tail index a > 0. If one uses the same sequence (ay), then the tail
measure of Z is given by Lz = E(Mx o A_]).

Proof. Let B be a Borel subset of R™, bounded away from the origin. Assume that B
is a continuity set for the measure E(uyoA™"). Then the set A~ (B) is a Borel subset
of R bounded away from the origin. It is, further, with probability 1, a continuity
set for the measure py. Notice that

nP(a,Z € B) = / nP(X € a”'(B)) F(da) .

Rm>d

Here F is the law of the random matrix on the space of R of m x d matrices.
For F4-almost every a,

nP(X € a ' (B)) — pux(a'(B)).
Let § := inf{||x|| : x € B} > 0. For a € R"™*?, write
nP(X € a”'(B)) < nP(a] ! |X] > 6]a] ")

P(a,' X[ > 8llal|~")
P(a;" X[ > 5)

= nP(a;l X > 8)

The argument, using the Potter bounds of Corollary 10.5.8 in the proof of Proposi-
tion 4.2.6, shows that there is a constant C > 0 such that
P(a;'IIX] > 8llall ")

< Cla ate .
P(a'IX]| > 8) lal

Using the moment assumption on the norm of the random matrix A, we apply the
dominated convergence theorem to obtain

lim nP(a,Z € B) = [ lim nP(X € a~'(B)) Fa(da)
n—>oo

Rmxd n—>00

= [, i ®) Fatan) = E(ux o A7 8).

as required. [J
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Let X € R? be a multivariate regularly varying random vector with a tail index
a > 0. Let uy be the tail measure of X, corresponding to some sequence (a,). Let
(by,...,by) € R<. Then

PRSI BX > %) (s YL by > 1))
P(IX] > ) (i I > 13)

as x — oo. This means that every linear combination of the components of X is a
one-dimensional random variable whose right tail is regularly varying with the same
tail index «. Even more precisely, the right tails of the distributions of all the linear
combinations are equivalent, and all are equivalent to the tail of the distribution
of the norm of the vector X. Strictly speaking, this is true only for those linear
combinations for which

d
pux(fx: Y bx;>0}) > 0. (4.41)

J=1

If for some coefficients (by, ..., by), the condition (4.41) fails, then the right tail of
the distribution of the linear combination Z]‘;l b;X; is still proportional to the right
tail of the distribution of the norm || X||, but the coefficient of proportionality is equal
to zero. The fact that the tail measure pwy is not the zero measure implies that the
condition (4.41) holds at least for some vectors of coefficients.

This discussion is often summarized by saying that all linear combinations of
the components of a multivariate regularly varying random vector are themselves
regularly varying in one dimension.

The question to what extent a properly formulated assumption of regular
variation of all linear combinations of the components of a random vector implies
multivariate regular variation of the latter is much harder, and we address it next.
Let X € R? be a random vector, and let D be a regularly varying positive random
variable with a tail index @ > 0. The assumption

P(Yj= bX; > %)

w(b) = Xll)ngo P(D> ) exists and is finite for any b = (by, ..., b,) € RY
w®b®) > 0 for at least one b©® € R? (4.42)

is the form in which we think of regular variation of the linear combinations of
the components of a random vector. We have seen that if a random vector X is
multivariate regularly varying, then (4.42) holds with D = | X]|. On the other hand,

suppose that (4.42) holds. Define for # > 0 a finite measure on @z by
PXet)
d (0 ’
(15X > 1)

m(+) = (4.43)
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where b© = (b(lo), el bf,o)) is as in (4.42). Note that for each § > 0,
i P(1X;| > 18/d)

m({x: ||Ix]| > 8}) <
=1 P(Z;'i=1 bj('O)Xj > t)

L w(de? /8) 4 w(—de? /5)
o> w(b®)

Jj=1

as t — oo. Here e is the vector in RY with all zero coordinates except the jth
coordinate, which is equal to one. By Theorem 10.2.8, the family (m,) is relatively
compact in the vague topology on R”f. Let y be such that m,, 5 y as k — oo
for some sequence #;, — oo. Then by the continuous mapping theorem for vague
convergence (Theorem 10.2.9) and (4.42), for every b € R¢ and x > 0,

_ P(XL bX > nx) . w(b)
y: ijyj >a}) = lim PO 0% = ) =¥ 0 (4.44)

note that the regular variation of D in (4.42) justifies the first equality above, because
the set on which the measure y is evaluated must be a y-continuity set.

Note that the expression on the left-hand side of (4.44) is determined by the ratios
w(b)/w(b©®), b € R’ Therefore, all possible limiting measures y as above coincide
on the half-spaces of the type {y : Zj:l by > x}. If the values a Radon measure
on such half-spaces were to determine the entire measure y, we would immediately
conclude that a vague limit of u, as ¢t — oo exists. Defining

d
=inf{r>0: P()_b"X;>1) < 1/n}. n=1.2....,

J=1

we see that (4.37) holds. Since by (4.44), the limiting measure y does not charge the
infinite points, we would conclude by Theorem 4.3.5 that X is multivariate regularly
varying. Moreover, the spectral measure o of X would be uniquely determined by
the ratios w(b)/w(b®), b € R?.

Everything hangs, therefore, on the question whether certain Radon measures are
uniquely determined by the values they assign to half-spaces of the type

d
y: Y by >xp, beR! x>0. (4.45)

J=1

A simple characteristic functions argument shows that probability measures are
indeed uniquely determined by their values on such half-spaces. Since we are
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dealing with infinite measures, the situation is more complicated, and we have to
use the natural scaling property of the possible limiting measures.

Theorem 4.3.7 below shows that in most cases, (4.42) implies multivariate
regular variation of X, because the possible limiting measures are, in fact, uniquely
determined by their values on the half-spaces.

Theorem 4.3.7. Suppose that a random vector X satisfies (4.42). If ¢« > 0 is a
noninteger, then X is multivariate regularly varying, and the spectral measure o of
X is uniquely determined by the ratios w(b)/w(b©®), b € RY, where b is such
that w(b©) > 0. The same is true if o is an odd integer and X is either symmetric
or takes values in [0, 00)?.

Proof. We need to prove that under the assumptions of the theorem, all possible
subsequential limits of the family (m,) in (4.43) have the following property: if two
such measures coincide on subspaces of type (4.45), then the two measures are in
fact equal. The characterizing feature of the possible limiting measures y turns out
to be its scaling (in x > 0) property (4.44). While this property does not immediately
imply that the measure y enjoys a full scaling property as in (4.39), it carries enough
information to establish finiteness of certain integrals with respect to y. Specifically,
we claim that

fllyllsl [¥lIP y(dy) < oo for every p > «

: (4.46)
Jisi=1 V17 v(dy) < oo forevery p <

Indeed, let p > «. By (4.44), for some ¢, € (0, 00),

/ IylI” ¥ (dy) =/ y({y - 1lyl = DIyI” > o}) ar
Ivl<1 0

1 d 1
< [ vty v = dars, ) [ty gl 0y a

(€) +w(=€) 1/, e
_CPZ/ u W(b(:f)) (17 /d) ™ di < oo.

Similarly, for 0 < p < «,
/ I¥IP v (dy) = / y(fy: 10l = DIyl > 1) dr
[lyll>=1 0
<y(ly: 1yl = DY) + / y({y < Iyl > 1)) di

d ) } e
S CERIEDHET D /1 %wm)—a di < 5o,
j=1
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The integrability properties (4.46) will allow us to use the characteristic function
approach as if we were dealing with probability measures. Suppose first that « is
a noninteger. Let y;, j = 1,2, be two measures satisfying (4.46) that coincide on
subspaces of type (4.45). We will prove that y; = y,. For an integer n > 1 such that
a € (2n—2,2n), we define forj = 1,2,

vi(B) = (—1)" /(ei(h(o)’y) - e_i(b(O)’Y))zn vj(dy), BBorel. (4.47)
B

Since the integrand in this integral is bounded, and additionally, its absolute value
is bounded by a constant factor of ||y||*" near the origin, it follows from (4.46) that
the integral is a finite nonnegative real number. Therefore, v; and v, are two finite
measures on RY. We will prove that their characteristic functions coincide. This will
imply that the total masses of v; and v, are equal and, after a normalization, that
v; = vy. Since dvy/dy; = dv,/dy,, the latter fact will imply that y; = y, as long
as the common Radon-Nykodim derivative does not vanish outside a set of measure
zero with respect to both y; and y,. However, the derivative vanishes only on the
countable collection of hyperplanes {y : (b(o), y) =7 + nm}, m=0,=%1,...,
and by (4.44), each of these hyperplanes has measure zero with respect to both y,
and y».

It remains, therefore, to prove that the characteristic functions of v; and v,
coincide. For a € R?, we have by the binomial formula

2n 2n
(=1)" [R ) @Y y;(dy) = /R ) ;(—m( B ) exp{i(a +2(n — kb, y)} y;(dy).
(4.48)

Recall that since y; and y, coincide on subspaces of type (4.45), we automatically
have

/ o((b.y)) y1(dy) = / @((b.y)) 2(dy) (4.49)
]Rd R"

for b € R and every measurable function ¢ for which the two integrals are well
defined. Therefore, if we could interchange the sum and the integral in (4.48), we
could apply (4.49) to each of the resulting integrals and conclude that the expression
in (4.48) is the same for j = 1 and j = 2. However, even though the sum on the
right-hand side of (4.48) is integrable, each individual term in the sum is easily seen
not to be integrable. To overcome this problem, we modify the individual terms
without changing the sum, as follows. Let j < m be two nonnegative integers. By
the binomial formula,

m

Z(—l)"(’;:)k(k— D...(k—j+1)

k=0

=(=1Ymm—-1)...(m—j+ 1)23(—1)"('"?) =0,

k=0
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implying that
}:04ﬁ(Z)H=o
k=0
as well. In particular, for every pair of complex numbers &, hy, and 0 < j < m,
m m J !
kh h
Z(_l)k (’Z)ekhl+h2 _ Z(_l)k (’]’:) (ekhl+hz _ Z (khy ;— 2) ) . (4.50)
k=0 k=0 =0 '

Suppose that @ € (2n — 1,2n). We use (4.50) withm = 2n,j = 2n— 1, hy =
—2i(b©,y), and hy = i(a + 2nb?, y) to rewrite the right-hand side of (4.48) as

2n
[ e (Zk”)Rzn_l (ita + 21~ . ) ,(ay) @s1)
k=0

2n

=31 (2k) /R Roui (i@ + 201 = 0B y)) y,(dy)
k=0

Here

Zl
_‘7

J
Rj(Z) = —
=0

and interchanging the sum and the integral is now permitted, since for each k =
0,1,...,2n, for some finite constant c,

. clyl™ ifllyll <1,
Ron—i(i(a + 2(n — k)b, y) 5{ 1
| ( ) cllyl>="if [lyll > 1.

By (4.46), all the integrals on the right-hand side of (4.51) are finite. Finally,
appealing to (4.49), we conclude that the right-hand side of (4.51) is the same for
j = land j = 2, and hence the same is true for (4.48). Thus, the characteristic
functions of v; and v, coincide.

If « € 2n —2,2n — 1), we can use the same argument as above, but with
Jj = 2n — 2. Therefore, we have proved the theorem in the case of a noninteger
a.

We consider now the case that « = 2n — 1 is an odd integer. Suppose first that
X is a symmetric random vector. In that case, all the measures m; in (4.43) are
symmetric, and hence so are all possible vague limits of these measures. Therefore,
when proving that y; = y, above, we need to consider only symmetric measures
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y1 and y,. By this symmetry, we can rewrite the integral on the left-hand side
of (4.51) as

2n

1 2n .
E /Rd ;(_1)k( . ) [Rzn_1 (l(a + 2(}1 — k)b(O)’ y))

R (—if@ + 201~ DB, y)) | i (dy)

IS (P [ Rovs (i@ + 20— b
_Eg(_) k Adl: 211—l(l(a+ (l’l— ) vy))

+Ram1 (i@ + 200 = b, y) | (@)

Note that interchanging the sum and the integral is again permitted, because for each
k=20,1,...,2n, for some finite constant c,

‘RZn—l (l(a + 2(" - k)b([))» Y)) + RZn—l (_l(a + 2(” - k)b(O)’ Y)))

clyl™ ifllyll <1

<
cllyl>=2if [lyll = 1

which by (4.46) provides the needed integrability when « = 2n — 1. We complete
the argument by appealing, once again, to (4.49).

Finally, we consider the case of & = 2n — 1 and X taking values in [0, c0)?. Let
Y be a random vector whose law is the equal-weight mixture of the laws of X and
—X. Clearly, Y is a symmetric random vector. By the assumption (4.42), for every
b e R?,

d
lim P(Zj:l b;Y; > x)
x—>00 P(D > x)

1. P(CLibX>x)  P(TL(-bX>x)) 1
2 (Jﬂ& Ii(D > ) R R =7 (W) +w=b).

Therefore, the vector Y itself satisfies (4.42). Define a family of measures as
in (4.43) but corresponding to Y:

P(Y er)
d 10 '
P(Zj:lb; Y > f)

mV () = t>0.

These measures are related to the measures defined by (4.43) (for X) by

P( b X; > t)l
P(YL, 57, > 1) 2

j=17j

m" () = (m: () + mi(—)) .
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v
If m;, — y as k — oo for some sequence #; — oo, then

w(b©®)
w(b©@) + w(—b©®)

m () > () +y(=).

However, by the already considered symmetric case, the vague limit of mgkY ) does
not depend on the sequence f; — co. Therefore, the sum y(-) + y(—-) is uniquely
determined. Since y is concentrated on [0, 00)¢\ {0}, y itself is uniquely determined,
and the proof of the theorem is complete. [

Remark 4.3.8. The statement of Theorem 4.3.7 is not true without restrictions on
the value of « > 0 and/or the support of the vector X. In Hult and Lindskog
(2006), examples are provided of random vectors X satisfying (4.42) with an integer
o but not possessing multivariate regular variation. The authors also present an
example of a random vector taking values in [0, c0)? that does not have the property
of multivariate regular variation for which all linear combinations of coordinates
with nonnegative weights are regularly varying, with any given integer exponent
of regular variation. This cannot happen if the exponent of regular variation of the
linear combinations is a noninteger; see Exercise 4.6.7.

It is not known whether the statement of Theorem 4.3.7 remains true if « is an
even integer and X takes values in [0, 00)?. However, a corresponding statement
when X is symmetric is false. To see this, let « = 2k, and let Y;,...,Y; be a
random vector taking values in [0, 0o)? without the property of multivariate regular
variation, for which all linear combinations of coordinates with nonnegative weights
are regularly varying with exponent o = k, in the sense of (4.42). Let Gy, ..., Gy
be i.i.d. standard normal random variables independent of Yi,..., Y, and define
X; = G; Yl/2 .,d. Clearly, X = (Xj,...,X;) is a symmetric random
vector. For each b € Rd, as x — o0,

d
P(b.X)>x) =P | > Gy, > x

d
=P|G Y bV >x|~ E((G1)+)'P sz
j=1

by Proposition 4.2.6. Therefore, the random vector X satisfies (4.42). However, it is
not multivariate regularly varying. Indeed, if it were multivariate regular varying, so
would be its coordinatewise square (G2Y1, ..., G3Y,). The “cancellation property”
of the powers of a normal random variable (see Theorem 4.1 in Damek et al. (2014)
and Example 4.4 in Jacobsen et al. (2008)) tells us that in this case, the vector Y =
(Y1, ...,Y,) would itself be multivariate regular varying, which, by the assumption,
it is not.
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4.4 Heavy Tails and Convergence of Random Measures

Various limit theorems concerning sequences of regularly varying random variables
and vectors often become clearer when viewed through the lenses of point pro-
cesses and, more generally, random measures associated with these sequences. Let
(X1,X5...) be a sequence of i.i.d. regularly varying random vectors in R¢, with a
tail index @ > 0. With the sequence (a,) defined by (4.40), we define the point
process associated with the first n observations in the sequence by

N, = Z%/mxj/an) ; (4.52)

j=1
recall that §, is the (Dirac) point mass at b. The next theorem shows that this
sequence of point processes converges to a Poisson process, weakly in the space
Mﬁ ([0, 1] xﬁg) of Radorb measures on [0, 1] x@i, endowed with the vague topology;
see Section 10.2. Here RO = [—00, 00]?\ {0}, and by Exercise 4.6.6, it is metrizable
as a complete separable metric space. Therefore, so is the space [0, 1] Xﬁg, endowed

with the product topology.

Theorem 4.4.1. Let (X,X;...) be a sequence of i.i.d. regularly varying random
vectors in R4, with a tail index o > 0 and tail measure u. Then

N, = Ny asn — o0 4.53)

. —d . .
weakly in Mi([O, 1] x ]RO), where Ny is a Poisson random measure on [0, 1] x R?
with mean measure m = A X [, naturally considered as a Poisson random measure

on [0, 1] x Eg.

Proof. By Theorem 10.2.13, it is enough to prove that the Laplace functional of N,
converges to the Laplace functional of N, for every nonnegative continuous function

=d . . .
fon[0,1] x R, with compact support. As the expression for the Laplace functional
of a Poisson random measure in Exercise 10.9.4 shows, this convergence, in turn,
will follow from the following statement:

lim Eexp { — / f(t,x) N,(dt, dx)% (4.54)
n—>00 [0,1]xR4

_ _ _fx)
exp% /[0.1] /]Rd (1 e ) u(dx) dt}

for every bounded and uniformly continuous function f on [0, 1] x Eg such that for
some € = ¢(f) > 0,

f(z,x) = 0 for all (¢, x) such that ||x|| < . (4.55)
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We will begin by checking that for every ¢ € [0, 1],

lim (Ee—-f'(’~xl/“")) = exp%— / (1 —e7t™) u(dx)} ) (4.56)
R4

n—>oo

. . _ —d
To see this, reuse the notation n,(-) = nP(a, 'X € -) as a Radon measure on R,,.

Theorem 4.3.5 says that m,, > . Since the function 1 — e/ is continuous with
compact support, we conclude that

[ =) i = i [ (1= e7) (e
R4

n—>00 Jpd

= lim nE (1 _e—f(z,xl/an)) '

n—>oo

This implies (4.56). We proceed with discretizing the function f. Form = 1,2,.. .,
let £,,,(0, x) = (0, x) and

(2, %) =f(i/m,x) ifi—)/m<t<i/m i=1,...,m.

It is clear that for everym = 1,2, .. .,

suplfm(t, x)| < suplf(t, x)|, fu(t,x) =0 forall (z,x) such that ||x| < e.
(1,x) (1,x)

Further, by the uniform continuity of f,

lim sup|f(z.x) — f (1. x)| = 0. 4.57)
m—>00 ([,X)
Fix m = 1,2,.... Using the notation ¢; ,,(n), i = 1, ..., m, for positive numbers
satisfying ¢; ,,(n) — 1 asn — oo, i = 1,...,m, we obtain by (4.56),

. Ci.m(")n/m
Eexp%— / Fnlt, X) N,y (dt, dx)} = (Ee_f (l/'“”‘l/“")) (4.58)
[0,1]xR4

m

i=1

| — .
I _ o i/mx)
—>exp{ mi;/Rd(l e )/L(dx)

as n — oo. The latter expression converges, as m — oo, to the expression on the
right-hand side of (4.54), since the Riemann sums converge to the corresponding
integral. Therefore, the claim of the theorem follows from the following calculation:
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Eexp {—/ f(t,x) N, (dt, dx)} — Eexp {—/ S (t,X) N, (dt, dx)} '
[0,1]xR4 [0,1]xR4

<E

/ f(t,x) N,(dt, dx) — / fin(t,X) N, (dt, dx)
[0,1]xR4

[0,1]xR4

< f“‘?lf(t’ X) —fu 0| E[ = 1,... .00 |Xj/a,] > &}

= ?UI))V(L X) — fu(t,X) | nP([ X1 ]| > £ay)

since the latter expression is a product of two terms, one of which converges to a
finite limit as n — oo by the definition of the sequence (a,), and the other converges
to zero as m — oo by (4.57). O

Theorem 4.4.1 has a very simple and useful intuitive meaning. Dividing the
observations X, ..., X, by a large number a, makes each individual observation
small (in norm) with a very high probability. The number n of observations is
exactly large enough that the exceptionally large observations (with norm of order
at least a,) arrange themselves into a Poisson random measure. The fact that
the mean measure of the limiting Poisson random measure has a uniform factor
corresponding to the time coordinate ¢ reflects the obvious point that in an i.i.d.
sample, the exceptionally large observations are equally likely to be found anywhere
in the sample. On the other hand, the factor of the mean measure corresponding to
the space coordinate x is the tail measure of the observations. This measure puts an
infinite mass in every neighborhood of the origin, reflecting the obvious point that
most observations are not exceptionally large, and hence after the normalization,
will appear near the origin.

The next theorem presents a result related to Theorem 4.4.1. In the new setup,
the observations Xy, ..., X, are still divided by a large number, but the number is
now much smaller than a,. This makes for a growing number of the corresponding
exceptionally large observations. In order to obtain a sensible limit, one must divide
the entire point process by an appropriately large number. This has an averaging
effect, resulting in a nonrandom limit.

Let (k,) be a sequence of positive numbers satisfying

ky > o0, k,/n— 0 asn — oo. (4.59)

Define

1 n
Mn:k_zaxj/ankfl»nzl’27"" (460)
-

Note that the notation a, for a real number v > 1 really means a|,|. Further, the
fact that M), in (4.60) has atoms with a weight generally different from 1 means that
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it is no longer a point process (but it is still, clearly, a random Radon measure). It is
sometimes called the tail empirical measure.

Theorem 4.4.2. Let (X1,X;...) be a sequence of i.i.d. regularly varying random
vectors in RY, with a tail index o > 0 and tail measure i, and let (k,) be a sequence
of positive numbers satisfying (4.59). Then

M, = i asn— oo (4.61)

weakly in MY (@g)

Proof. We proceed as in the proof of Theorem 4.4.1. By Theorem 10.2.13, it is
enough to prove convergence of the Laplace transformes, i.e., that

Tim Eexp {— /R e Mn(dx)} — exp {— /R e u(dx)} 4.62)

. . . —d . .
for every bounded and uniformly continuous function f on R, that vanishes in a
neighborhood of the origin. Since

pep |~ [ room @) = (Bew]—ri/an)] )

(4.62) will follow from the statement

lim nE(l —exp{—klf(Xl/ank”—l)}) = /Rdf(x) n(dx) .

n—»oo

This statement is equivalent (since the function f is bounded and k, — o0) to the
statement

lim nk;lEf(X]/ankn—l) — /Rdf(x) u(dx),

n—>o0

which follows immediately from the fact that m,;— | 5 M, as in the proof of (4.56).
|

Notice that we have eliminated the time coordinate ¢ from the definition of the
tail empirical measure M, in (4.60). This is because in the limit, all the atoms of
M, disappear, and it is no longer of interest to keep track of when the exceptionally
large observations appear. Exercise 4.6.9 describes what happens when one insists
on preserving the time coordinate.
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4.5 Comments on Chapter 4

Comments on Section 4.1

The general result regarding sums with random numbers of terms of Corol-
lary 4.1.11 and the subsequent discussion is due to Embrechts et al. (1979); the
special case of geometric sums was discussed even earlier in Pakes (1975) and
Teugels (1975). The paper Embrechts et al. (1979) describes a number of additional
important properties of the family of subexponential distributions, including its
closure under convolution roots: if X; + ... + X, is subexponential for some n,
then so is X.

Comments on Section 4.2

The importance of regular variation in probability became clear after Feller
(1968, 1971) and deHaan (1970).

Balanced regular variation of the tails of real-valued random variable with
exponent 0 < o < 2 turns out to be a necessary and sufficient condition for
this random variable, or its law, to be in the domain of attraction of an «-stable
distribution; for the domain of attraction of the normal distribution, a condition
can be stated in terms of the slow variation of the truncated second moment of
the random variable. See Theorem 2, p. 577, Feller (1971).

Regular variation of the tails of infinite weighted sums of i.i.d. random variables
with regularly varying tails has been considered by many authors. A frequently cited
result was given in the PhD thesis Cline (1983). The result in Corollary 4.2.12 was
proved in Mikosch and Samorodnitsky (2000).

Comments on Section 4.3

Most of the content of Theorem 4.3.7 showing that in some cases, regular
variation of the linear combinations of the components of a random vector implies
multivariate regular variation of the vector itself, is due to Basrak et al. (2002). In
Hult and Lindskog (2006) one can find examples of random vectors that are not
multivariate regularly varying, for which all linear combinations of the coordinates
are regularly varying with any given integer exponent of regular variation (their
examples are based on unpublished notes of H. Kesten), as well as an example
of a random vector taking values in [0, 00)? that does not have the property of
multivariate regular variation for which all linear combinations of coordinates with
nonnegative weights are regularly varying, with any given integer exponent of
regular variation. A related example for ¢ = 2 is in Basrak et al. (2002).

Inverse problems for regular variation have been studied in Jacobsen et al. (2008)
and Damek et al. (2014). An example of such an inverse problem is a converse to
Proposition 4.2.6: if X and Y are independent, XY is regularly varying, and Y has a
sufficiently light tail, does it follow that X is regularly varying? Similar questions
can be asked about the multivariate version of Proposition 4.2.6 in Proposition 4.3.6,
or about certain versions of Theorem 4.2.10 and its multivariate analogues. The
“cancellation property” of the powers of a normal random variable in Remark 4.3.8
is an example of such a result.
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Comments on Section 4.4

S. Resnick introduced the idea of using weak convergence of point processes to
a Poisson limit in order to derive various limit theorems for regular varying random
vectors in Resnick (1986), and the monograph Resnick (1987) contains a detailed
exposition; some of it is also in Resnick (2007). Versions of Theorem 4.4.1 have
been proved for stationary sequences of regularly varying random vectors, under
weak dependence assumptions, including a version of strong mixing assumptions;
see Davis and Hsing (1995), Davis and Mikosch (1998). Such theorems have also
been established for specific families of stationary sequences of regularly varying
random vectors, such as certain ARMA and GARCH processes; see Davis and
Resnick (1985), Mikosch and Stéricd (2000b). A general feature of these results
is that the limiting process is no longer Poisson, but rather cluster Poisson, whereby
each point of the Poisson process N, in Theorem 4.4.1 is replaced by a cluster of
secondary points generated by the Poisson point. Completely different behavior is
possible for long-range dependent stationary sequences of regularly varying random
vectors; an example is in Resnick and Samorodnitsky (2004).

Convergence of the empirical tail measure to the tail measure is often used to
prove consistency of tail estimators; see, e.g., Resnick (2007). Theorem 4.4.2 also
holds for certain non-i.i.d. stationary sequences of regularly varying random vectors;
an example is in Resnick and Stéricd (1995).

4.6 Exercises to Chapter 4

Exercise 4.6.1. Prove the statements of Proposition 4.1.8 and Corollary 4.1.11 for
real-valued subexponential random variables.

Exercise 4.6.2. Prove that the random variables in Example 4.1.18 are subexpo-
nential.

Exercise 4.6.3. Let X be a nonnegative regularly varying random variable. Define
g(t) =inf{x>0: P(IX|| >x) <t}, 0<t<1.
Then
li 1P(||X|| > (t)) =1
07 )=
Exercise 4.6.4. Let X be a nonnegative regularly varying random variable with tail
index . Let 0 < p < . If p = «, assume that EX? < co. Then the upper truncated

moment

M,(x) = E(X"1(X > x)), x>0,
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is regularly varying with exponent p — o, and

E(XP1(X > x)) o

)

im =
x—>00  XPP(X > x) a—p

with a/0 = +o0.
Exercise 4.6.5. Prove Corollary 4.2.9.

. . . —d
Exercise 4.6.6. Give an example of a complete separable metric on R, that
metrizes its topology.

Exercise 4.6.7 (Basrak et al. (2002)). Suppose that X takes values in [0, 00)? and
satisfies (4.42) for all vectors b with nonnegative coordinates. Assume that o« > 0
is a noninteger. Replacing in the proof of Theorem 4.3.7 characteristic functions by
Laplace transforms, prove that X is multivariate regularly varying.

Exercise 4.6.8. Let X1, X», ... be a sequence of one-dimensional random variables
with balanced regularly varying tails with index o« > 0. Show that the limiting Pois-
son random measure Ny in Theorem 4.4.1 has the representation in distribution as

o0
Ny = ZS(U,-.eiri‘l/")’
i=1

where (U;) is a sequence of i.i.d. standard uniform random variables, (6;) is a
sequence of i.i.d. random variables taking the value 1 with probability p, and the
value —1 with probability ¢ = 1 — p (in the notation of Definition 4.2.7), and (I;) is
a sequence of standard Poisson arrivals on (0, 00). All three sequences are assumed
to be independent.

Exercise 4.6.9. Let (k,) be a sequence of positive numbers satisfying (4.59). For a
sequence (X1,X, ...) of i.i.d. regularly varying random vectors in R?, with a tail

index a > 0 and tail measure 1, define random Radon measures on [0, 1] x Kg by

1 n
M, = k—z%/wxmm), n=12,....

Prove that M,, = ) 1 weakly in M& ([0, 1] xﬁz) endowed with the vague topology.



Chapter 5
Introduction to Long-Range Dependence

5.1 The Hurst Phenomenon

The history of long-range dependence as a concrete phenomenon believed to be
important in its own right should be regarded as beginning in the 1960s with a series
of papers by Benoit Mandelbrot and his coworkers, such as Mandelbrot (1965) and
Mandelbrot and Wallis (1968). The cause was a need to explain an empirical finding
by Hurst (1951, 1956) that studied the flow of water in the Nile. A particular data
set studied by Hurst appears in Figure 5.1.

Many features of this data set are interesting (one of which is how long ago
the data were collected). Harold Hurst, who was interested in the design of dams,
looked at these data through a particular statistic. Given a sequence of n observations
X1,Xa, ..., X,, define the partial sum sequence S, = X; +...+X,, form =0,1,...
(with Sy = 0). The statistic Hurst calculated is

maxo<i<n(S; — £S,) — ming<;<,(S; — £8,)
Gy (X — 15012

R
E(le""xn) = (5.1

Note that S,/n is the sample mean of the data. Therefore, maxo<;<,(S; — ,i'lS,,),
for example, measures how far the partial sums rise above the straight line they
would follow if all observations were equal (to the sample mean), and the difference
between the maximum and the minimum of the numerator in (5.1) is the difference
between the highest and lowest positions of the partial sums with respect to the
straight line of uniform growth. It is referred to as the range of observations. The
denominator of (5.1) is, of course, the sample standard deviation. The entire statistic
in (5.1) has then been called the rescaled range or R/S statistic.

When Harold Hurst calculated the R/S statistic on the Nile data in Figure 5.1,
he found that it grew as a function of the number n of observations, approximately
as n®74,
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Fig. 5.1 Annual minima of the water level in the Nile for the years 622 to 1281, measured at the
Roda gauge near Cairo

To see that this observation is interesting, let us suppose that X;, X5,... is a
sequence of random variables. If we apply the R/S statistic to the first n observations
X1,X>,...,X, for increasing values of n, what would we expect the resulting
sequence of values of the R/S statistic to be like, for the “usual” models of
X1,X5,...7

Example 5.1.1. Suppose that X, X», ... is, in fact, a stationary sequence of random
variables with a finite variance and a common mean w. Define the centered partial
sum process by

S™ () = Spug — [nflpe, 0<t<1. (5.2)

The classical functional central limit theorem (Donsker’s theorem, invariance
principle) says that if X}, X5, ... are i.i.d., then

1
—58" = 5,B weakly in D[0, 1], (5.3)
Jn

where 02 is equal to the common variance o> of the observations, and B is the

standard Brownian motion on [0, 1] (Theorem 14.1 in Billingsley (1999)). Here
D[0, 1] is the space of right continuous functions on [0, 1] having left limits equipped
with the Skorokhod J; topology. In fact, the functional central limit theorem is
known to hold for stationary processes with a finite variance that are much more
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general than an i.i.d. sequence (with the limiting standard deviation oy not equal, in
general, to the standard deviation of the X;); see a survey by Merlevéde et al. (2006).
The function f : D[0, 1] — R defined by

£ = sup (x(t) = (1)) — inf (+(0) — tx(1)).

0<r<l1

x = (x(1), 0 <t < 1) € D[0, 1], is easily seen to be continuous. It is straightforward
to check that the range of the first n observations (the numerator in the R/S statistic)
is equal to f(S™). Therefore, if the invariance principle (5.3) holds, then by the
continuous mapping theorem, Theorem 10.2.4,

1 1
—— (the range of the first n observations) = f (—S(”))
n n

Vn Vn

= f(0:B) = o[ sup (BO) — 1B(1)) - Jinf (B() - B(1))]

0<t<l

:= o[ sup By(t) — Oi?ﬁlBo(t)]’

0<r<1

where By is a Brownian bridge on [0, 1]. Further, if the stationary process Xi, X3, . . .
(or its bilateral extension in Proposition 1.1.2) is ergodic, then by the pointwise
ergodic theorem, Theorem 2.1.1 (or (2.8)), we have, with probability 1,

2
1 n 1 2 _ 1 n 2 B l n '
. ;(Xi - ;lSn) = ;X,- (n ;XL)

— E(X?) - (E(Xl))z =02,

Assuming, therefore, that the functional central limit theorem holds, and that the
observations form an ergodic process, we see that

1 R Ox .
WE(XI, X)) = ;[0851321 By(t) — og}; Bo(t)]. (5.4)

That is, the R/S statistic grows, distributionally, as the square root of the sample
size.

The distributional n% rate of growth of the values of the R/S statistic obtained
under, apparently quite reasonable, assumptions of Example 5.1.1 looks incom-
patible with the empirical n%7* rate of growth Hurst observed on the Nile data.
Therefore, if one wants to construct a stochastic model of observations with a similar
behavior of the R/S statistic to the one observed by Hurst, some of the “reasonable”
assumptions of the example must be dropped.
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The following example looks at what happens when the assumption of finite vari-
ance of the observations is dropped and replaced by an assumption of appropriately
heavy tails.

Example 5.1.2. In order to be able to concentrate better on the effect of heavy tails,
we will assume that the observations X;, X5, ... are i.i.d. Assume that the balanced
regular variation property of Definition 4.2.7 holds, and 0 < o < 2; this guarantees
that the variance of the observations is infinite. In this case, we will apply the
Poisson convergence result in Theorem 4.4.1 to understand the “size” of the R/S
statistic.

We begin with a typical “truncation” step, needed because various sums of
points are not continuous functionals of point processes in the topology of vague
convergence. For € > 0, let

89 =S X1(1X)| > ea,), m=0,1.2... ,
=1

where, as usual, a, = inf{x >0: P(|X;] > x) < l/n}, n=1,2,.... Consider a
modified version of the R/S statistic defined by

maXOSisn(S,(e) - f;Sfle)) — min()ﬁifn(sge) - %Sf))

i XPA(IXj] > €an))!/?

RS,(e) = (5.5)

Note that RS,(€) = gc(N,), where N, is the point process in (4.52) and g, :
MR ([0, 1] x RG) — (0, 00) is defined by

R.(K)
(o1 [—e) YK (ds. dy)) /2

g(K) =

with

R:(K) = sup [/ yK(ds,dy)—t/ yK(ds,dy)}
o=r=1 LJ0a)x®\[-e.e]) [0.1]x(R\[—e.€])

— inf [/ yK(ds, dy) —t/ yK(ds,dy)i| .
0=r=1] Jjo.x(®R\[—e.c]) [0.1]%(R\[—¢.€])

According to Exercise 4.6.8, the law of the limiting Poisson process in Theo-
rem 4.4.1 does not charge the set of the discontinuities of the function g.; see
Exercise 5.5.1. Therefore, by the continuous mapping theorem (Theorem 10.2.4),

8e(Ny) = g«(N) 1in [0, 00) as n — oo,
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and we can represent the limit distributionally as
sup Y. (1) — inf Y.(¢)
0<r=<1 0=t=I

L(N) = .
8 ( ) (Z;:l Fj_Z/al(Fj < 6—01))1/2

Here
o0

Yo =D (MU =0 -0 /U <), 0<r<1. (5.6)

J=1

Recall that (U;) is a sequence of i.i.d. standard uniform random variables, (6;) is a
sequence of i.i.d. random variables taking the value 1 with probability p, and the
value —1 with probability ¢ = 1 — p, and (I'}) is a sequence of standard Poisson
arrivals on (0, 0o), with all three sequences being independent.

Corollary 3.4.2 says that Y, is an infinitely divisible process. Furthermore, if we
take 0 < €] < €; and use the same random ingredients in (5.6) for the two processes,
Y., and Y,, then the difference Y., — Y., can be written in the form

Yﬂ(t) - Y62(t) = Lélyéz(t) - tLequz(l)v 0=<r=1,
where
o0
Lo =Y LU <00 “1(e;* < Ty <), 0<1<1.
j=1

By Corollary 3.4.2, L., ., is a Lévy process without a Gaussian component, whose
one-dimensional Lévy measure p, ., is the measure

m(dx) = (p1(x > 0) + gl(x < 0))e|x|~@+D dx

restricted to the set (—e;, —€1) U (€1, €3), and whose local shift is

e
b= (2p— 1)/ [x="/] dx;
29

see Example 3.2.3. It is, in fact, a compound Poisson Lévy process. It follows from
the general properties of Lévy processes that supy.,<; |Le, ., (f)] = 0 in probability
as €, — 0, uniformly in 0 < €| < €;; see Kallenbe_rg_ (1974). Therefore, the same is
true for supy<,<; |Ye, (t) — Ye, (). We conclude that

o0
Ye(0) > Y() =Y (MU <-4 0<r<1, ase >0
j=1
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in probability in the uniform topology in the space D([0, 1]). Therefore, as € — 0,

sup ZI(U <t)—t)¢91" Ve _ 1nf ZI(U <t)—t)9I' Ve

0<t<l

,_‘

ge(N) — 2, j—z/a)1/2
(5.7)
in probability. Notice that by the strong law of large numbers, I';/j — 1 asj — oo
with probability 1. This and the fact that 0 < @ < 2 imply that the dominator on the
right-hand side is finite and justifies the convergence.
Let g(N) denote the random variable on the right-hand side of (5.7). If one shows
that the statement

lim lim sup P (‘ (Xl, ..., X)) — RS, (¢)
e=>0 500

> A) =0 (5.8)

for every A > 0 is true, then a standard weak convergence argument, e.g., in
Theorem 3.2 in Billingsley (1999), allows us to conclude that

1 R
Jns

Note that (5.9) means that even in the heavy-tailed case, the R/S statistic grows as
the square root of the sample size.
The validity of (5.8) is verified in Exercise 5.5.2.

—(X1,....X,) = g(N). (5.9)

We conclude, therefore, as was done in Mandelbrot and Taqqu (1979), that
infinite variance alone cannot explain the Hurst phenomenon. A different drastic
departure from the assumptions leading to the square root of the sample size rate of
growth of the R/S statistic was suggested in Mandelbrot (1965), and it had nothing
to do with heavy tails. The idea was, instead, to take as a model a stationary process
with a finite variance, but with correlations decaying so slowly as to invalidate the
functional central limit theorem (5.3). The simplest model of that sort is fractional
Gaussian noise, which is the increment process of fractional Brownian motion.

Let us begin with a fractional Brownian motion, or FBM, constructed in
Example 3.5.1. This is a zero-mean Gaussian process (By(?), t > 0) that is self-
similar with exponent of self-similarity H € (0, 1) and stationary increments. These
properties imply that By(0) = 0 and E(By(¢) — By(s))?> = o?|t — s|*" for some
o > 0; see Section 8.2. Taking an appropriately high moment of the increment
and using the Kolmogorov criterion in Theorem 10.7.7 allows us to conclude that
a fractional Brownian motion has a continuous version, and we always assume that
we are working with such a version.

A fractional Gaussian noise, or FGN, is a discrete step increment process of a
fractional Brownian motion defined by X; = By (j) =B (j—1) forj =1,2,.... The
stationarity of the increments of the FBM implies that this is a stationary Gaussian
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process. Using the fact ab = (a®> + b> — (a — b)?)/2 and the incremental variance
of the FBM, we easily see that

2

Cov(Xjyn, X)) = %[(n + D =1 - 2n2H] (5.10)
forj > 1, n > 0. That is,
= Cort(Xjn, X)) ~ H2H — H)n 20" a5 5 — oo. (5.11)

In particular, p, — 0 as n — oo. This implies that the FGN is a mixing, hence
ergodic, process; see Example 2.2.8. Furthermore, by the self-similarity of the
fractional Brownian motion, for every #,

Var(X; + ...+ X,) = VarBy(n) = on* . (5.12)

Suppose now that a set of observations Xj, X, ... forms a fractional Gaussian
noise as defined above, and let us consider the behavior of the R/S statistic on these
observations. The ergodicity of the FGN implies that the denominator of the statistic
converges a.s. to the standard deviation of the observations, o; see Example 2.1.5.
For the numerator of the R/S statistic, we notice that S; = By(i) for every i, and the
self-similarity of the FBM gives us

max (S; ——S)— mm(S ——S)

0<i<n

= max (B () — ~By(n) — min (By(i) ~ ~By(n)
<i<n n 0<i<n n

o<i<

= [max (BH( ) - —BH(l)) — Jnin (BH( ) - —BH(l))]
By the continuity of the sample paths of the fractional Brownian motion, we have

max (BH( ) — —BH(l)) — m1n (BH( ) — —BH(I))

0<i<n

— sup (Bu(1) —1Bu(1)) — ot (BH(f) 1B (1))

0<t<l1

with probability 1. That is, for the FGN,

n_Hg(Xl, ..., X)) = sup (By(t) —tBy(1)) — 1nf (BH(t) — tBy(1)),

0<r<l1

and so the R/S statistic grows distributionally at the rate n as a function of the
sample size. Therefore, selecting an appropriate H in the model will, finally, explain
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the Hurst phenomenon. In particular, the exponent H of self-similarity of fractional
Brownian motion is often referred to as a Hurst parameter.

This success of the fractional Gaussian noise model in explaining the Hurst
phenomenon is striking. We have used the self-similarity of the fractional Brownian
motion in the above computation, but it is not hard to see that a very important
property of the fractional Gaussian noise is the unusually slow decay of correlations
in (5.11), especially for high values of H (i.e., close to 1). For these values
of H, the variance of the partial sums in (5.12) also increases unusually fast.
Unlike the previous unsuccessful attempt to explain the Hurst phenomenon by
introducing in the model unusually heavy tails (infinite variance in this case), the
FGN model succeeds here by introducing unusually long memory. Particularly
vivid terminology was introduced in Mandelbrot and Wallis (1968), in the context
of weather and precipitation: unusually heavy tails were called the Noah effect,
referring to the biblical story of Noah and extreme incidents of precipitation, while
unusually long memory was called the Joseph effect, referring to the biblical story
of Joseph and long stretches (seven years) of time greater than average and less than
average precipitation. This success of the FGN brought the fact that memory of a
certain length can make a big difference to the attention of many. The terms “long-
range dependent process” and “long memory” came into being; they can already be
found in the early papers by Mandelbrot and coauthors.

5.2 The Joseph Effect and Nonstationarity

The Joseph effect is clearly visible in Figure 5.2: in the left plot, where the
observations are those of fractional Gaussian noise with Hurst parameter H =
0.8, there are long stretches of time (hundreds of observations) during which the
observations tend to be on one side of the true mean 0. This is clearly not the case
on the right plot of i.i.d. normal observations. Returning momentarily to the Nile
data in Figure 5.1, we see evidence of the Joseph effect there as well.

Such behavior of the observations obviously seems to indicate lack of sta-
tionarity, and in general, the relationship between long-range dependence and
nonstationarity is delicate in a number of ways. We have seen that the Joseph
effect involves long stretches of time when the process tends to be above the mean,
and long stretches of time when the process tends to be below the mean. Quoting
a description in Mandelbrot (1983), page 251, of a fractional Gaussian noise
with H > 1/2: “Nearly every sample looks like a ‘random noise’ superimposed
upon a background that performs several cycles, whichever the sample’s duration.
However, these cycles are not periodic, that is, cannot be extrapolated as the sample
lengthens.”

This discussion shows that in application to real data, either stationary long
memory models or appropriate nonstationary models can be used in similar
situations. There is, obviously, no “right” or “wrong” way to go here, beyond the
principle of parsimony.
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Fig. 5.2 Fractional Gaussian noise with H = 0.8 (left plot) and i.i.d. standard Gaussian random
variables (right plot)

Among the first to demonstrate the difficulty of distinguishing between stationary
long memory models and certain nonstationary models was the paper Bhattacharya
et al. (1983), in which it was suggested that instead of fractional Gaussian noise
or another model with long memory, the Hurst phenomenon can be explained by a
simple nonstationary model as follows. Let Y1, >, ... be a sequence of independent
identically distributed random variables with a finite variance 02. Let 0 < B < 1/2,
choose a > 0, and consider the model

Xi=Yi+@+) P i=12,.... (5.13)

Clearly, the stochastic process X1, X3, . . . is nonstationary, for it contains a nontrivial
drift. However, it is asymptotically stationary (as the time increases), and the drift
can be taken to be very small to start with (by taking a to be large). This process
has no memory at all, since the sequence Y1, 1>, ... is i.i.d. It does, however, cause
the R/S statistic to behave in the same way as if the sequence X;, X,, ... were a
fractional Gaussian noise, or another long-range dependent process.

To see why this is true, note that for this model, the numerator of the R/S statistic
is bounded between

Y i . i Y
rp, — R, < max (S; — =S,) — min (S; — =S,) <r, +R,,
0<i<n n 0<i<n n
where

i . i
r, = max (s; — —s,) — min (s; — —s,) ,
0<i<n n O<izn n

i , i
RY = max (S — =S¥) — min (S} — -57),
O<i<n n 0<i<n n

andSY =Y, + ...+ Yy, 5m = Z;"zl(a—i—j)_ﬁ form=0,1,2,....
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Since s,, is a sum of a decreasing sequence of numbers, we see that ming<;<,(s;—
ﬁsn) = 0. On the other hand, by Theorem 10.5.6,

1
1-p
If we denote by i} the value of i over which the maximum is achieved in
maxo<j<n(s; — 75,), then we see that

n' P asn - .

Sn

iX = (sa/m)™F —a] ~ (1= p)n
as n — oo. Therefore,
+%

i i o
max (s; — —s,) = six — 5, ~ (1 — BB p1h
0<i<n n n

so that
I~ Cgn'™, Cy = (1 — p)1/F2

asn — oo.

Recall that Y7, Y5, . .. are i.i.d. random variables with a finite variance. Therefore,
the range RY of the first n observations from this sequence grows distributionally as
n'/2. We immediately conclude that

1 [ . [
s 50— pin 5 5] > €

in probability as n — oo.
Similarly, for the denominator of the R/S statistic, we have a bound

. 1 1/2
Dy —dy = (Y (Xi==50%) " =D +d,
i=1 n

where

n

D/I: = (i(Yi - %S,{)Z)l/z’ d, = (Z((“ 4P %S”)Q)l/z.

i=1 i=1

We know that DY /n'/?2 — o as. as n — oo, while an elementary computation
using, for example, Theorem 10.5.6, leads to d,, ~ C;g n'/27F as n — oo for some
0< C,ls < 00. Therefore,

n 1 1/2
n_1/2< Z(Xi — —Sn)z) -0
n
i=1
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Fig. 5.3 Observations from the model (5.13) with standard normal noise, a = 2 and § = 1/4.
No Joseph effect is visible

a.s., and we conclude that

1 R Cc
mg(xl,.. . ,Xn) e ?ﬂ
in probability as n — oo.

Therefore, for the i.i.d. model with small drift as in (5.13), the R/S statistic grows
as n' P, the same rate as for the FGN with H = 1 — f, and so the R/S statistic
cannot distinguish between these two models. Apart from fooling the R/S statistic,
however, the model (5.13) is not difficult to tell apart from a stationary process
with correlations decaying as in (5.11). Even visually, the observations from the
model (5.13) do not appear to exhibit the Joseph effect, as the plot in Figure 5.3
indicates.

A very important class of nonstationary models that empirically resemble
long-memory stationary models is that of regime-switching models. The name is
descriptive, and it makes it clear where the lack of stationarity comes from. The
fractional Gaussian noise also appears to exhibit different “regimes” (the Joseph
effect), but the nonstationary regime-switching models are usually those with
breakpoints, whose location changes with the sample size, in either a random or
nonrandom manner.

One class of regime-switching models is obtained by taking a parametric model
that would be stationary if its parameters were kept constant and then changing the
parameters along a sequence of nonrandom time points, again chosen relative to the
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sample size. Such a change can affect the mean and the variance (among many other
things) of the process after breakpoints, and to many sample statistics this will look
like long memory.

To see what might happen, consider a sample X, ..., X,,, where the observations
come from r > 2 subsamples of lengths proportional to the overall sample size.
That is, given fixed proportions 0 < p; < 1,i = 1,...,rwithp; + ... +p, = 1,
the sample has the form

x? X0 XD (5.14)

0] (@) (2
Xl see e X X [n(1=p)]+1° n

P Anp1]” Hap1 1410 P alpr+p2)]°

where the ith subsample forms a stationary ergodic process with a finite variance,
i =1,...,r. Since one of the common ways to try to detect long-range dependence
is by looking for a slow decay of covariances and correlations, let us check the
behavior of the sample covariance of the sample (5.14). Fix a time lag m and denote
by Rn (n) the sample covariance at that lag based on the n observations in (5.14).
Note that

n—m

Run) = =3 X = X)Xpm = X) = An() + Bu(n)
j=1
where X = (X; + ... + X,)/n is the overall sample mean,
1 n—m _
Anlm) =~ XiXptm = (X)?,
j=1

and
n

1. [ m -
Ba() = X3 X+ 3 X |-
j=1 j=n—m+1

By ergodicity, X — > i—y Pilki» Where p; is the mean of the ith subsample, i =

1,...,r. Further, since m is fixed, B,,(n) — 0 in probability as n — oo.
Finally, if I; denotes the set of indices within {1, ..., n} corresponding to the ith
subsample, i = 1,...,r, then by ergodicity,

1 n—m
=2 XiXiim
j=1

r Card(Ii N (Ii — m)) 1 Do)
- xVx!
Z n Card(I; N (I; — m)) Z j jtm

i=1 JenNi—m)
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Y X

i=1 je{l,...n—m}
JE€lj j+mEl;4

r r
— Zpi X(Z)Xﬂm = ZP:‘(R;S? +u).
i=1 i=1

where RY) is the covariance at lag m of the ith subsample. We conclude that

Ryy(n) — Zp, (R + (Zplu,) (5.15)

i=1

= ZP:’R%) + % Z Zpilpiz (i — i)’

i=1 i1=1i=1

in probability as n — co. What (5.15) indicates is that if there is regime-switching as
we have described, and (some of) the mean values in different regimes are different,
then the sample covariance function will tend to stabilize, at large, but fixed, lags at
a positive value.

This is what is often observed in practice, and long memory is suspected. Of
course, this regime-switching model is simply a deterministic way of mimicking
the Joseph effect (recall Figure 5.2), and an example of this phenomenon can be
seen in Figure 5.4, where r = 4, p; = pp = p3 = ps = 1/4, and the four
different stationary ergodic processes are all autoregressive processes of order 1,
with normal innovations with the mean and the standard deviation both equal to 1.
The autoregressive coefficients are ¥, = 0.7, ¥, = 0.75, 43 = 0.65, ¥4 = 0.8.
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Fig. 5.4 Observations from a regime-switching AR(1) model (left plot) and their sample autocor-
relation function (right plot)
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5.3 Long Memory, Mixing, and Strong Mixing

The notion of memory in a stationary stochastic process is by definition related to
the connections between certain observations and those occurring after an amount
of time has passed. If X;, X», . .. is the process, then the passage of time corresponds
to the shifted process, Xy+1, Xi+2, . . ., for a time shift k. In other words, the notion
of memory is related to the connections between the process and its shifts. This
makes the language of the ergodic theory of stationary processes, elements of which
are outlined in Chapter 2, an attractive language for describing the memory of a
stationary process.

We begin by observing that it is very natural to say that a nonergodic stationary
process X has infinite memory. Indeed, a nonergodic process has the structure given
in Proposition 2.1.6. That is, it is a mixture of the type

(X, n € 2) 4 [ (Yune Z) w?th probab?l%ty P,
(Z, n € Z) with probability 1 — p,

where stationary processes (Yn, n e Z) and (Zn, n e Z) have different finite-
dimensional distributions, and the choice with probability 0 < p < 1 is made
independently of the two stationary processes. This means that the result of a single
“coin toss” (with probabilities p and 1—p) will be “remembered forever.” Therefore,
it certainly makes sense to call stationary ergodic processes “processes with finite
memory,” and stationary nonergodic processes “processes with infinite memory.”

It is very tempting to try to use another ergodic theoretical notion, stronger
than ergodicity, such as weak mixing or mixing, for example, to define finite and
short memory in a stationary process. Then ergodic stationary processes that lack
this stronger property will be naturally called processes with long memory. If the
property of mixing were used for this purpose, for example, then a long-range
dependent process would be an ergodic but nonmixing process.

Such definitions of long-range dependence are possible, but they have not
become standard, for reasons that will be discussed below. Before we do that, how-
ever, it is important to note that the approaches to memory of a stationary process
via the ergodic theoretical properties of the corresponding shift transformation are
very attractive from the following point of view. Let X be a stationary process, and
let the process Y be derived from the process X by means of a point transformation
Y, = g(X,) for all n, where g : R — R is a measurable function. Clearly, Y is also
a stationary process. It is intuitively clear that the process X “remembers at least
as much” as the process Y does. If, in particular, g is a one-to-one map, and g~ is
also measurable, then this intuition says that the processes X and Y should have the
“same length of memory”: if one of them has long memory, then so should the other
one.

This, apparently very natural, requirement has proved to be difficult to satisfy
by many of the proposed definitions of long-range dependence. It is, however,
automatic with ergodic theoretically based definitions. Indeed, it follows from



5.3 Long Memory, Mixing, and Strong Mixing 189

Corollary 2.2.5 and Proposition 2.2.14 that if X is mixing (respectively weak mix-
ing), then the process Y with ¥,, = g(X,,) for all n is also mixing (respectively weak
mixing). This would imply that short memory was preserved under a measurable
map, and if the map is one-to-one, with a measurable inverse, then the map must
preserve long memory as well.

It is instructive to record what the ergodic theoretically based notions of memory
discussed above mean for stationary Gaussian processes. Let X be a (real-valued)
stationary Gaussian process with covariance function Ry, k > 0 and spectral
measure F on (—m, ). That is, Ry, = f(_mﬂ] cos(kx) F(dx) for k > 0. Then

* the process X is ergodic if and only if the spectral measure F is atomless;
 the process X is mixing if and only if Ry — 0 as k — 00;

see Examples 2.2.8 and 2.2.18. The requirement that the covariance function vanish
as the time lag increases, however, proved to be insufficient in dealing with long
memory for Gaussian processes. Indeed, many “unusual” phenomena have been
observed for Gaussian processes whose covariance functions vanish in the limit, but
sufficiently slowly, as we have already seen in the example of fractional Gaussian
noise. Therefore, the mixing property is not believed to be sufficiently strong to
say that a stationary process with this property has short memory. A stronger
requirement is needed.

For this purpose, strong mixing conditions, some of which are discussed
in Section 2.3, have been used. A possible connection between strong mixing
properties and lack of long memory (i.e., presence of short memory) has been
observed, beginning with Rosenblatt (1956). We discuss results in this spirit in
Comments to Chapter 9. Such results explain why the absence of one or another
strong mixing condition (as opposed to ergodic-theoretical mixing) is sometimes
taken as the definition of long-range dependence.

The strong mixing properties share with the ergodic-theoretical notions of
ergodicity and mixing the following very desirable feature: if a process Y is derived
from a process X by means of a one-to-one point transformation Y, = g(X,) for
all n, where g : R — R is a one-to-one function such that both g and g~! are
measurable, then the process X has long memory in the sense of lacking one of the
strong mixing properties if and only if the process Y does; see Exercise 2.6.11.

The role that the strong mixing conditions play in eliminating the possibility of
long-range dependence is real, but limited. Its effects are felt more in the behavior
of the partial sums of a process than in, say, the behavior of the partial maxima.

Overall, the strong mixing conditions have not become standard definitions of
absence of long-range dependence, i.e., of short memory. To some extent, this is due
to the fact that the effect of strong mixing conditions is limited. More importantly,
the strong mixing conditions are not easily related to the natural building blocks
of many stochastic models and are difficult to verify, with the possible exception
of Gaussian processes and Markov chains. Even in the latter cases, necessary and
sufficient conditions are not always available, particularly for more complicated
types of strong mixing.
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5.4 Comments on Chapter 5

Comments on Section 5.2

The fact that the i.i.d. model with small drift as in (5.13) can be easily
distinguished from the fractional Gaussian noise with H > 1/2 was shown in
Kiinsch (1986) using the periodogram.

In Mikosch and Stiricd (2016) and Mikosch and Stérica (2000a), the procedure
of changing the parameters of an otherwise stationary model was applied to the
short-memory GARCH(p, g) model, resulting in behavior resembling long-range
dependence.

Various other regime-switching models mimicking long-range dependence are
suggested in Diebold and Inoue (2001).

5.5 Exercises to Chapter 5

Exercise 5.5.1. Show that the function g. in Example 5.1.2 is a function on

—d . . . . . .o
M]j_([O, 1] x RO) that is continuous at all points at which the denominator in its
definition does not vanish.

Exercise 5.5.2. In this exercise, we will check the validity of the statement (5.8).
Write
I R Ml - M. _
LR xy = M g (e = M (O
Dy (€)

N D,

(i) Use the maximal inequality in Theorem 10.7.4 to show that for some finite
positive constant c,

1/2

P (al M, — M, (€)| > A) < %"a (E(X21(X)| < ea,))"”

n

foreach A > 0andn = 1,2,.... Next, use the estimate on the moments of
truncated random variables in Proposition 4.2.3 and the fact that 0 < o < 2
to show that

1
lim lim sup P (— M, — M, (¢)| > /\) =0
a

€20 p>o0

for every A > 0. A similar argument proves that

1
lim lim sup P (— |my, —m, ()| > )t) =0

€~>0 p—o00 n

for every A > 0.
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(ii) Check that

. 1/2
1S,
Dy =Da(€)] = 75+ | D_X71(1Xil < €an)
i=1

and conclude that for every A > 0,

1
lim lim sup P (— |D, — D,(¢)| > )L) =0.
an

€0 p—o0

(iii) Use the truncation argument used in Example 5.1.2 and the already checked
part of (5.8) to conclude that a; ' (M, —m,,) converges weakly to the numerator

of (5.7) and so the corresponding sequence of laws is tight.
(iv) Show that

a
lim limsup sup P >M)| =0
M—00 n—>oop 0<el<)l (Dn(e) )

and

)
lim li Pl———>M)=0.
im limsup sup (DnDn © )

M=o pso00 0<e<l

(v) Put together the previous parts of the exercise to obtain (5.8).



Chapter 6
Second-Order Theory of Long-Range
Dependence

6.1 Time-Domain Approaches

The second-order theory is the oldest and best developed among all points of view
on long-range dependence. By necessity, it applies only to stationary processes with
a finite variance. Let, therefore, X be a stationary process with a finite variance
o3 and covariance function Ry. The time-domain second-order approaches to long-
range dependence concentrate on two related issues.

Issue 1. How fast or slowly does the covariance function Rx(n) decay as the lag
n goes to co?

Issue 2. How fast or slowly does the partial sum variance VarS, increase as the
lag n goes to 0o?

Here, as usual, S,, = X + ... + X,, is the sum of the first n observations, n =
1,2,....

The general idea is that short memory corresponds to a sufficiently fast rate
of decay of the covariance function and a sufficiently slow rate of increase of the
variance of the partial sums. Correspondingly, long-range dependence corresponds
to a sufficiently slow rate of decay of the covariance function and a sufficiently fast
rate of increase of the variance of the partial sums. Some intuition into this approach
can be obtained by examining the corresponding rates for the fractional Gaussian
noise in (5.11) and (5.12).

Notice that the terms “fast rate of decay/increase” and ‘“slow rate of
decay/increase” are vague. Furthermore, the two issues above are related, but not
identical. One of our goals in the sequel is to understand the relationship between
these issues.

© Springer International Publishing Switzerland 2016 193
G. Samorodnitsky, Stochastic Processes and Long Range Dependence,

Springer Series in Operations Research and Financial Engineering,

DOI 10.1007/978-3-319-45575-4_6



194 6 Second-Order Theory

The reason the two issues are related is the following simple expression for the
variance of the partial sum:

VarS, = Zn: Zn:COV(X,',Xj) (6.1)

i=1 j=1

n n n—1
=YD Rx(li—jl) = nRx(0) +2 ) _(n—)Rx(i).

i=1 j=1 i=1

The following elementary statement describes one way to make precise “fast rate
of decay of covariances” and the implication that this has on the variance of the
partial sums.

Proposition 6.1.1. Assume that

> IRy ()] < 0. (6.2)

i=0

Then

Vars§,

= Rx(0) + 2 Ry(i) € [0, 00). (6.3)

i=1

lim
n—>o0

Proof. The claim follows immediately from (6.1), since the condition (6.2) allows
us to use the Lebesgue dominated convergence theorem. [

The summability of covariances condition in (6.2) is the single most commonly
used second-order definition of short memory. By Proposition 6.1.1, it leads to an
at most linear rate of increase of the variance of the partial sums. Since the limit
in (6.3) can happen to be equal to zero (as the example of fractional Gaussian noise
with 0 < H < 1/2 shows), the summability of covariances does not guarantee a
linear rate of increase in the partial sum variance.

If the summability of covariances condition in (6.2) is taken as the definition of
a short-memory second-order process, then the lack of this property, that is,

> IRy (i)] = oo, (6.4)
i=0

should be taken as the definition of long-range dependence.

On the other hand, one can also define short memory in a second-order process
by extending somewhat the conclusion of Proposition 6.1.1. Specifically, a process
can be considered to have short memory if

. Vars,
lim sup

n— 00 n

<00, (6.5)
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that is, if the variance of the partial sums grows at most linearly. If (6.5) is taken as
the definition of short memory, then long-range dependence means absence of this
property. This is a slightly modified version of the Allen short and long memory
notions of Heyde and Yang (1997).

It is important to keep in mind that the Allen short memory (6.5) can hold even
when the summability of covariances fails. By (6.1),

n—1 j

Vars$,, 1
= Rx(0) + 2—- Rx (i), 6.6
. x(0) + n;; x (i) (6.6)
so the condition
Z Rx (i) is a bounded function of n (6.7)

i=1

implies (6.5), whereas a stronger condition

ZRx(i) — yYx € (—00,00) asn — 00 (6.8)
i=1
implies even that
Vars$,
lim ~22  Re(0) + 2yx .
n—>oo

The following example shows that one or both of these conditions can hold when
the covariances are not summable.

Example 6.1.2. The covariance function Rx(i) = (—1)', i = 0,1,2,..., provides
an example of the situation in which (6.7) holds but (6.2) fails.

Further, let R be any nonnegative nonsummable covariance function that is even-
tually decreasing to zero; the covariance function (5.10) of a fractional Gaussian
noise with 0 < H < 1/2 is one example of such a covariance function. Since the
product of two nonnegative definite functions is a nonnegative definite function,
Rx(i) = (=1)'R(), i = 0,1,2,..., is a covariance function that satisfies (6.8) but
not (6.2).

Finally, additional insight into the Allen short memory condition (6.5) can be
gained by noticing that we can have

.. . var§, . Var§,,
0 < liminf < limsup < 00,
n—00 n n—00 n

starting, for instance, with Example 6.5.3.
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The above example shows, among other things, that the lack of summability of
covariances (6.4) is not, by itself, informative as far as the rate of growth of the
variance of the partial sums is concerned. Much more informative is the following,
more specific, assumption:

(Rx(n)) is a regularly varying sequence with exponent d € [—1, 0]; (6.9)

if d = —1, assume, additionally, that (6.4) holds.
Theorem 6.1.3. Assume that (6.9) holds. Then

Var$,
lim 21— o (6.10)
n—>oo n
Further,
i VarS, 2 6.11)
im = . )
%o PRy(n)  (L+d)C+d)
Proof. Let
B = Ry(i), i=1.2,.... (6.12)

i=1

It follows by the definition of a regularly varying sequence and Theorem 10.5.6 that
the sequence (h,) is regularly varying with exponent 1 + d and

h,, 1
li = —. 6.13
n—l>rgo nRx(n) 14+d ( )
We have
n—1
Vars$,, 1

= Rx(0 2— h;.

n X( ) + n Z il

J=1

Since (6.9) implies that #, — oo as n — oo, we obtain (6.10). Furthermore, (6.11)
follows from (6.13) and Theorem 10.5.6. (I

It follows from Theorem 6.1.3 that under the assumption (6.9) of regular variation
of covariances, the variances of the partial sums grow at a rate faster than linear, so
that (6.5) fails, implying the Allen long memory. In fact, (6.9) also implies that

(VarS$,) is a regularly varying sequence with exponent y € [1, 2]; (6.14)

moreover, if y = 1, then VarS, /n — oo as n — oo.



6.2 Spectral Domain Approaches 197

Example 6.1.4. An example of the situation in which (6.9) holds, and hence (6.14)
holds as well, is that of fractional Gaussian noise; see (5.11) and (5.12), and
Example 6.2.8 below. On the other hand, (6.14) can hold without regular variation
of covariances, as the covariance function Rx (i) = (=1) + Rggn(i), i = 0,1,.. .,
(with Rggn the covariance function of a fractional Gaussian noise) demonstrates.

The message of Example 6.1.4 notwithstanding, we have the following partial
converse result.

Proposition 6.1.5. Suppose that the covariance function (Rx) is eventually mono-
tone decreasing. If (6.14) holds with y € (1,2), then (6.9) holds as well with
d=y—-2

Proof. The eventual monotonicity of the covariance implies, in particular, that the
covariance function is eventually positive. Therefore, the sequence (%,) in (6.12) is
eventually increasing. It follows from (6.14) that

Var§,

lim ———— =1;
n 2
n—00 Zj——l h

in particular,

the sequence (Z hj) is regularly varying with exponent y.
j=1

By the second part of Exercise 10.9.8, we conclude that the sequence (/) is
regularly varying with exponent y — 1. Appealing, once again, to the eventual
monotonicity of the covariance and to the second part of Exercise 10.9.8, we obtain
the claim of the proposition. O

6.2 Spectral Domain Approaches

In Section 6.1, we saw certain second-order approaches to long-range dependence
that concentrated either on the rate of decay of the covariance function of the process
or on the rate of increase of the variance of the partial sums of the successive
observations of the values of the process. A closely related second-order approach
to long-range dependence concentrates on the behavior of the spectral measure of
the process near the origin.

Let, therefore, Fx be the spectral measure of a stationary finite-variance process
X = (X},X3,...). Recall from Section 1.2 that Fy is a symmetric measure on
(—m, 7] such that

Rx(n) = / cosnx Fx(dx), n=0,1,.... (6.15)
(—m,m]

If a spectral density exists, we will denote it by fx.
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The first connection between the memory notions of Section 6.1 and the
properties of the spectral measure is contained in the following immediate corollary
of Proposition 1.2.3.

Corollary 6.2.1. Suppose the property (6.2) of summability of correlations holds.
Then the process has a bounded and continuous spectral density given by

fx(x) = % (RX(O) + 2ZRX(n) cosnx) , <X <. (6.16)

n=1

That is, the summability of covariances implies existence of a spectral density
that is “nice” (bounded and continuous) everywhere. On the other hand, it turns out
that it is mostly the behavior of the spectral measure near the origin that affects the
rate of increase of the partial sum variance and, to a lesser extent, the rate of decay
of the covariances. The following statement is our first result of this type.

Theorem 6.2.2. Suppose that the spectral measure Fx has, in a neighborhood of
the origin, a density fx such that the limit
£ 0) = lirr(l) Sfx(x) € [0,00] exists.

Then

Vars$,
lim —= = 27f5(0). (6.17)
n—>oo n

Proof. Suppose first that the spectral measure Fx puts no mass at the point . We
will use the following standard formulas for the sum of cosine functions and for the
sum of sine functions:

% cos mx = sin((/ + k + 1)x) + sin((j + k)x) — sin(jx) — sin(( — 1)x)
m=j 2sinx
(6.18)
and
% sinmx = cos(jx) + cos((j — 1)x) — cos((j + k 4 1)x) — cos((j + k)x)
m=j 2sinx
(6.19)

We begin by applying (6.18) to the inner sum on the right-hand side of (6.6). We
have by (6.15), foreveryj = 1,2, ...,

J J
> R(m) =) / cos mx Fy(dx) (6.20)
m=1 m=1 —7.7]
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sin((j + 1 + sin(jx) — sinx
_ / (G + 1) ' (jx) Fy(dy)
(—m,7] 2sinx
1 sin((j + 1)x 1 sin(jx 1
= —/ —((]. ») Fx(dx) + —[ .(] ) Fx(dx) — =Rx(0).
2 J—xn sin x 2 Ji—xn sSinx 2

Next, we apply (6.19) to the outer sum on the right-hand side of (6.6), which

amounts to applying (6.19) twice to the right-hand side of (6.20). After a simpli-
fication, we obtain

Vars, 1 1
— = —Rx(0) + / —A,(x) Fx(dx),
n n (—r]

where

A0 = 1 4 2cosx 4 cos(2x) — cos((n — 1)x) — 2 cos(nx) — cos((n + 1)x)

2sin’ x

Let now § € (0, ) be such that in the interval (=8, §), the spectral measure has
density fx as described in the theorem. It is elementary to check that the functions
A,, are uniformly bounded on (—x, 7) \ (=6, §), which implies that

lim
n—>o00

1
-A,(x) Fx(dx) =0,
(—r.m)\(=8.8) 1

and the claim of the theorem will follow once we prove that

lim lAn(x)fx(x) dx = 27f5(0) . 6.21)

Let

1 1 — cos(nx)

bnz_ . 2 fX(x)d)C, n=1,2,....
2n (=8.8) sin” x

Then as n — oo,

1 1-—
b~ o [ ATy a
2n J (5.4 x?

n 1 _
=5 ] s as

—nd
* 00 1 _
%&®/1 cos()
2 Jowo x2
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by the dominated convergence theorem. Since the integral obtained in the limit is
equal to 7 by (10.49), and since

1
/ _An(x)fX(x) dx = bn—l + 2bn + bn+1
(=88 1

n 2 fX(x) dxa

1 / 2(1 —cosx) + (1 —cos(2x))
(=8,8) sin” x

we have proved (6.21) and hence also (6.17), under the assumption that the spectral
measure Fx puts no mass at the point .
Allowing for a point mass p > 0 of the spectral measure at the point 7, write

Fx = I:_'X + p(()),r .
where F 'x puts no mass at the point 7. Note that F 'y coincides with Fx on (—m, 7),

hence has a density in a neighborhood of the origin as described in the theorem.
Write

Rx(n) =/ cosanX(dx), n=0,1,...,
(—m,7]

so that
Rx(n) = Rx(n) + p(=1)", n=0,1,... .
Then
Vars, 1
L =Ry(0) +2= ) > Rx(i)
n n j=1 i=1
1 n—1 j 1 n—1 j
=Re(0) +2=-Y Y Rx@+p[1+42=D > (-1)
g s g
— 271y (0),

since the expression in parentheses is easily seen to vanish in the limit. O

Remark 6.2.3. Note that if under the assumptions of Theorem 6.2.2, the spectral
density vanishes at the origin, fy (0) = 0, then VarS,/n — 0 as n — o0, so that the
variance of the partial sums grows at a slower than linear rate. This is the case, for
example, for fractional Gaussian noise with 0 < H < 1/2; see Example 1.2.4.

Remark 6.2.4. A common spectral domain definition of short memory requires
the existence of a spectral density that is continuous at the origin. Indeed, by
Theorem 6.2.2, in this case the variance of the partial sums of the process grows
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at most linearly, so the Allen short memory condition (6.5) is satisfied. However,
the theorem also demonstrates that the spectral measure can have arbitrarily “bad
properties” outside a small neighborhood of the origin and still have a variance of
the partial sums growing at most linearly if the assumptions of the theorem are
satisfied in that small neighborhood of the origin (with £ (0) < c0).

An elementary modification of the proof of Theorem 6.2.2 gives us the following
result.

Proposition 6.2.5. Suppose that the spectral measure Fx has, in a neighborhood
of the origin, a density fx bounded from above by a constant M. Then

. VarS§,
lim sup <2nM.

n—>oo

In particular, this proposition demonstrates that if a spectral density exists in a small
neighborhood of the origin, then the Allen short memory condition (6.5) does not
require its continuity at the origin. In fact, even the existence of a finite limit on
the left-hand side of (6.17) does not require continuity of a version of the spectral
density at the origin; see Problem 6.5.4.

What behavior of the spectral measure of the process leads to a violation of the
Allen short memory condition, i.e., faster than linear rate of growth of the variance
of the partial sums? We first check that such a violation is already guaranteed by
“too much mass near the origin” of the spectral measure.

Proposition 6.2.6. Suppose that

Fx ([0,
lim sup Fx(l0.€]) _ 0. (6.22)
) &
Then
. Vars,
lim sup = 00.
n—o0 n

Proof. We may assume that the spectral measure Fy puts no mass at the point 7.
As in the proof of Theorem 6.2.2, it is enough to show that

limsup b, = o0,
n—o00

where

2n 2

1 1-
bn:_/ 12 o) @y, n=1.2.....
(—6.8) sim” x
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for some 0 < § < m. However, using the facts that sinx ~ x as x — 0 and
1 — cosx > cx? for some ¢ > 0 if |x| < 1, we have for n large enough,

1 1 — cos(nx)

n Ji—1/n.1/n] s~ x

and this converges to infinity along some subsequence of the integers by (6.22). O

Obviously, if (6.22) holds with the actual limit replacing the limsup, the
conclusion of the proposition will change accordingly to (6.10). Some situations
in which this happens are the presence of an atom of the spectral measure at the
origin and the equality fy (0) = oo in Theorem 6.2.2. A fractal-like nature of
the support of the spectral measure near the origin can easily lead to the same
phenomenon; a simple example can be constructed by taking the Cantor set with
its natural Hausdorff measure.

More precise information about the rate of growth of the variance of the
partial sums of a process can be obtained under the assumption of existence, in a
neighborhood of the origin, of a regularly varying spectral density.

Theorem 6.2.7. Suppose that the spectral measure Fx has, in a neighborhood of
the origin, a density fx such that

Fe() = I FOL(1/ 1)) (6.23)
as x — 0, where —2 < d < 0, and L is a slowly varying function. Then
Var S, ~ vy n’T4L(n) asn — oo, (6.24)

where

(1+d)(2+d)

4T (—d) cos(md/2) lfd ?é -1
N —
7 ) 2n ifd = —1.

Proof. As in the proof of Theorem 6.2.2, let § € (0, 7) be such that in the interval
(-3, 8), the spectral measure has a density fx as described in the theorem. If we set

1 1—
anz_/ #(nx)fx(x)dx,nzl,l...,
(—5.8) X

then
VarS, = (1 + 0(1))(a,,_1 + 2a, + a,,+1) + 0(1)
as n — oo. Therefore, the statement of the theorem will follow once we prove that

an ~ (vg/4)n*L(n) asn — oo. (6.25)
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However, by (6.23),

51 — cos(nx) r4d 8n 1 —cosy L(n/y)
a,,:/o TL(I/x)dxzn L(n)/O T L) dy.

Since L(n/y)/L(n) — 1 for every y > 0 as n — 0o, and since

001 _ I'(—d) cos(wd/2) - _
/ I —cosy y = ) (raerd ifd # —1,
0 y3td /2 ifd =-1,
by (10.49), we only need to justify the passage to the limit under the integral in this

argument. To this end, choose ¢ € (0, min(—d, 2 + d)). By the Potter bounds of
Corollary 10.5.8, for all n large enough we have

L(n/y) - { (I+s8)y® ify<1
L(n) (1—g)y ify>1

= h(y).

Since the function

1 —cosy
Wh@), y>0,

is integrable on (0, c0) by the choice of ¢, we can use the Lebesgue dominated
convergence theorem to justify the passage to the limit under the integral. (]

The cases —1 < d < 0 and d = —1 and the function L does not remain bounded
as its argument approaches infinity describe the situations relevant to our discussion
of long-range dependence. Indeed, in these cases the variance of the partial sums
grows faster than linearly fast, at least along a subsequence.

Concentrating on the case —1 < d < 0, the statements of Theorem 6.1.3 and
Theorem 6.2.7 lead to an interesting observation. Consider the following three
properties of a stationary finite-variance process X = (X,Xp,...). Let L be a
slowly varying function on (0, 0o0). The first property is a property of the covariance
function of the process:

Rx(n) ~ nL(n), =1 <d <0, n — oo. (6.26)

The second property is a property of the spectral measure of the process: there is, in
a neighborhood of the origin, a density fx such that

1
Sx(x) 3T (—d) cos(wd)2) |x| L(1/|x|), 1<d<0,x—0. 6.27)

The final property is a property of the variance of the partial sums of the process:

2

Vars ~ TG T d)

n?TL(n), -1 <d <0, n - . (6.28)
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Certain fractional Gaussian noises, for example, possess all three of these
properties, as the following example shows.

Example 6.2.8. Let (By(t), t > 0) be the fractional Brownian motion of Exam-
ple 3.5.1. Recall that the increment process X; = By(j) — By(j—1) forj = 1,2, ...
is a stationary zero-mean Gaussian process, called the fractional Gaussian noise
(FGN). It has the covariance function

2
Rx(n) = %[(n+ D 4 |n— 1|2H—2n2H:|, n=0,1,...,

where o > 0 is a scale parameter, and H € (0, 1) the Hurst parameter, which is the
parameter of self-similarity of the underlying fractional Brownian motion. Recall
also that the FGN has a spectral density given by

o0
fx(x) = C(H)o*(1 — cosx) Z 27 4+ x| g < x <7,

j=—00
where

H(1 — 2H)
['(2—2H)cos(wH) '

C(H) =

Suppose that 1/2 < H < 1. It follows from (5.11) that the FGN has the
property (6.26) with d = —2(1 — H) and L(x) = H(2H — 1)0?, x > 0. Further,
it is clear that
C(H
Sfx(x) ~ %MI_ZH asx — 0,
whence the FGN has the property (6.27) as well. Finally, by the definition of the
FGN,

n
Var S, = Var ZXJ = VarBy(n) = ol n=1,2,....
j=1

Therefore, the FGN has the property (6.28) too.

All three properties (6.26), (6.27), and (6.28) have been taken as definitions of
long-range dependence in a stationary process with a finite variance. In general,
it follows from Theorem 6.1.3 that (6.26) implies (6.28), and it follows from
Theorem 6.2.7 that (6.27) also implies (6.28).

On the other hand, Example 6.1.4 shows that the property (6.28) of the
variance of the partial sums does not imply the property (6.26) of the covariances.
Further, Exercise 6.5.5 contains an example of a spectral measure without the
property (6.27). Nonetheless, the property (6.28) of the variance of the partial sums
still holds.
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It is, clear, therefore, that the property (6.28) is the weakest of the three
properties. The exact relation between the properties (6.26) and (6.27), however,
still needs to be clarified. We begin with examples showing that neither of these two
properties implies the other.

We begin with an example of a process with a spectral density that is regularly
varying at the origin but without a regularly varying covariance function.

Example 6.2.9. Let0 < e < /2. Let—1 < d < 0, and let g be a positive integrable
function on (0, &) such that g is regularly at the origin with exponent —(1 4 d) of
regular variation; one could take as g, for instance, the restriction of the spectral
density of the fractional Gaussian noise to the interval (0, €). Define

f@x) =g(xD1(0 < |x| < &) + g(r — xDU(r —e < x| < 7), —wr <x < 7.

Then f is a nonnegative integrable symmetric function on (—, 7) that satisfies the
property (6.27) of regular variation at the origin. Let (R,,) be the covariance function
of a process with spectral density equal to f. Then

& b2

cos nx g(x) dx + 2/ cosnx g(mw — x) dx

T—€

R, = Z/Oﬂcosnxf(x)dxz 2/0

= 2(1 + (—1)") /a cos nx g(x) dx.
0

Therefore, the covariance function vanishes at all odd lags; hence it does not have
the property (6.26) of regular variation.

In the next example, we demonstrate a covariance function that is regularly
varying according to (6.26) and whose spectral density does not satisfy (6.27).

Example 6.2.10. Let 0 < d < 1, and let g be the spectral density satisfying (6.27)
such that the corresponding covariance function satisfies (6.26). One could use
the spectral density and the covariance function of the fractional Gaussian noise,
for instance. We will construct a nonnegative continuous integrable function g; on
(0, i) such that

lim supx’g; (x) > 0 (6.29)
x}0
and
/ cos nx g (x)dx = o (/ cos nx g(x) dx) (6.30)
0 0

as n — 00. Once this is done, we will define a spectral density by

f)=gx) +gi(lx]), —r <x<m.
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This function does not have the property (6.26), because every function with the
latter property must satisfy, by (10.33),

flx) = o(x_(Hd/)) asx | 0

for every d < d’ < 1, but the property (6.29) of g rules this out. On the other hand,
by (6.30), we see that

f cos nxg(x)dx

n—>0° J7 . cos nxf(x) dx

Since the sequence in the numerator of the ratio above is regularly varying by

construction, the same is true for the sequence in the denominator, and the latter

sequence is the sequence of the covariances corresponding to the spectral density f.
It remains to construct a function g; satisfying (6.29) and (6.30). Let

2x if0<x<1/2
h(x) = =x=45
(x) {Z(I—x) if1/2<x<<1.

Define

=

L (x—=2
g1(x) = 22%( =

) if27 <x<27+27% j=0,1,2,...,

and g;(x) = 0 otherwise. Note that for x; = 277 + 2_2j/ 2 (the midpoint of the jth
interval), we have

g1(x) = 2% ~ xj_2 asj — oo.

Therefore, g; satisfies (6.29). Next, notice that for every 0 < a < b < 7,
b x—a
[ cos nxh( ) dx
a b—a
b x
1 _
/ Ccos nx / 4 (y a) dy | dx
a « b—a \b—a
b y—a
= / W (b — a) (sinnb — sin ny) dy

. onb— y) n(b+y)
n(b —a) / s 2 o8 2 d

Using the facts that |4’ (z)| < 2 a.e. and | sinz| < min(l, |z|), we see that

b xX—a 4 n(b —a)
/acosnxh(b_a) dx f—mm(l, )

n 4
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Therefore,

o o) 29+ x—27
= ZZJ cos nxh| ——— | dx
92

2=

‘/ cos nx g (x) dx
0

Jj=0
o0
4 o n__ 4 4
5—2 22/m1n(1,—22>=— E +- E
n“ 4 n. n.
j=0 Jj=<log, logy n Jj>log, logy n

Clearly, forn > 1,

4 ; n j :
- 22] : (l = 2—21) < 221
Ly mm() <ty

j<log, log, n J=log, logy n

SENS

< gn—12210g210g2n — gn—l(logn)Z )

Further, for n > 16,

4 P n ___,j 4 (Y]
=S 221mm(1,122>5- >, ¥
n n
Jj>log, logy n Jj>log, log, n
Y] __nlogy logy n _ 2
— § 22] 2 < 2. 2210g2 log, n—2' =2n l(log }’l) .

j>log, logy n

Since by construction, the sequence of the integrals on the right-hand side of (6.30)
is regularly varying with exponent d € (—1,0), we see that the function g
satisfies (6.30).

Examples 6.2.9 and 6.2.10 notwithstanding, under certain regularity assump-
tions, conditions (6.26) and (6.27) do, in a sense, imply each other. This is exhibited
in the result below. A main assumption in this result is that the slowly varying
functions involved belong to the Zygmund class; see Definition 10.5.1. Membership
in this class is not preserved under tail equivalence, and therefore, in this theorem
it is no longer enough to assume the respective condition (6.26) or(6.27) as an
asymptotic equivalence.

Theorem 6.2.11. (a) Assume that the covariances of a stationary second-order
process X satisfy

Rx(n) = niL(n), n=1,2,..., (6.31)

—1 < d < 0, and the slowly varying function L belongs to the Zygmund class.
Then the process X has a spectral density that satisfies (6.27).

(b) Assume that a stationary second-order process X has a spectral density such
that

_ 1 ~(1+d)
fxx) = 3T (—d) cos(xd)2) x| L(1/|x|), O<x<m, (6.32)
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—1 < d < 0, and the slowly varying function L belongs to the Zygmund class.
Assume, further, that the spectral density has bounded variation on the interval
(e, ) for every 0 < € < 7. Then the covariance function of X satisfies (6.26).

Remark 6.2.12. Tt will be seen from the proof of the theorem that in fact, only a
part of the Zygmund class assumptions is needed for each part of the theorem.
For part (a), one needs to assume only that the function (de(x), x > O) is
eventually nonincreasing. For part (b), one needs to assume only that the function
(x'*9L(x), x > 0) is eventually nondecreasing.

Before embarking on the proof of the theorem, we establish several preliminary
results.

Lemma 6.2.13. For every nonnegative nonincreasing sequence (a,) and arbitrary
sequence (cy),

k
E anCn

<a max|s,|, k=1,2,..., (6.33)
= n<k

where s, = ¢1 + ... + ¢y, n = 1,2,.... In particular, for every nonnegative
nonincreasing sequence (a,) and 0 < x < 7,

my
Z a, cos nx| < 2(sinx) a,, (6.34)
n=mj
and
my
> apsinnx| < 2(sinx) " ay, (6.35)
n=mj

for every my > my > 1. Consequently, if a, | 0, then the sums ) _, a, cos nx and
>, an sinnx converge.

Proof. Let by = ay, bj = aj —aj41, j = 1,...,k— 1. Since all b; are nonnegative,

we see that

k

k
E anCn

bjs;
n=1 1

k k
= E Cl’l E bj =
n=1 j=n j=

k

k
< D bilsl = ) bymax|s,| = aymax|s,|.
j=1 = =

J=1

proving (6.33).
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To verify the statements (6.34) and (6.35), one uses (6.33) and the summation
formulas (6.18) and (6.19). O

Lemma 6.2.14. For —1 <d <0, let

o0
h(x) = ancosnx, O<x<um.

n=1

Then
h(x) ~T(1+d) sin(n|d|/2) x4 ggx | 0. (6.36)

Proof. The function 4 is finite-valued by Lemma 6.2.13. To show (6.36), let us start
with the obvious fact that the (main branch of the) function

g(@) = (1 -z~

is analytic in {z € C : |z] < 1}. Specifically, in this domain, the Taylor expansion

oo

1+d)R2+d n+d
(1 =3 UHDRED Dy S
n=0 n n=0
holds. In particular, forevery 0 < x < w and 0 < r < 1,
(1= re) "+ ch(d)r” inx (6.37)
We claim that it is legitimate to let # — 1 in (6.37) to obtain
o
(1-e) 7 =3 e (@™ (6.38)

n=0

Since the left-hand side of (6.37) clearly converges to the left-hand side of (6.38),
we need to show only that the right-hand side of (6.38) makes sense and is the limit
of the right-hand side of (6.37). Since

n+14+d

Cn+1(d) = +1

cn(d) < cald)

forn =0,1,..., Lemma 6.2.13 applies and shows that the series on the right-hand
side of (6.38) converges. Next, by Stirling’s formula for the gamma function,

cu(d) = (6.39)

FQ+d)IG+d T@+l+d)
(F(l +dT2+d) ~ T(+ad )
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_ 1 'h+1+4d)
T +4d) n!
1 e~ HHD (n 4 1 + 4yt H12(1 + O(1/n))
I'(l+d) e (n + 1) Hn=12(1 + O(1/n))
d

n
= m(l + 0(1/n))

as n — oo. In particular, by Lemma 6.2.13,

o0 o0 o0
cp(d)e™| = Z cn(d) cosnx + i Z cn(d) sinnx
n=N+1 n=N+1 n=N+1

< 4(sinx) ey (@) < 4(sinx) leyqi(d) = 0

as N — oo uniformly in 0 < r < 1. Since for every fixed finite N,

N
ch(d)rn inx _, ch(d)einx
n=0

as r — 1, the identity (6.38) follows.
Since for0 < x < 7,

1 — ™ = 2sin(x/2)e" /2

we can take the real parts of both sides of the identity (6.38) to obtain

o0
Z ca(d) cos nx = Re ((2 sin(x/2))_(d+1)ei("_”)(d+1)/2)

n=1

(2sin(x/2)) "V cos((x— m)(d + 1)/2)
~ x @D cos(yr(d + 1)/2)
= x~“*Vsin(rr|d|/2)

as x — 0. Now the claim (6.36) follows, since by (6.39),

o0 0o nd
ch(d) cosnx = Z m(l + O(I/n)) cos nx
n=1 n=1

F(ll—l—d) Zn cosnx + O(1)

asx — 0.0
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Proof of Theorem 6.2.11. We begin by proving part (a). Define a function fx on
(—m, ) by (6.16). We need to prove that this function is actually well defined,
that it is (a version of) the spectral density of the process X, and finally, that it
satisfies (6.27).

We will assume that the covariance function Ry is eventually positive. The case in
which it is eventually negative can be treated in a similar way. First of all, since the
slowly varying function belongs to the Zygmund class, the covariance function Ry
is eventually nonincreasing, and hence by Lemma 6.2.13, the infinite series in (6.16)
converges, and hence the function f is well defined.

In order to prove that the function fx is the spectral density of the process X,
we need to show that it is integrable over (—z, 7) and further, that for every m =
0,1,...,

fﬂ cos mx fx(x) dx = Ry(m) . (6.40)

We will prove the integrability and (6.40) for m = 0. The proof for general m is
similar and is left as an exercise. By (6.16), we need to show only that the integral

/n (i Ry (n) cos nx) dx
T \n=1

is well defined and is actually equal to zero. Since
/ cosnxdx =0
—TT

if n > 1, it is enough to show that

lim dx=0. (6.41)
N—o0 J

o0
Z Rx(n) cos nx
n=N

To this end, we may assume that N is so large that for n > N, the covariance function
is positive and nonincreasing. Write

o0

Z Rx(n) cos nx

/n
0 n=N

< /07T ZRx(n)l(n < 1/sinx)dx + /0” Z Rx(n) cos nx| dx.

n=N n>max(N,1/ sinx)

dx
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By Fubini’s theorem,

/ ZRX(n)l n < 1/smx) (6.42)

=2 ZRX(n)arcsm(l/n) ~2 Z —RX(n) -0

n=N

as N — oo by (6.31). Next, by Lemma 6.2.13 and the choice of N,

/ Z Ry (n) cos nx| dx
0

n>max(N,1/ sin x)

T d
< 2/ .Lmax ( , L) L(max(N, l/sinx)) dx.
0

Sin x Sin x

Let 0 < § < —d. By (10.33), we can further bound the above expression by

< C/ — max ( s —) dx,
0 Sinx sin x

where C is a finite constant. Since the integrand is bounded from above by

(Sinx)_]_d+8 ,

which is an integrable function, the dominated convergence theorem implies that

/ Z Rx(n) cosnx| dx — 0
0

n>max(N,1/ sinx)

as N — oo. Together with (6.42), this implies (6.41).
It remains to prove that the spectral density (6.16) satisfies (6.27). Let 0 < x < 7.
For asmall 0 < 0 < 1, we write

ZRX(n)cosnx— Z + Z + Z =Ti(x) + Th(x) + T5(x) .
n<0/x  0/x<n<0~/x n>0"1/x
(6.43)
It follows by Theorem 10.5.6 that as x | 0,

T (x)] < Z nd|L(n)| ~ 1+ d)_l(e/x)(e/x)dL(G/x)

n<6/x

~ 0+ )y T DL x)
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by the slow variation of L. Therefore,

T
lim lim sup —— L&) (6.44)

60 10 x_(1+d)L(l/x):

Next, for x > 0 so small that nL(n) is nonincreasing on n > 6~!/x, we have by
Lemma 6.2.13,

IT3(0)| = Z n?L(n) cos nx

n>0"1/x
2(167" /x) + 1)L(167" /x) + 1)(sinx) "
~ 20D (1 /x)

IA

as x |, 0. Therefore,

T
lim lim sup 3 (6.45)

60 v xUFOL(1)x)
Further, write

T,(x) = L(1/x) Z n cos nx + Z nd(L(n) — L(l/x)) cos nx

0/x<n<0~1/x 0/x<n<6~1/x

=Tr1(x) + T2p(x).

It follows from Lemma 6.2.14 and (6.44) and (6.45) with L = 1 that for every
0 < e < 1,thereis 6, € (0,1) such that forall 0 < 6 < 6,,

T51(x)

Py Ty (6.46)

1—-9I'(1 +4d) sin(n|d|/2) < lilriinf
x40

T
< lim sup 21(x)

NS (1) < (1 +&Tr1+d)sin(r|d|/2).

Note also that

2o < max  |Lm)—L(1/x)| Y nf
0/x<n<6~1/x 0/x<n<6—1/x

g—1y\ '+
cuvn, ()

0/x<n<6~1/x
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Therefore, by Proposition 10.5.5, foreach 0 < 6 < 1,

T5(x)

lim — 2220 — 6.47
w0 x—FOL(1/x) (6.47)

Putting all the pieces together, we conclude by (6.44), (6.45), (6.46), and (6.47) that

Eﬁ)l(x_(l+d)L(l/x))_l > Rx(n) = T(1 + d)sin(x|d| /2) .

n=1

The property (6.27) now follows using (6.16) and the identity (10.48) of the gamma
function.
We now prove part (b) of the theorem. By (6.15), we need to prove that

/ x~ D1 /x) cos nxdx ~ T'(—d) cos(wd/2)n?L(n) as n — oo. (6.48)
0

Note, first, that in the case L = 1, we already know that(6.48) holds, since by (10.47)
and (10.48),

T nim
/ D cosnxdx = nd/ 1 FD cos x dx
0 0
o0
~ nd/ x~ D cos xdx = n T'(—d) cos(rwd/2) .
0

In the general case, we proceed similarly to the steps taken in the proof of part (a).
For asmall 0 < 0 < 1, we write

b3 0/n 6~ /n T
/ x~ D L(1/x) cos nxdx = / +/ —i—/ =11(n) + L(n) + I3(n) .
0 0 0/n 0—1/n

By Theorem 10.5.9, as n — oo,

0/n
I (n)| < / x~ 1D /x) dx
0
~ 171 (0/n)(0/n) " FDL(n/0) ~ 67 d|" n¢L(n)
by the slow variation of L. Therefore,

fim limsup 2D _ g (6.49)
0—0 p—o00 ndL(l’l)
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Next, let y > 0 be so small that the function x! *¢L(x) is nondecreasing on (1/y, c0).
Since the spectral density is assumed to be of bounded variation on (y, ), there is
a signed measure my on (Y, ) such that

LA/ =y FOLA/y) + my((.4) e, on (v, ).

If we write
y T
L(n) = / +[ =Li(n) + an),
6=1/n y

then by Fubini’s theorem,

T
Lo(n) = / (y_(Hd)L(l/y) + my((y, x])) cos nx dx
y
1 1 (7
= ——y L1 /y)sinny — —/ sinny my(dy) ,
n nJ,
so that

1, _
[200] < = (UL /)] + D]
Therefore, for every 0 < 6 < 1,

im f3.2(n) =
n—o00 ndL(n)

(6.50)

We treat the term I3(n) in a similar manner. By the choice of y, the function
x~ D [(1/x) is nonincreasing on (0, y), so there is a positive measure 771y on (0, ),
finite away from the origin, such that

DL x) = yTIHOLy) + g ((x.p)) aeon (0, ).

Once again, by Fubini’s theorem,

Lii(n) = /9 :/ (y—<‘+d>L(1 /7)) + g ((x, y))) cos nx dx

Y z
/ cosnxdx| + ‘ / ( / cos nx dx) ﬁy-(a’z)
6=1/n 0=/ny) \JO71/n

(J/_(l+d)L(l/J/) + / ﬁ’zf(dz)) sup / cos nx dx
0= 1/n

(0=1/ny) >0~ /n

IA

y~ UL /y)

IA

< (67" /n) "V L(On)(2/n) = 26" n?L(6n) .
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Using again the slow variation of L, we conclude that

I
fim lim sup 2100 _ (6.51)

00 n—soo niLl(n)

Finally, we treat the term I;(n), and we do it in the same way we treated the term
T, (x) in the proof of part (a). Write

6~ n 6= /n
L(n) = L(n)/ x~ D cos nx dx + / x"UHD(L(1/x) — L(n)) cos nx dx
0/n 0/n

=5hi(n) + a(n).

Since (6.48) holds in the case L = 1, it follows from (6.49), (6.50), and (6.51) that
for every 0 < ¢ < 1, there is 6, € (0, 1) such that forall 0 < 6 < 6,,

(1 — &)T'(—d) cos(rrd/2) < liminf b1(n)

) (6.52)

< limsup Z‘L ((”?) < (1 + &)T'(=d) cos(rd/2),

while as in the proof of part (a), using Proposition 10.5.5, we see that for each
0<6 <1,

- b2 (n)
lim lim sup =0
00 n—oo N4L(n)

(6.53)

Now the statement (6.48) follows from (6.49), (6.50), (6.51), (6.52), and (6.53). O

6.3 Pointwise Transformations of Gaussian Processes

We have already discussed in Section 5.3 that it is useful to understand the effect of
pointwise transformations on a stationary process that has, from some point of view,
long memory. Does the transformed process have, from the same point of view, long
memory or not? This question turns out to be particularly interesting when we work
with the second-order notions of long memory and the initial long-range dependent
process is centered Gaussian.

In this section, we will work with a stationary zero-mean Gaussian process X and
let g : R — R be a measurable function. Then ¥, = g(X,), n = 1,2,...,is again a
stationary process. Assuming that the function g is such that EY? < oo, what is the
effect of the transformation on the covariance function and on the spectral measure
of the process?
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The key tool in answering this question is Hermite polynomials. For n > 0, define
a function of a real variable x by

dﬂ
H,(x) = (_1)'1#/2@()‘2/2, xeR. (6.54)

It is elementary to check that Hy(x) = 1, H,(x) = x, H,(x) = x*> — 1. Furthermore,
it is not hard to check by induction the following explicit representation:

[n/2]
_ n. —m _n—2m .
Hn(x) = E_O m(—z) X! , X € R 5 (655)

see Exercise 6.5.7. Therefore, each H, is a polynomial of degree n. It is called the
nth Hermite polynomial.

The following proposition describes the first- and second-order properties of
Hermite polynomials evaluated at a normalized and centered Gaussian vector.

Proposition 6.3.1. (i) Let X be a standard normal random variable. Then for
everyn > 1, E(Hn(X)) =0.

(ii) Let (X,Y) be a zero-mean unit-variance Gaussian vector with Corr(X,Y) = p.
Then for n,m > 0,

E(H,(X)H,(Y)) = { Sw g:z i Z (6.56)

Proof. Note that forn > 1,

(o]

E(Hn(X)) = /;oo J;z_ﬂe_xz/an(x) dx

(1 [oo @ ey
=(-1)'— —e x
A/ 27 J—c0 dx"
1 dn—l S
=(-1)'——= =™ =0,
27_[ dxn—l oo
proving part (i). Next, consider the function
o(s,x) = e”‘_sZ/z, s, xeR. (6.57)
Equivalently,
o(s,x) = e_(s_")z/ze"z/z, s, xeR. (6.58)
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By (6.58),

n 0, O ’
a0 =¢ /2a_yne—>2/2}

y=s5—x
= 1) P (s~ ).

In particular,

= (=1)"Hu(—x). (6.59)

o
@ @ (Ss X) —o

Furthermore, let (X, Y) be the Gaussian vector in the proposition. By (6.57), for
every real s, f,

E(p(s. X)g(1.Y)) = E(exp{sX — /2 explty — 2 /2}) (6.60)

= exp{—(s2 + tz)/Z}E(eXp{sX + tY})
= exp{—(s* + 1*)/2} exp{(s*> + 2stp + 1*)/2}

— P

3

where we used the fact that sX + tY has the zero-mean normal distribution with
variance s> 4 2stp + 2. Since an easy calculus exercise shows that for n, m > 0,

an+m stp stp - k! (Vl) (m) n—+m—k m—ktn—k
——e' = ¢ E ! ol K ,
as"or = \kJ\k

it follows that

8n+m
as"orm

Stp

{0 if n # m,
mieo A n'pifn=m.

On the other hand, by (6.60) and (6.59),

n+m

= 5o

n-+m
9 Stp

E(¢(s,X)¢(1,Y))

as"arm s=t=0

-)

s=t=0

8n+m
=F X Y
(Femets: 20010,

m

oY)

s=0 arm

=E(3wmm
s




6.3 Pointwise Transformations of Gaussian Processes 219

= E((=1)'Hy(=X) (<1)"Hy(=Y))

= (-1)""E(H,(X)H.(Y))

since the good integrability properties of a normal random variable allow taking the
derivatives inside the expectation. Note further that on the last step, we used the fact

that (=X, —Y) < (X, Y).
The two resulting expressions for the mixed partial derivative prove the claim of
part (ii) of the proposition. [J

An immediate conclusion from the proposition is the fact that for a standard
normal random variable X,

Var(H,,(X)) =nl,n=12,.... (6.61)

Proposition 6.3.1 has a very important consequence for square integrable func-
tions of a standard normal random variable.

Proposition 6.3.2. Let g be the law of the standard normal random variable
on R. The Hermite polynomials (H,, n = 0,1,...) form an orthogonal basis in

I? (R, /LG).

Proof. Since orthogonality of the Hermite polynomials follows from Proposi-
tion 6.3.1, it remains to show that every function f € L2 (R, MG) such that

/Oof(x)Hn(x)tp(x) dx =0 foreveryn =0,1,..., (6.62)

where ¢ is the standard normal density, must be the null function.

Indeed, since for every n = 0,1,..., the function of the real variable x"
can be written as a finite linear combination of Hy,...,H,, every function f
satisfying (6.62) must also satisfy

o0
/ X'f(x)p(x)dx =0 foreveryn =0,1,.... (6.63)

o

We claim that f is also orthogonal to the complex exponentials: for every 7 € R,

/00 e F(x)e(x)dx = 0. (6.64)

To see this, we use the Taylor expansion of the complex exponential. Because each
power function is, by (6.63), orthogonal to f, it is enough to check that

o0

Jlim N f@ Y

‘lll.}’l n
ey e(x)dx=0.
n

!

0
—>00 J_
=N
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Since the integrand converges pointwise to zero as N — 0o, it is enough to exhibit
an integrable dominating function. Such a function is provided by the estimate

o e
g
n=N :

< reor Y T

n

< Y M
n=N

n!

= [F(@)e.

n=0

The just established equation (6.64) says that the signed measure with density
f)ex), x € R, with respect to the Lebesgue measure has vanishing Fourier
transform. Therefore, the measure is the zero measure. Since the Gaussian density
never vanishes, the function f is the null function. [

The following corollary forms the basis of our subsequent analysis of square
integrable functions of centered and normalized stationary Gaussian processes.

Corollary 6.3.3. Let X be a standard normal random variable. For every function

gel’? (R, ug), there is a unique expansion in L?,

o

g0 =Y “”T(f”ﬂ,l(X) . (6.65)

n=0

The coefficients in the expansion are given by
an(g) = E(Hll(X)g(X))a n= 07 ]s s (6'66)

The expansion (6.65) is called the Hermite expansion of g(X). Suppose that
(X, Y) is a zero-mean unit-variance Gaussian vector with Corr(X,Y) = p, and g, h
are two functions in L?(R, ig). Then g(X) and h(Y) are random variables with
finite variance, each of which has its Hermite expansion (6.65) with corresponding
sequences of coefficients given by (6.66). By Proposition 6.3.1, we conclude that

o]

E(s(X)h(Y)) =) Mp” 6.67)
n=0 :
and
> n n h
Cov(g(X).h(Y)) = Z %p” . (6.68)
n=1 '

Now we are in a position to describe the effect of a pointwise transformation on
the second-order characteristics of a centered and normalized stationary Gaussian
process.
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Theorem 6.3.4. Let X be a stationary centered Gaussian process with unit vari-
ance, and let g € L2 (R, ,ug). ThenY, = g(X,), n = 1,2, ..., is a stationary process
with finite variance.

If Ry is the covariance function of the process X, then the covariance function of
the process Y is given by

o0 2
Rym) =" w8 o it (6.69)

!
— K

If Fx is the spectral measure of the process X, then the spectral measure of the
process Y is given by

o

2
a
Fy=) %F;"f : (6.70)
k=1 :

where F ;k‘f is the folded kth convolution power of Fx, k = 1,2, ..., defined by
F;kf(A) = Fxx...XFx({(Xl, . ..,xk) S (—7T,7T]k Xt +x €A mOdZT[}) s

A a Borel subset of (—m, 7).

Proof. The only part of the theorem that has not yet been proved is the expres-
sion (6.70) for the spectral measure of the process Y. However, the latter statement
follows immediately from (6.69), since foreveryn =0,1,...andk = 1,2, ...,

k
/ ™ Fk(dx) = ( / em Fx(dx)) = Rx(n)*.
(—m,7] (—m,7]

U
Given a function g € L*(R, u), let
ky = inf{k >1: a(g) # 0}. (6.71)
The number k, is called the Hermite index or Hermite rank of the function g. For

example, the Hermite index of the nth Hermite polynomial H, is equal to n forn > 1
and to infinity for n = 0. We can restate the conclusions of Theorem 6.3.4 as

0 2
Re) =Y “"I(j) Ry(n)* (6.72)
k=k,
and
0 2
Fr=Y %F;k‘f . (6.73)
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The importance of the notion of the Hermite index becomes clear in the following
result.

Theorem 6.3.5. Under the assumptions of Theorem 6.3.4, suppose additionally

that k, < oo and Rx(n) — 0 as n — oo. Then

i Ry(n)  a, (g)?
1m o =
n—>00 (Rx(l’l)) g kg!

Proof. The claim is immediate from (6.72) and the L? convergence of the Hermite
expansion (6.65). O

In particular, if the Hermite index of the function is equal to 1, then the covariance
function of the process (Yn = g(Xp),n = 1,2,.. .), decays to zero at the same
rate as the covariance function of the original process X, while if k; > 1, then the
covariance function Ry converges to zero, since the lag goes to infinity faster than
the covariance function Ry does.

Suppose now that the covariance function (Rx (7)) satisfies the assumption (6.9),
i.e., it is regularly varying with exponent d € [—1,0], and the covariances are
nonsummable. Then it follows from Theorem 6.3.5 that the covariance function
(Ry(n)) is regularly varying with exponent k,d. If k, = 1, then this covariance
function still satisfies the assumption (6.9). On the other hand, if k, > 1, then
the covariance function (Ry(n)) may or may not satisfy the assumption (6.9), and
the covariances may or may not be nonsummable. The crucial factor is whether
kod > —1.

From a certain point of view, the situation may appear to be reasonable, since
we expect the transformed process (Yn = gX,),n =1,2,.. ) to “remember as
much as the process X does or less.” If one measures the memory in terms of the
rate of decay of the covariance function, then the above analysis showing that the
covariance function Ry converges to zero at the same rate as the covariance function
Rx or faster seems to carry the same message.

If a function g is, however, a one-to-one function, then arguably, the process
(Yn =gX,),n=1,2,.. ) “remembers exactly as much as the process X does.” It
is an uncomfortable fact that there exist one-to-one functions g € L? (R, MG) with
Hermite index larger than 1. This is demonstrated by the following example.

Example 6.3.6. There exists a > 0 such that
® 2 ¢ 2
ae_“[ xete ™ dx = / e % dx . (6.74)
a 0

To see this, note that the expressions on the left-hand side and the right-hand side
of (6.74) are respectively O(a) and O(a?) as a | 0, so for small a, the expression
on the left-hand side is larger. On the other hand, the expression on the left-hand
side vanishes in the limit as a — oo, while the expression on the right-hand side
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converges to a positive limit. Thus for large a, the right-hand side is larger. Since
both expressions are continuous functions of a, there is a > 0 satisfying (6.74).
Choose such an a > 0 and define

—%xif05x<a

80 = & ifx>a

Set g(x) = —g(—x) forx < 0.

Notice that the function g is one-to-one and measurable. Furthermore, the inverse
function g~! is measurable as well. Clearly, g € L? (R, /LG). Since the function g is
odd, it is immediate that

ar(g) = E(Hk(X)g(X)) = 0 for all even £,

with X a standard normal random variable. Furthermore, since the number a
satisfies (6.74),

ai(g) = E(Hi(X)g(X)) = E(Xg(X)) = 0.
Therefore, the Hermite rank of the function g is at least 3.

If X is a stationary centered Gaussian process with unit variance whose covari-
ance function (Rx(n)) satisfies the assumption (6.9) and whose exponent of regular
variation satisfies d € [—1, —1/3), and g is the function in Example 6.3.6, then by
Theorem 6.3.5, the covariance function (Ry(n)) of the process (Y,, =g(X,), n =
1,2,.. ) is regularly varying with exponent k,d < —1. That is, the original process
X has long-range dependence according to its rate of decay of covariances and
nonsummability of its covariances, while the transformed process Y has short
memory according to either of the two criteria.

The phenomenon discussed above is also visible in the spectral domain. The
following theorem is a version of Theorem 6.3.5 for spectral densities.

Theorem 6.3.7. Under the assumptions of Theorem 6.3.4, suppose additionally
that k, < oo and that the process X has a spectral density fx satisfying (6.27)
with some d € (—1,0) and bounded outside of every neighborhood of the origin.
Then the process Y has a spectral density fy. This density can be chosen so that the
following properties hold:

(i) If ked > —1, then

lim fr(x) _ (8)°
xb0 Xk (x)ks k!

c(kg.d). (6.75)

where the constant c(k, d) is given by the integral

o0 o0
_ _ —(1+d
/ / F N (l+d)|1—(21+...+2k—1)| ( )dzl...dzk_l
—00 —0o0

(6.76)
and is finite if kd > —1.
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(i) If ked < —1, then the density fy is bounded.

Proof. Tt follows from (6.73) that under the assumptions of the theorem, the spectral
measure Fy has density given by

o0 2
H =Y akl(j") £ (x) 6.77)
hmky
where
i) = Z ok (x + 27tn), —w <x <7,

n€Z: x+2nne€(—nk,wk)

and fy ¥ is the usual kth convolution power of fy. We will prove parts (i) and (ii) of
the theorem for the version of the spectral density given in (6.77).

As a first observation, it is easy to see that the constant in (6.76) is indeed finite if
kd > —1, simply by computing the iterated integrals one by one. Next, we proceed
with two claims. First of all,

*kf
lim %)

m o clk,d) < oo ifkd > —1. (6.78)
X X

Further,
*kf . .
fx U isboundedif kd < —1. (6.79)

Indeed, we may assume that (6.27) holds as an exact equality on (0, 7) and not only
as an asymptotic equivalence. Extend the slowly varying function L to the entire
half-line (0, 0o) by setting it equal to zero outside of the interval (1/7, 00), so that
we may regard (6.27) as equality on R. Note that for 0 < x < 7,

) = / | KOD SO (=3 — = yimr) Ay dyee
- (6.80)
= f(x) X!

foo /oo fGz)  feGze) fx(x(Q =z — . = ze))
oo oo fx() T fx(®) Jx(x)

le .. .defl .

Suppose that kd > —1. As x | 0, the integrand on the right-hand side converges, by
the regular variation, to the integrand in (6.76). Furthermore, by the Potter bounds
of Corollary 10.5.8 and boundedness of fyx outside of every neighborhood of the
origin, for every 0 < ¢ < 1 and all positive x small enough, we have

Jx(xz) —(I4d+e) —(I4+d—e)
— <C
@ = (Il + Iz )
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for some finite C and all z € R. Since we can choose ¢ so small that k(d — &) > —1
and d+¢ < 0, the finiteness of the constant in (6.76) gives us a dominating function,
and we conclude that

R
o AT

In order to verify that this implies (6.78), we need to check only that f ¥ is bounded
outside of every neighborhood of the origin. To see this, suppose that |x| > & for
some ¢ > 0. Then at least one of the arguments of the k functions fx appearing in the
definition of fy k(x) in (6.80) has absolute value larger than &/k. Therefore, the value
of fx at that point is bounded from above by some finite number, say a, depending
only on ¢ and k. Since the integral in (6.80) over that part of the domain where a
particular fy term is bounded by a is itself bounded by a (since fx is a probability
density), we conclude that f;k (x) < ka, which proves the required boundedness
outside of every neighborhood of the origin.

Next we check (6.79), so suppose that kd < —1. Choose ¢ > 0 so small that
k(d+¢) < —1 and d + ¢ < 0. Using once again the Potter bounds and boundedness
of fx outside of every neighborhood of the origin, we see that there is a finite constant
C such that fx(x) < C|x|~0+4% for |x| < 7. Therefore, we can also bound fy by a
constant times the density of the symmetric gamma random variable with the shape
—(d + ¢) and scale 1, i.e., of W; — W,, where W and W, and independent gamma
random variables with the shape —(d + ¢) and scale 1. It is an elementary probability
exercise to check that if ky > 1, then the sum of k i.i.d. symmetric gamma random
variables with shape y has bounded density. Therefore, (6.79) follows.

We need one more fact about a folded convolution. Let f and g be two probability
densities on (—m, ) such that g(x) < M for all x. We claim that the folded
convolution of f and g is bounded by M as well. Indeed, suppose, for instance,
that —7 < x < 0. The value of the folded convolution of f and g at the point x is

= c(k,d) .

f*g() +fxglx+2m)
x+m b g

= | fOglx—y) dy + +f(y)g(x+2ﬂ—y)dy

<M f)dy+M +f(y)dy=M

-

Suppose now that kyd < —1. By (6.79), £’ is bounded. For all k > kg, fy*/

is the folded convolution of fx and f*k */ and hence is bounded by the same
constant. Since the coefficients in (6.77) are summable, the statement of part (ii)
follows.

Suppose, finally, that k,d > —1. If —1/d is not an integer, then the statement of
part (i) also follows from what has already been proved, because we can write

L_I/Jak(g) *k f — ak(g) *k
=3 R+ Y SR W

k=kg k=|—1/d]+1
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We already know that the second sum on the right-hand side is bounded. The first
sum on the right-hand side is a finite sum and, by (6.78), the first term in that sum
dominates, as x — 0, the rest of the terms. Therefore, the statement of part (i)
follows from (6.78).

An extra step is needed if —1/d is an integer. We leave it to Exercise 6.5.8. O

The constant c¢(k,d) in (6.76) can be computed explicitly; see Exercises 6.5.9
and 6.5.10.

We see, therefore, that if a stationary Gaussian process X has spectral density fx
satisfying (6.27) with d € (—1, 0) (and is bounded outside of the origin), and k, = 1,
then the spectral density of the process Y also satisfies (6.27), with the same value
of d. If, however, k, > 1, then the spectral density of Y may still satisfy (6.27),
but with a larger d, or it may even be bounded, depending on the value of k,d.
Since Example 6.3.6 shows that there exist one-to-one functions g with Hermite
index k, > 1, we may construct examples of processes X that have long-range
dependence according to the behavior of the spectral density at the origin, but for
which the process Y has short memory according to the same definition even though
the transformation is via a one-to-one function.

6.4 Comments on Chapter 6

Comments on Section 6.1

Much of the emphasis on the second-order point of view on long-range depen-
dence originated with B. Mandelbrot. A power-like decay of covariances appears
in Mandelbrot (1965) as an attribute of a model needed to account for the Hurst
phenomenon. Both slow decay of covariances and fast rate of increase of the
variances of the partial sums were explicitly introduced as crucial features of
long-range dependent processes in Mandelbrot and Wallis (1968). A significant
number of papers appeared in the subsequent 10-15 years discussing concrete
models having regularly varying nonsummable covariances and partial sums whose
variances grow faster than linearly fast; the early ones include Davydov (1970),
Taqqu (1975), Rosenblatt (1976). The survey Mandelbrot and Taqqu (1979) uses
persisting correlations as synonymous with long memory.

Comments on Section 6.2

A very early paper exhibiting the importance of slowly vanishing correlations
and pointing out the concurrent singularity at the origin of the spectral density
is Rosenblatt (1961). The exact relationship between properties (6.26) and (6.27)
generated some confusion, with imprecise statements having been published. Part
(i) of Theorem 6.2.11 is in Theorem (2—6) in Chapter V of Zygmund (1968).

Comments on Section 6.3

The importance of the Hermite rank for the second-order characteristics of
pointwise transformations of stationary Gaussian processes was pointed out in
Taqqu (1975), but a special case of this phenomenon is mentioned in Rosenblatt
(1961).
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6.5 Exercises to Chapter 6

Exercise 6.5.1. Let X = (X,, n € Z) be an infinite moving average process of
Section 1.4. Assume that the noise variables (&, n € Z) have zero mean and finite
variance. Prove that if ) |¢;j| < oo, then the covariances of the process X are
absolutely summable, i.e., that (6.2) holds.

Exercise 6.5.2. Let m be a finite (not necessarily symmetric) measure on (—m, 7|.
Prove that

=
lim -

n—1
Jim ; /( o e m(dx) = m({0}) .

Exercise 6.5.3. Suppose that the spectral measure of a stationary finite-variance
process X is given by

[e]

F = Z 2_k! (52—1(!(7.[/2) + 8_2—k!(7r/2)) .
k=1

Show that VarS,/n — ¢ > 0 as n — 00 over the subsequence n = 2 while
VarS, /n — 0 as n — oo over the subsequence n = 4 - 2™,

Exercise 6.5.4. Suppose that the spectral measure Fx has, in a neighborhood of
the origin, the density fx given by

Jx(x) =1+ cos(1/[x]) .

Show that (6.17) holds with f§(0) = 1.

Exercise 6.5.5. Suppose that the spectral measure Fx has, in a neighborhood of
the origin, the density fx given by

fx() = (14 cos(1/|x])) |71 IL(1/1x]), =1 <d <0,

2T (—d) cos(md/2)

where L is a function that is slowly varying at infinity. Show that (6.28) holds.
Exercise 6.5.6. Prove (6.40) for m # 0.

Exercise 6.5.7. (i) Prove, directly from the definition (6.54) of the Hermite poly-
nomials, the following relations:

H (x) =nH,—1(x), xe R, n=1,2,... (6.81)
and

Hyy1(x) = xH,(x) —H,(x), xe R, n=10,1,.... (6.82)
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(ii) Use part (i) to prove by induction the representation (6.55) of the Hermite
polynomials.

Exercise 6.5.8. Complete the proof of Theorem 6.3.7 in the case that —1/d is an
integer.

Exercise 6.5.9. Let fi and f> be symmetric probability density functions supported
by the interval (—m, ). Assume that f| and f, are bounded when their argument is
bounded away from zero and that

fitx) = xWHDL(1/x) asx |0

fori = 1,2, some —1 < d; < 0, and a slowly varying function L;. Suppose that
dy + d, > —1. Then the probability density function given by the folded convolution
J1Gx, ) fo, is bounded when its argument is bounded away from the origin, and it
satisfies

i D) ~ Cdy, do)x MHITDL (1/x)Ly(1/x) asx | 0,
where

C(d,dy) = B(—d\—,dy) + B(1 +d| + dy,—d\) + B(1 + d| + d, —d>)

1 n?
— T(=di —d)T(1 +d)T (1 + dy) 2sin(%L) sin(%2) cos(—"(d‘;'d”).

Exercise 6.5.10. Use Exercise 6.5.9 to show that the constant c(k,d) in (6.76) is
equal to

(C(=ad) cos(nd/2))k
I'(—kd) cos(mwkd/2) ’

clk,d) = 2F!

kd > —1.



Chapter 7
Fractionally Differenced and Fractionally
Integrated Processes

7.1 Fractional Integration and Long Memory

The adjective “fractional” appears frequently in the names of processes related
to long-range dependence; two immediate examples are the fractional Brownian
motion of Example 3.5.1 and the fractional Gaussian noise introduced in Sec-
tion 5.1. The term “fractional” carries a connotation of ‘“unusual,” which is one
explanation for this appearance. There is, however, a deeper connection, and it is
related to the issues of stationarity and nonstationarity in the context of long-range
dependence discussed in Section 5.2.

Let X = (...,X_1,Xo, X1, ...) be a stationary process. Clearly, the differenced
process Y with ¥, = X,, — X, for n € Z is also stationary. The usual notation
is Y = (I — B)X, where I is the identity operator on the space R” of sequences
X = (...,X_1,X0,X1,X2,...), and B is the backward shift operator on the same
space:

B(...,x_l,X(),xl,)Cz,...) = (...,x_z,x_l,xo,xl,...);

note that B is the inverse of the shift operator 6 from Section 2.1. A common notation
for the differencing operator is A =1 — B.

Does there exist (perhaps on an enlarged probability space, but in this chapter we
will disregard this point) for every stationary process Y, a stationary process X for
which Y = (I — B)X? The answer is no, as the following example shows.

Example 7.1.1. Let Y = (...,Y_1,Yy,Y1,...) be a sequence of i.i.d. random
variables such that P(Yy # 0) > 0. If there existed a stationary process X such
that Y = (I — B)X, then we would have

S, =YV +...+Y,=X,—X, foranyn=1,2,....
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The stationarity of the process X implies that the sequence of the laws of the
differences on the right-hand side of this equation is tight, whence so must be the
sequence of the laws of the sums on the left-hand side. In particular, there must exist
a sequence n; — oo such that the sequence (S, ) converges in distribution. Note,
however, that by independence, we have for the characteristic functions

EeiQSn — (Eeieyo)n, beR, n=1,2,....

The assumption P(Yy # 0) > O implies that there are arbitrarily small positive
6 such that |[Ee"| < 1, and at every such point, E¢”S« — 0. This precludes
convergence in distribution of the sequence (S, ).

We conclude that there is no stationary process X such that Y = (/ — B)X.

According to the example, not every stationary process Y can be written in the
form' Y = (I—B)X for some stationary process X. If, however, Y can be represented
in this form, we can write X = (I — B)~'Y and call the process X an integrated
process (specifically, Y that has been integrated). Obviously, an integrated process,
if it exists, is not uniquely determined: one can add the same random variable to
each X, as long as doing so preserves stationarity. For example, adding a random
variable independent of X always works.

It is intuitive that the differencing operator on stationary processes, A = [ — B,
makes the memory in the process “less positive, more negative,” simply because
of alternating plus and minus signs attached to the same random variables. For
example, the left plot of Figure 7.1 is a realization of an AR(1) process X, =
0.5X,,—1 + Z,, with the standard Gaussian noise (Z,); it has positive dependence
due to the positive autoregressive coefficient. The right plot of the figure shows the
result of differencing this sample. Increased negative dependence is easily visible.

Similarly, if it is possible to “integrate” a stationary process (i.e., to apply the
inverse operator A~! = (/—B)~!) and obtain a stationary process, we would expect
the integrated process to have “more positive” memory than the original stationary

0 — ™
N — ~—
o
o
= "
? - o
0 20 40 60 8 100 0 20 40 60 8 100

Fig. 7.1 An autoregressive Gaussian process (left plot) and its first difference (right plot)
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process. Long memory, when present, is usually “of the positive kind” (we will
address this point in the sequel); so, starting with some stationary process, one could
try to obtain a process with long-range dependence by integrating that initial process
“as many times as possible.”

The difficulty with this program is that, as we saw in Example 7.1.1, many
stationary processes cannot be integrated even once while preserving stationarity.
Therefore, the desire to integrate a process “as many times as possible” must, in
many cases, refer to a fractional number of times. This turns out to be possible, and
it leads to a class of models known as fractionally integrated processes. The starting
point is the generalized binomial formula, which was already used in Lemma 6.2.14,

(1-2' = Z(—l)f(j)zf, (7.1)
j=0

for complex z with |z| < 1, where

d\ _dd-1)...(d—j+1)
il J! '

If d is a nonnegative integer, then (7.1) is just the classical binomial formula and
a sum with finitely many terms; otherwise, it is an infinite sum, and then it can be
rewritten in the form

d — T(-d
(1-2) —];—F(].H)F(_d)z’. (7.2)

Notice that the coefficients of / in the sum (7.2) satisfy, by (6.39),

F(i—d) _ j—(d+1)
I(G+ DI(=d) T(—d)

(1 + o /j)) (1.3)

asj — oo. If —1 < d < 0, the coefficients are nonnegative and decreasing.

Now let d be a real number that is not a nonpositive integer. Given a stationary
process Y, one can formally define the process X = A™Y by expanding A™¢ =
(I — B)™ in powers of the backward shift operator B as in (7.2) by formally
identifying the identity operator with the unity and the shift operator B with z. That
is, we define

o

rg+ad
Y= LT @

TG+ )@ "~ (7:4)
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(as long as the sum converges, say in probability) forn = ..., —1,0,1,2,.... If
d > 0, we view the process X as an integrated process Y, and if d < 0, we view it
as a differenced process Y.

Since our goal is to construct processes with as a long memory as possible, we
will be interested in the “integrated” case. We will consider the case of a “true
fractional integration” 0 < d < 1. The simplest way to perform integration with
d > 1 is to start (if possible) with the usual, “nonfractional,” integration, and then
perform additional fractional integration as necessary.

It is clear that if the series in (7.4) converges in probability, then the resulting
process X is stationary. However, convergence of the infinite series in (7.4) requires
restrictions on the initial process Y.

Remark 7.1.2. Since (1 — z)~%(1 — z)? = 1 (for z in the interior of the unit circle
in the complex plane), the logic we used to define a fractionally integrated process
suggests that the subsequent corresponding fractional differencing should undo the
fractional integration, so that with X defined by (7.4), one recovers the original
process Y via

o0 .
I'(G—d)
Y, = _— X, 7.5
; LG+ DT(=d)" "’ 7-3)
forn=...,—1,0,1,2,.... This turns out to be true under appropriate assumptions

on the process Y.
We would like to draw the attention of the reader to the fact that if 0 < d < 1
and both (7.4) and (7.5) hold, then for every real number x and for every n,

Ny Ti=a
Yn= ; TG+ (=) X T

as well, because by (7.2) and (7.3),

— TI(-d
Z LG+ DI (=d) 0

Jj=0

If we view a fractionally integrated process Y as a stationary process whose
fractional difference in (7.5) coincides with the process Y, then this process is not
uniquely defined. In fact, exactly as in the case of the integration and differencing
of order 1, we can add the same random variable to each X, as long as doing
so preserves stationarity. The definition used in (7.4) gives one version of such a
process.
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7.2 Fractional Integration of Second-Order Processes

In this section, we assume that the process Y is a stationary zero-mean finite-
variance process with variance o2 and correlation function p, and we consider first
the situation in which this covariance function is absolutely summable.

Theorem 7.2.1. Let Y be a stationary zero-mean finite-variance process with
covariance function R satisfying (6.2). Let 0 < d < 1/2.

(a) The series (7.4) converges in L?, and the resulting process X is a second-order
stationary process, with covariance function given by

o0
R = Z bpmRm, n €7, (7.6)
m=—00
with
o0
bk = Z a;aiti, kelZ.
i=—kVO0

Furthermore, the inversion formula (7.5) holds, with the sum converging in L.
(b) The process X has a spectral density f* that is continuous outside of the origin,
satisfying

o0

1
s —2d
500 ~ <E;oo Rm)x asx | 0. (1.7)
(c) Assume that
o0
v, = ZRm = o(n_(l_Zd)> asn — oo. (7.8)

Then the covariance function R* of the process X satisfies

s (LU -2d) & ~(1-24)
R, (r(d)r(l—ar)mZ Ry ) (7.9

=—00
asn — Q.

Proof. Denoting the jth coefficient in (7.4) by a;, we note that for m,k > 1,

2
m+k m+k m+k m+k

E Z an”_j =R0 Z a]? +2 Z aj Z aiRi_j. (710)

j=m+1 j=m+1 j=mH1 i=jt1
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Since the sequence (g;) is nonnegative and decreasing, we conclude that

m-+k 2 0 m+k
E Z ann—j =< (Ro +22|Rn|) Z a]?.
Jj=m+1 n=1 Jj=m+1

For 0 < d < 1/2, the sum Zj aj2 converges by (7.3), and so the series (7.4)

converges in L?.
We prove now that the inversion formula (7.5) holds. Form = 1,2, .. ., consider
the finite sum

m_§__TG=d) |
L _Zr(j+1)r(—d)x”"

=0

(7.11)

T'(—d) T'(k—j+d)
=2 | > ’

TG+ HIO(—d) Tk—j+ HI@) | "

k=0 \ j=0

Fy TGj—d  Tk—j+d

e i PO+ DE(=d) Tk —j + D) "

The following property of the generalized binomial coefficients can be easily

verified from (7.1):
k
d —d
> =0 fork>1. (7.12)
= ) \k=J

Therefore, the first sum on the right-hand side of (7.11) is identically equal to Y,,, and
it remains to prove that the second sum on the right-hand side of (7.11) converges
to 0 in L? as m — o00. To this end, we will show that there is a finite constant ¢ such
that

$o_TG=d)  Th—jrd) | e
= rg+nHr(—d)Tk—j+ Hr'@)| —

for all 1 < m < k. Once this is proved, a calculation similar to (7.10) will give us
the claim we need. By (7.12), it is enough to prove that

Xk: rg-d P—j+d) | gt (7.13)

Pl rj+ DI rk—j+ D@ |~
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Allowing a finite constant ¢ to change from line to line, we can bound the left-hand
side of (7.13) by a term o(k™") plus

k—1 k—1
c Z j—(d+1)(k _j)d—l < czj—(d-i-l)(k _j)d—l ,

j=m+1 j=1

after which (7.13) follows easily, for example by splitting the sum into the part with
Jj < k/2 and its complement, and using Karamata’s theorem.

For part (b) of the theorem, recall that the absolute summability of the correla-
tions of the process Y implies that the latter process has a continuous spectral density
f, given by (6.16). By Exercise 1.6.5, we know that the fractionally integrated pro-
cess X has also a spectral density, f*, given by f*(x) = [>_p_, amei"l"|2 f(x), with
the infinite sum in the expression for the density converging in L*((—r, 7], f(x)dx).

e |2 i — .
e —00 ame’m"| = [1—e™| 72 for every x € (—m, 7] different
from x = O and x = 7. Therefore, a version of the spectral density /™ is given by

X)) = |1 — ™7 f(x), xe (—m 7). (7.14)

This function is clearly continuous outside of the origin, and
1
* —2d —2d
~ 0) = (_ Rm)
ST~ A0 = (o sz_ x

asx | 0 by (6.16).
For part (c) of the theorem, notice that the covariance function of the process X
is given by

n+M
R* = lim ZZan i = hm Z b(M)R
M—00
i=0 j=0 m n—M
where
(M—k)AM
M) _
bk - Z aidij+i -
i=—kVO0

Since 0 < d < 1/2, it follows that the numbers b,((M) are uniformly bounded (by
Yo7 a?). Since the correlations of the process X are absolutely summable, it follows
by the dominated convergence theorem that (7.6) holds. Notice that by = b_;.

It follows from (7.3) that

r(—2d) . _
by ~ ——— 1720 k : 7.15
T @r—d a0 (7.13)
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see Exercise 7.5.1. Clearly, the statement (7.9) will follow from (7.6) and (7.15)
once we check that

-M
A/Ih_r)noo ll;r_l)s;l)p n'=2d m;m by—mR,| =0 (7.16)
and
00
Jim li’gsolcl)pnl_w W;bn_mRm =0. (7.17)

The statement (7.16) follows from (7.15) and summability of the covariances of the
process Y, since by the monotonicity of the coefficients (a;),

-M
<by Y Rl

m=—00

—-M
Z bn—mRm

m=—0o0

In order to prove (7.17), we note that by (7.3),

l—d  1-d o,

A — dg+1 =

It follows that

I'(2—2d) 20-d)

F@T{—d) as k — oo, (7.19)

8k = by — bpy1 ~

see once again Exercise 7.5.1. Using summation by parts, we see that in the notation
of (7.8),

oo

e}
by—mRm = bn—M-}-llpM + Z gn—m"ym .
=M

m m=M

By (7.15), for ¢ > 0,

lim limsupn!=%p,

—M+I\IJM = lim C\I/M =0.
M—>0 ;500 M—00

Next, we write

DW= Y 4 > =S"M)+ 5P Mm).

m=M M<m=<n/2  m>n/2
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By (7.19) and the assumption (7.8), we see that for some constant ¢ (which may
change from appearance to appearance) and large n,

[n/2]
SO < en27D N |,
m=M
[n/2]
< cn~21=ad) Z ) < cn—2(1—2d),

m=M

and so forall M > 0,
lim »'~sV(M) = 0.
n—o0

Finally, by the assumption (7.8), we have

(o]

SO )| < o(n™1720 3 g,

m=—0o0

Using the fact that g_; = —g;—, we see that the sum on the right-hand side is finite
by (7.19). Therefore, for all M > 0,

lim n'~s® (M) = 0,

n—>oo

and (7.17) follows. OJ
Note that if

oo

> pn#0, (7.20)

m=—0o0

then the fractionally integrated process X has the second-order properties (6.26)
and (6.27) associated with long-range dependence. From this point of view,
fractional integration achieves its goal of producing a long-range dependent model.

Remark 7.2.2. 1In the situation of Theorem 7.2.1, we can guarantee only a possibil-
ity of a fractionally integrated process for 0 < d < 1/2. One can interpret this fact as
follows: a sufficiently negative dependence in the process Y could potentially permit
even a nonfractional (order-1) integration, and it is intuitive that the more negative
the dependence in the process Y, the higher the order of fractional integration one
can perform on Y. The assumptions of the theorem, however, do not imply any
negative dependence in the process Y. By the same token, if the process Y had a
significant positive dependence, then the extent of possible fractional integration
would be lower. In particular, we should not be able to integrate a very positively
dependent process at all. This is, however, not allowed in Theorem 7.2.1 through



238 7 Fractionally Integrated Processes

the assumption of absolute summability of covariances. This explains, intuitively,
the “middle” upper bound of 1/2 on the order of partial integration in the theorem.
In the remaining part of this section, we will confirm this intuition.

We begin with the situation of positive dependence in the process Y.

Theorem 7.2.3. Let Y be a stationary zero-mean finite-variance process with
covariance function R.

(a) Suppose that for some 0 < 6 < 1 and a > 0,

IR,| < an™®

,n>1. (7.21)
Then for every 0 < d < 0/2, the series (1.4) converges in L?, and the resulting
process X is a second-order stationary process with covariance function given
by (7.6).

(b) Suppose that R, is regularly varying with exponent —0 € (—1,0). Then for
every 0 < d < 0/2, the series (1.4) converges in L?, and the resulting process
X is a second-order stationary process with covariance function R* satisfying

R* ~ a(d, 0)n*'R, (7.22)

as n — oo, with

I'(1 —2d) |:F(9—2d)F(1—6‘) LQd)T(1—0) r(e—zd)r(zd)]
a(d,f) =

T(d)T(1 —d) T(1 —2d) (1 +2d—0) T ()
Proof. Starting with (7.10), and using (7.3) and (7.21), we see that

2

m+k o} o) o0
2 d—1 d—1,:  ~—0
E E aiYu—j | <Ro E a; +C E J E T (e ) B
j=m+1 Jj=m+1 j=m+1 i=j+1

The first sum on the right-hand side converges to zero as m — oo forany 0 < d <
1/2, while the second sum is bounded by

as m — oo if 0 < d < /2. This proves the L* convergence of the series (7.4).

The same argument as in the proof of Theorem 7.2.1 shows that (7.6) still
holds. The covariances of the process Y are no longer guaranteed to be summable,
but (7.15) and (7.21) allow us to use the dominated convergence theorem.

Under the regular variation assumption of part (b) of the theorem, note that by
Corollary 10.5.8, (7.21) still holds if we replace 8 by 6 — ¢ for any 0 < ¢ < 6.
Choosing ¢ so small that d < (6 — €)/2, we see that part (a) of the theorem applies,
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and X is a stationary process with covariance function (R}) given by (7.6). Write,
using the fact that both (b,) and (R,) are even functions,

oo n o
D SRS STRVINS I o
m=1 m=1

m=0

By part (b) of Theorem 10.5.10 with = —(1 — 2d), B = -0,

e r'@-2d)ra--96
an+mRm ~ ( ( )I( ))nban, n— oo.
— (1 —2d)

By part (a) of Theorem 10.5.10 witha = —6, 8 = —(1 — 2d),

- rQdra-—=o
Z bn—mRm ~ (M) nb,R,, n - oo.
— [(1+2d—0)

Finally, by part (b) of Theorem 10.5.10 with« = —0, B = —(1 — 2d),

> (0 —2d)T'(2d)
mZ:]meHm ~ (T) nb,R,, n — 0o.

In combination with (7.15), this proves (7.22). O

A possible way of defining a second-order notion of negative dependence is
through a vanishing sum of covariances. Assume that the covariance function R
of Y satisfies (6.2) and

> R,=0. (7.23)

The following relates the rate of convergence to zero in (7.23) to the degree to which
a process can be fractionally integrated.

Theorem 7.2.4. Let Y be a stationary zero-mean finite-variance process with an
absolutely summable covariance function R satisfying (7.23). Suppose that for some
0<6<landa >0,

o0
YR <an™® n>1. (7.24)
j=n
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Then for every 0 < d < (14 0)/2, the series (1.4) converges in L2, and the resulting
process X is a second-order stationary process with covariance function given by

n oo
Ry =Y Wilhiyn —hoy) + D> Willjsn1 +hjn1). n€Z. (7.25)
j=1 j=n+1

Here for k € Z,
o
=3 n,
j=k

o0
hi = Z ai(aipr — Givi—1) -
i=0

Proof. We rewrite (7.10) as

m+k 2 m+k k=1 (m+k—I
E Z ann—j = ( Z alz) Ry + ZZ ( Z (lia,q_[) R;.

J=m+1 i=m+1 =1 \i=m+1

For fixed m, k, let

m+k—l m+k—I+1

81 = Z aaiy+] — Z a;ai4j—1, l=1,...,k—1.

i=m+1 i=m+1
Then summation by parts and (7.23) give us the expression

2

m+k k=1
E Z aiYp—j| =2 ZngjJrl — 2041 Ak Wi - (7.26)
j=mt =1

The second term on the right-hand side of (7.26) clearly goes to zero as m — oo,
uniformly in k, and we proceed to show that so does the first term. Observe that
by (7.3) and (7.18),

m-+k—j
18] < lampajriaml + Y lai(@ipjo1 —airy)]
i=m+1
m—+k—j
<cm+k—j+ D) m+ 0 4 Y i+
i=m+1
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Therefore, by (7.24) and elementary calculations,

k—1 k—1 k—1 m—+k—j
Do gWiri| <cm+ Y T mk—j+ DT e i Y T+ )
j=1 j=1 Jj=1 i=m+1
m+k—1 e’}
Scm+ T im0 e Y Y i+ )"
i=m+1 j=1
m+k—1
< C(m+k)2d—l—9 e Z id—]i—9+d—1 < C(m+ 1)2(1—1—9 )
i=m+1

Since d < (1 + 6)/2, this goes to zero as m — oo, and the proof of the
L? convergence is complete. Therefore, the covariance function of the process X
satisfies

| Y 2 Y 2
R; = MlgnoO > E (Z ai(Y=i + Yn—i)) —2E (; aiY—i)

i=0

Notice that for a fixed n, the process (Zi(”) =Y + Y,,+[) has summable covariance
that moreover, adds up to zero. Therefore, (7.26) applies, and we obtain

= lim Zh(M) WD = 2Wis1) — aoar (Wy'y — 2Warr1)

M—o00

with
o0
W =3 E@ZPz"). k=1.2.....
=k
Mt M—k+1
W =Y = Y @i k=01, M.
i=0 i=0
Since
E(ZZ") = 2R + Ricy + Ritn »
we see that
M
] M
R: = [Wll—{noo hj( )(‘/Vj—n"rl + VVj+n+l) ’

J=0
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Writing

M—k

= E ai(@itk — Aitk—1) — apay—i+1 — e as M — oo,
i=0

"

by (7.3), (7.18), and (7.24), the dominated convergence theorem applies, whence

o

R: = Zhj(vvj—n-l-l + ij-i—n-H)v ne.

Jj=0

Since it follows from the symmetry of the covariance function and (7.23) that for
k=0,1,...wehave W_; = —W;1, (7.25) now follows by a simple rearrangement
of the terms in the sum. OJ

7.3 Fractional Integration of Processes with Infinite Variance

To what extent can one fractionally integrate a stationary process that does not have
a finite second moment? We begin with the example of an i.i.d. sequence.

Example 7.3.1. Let (Y,) be a sequence of i.i.d. random variables, which for
simplicity, we will assume to be symmetric. Let

Per = sup{p = 0: E|Y,|’ < oo} € [0, 00].

We are interested in the case in which the random variables do not have a finite
second moment, so assume that p,, < 2. We claim that the fractionally integrated
process X in (7.4) is well defined if 0 < d < 1 — 1/p,, and is not well defined if
d>1-—1/pg.

Indeed, suppose that 0 < d < 1 — 1/p., and choose 0 < p < p., such that
0 <d < 1—1/p. Notice that by assumption, 0 < p < 2. It follows from (7.3) that

>

Ig+a |

TG+ DI

3

and the fact that the series (7.4) converges a.s. follows from Theorem 1.4.1. On the
other hand, let 0 < d < 1 satisfy d > 1 — 1/p,,. For every ¢ > 0,

D P(IYol > ¢'7) = D P((¥l/0) /070 > j) = o0
j=0

J=0
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since E|Y |79 = co. Now the fact that the series (7.4) diverges follows from (7.3)
and the three series theorem, Theorem 10.7.6.

Example 7.3.1 shows that the extent to which an i.i.d. sequence can be fraction-
ally integrated shrinks as the tails become heavier, and if the first moment is infinite,
that such a sequence cannot be fractionally integrated at all. As in the finite-variance
case, the extent of fractional integration is also affected by the dependence in the
process Y.

One possibility to measure the dependence in a stationary process in which the
second moment is infinite is by the rate of growth of the moments of the partial
sums, of order smaller than 2. This rate of growth is affected both by the memory
and by the marginal tails.

Let S,SY) =Y +...4+Y,,n=0,1,..., be the partial-sum sequence of the process
Y, and suppose that E|Y|? < oo for some p > 0. We will concentrate on conditions
of the following form: for some # > 0 and ¢ > 0,

ESVP <en®, n=1,2,.... (7.27)
Note that it is always possible to choose
0 = max(1,p), (7.28)

and that this choice is, in general, the best possible; see Problem 7.5.3. On the other
hand, if the random variables Y are symmetric and i.i.d., then it is always possible
to choose

6 =p/2, (7.29)

and this choice is, once again, the best possible in general; see Problem 7.5.4.
If the process Y satisfies (7.27) with 6 smaller than the value given in (7.29),
then we can view it as an indication of negative dependence. On the other hand,
if the smallest possible value of 6 for which (7.27) holds exceeds the value
given in (7.29), then we can view it as an indication of positive dependence. The
following proposition confirms that negative dependence can increase the order of
the fractional integration one can perform on a process Y.

Proposition 7.3.2. Let a stationary process Y be such that for some 0 < p < 2,
E|Y|P < oo. Suppose that (7.27) holds for some 6 > 0. Then for every 0 < d < 1
such that

1 0

d<2— ——— — —,
min(l,p) p

(7.30)

the series (7.4) converges in LP, and the resulting process X is a well-defined
stationary process.
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Proof. We consider the sum (7.4) for n = 0. For notational simplicity, we reverse
the time in the process Y. Note that marginally, the partial sums of the time-reversed
process have the same law as those of the original process, so condition (7.27) does
not change. The summation by parts gives us, for m, k > 1,

m+k m+k—1
Y Y
Z aiY; = Z (aj - aj+1)S; ) + am+kS,(nj_k — amS,(nY) . (7.31)
Jj=m+1 j=m

Note, first of all, that by (7.27) and (7.3),
E{anSle) |p <cen”@ Dy 0

as n — 00, since d < 1 — 6/p. Therefore, the last two terms on the right-hand side
of (7.31) converge to zero in I” as m — oo, uniformly in k£ > 1. We now consider
the first term on the right-hand side of (7.31). Suppose first that p > 1. We use
Theorem 10.7.1 with ¢ = 1 to obtain

p\ 1/p

m—+k—1 m—+k— 1/
Y
E E (aj_ajJrl)S;) E E|S ) " la; — a4
j:m =m

+

Z =) olp _ g

=m

| /\

as m — oo, because d < 1 —6/p. If 0 < p < 1, we proceed similarly, using the
bound

p

m+k—1 m+k—1
(Y) (¥)
Z (4j —a;+1)S;"| < Z laj — a1 71}
j=m j=m

This shows the L convergence, and stationarity is obvious. [

Note that if p < 1/2, then no d > 0 will satisfy the constraint (7.30), regardless
of how small 6 > 0 is. It turns out that in the case of very heavy tails, much of our
intuition about fractional integration turns out to be misleading, as the following
example demonstrates. It shows that in the case of very heavy tails, a stationary
stochastic process that can be integrated completely (with d = 1) may fail to allow
any fractional integration.

Example 7.3.3. Let Z be a sequence of i.i.d. symmetric random variables in the
domain of attraction of an «-stable law with0 < o < 2, andletY, = Z,—Z,—1, n €
Z. Then the process Y has marginal tails that are regularly varying with exponent
—o. see, e.g., Feller (1971). Furthermore, the partial sums of this process satisfy

") = 7, — Z,, which shows that (7.27) holds with any 0 < p <  and 8 = 0.



7.4 Comments on Chapter 7 245

Depending on the exact tails of the process Z, (7.27) may also hold with p = «, but
it cannot hold with p > «. In particular, if 0 < o < 1/2, then Proposition 7.3.2 does
not give any positive value of d for possible fractional integration. It turns out that
this is, in fact, the case: the process Y cannot be fractionally integrated, in spite of
the fact that it can be integrated with d = 1.

To see this, suppose that the process Y can be fractionally integrated for some
0 < d < 1, so that the series (7.4) converges in probability. Then the expression
on the right-hand side of (7.31) should converge to zero in probability as m — oo,
uniformly in k. Since a, — 0 as n — oo, the last two terms on the right-hand side
of (7.31) converge to zero in probability, so that the same must be true for the first

term. Since Sfly) = Z, — Z for all n, we conclude that the series

o0
> (aj—aj11)Z

j=1

converges in probability. This is a series of independent random variables, so that
by the It6—Nisio theorem (Theorem 10.7.6), this series must converge a.s. This is,
however, impossible, since by the Borel-Cantelli lemma, |Z;| exceeds j2 infinitely
often, while j?|a; — aj41| — 0o asj — oo by (7.18).

7.4 Comments on Chapter 7

Most of the discussion related to convergence of the series (7.4) and, in the case of
finite variance, to the behavior of the resulting covariance function, depends on little
more than the asymptotic order of the magnitude of the coefficients in the infinite
series (7.4) and their differences. The specific choice of the coefficients in (7.4),
with their relation to the generalized binomial formula, is attractive both because of
its intuitive meaning and because of parsimony arising from dependence on a single
parameter 0 < d < 1.

In practice, one often begins with an i.i.d. process Y or a stationary ARMA model
of Example 1.4.4; see Brockwell and Davis (1987). A stationary ARMA process Y
has exponentially fast decaying correlations, and Theorem 7.2.1 applies. The result-
ing fractionally integrated processes X are typically called ARI(integrated)MA pro-
cesses or, more explicitly, fractional ARIMA (or FARIMA, alternatively ARFIMA)
models, and were originally introduced in Granger and Joyeux (1980) and Hosking
(1981). Such models are popular because they are specified by the finitely many
parameters of the ARMA process Y, in addition to the single parameter d of
fractional integration.

Fractionally integrated processes, especially FARIMA models, have found
numerous applications in economics and econometrics; two examples are Crato
and Rothman (1994) and Gil-Alana (2004). In this area of application one
would like to combine fractional integration with the so-called clustering of
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volatility, or conditional heteroscedasticity. The standard (but nonfractional)
model with clustering of volatility is the Generalized AutoregRessive Conditionally
Heteroscedastic (or GARCH) process, introduced in Engle (1982) in its original
(nongeneralized) form and generalized in Bollerslev (1986). A possible way of
introducing clustering of volatility into a fractionally integrated model is to start
with a process Y in (7.4) that has the clustering of volatility property, for example
with a GARCH process. This approach is suggested in Hauser and Kunst (1998).
Even earlier on, an alternative model was suggested in Baillie et al. (1996). This
model directly combines fractional differencing/integration with the recursion for
computation of the conditional variance of each subsequent observation, and has
become known as a fractionally integrated GARCH (or FIGARCH) model. This
model has proved difficult to analyze; even existence of a stationary version of the
model that has desired properties is an issue. Recent progress has been made in
Douc et al. (2008); see also Zaffaroni (2004).

7.5 Exercises to Chapter 7

Exercise 7.5.1. Prove (7.15) and (7.19). You may need to use the fact that for 0 <
a<b,

. _ F'@r'®—a)
a—1 b
1+ dy = ————
/0 Y (I +y)dy )
Exercise 7.5.2. In Theorem 7.2.4, assume that S, is regularly varying with exponent
—0 € (—1,0). State and prove a version of part (b) of Theorem 7.2.3 that
corresponds to this negatively dependent case.

Exercise 7.5.3. Prove that (7.27) holds for some ¢ > 0 if one chooses 0 as in (7.28).
Prove also that for every 0 strictly smaller than the value given (7.28), there exists
a symmetric stationary process Y with E|Y|P < oo such that (7.27) fails, no matter
what ¢ > 0 is.

Exercise 7.5.4. Suppose that Y consists of symmetric i.i.d. random variables, and
E|Y|P < oo. Prove that (7.27) holds for some ¢ > 0 if one chooses 0 as in (7.29).
Prove also that for every 0 strictly smaller than the value given in (7.29), there exists
a symmetric i.i.d. process Y with E|Y|P < oo such that (7.27) fails, no matter what
c>0is.



Chapter 8
Self-Similar Processes

8.1 Self-Similarity, Stationarity, and Lamperti’s Theorem

The notion of self-similarity was already introduced in Section 3.5. Recall that a
stochastic process (X (1), 1 > 0) is called self-similar if for some H € R,

(X(ct), 1 = 0) £ ("X(1), 1 > 0) 8.1)

in the sense of equality of finite-dimensional distributions for every ¢ > 0. The
number H is the exponent of self-similarity, and we will often say simply that the
process is H-self-similar. The point t = 0 in the definition (8.1) of self-similarity is
clearly “separate.” If (X (1), t > 0) is a stochastic process satisfying the condition

(X(cr), 1> 0) £ ("X(1), t > 0) (8.2)

for all ¢ > 0, then extending the time domain of the process by setting X(0) = 0
will always result in a process on [0, 0o) satisfying the full condition (8.1). We will
use either of the definitions, (8.1) or (8.2), as appropriate. Sometimes it is even
appropriate to define self-similarity for stochastic processes indexed by the entire
real line, as opposed to its nonnegative half.

Self-similarity is an invariance property with respect to certain simultaneous
transformations of time and space. The following simple result connects the
property of self-similarity to the property of stationarity.
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Proposition 8.1.1. (a) Ler (X(1),t > 0) be H-self-similar. Then the process
(Y(t), te ]R) defined by

Y() = e X(e), t e R,

is stationary.
(b) Let (Y(t), t € ]R) be a stationary process, and let H € R. Then the process
(X(t), t> O) defined by

X(1) = y(logt), t > 0,

is H-self-similar.

Proof. Both statements are immediate consequences of the definitions of self-
similarity and stationarity. [

The transformations of self-similar processes into stationary processes and
conversely, as described in Proposition 8.1.1, are sometimes called the Lamperti
transformations. The following corollary is an immediate consequence of the
proposition and Theorem 1.3.3.

Corollary 8.1.2. Every measurable self-similar stochastic process (X 0, t> O) is
continuous in probability.

Note that appending the point ¢ = 0 by setting X(¢#) = 0 can destroy the continuity
in probability while preserving the measurability of the process.

Self-similar processes are ubiquitous in many areas of probability because they
arise in common functional limit theorems. In fact, in many cases they turn out to
be the only possible weak limits. The generic situation may be described as follows.
Let (U @), t> O) be a stochastic process. Let (a,,) be a sequence of positive numbers
increasing to infinity. Many limit theorems in probability theory are of the form

(aiU(m), > o) = (Y(1), t > 0) (8.3)

as n — 0o, at least in terms of convergence of finite-dimensional distributions and,
more frequently, in terms of weak convergence on an appropriate space of functions.

Example 8.1.3. Let X1, X5, ... be a sequence of random variables. Let Sp = 0 and
S, =X+ ...+ X, forn =1,2,.... If we define a stochastic process by U(t) =
Sisy» t = 0, then a typical functional law of large numbers or a functional central
limit theorem is a result of the type (8.3). Notice that this formulation does not
allow certain types of centering in a theorem.

Example 8.1.4. Let X1, X>, ... be a sequence of nonnegative random variables. Let
My = 0 and M, = max(Xy,...,X,) forn = 1,2,.... If we define a stochastic
process by U(t) = M|, t > 0, then a typical functional extremal limit theorem is a
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result of the type (8.3). Once again, this formulation does not allow certain types of
centering in a theorem.

It turns out that under reasonably weak assumptions, all possible limiting processes
Y in (8.3) are self-similar. Together with Example 8.1.4 and Example 8.1.3, this
explains the appearance of self-similar processes in functional central and extremal
limit theorems. The first result of this type was proved by Lamperti (1962) (in a
slightly different form, allowing extra centering). In particular, statements such as
our Theorems 8.1.5 and 8.1.6 below are often called Lamperti’s theorems.

Theorem 8.1.5. Let (U(¢), t > 0) be a stochastic process and a, T 0o a sequence
of positive numbers. Assume that (8.3) holds in terms of convergence of finite-
dimensional distributions. Assume further that the limiting process Y satisfies
P(Y(1) # 0) > 0 and is continuous in law. That is, for every k = 1,2,..., if
(s = (e te), then (Y)Y (YY) = (Y1), ... Y (1)
ThenY is H-self-similar for some H > 0, and the sequence (a,) is regularly varying
with exponent H.
Proof. Letk =1,2,.... Note that

1 1
—U(n) = —U(kn/k) = Y(1/k).

Ain Akn

If I = liminfa,/ay, and L = limsupa,/ay,, then the above and the obvious
expression

1 1 "

—U(n) = —U(n) =

Akn ay An

show that
d d
Y(1/k) =1Y(1) =LY(1).
Since P(Y(1) # 0) > 0, it follows that / = L, and hence the limit

o(k) = lim 2

n—>oo a,

(8.4)

exists. Note that if ¢(k) = oo, then

1 1 \
—Ulkn) = —U(kn) &= = 0
Akn ay Akn

in probability. Since the left-hand side above also converges weakly to Y(1), this
contradicts the nondegeneracy assumption on Y(1). Hence ¢ is a finite nondecreas-
ing function, with values in [1, 00), and forevery r > Oand k = 1,2, ..,

Y(kt) £ (k) Y (1) .
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This implies that for all k;, k, = 1,2, ...,
a o(ky)

Y(1) = Y(ky/ky) .
¢(k2) ( )
Since Y is continuous in law and P(Y (1) # 0) > 0, we conclude that
k
im 26 (8.5)
ke /li—>1 @(ky)
Next, we claim that
. ap
lim =1. (8.6)

n—o0 a}’l+1

By the monotonicity of the sequence (a,), it is enough to prove only the appropriate
statement about the lower limit. To this end, choose ki, k, = 1,2,..., k» > k;. Then
for large n,

Qn

k n
n4l< {—2 nJ which implies that — > .
ki nt1 "~ Al(ka/k)n)
Letjk; <n < (j+ 1)k forj = 1,2, .. .. Then, by the monotonicity of the sequence
(an), the above inequality implies
ay - ajkl

Ant1 — A(j+1)k,

However, for large j, (j + 1)k, < j(k, + 1), and so for large n,

G G p(ki)
A1 Gjllp+1) o(ky + 1)

as n, and hence j, increase to infinity. Therefore, for every kj, kr = 1,2, ..., ky > ki,

liminf & > _2&)
n—>00 anyy — @ky + 1)

Setting k, = ki + 1 and letting k; — co, we can use (8.5) to obtain (8.6).
Next we show that for every k;, k, = 1,2,.. .,

n k
lim “a/knl @(k) '
n—00 a, (p(kl)

8.7)

Indeed, as before, letting jk;, < n < (j + 1)k; forj = 1,2,..., we can use
monotonicity of the sequence (a,) and (8.6) to obtain

Aa/kin] _ AGtDk _ Gk Gaoth _ P(K2)
an Gy Ak iy p(ki)
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and

Alofkin) Gk _ Gk _d_ ¢ke)

ap T Aty Gk G+ k)

which proves (8.7). In particular, the ratio ¢(k;)/¢@(k;) cannot decrease as long as
ky/k; does not decrease.
Let ¢ > 0. We will check now that the limit

¥(c) = lim 2l (8.8)

n—>00 q,

exists. Indeed, by (8.7) and monotonicity of the sequence (a,),

k cn . n . k
elks) < liminf 2 < timsup 4 < fim k)
ka/kite @ (k1) n—>oo  q, n—oo  Qy ka/kide (k)

Moreover, it follows from (8.5) that the two limits above coincide. Therefore, (8.8)
follows. Clearly, v is a positive nondecreasing function, and (k) = ¢(k) for k =

1,2, .... Furthermore, for every ¢, c; > 0,
. Qe . Aloile

Y(cicz) = lim erean] > lim sup LerLean]]
n—>o00 a” H—>00 an

a a
= lim L1 Lean]] Lean] — w(cl)W(CZ)v

00 A cyn) an
and

aLCl(LCZ”JJ"l)J < liminf al_fl Lean) | +Ter]

Y(cicr) < liminf
n—00 a, n—00 a,

. A|cileon A|con] Alcy|ean ¢
= 1im tertend] Sen) Falenllfal — ey (ey),
n—>00 (|| an Alctlean]]

where in the last step we used (8.6). We conclude that

1//(C1C2) = W(C1)W(C2) for all C1,Cy > 0. (89)

Since Y is a monotone, hence measurable, function, it follows from (8.9) that
Y(c) = ! for some H > 0; see, e.g., Theorem 1.1.9 in Bingham et al. (1987).
Setting h(t) = ap for t > 1, we may use an argument identical to that used to
prove (8.9) to show that for every ¢ > 0,

h(ct) . e
im = lim
1—00 h(t) =00 qajy

=) =",
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which shows that %, and hence the sequence (a,), are regularly varying with
exponent H.

The final step is to prove the self-similarity of the process Y. We will show that
for every ¢ > 0,

( L Uenny. 1= 0) = (Y().120). (8.10)
fen)

Once this is established, the self-similarity of Y will follow from the obvious facts
that

(iU(cnt), t> O) = (Y(cr), t > 0),
an
and
(iU(cm‘), t> O) = (MLU(CHI), t> O) = (CHY(t), t> 0).
ay ap  Q|cn|

To prove (8.10), let k1, ky = 1,2,.... By taking the limit over the subsequence
n =jki,j=1,2,..., we see that (8.10) holds for every rational ¢ = k,/k;. Let (c;,)
be a sequence of positive rational numbers converging to c. By the continuity in law
of the process Y, we see that

(Y((c/cm)t), t > 0) = (Y(1), 1> 0)

as m — 00. Choose now f1, ..., t > 0. The regular variation of the function h(f) =
ajy,t > 1, implies that for every A > 0,

lim limsup P (

m—>00 ,_ 550

(U(cntl), e, (cntj))

>)L):O.

By Theorem 3.2 in Billingsley (1999), we conclude that

Alen)

(U(cntl), e (cntj)>

a Lemn]

(U(cntl), e, (cnt,-)) = (Y(ctl), o Y(ety)

Aen)

is R/, and so (8.10) follows. O

The second version of Lamperti’s theorem strengthens the assumption (8.3) to
continuous scaling. As a result, fewer a priori assumptions are required on the
limiting process Y.
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Theorem 8.1.6. Let (U(t), t > 0) be a stochastic process, and (A(L), A > 0) a
positive measurable function such that A(A) — 0o as A — 0o. Assume that

1
(mU(m, = o) = (Y(1). 1 > 0) (8.11)

as A — oo, in terms of convergence of finite-dimensional distributions, to a limiting
process Y such that P(Y(1) # 0) > 0. Then Y is H-self-similar for some H > 0,
and the function A is regularly varying with exponent H.

The proof is a simplification of the proof of Theorem 8.1.5, and is left as an exercise
(Exercise 8.7.1).

Self-similar processes arising as limits in a situation such as (8.3) often have
additional invariance properties. We begin with the property of stationary incre-
ments; see Definition 1.1.8. The first statement is obvious.

Proposition 8.1.7. Suppose that (8.3) holds and the process U has stationary
increments. Then so does the process Y.

The next proposition addresses the situation of Example 8.1.3. Note that
Proposition 8.1.7 does not directly apply in this case.

Proposition 8.1.8. Let X|,X,... be a stationary stochastic process, and define
ur) = Sy = Xi+ ...+ Xyt = 0. Let a, — 00 be a sequence of
positive numbers, and assume that (8.3) holds. Then the process Y has stationary
increments.

Proof. Fixs > 0, m > 1, and positive 71, . .., t,,. Notice that by stationarity,
(U(n(tl + s)) —U(ns), ..., U(n(tm + s)) - U(ns))

= (XL,”H_] F o Xpns)s o Xppft + -+ XL,UWMJ)
(X 4+ Xt X0 F o+ X))

1
= (U(ntl), Cee U(I’llm)> + a_(XLV!IIJ'HG”J’XLnlmJ-i-l@"qm)’

where 6,1, ..., 6, are numbers taking values in {0, 1}. Since a,, — o0, it follows
from (8.3) that the expression on the left-hand side converges weakly to (Y (11 +s)—
Y(s),....Y(tn +5) =Y (s)), while the expression on the right-hand side converges
weakly to (Y (t1))—=Y(),...,Y(t,) — Y(O)). Therefore, the two limits have the same
laws, which proves the stationary of the increments of the process Y. [J

An invariance property analogous to the stationarity of the increments, but more
appropriate to the case of the partial maxima described in Example 8.1.4, is given
in the following definition.
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Definition 8.1.9. A stochastic process (X (0, t> O) has stationary max-increments
if for every s > 0, there exists, perhaps on an enlarged probability space, a stochastic
process (X ®) (), t> 0) such that

(X9 (@), 1= 0) £ (X(1), 1 = 0),

X(t+9), 1> 0) L (X(s) VX (1), 1> 0). (8.12)

The following statement is analogous to Proposition 8.1.8.

Proposition 8.1.10. Let X, X>, ... be nonnegative random variables forming a
stationary stochastic process, and define U(t) = M|;) = max(X,...,X|;)), t > 0.
Let a,, — o0 be a sequence of positive numbers, and assume that (8.3) holds. Then
the process Y is continuous in probability and has stationary max-increments.

Proof. First of all, it is not difficult to check that with A(A) = a, ifn—1 < A <
n,n = 1,2,..., the process U satisfies the continuous scaling assumption (8.11)
(Exercise 8.7.3). If the limiting process Y is the zero process, then the claim of the
proposition is trivial. If it is not the zero process, then Theorem 8.1.6 applies, and we
conclude that the process Y is self-similar with exponent H > 0. If Y is a constant
process, then once again, the claim of the proposition is trivial. Assume that this is
not the case. Then the exponent of the self-similarity H is greater than zero.
For every 0 < #; < t, and n large enough, by stationarity,
1 1 st 1
" (M) = Myy)) = P Xi = a—”M L2n(t2—11)] -
Taking weak limits, we see that the difference Y(f,) — Y(#1) is nonnegative and
bounded stochastically by Y (2 (tz—tl)). Therefore, it follows from the self-similarity
of (Y(¢), t > 0) with H > 0 that it is continuous in probability.
It remains to check the stationarity of the max-increments. Let r > 0, and

t;>0,i=1,...,k, for some k > 1. Write
) ) \/ ! X, i=1 k (8.13)
— n(ti+r)| = — nr — max i, l=1,...,K. .
a, Lntaitn)] a, Lor] a, nr<j<n(ti+r) !

By the assumption of the theorem and stationarity of the process (X1, X>, .. .),

1
—M|,y = Y(r) inR,
a

n

(i max Xji=1,...,k):>(Y(t1),...,Y(tk)) in R

ay, nr<j<n(ti+r)

as n — oo. Since every weakly converging sequence is tight, and a sequence with
tight marginals is itself tight, we conclude that

1 1
(—MLnrJ, (— max X; i=1,...,k>)
a a, nr<j<n(ti+r)

n
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is a tight sequence in R x R¥. This tightness means that for every sequence
n, — 00, there exist a subsequence n,,; — oo and a k-dimensional random vector

(Y(’)(tl), e, Y(’)(tk)) £ (Y(tl), e, Y(tk)) such that as [ — oo,

1 1
(_Man(/)rJ’ (— max X, i=1,... ,k)
An,yp Apy M) <J<nim(py (i)

= (Y(r), (Y. ... Y(’)(tk))) .

Letnow t;, i = 1,2,..., be an enumeration of the rational numbers in [0, 00).
A diagonalization argument shows that there exist a sequence n, — oo and

a stochastic process (Y(x), i = 1,2,...), with (Y(z;),i = 1,2,...) 4
(Y(r;). i =1,2,...), such that
1 1 .
My ( max X, i=12,...) (8.14)
anm anm Mt <J<mm (Ti +’)

= (Y(r), (YO (g, i = 1,2,...))

in finite-dimensional distributions, as m — oo. Obviously, the stochastic process
(Y(’)(r,-), i = 1,2,...) has sample paths that are, a.s., nondecreasing on the
rationals. We can therefore extend the process Y to the entire positive half-line
by setting

1
Y<’>(;)=E( lim YY)+ lim Y(’)(r)), 1>0.

741, rational T t, rational

The continuity in probability implies that this process is a version of (Y (¢), t > 0).
This continuity in probability, (8.14), and monotonicity imply that as m — oo,

( : My, ry- ( L max Xj. 1= 0)) = (Y(r), (YO, t> o))

anm anm My <j<ny (t+r)
(8.15)

in finite-dimensional distributions. Now the stationarity of max-increments follows
from (8.13), (8.15), and the continuous mapping theorem. [

8.2 General Properties of Self-Similar Processes

In this section, we explore the general properties of stochastic processes that are
self-similar, or are both self-similar and have stationary increments. We will use
certain common abbreviations. Thus, a self-similar process with be often called an



256 8 Self-Similar Processes

SS process, or an H-SS process if we want to emphasize the exponent H of self-
similarity. Similarly, a self-similar process with stationary increments will be often
called an SSSI process, or an H-SSSI process.

We begin with a simple statement about inclusion of time zero in the domain of
the process.

Lemma 8.2.1. Let (X 0, t> 0) be self-similar with exponent H # 0. Then X(0) =
0a.s.

Proof. By self-similarity,
X(0) = X(c-0) £ ¢"X(0)

for every ¢ > 0. Letting ¢ — 0 if H > 0 and ¢ — oo if H < 0 proves the claim. (I

It is clear that there are many H-SS processes (X(t), t > 0) with an arbitrary
H € R; the deterministic process X(f) = 7, t > 0, provides one example. Once
we insist on the property of stationary increments as well, the domain of the Hurst
exponent becomes, apart from a small number of mostly degenerate examples, much
smaller.

Lemma 8.2.2. Let (X ®,t> 0) be an H-SSSI process with H < 0. Then X is the
zero process, i.e., P(X(t) = 0) = 1 for each t > 0.

Proof. By self-similarity,
X(0) £ 1X(1) > 0

in probability as t — oo. By Lemma 8.2.1 and the stationarity of the increments,
for every t > 0,

X(1) = X(1) — X(0) £ X(t + b) — X(b)

for every b > 0. Letting b — oo shows that X(¢) = 0 a.s. O

Lemma (8.2.2) rules out a negative Hurst exponent for a nontrivial H-SSSI
process. The following example shows that there exist nontrivial H-SSSI processes
with H = 0.

Example 8.2.3. Let (X 0,1t > O) be an (uncountable) collection of i.i.d. random
variables as in Example 1.3.1. This process is trivially self-similar with H = 0. It is
also a stationary process, hence a process with stationary increments.

The uncountable collection of i.i.d. random variables in this example is an “ugly”
process. Since this process is stationary but not continuous in probability (unless the
i.i.d. random variables are equal to a constant), it follows from Theorem 1.3.3 that
this process is not even measurable. It turns out that only trivial H-SSSI processes
with H = 0 are measurable.
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Proposition 8.2.4. Ler (X(1), t > 0) be a measurable H-SSSI process with H = 0.
Then X is a constant process, i.e., P(X(t) = X(0)) = 1 for each t > 0.

Proof. Lett > 0 and ¢ > 0. Using first stationarity of the increments, then self-
similarity, and then once again stationarity of the increments, we have

X(c+1)—X(10) £ X(c+e)—X(©) £ X1+ 1) —X(1) £ X(1) — X(0).

Since the process X is measurable, Theorem 1.3.3 implies that it is continuous in
probability. Letting ¢ | 0, we immediately conclude that P(X(1) = X(0)) = 1. By
self-similarity, P(X(¢t) = X(0)) = 1 forall¢t > 0. O

Lemma 8.2.2 and Proposition 8.2.4 show why in most applications we encounter
only H-SSSI processes with H > 0. In the remainder of this section we will consider

only this range of the exponent of self-similarity. The first property of such processes
is elementary.

Lemma 8.2.5. Every H-SSSI process with H > 0 is continuous in probability.

Proof. Let (X(t), t> O) be an H-SSSI process with H > 0. For every s,¢ > 0 and
& > 0, using first stationarity of the increments together with Lemma 8.2.1 and then
self-similarity, we see that

P(IX(1) = X(s)| > &) = P(IX(|t — s])| > &) = P(|t — s|"|X(1)| > &) > 0

as |t — s| — 0, whence the continuity in probability. OJ

It turns out that finiteness of certain moments of H-SSSI processes constrains
how large the exponent H can be.

Proposition 8.2.6. Ler (X(r), t > 0) be an H-SSSI process such that P(X(1) #
0) > 0.

(a) Suppose that E|X(1)]Y < oo for some0 <y < 1. Then H < 1/y.
(b) Suppose that E|X(1)| < co. Then H < 1.

Proof. Since part (b) of the proposition is a trivial consequence of part (a), it is
enough to prove the latter. Let

Ai={X({)—X(i-1)#0}, i=12,....

It follows from Lemma 8.2.1 and stationarity of the increments that for every i =
1,2,..., we have P(A;) = p > 0, where p = P(X(1) # 0). If n > 1/p, then the
events Ai,...,A, cannot be disjoint up to sets of probability zero, so that there are
different numbers 1 < ji, j» < n such that P(A;, N A;,) > 0. Consider the identity

)

n

D (X)) —X(@i - 1))

i=1

E(X(m)]") = E(
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A simple concavity argument shows that for all real numbers a, . .., a,, we have
|al + _”an|}/ = |al|y +...F |an|y ’

and the inequality is strict unless at most one of the numbers ay, . .., a, is different

from zero. That is,

n 14

> (x() - x(i— 1)

i=1

<> |xG) - X6 -],

i=1

and the inequality is strict on a set of positive probability (at least on the set A;, NA;,
above). Therefore, by the stationarity of the increments,

E(X()|) <E (Z |X (i) — X (i — 1)|V) = nE(IX(1)]").

i=1
Since by self-similarity,
E(X(m)[") = nE(IX(D]"),
and moreover,
0<E(IX()]") < o0,

we conclude that H < 1/y, as claimed. OJ

Corollary 8.2.7. Let (X(t), t > O) be an SaS H-SSSI process, H > 0,0 < o < 2.
Then the exponent H of self-similarity must be in the range

(0,1/a]if0<a§1,

H e
(0,1 ifl<a<2.

(8.16)

Are the bounds on the value of the exponent of self-similarity in Proposition 8.2.6
and Corollary 8.2.7 the best possible?

Example 8.2.8. SaS Lévy motion The law of a Lévy process (X(t), t > O) is
determined by the one-dimensional distribution of X(1). Let us choose the latter
such that for some 0 < @« <2 and o > 0,

Ee™0 = (B = ¢ 1" g eR, 1> 0. (8.17)

Then X(1) is an SaS random variable if 0 < « < 2, and a zero-mean normal random
variable if « = 2. In the former case, the Lévy motion is an SaS Lévy motion,
while in the latter case, it is a Brownian motion. By definition, these processes have
stationary increments. They are also self-similar with H = 1/«. To see this, note
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that for every ¢ > 0, the two processes in (3.71) are both Lévy motions, so we need
to check only that they have the same one-dimensional marginal distribution at time
t =1.By (8.17),

EeiGX(ol) — e—ca“lﬂl“ — e—(c‘HU)aWa — Eei(CHQ)X(l) ,

as required.

Let now 0 < y < 1. An SaS Lévy motion with y < o < 2 is a self-similar
process with stationary increments and a finite absolute moment of order y; see
Example 4.2.8. The exponents of self-similarity H = 1/« in this family fill the
interval (1/2, 1/y). The fractional Brownian motion of Example 3.5.1 is a Gaussian
process, and hence all of its absolute moments are finite. It is also an H-SSSI process
with exponent of self-similarity anywhere in the range (0, 1). Since the union of the
intervals (1/2,1/y) and (0, 1) is the interval (0, 1/y), we conclude that for every
H in this interval, there is a nondegenerate H-SSSI process with a finite absolute
moment of order y. Therefore, the bounds on H in part (a) of Proposition 8.2.6 are
the best possible.

The fractional Brownian motion of Example 3.5.1 also provides an example of a
finite-mean H-SSSI process with any exponent of self-similarity in the range (0, 1).
Part (b) of Proposition 8.2.6 allows the value H = 1 as well. Such an H-SSSI
process is the straight-line process in Example 8.2.9 below.

The bounds on H in Corollary 8.2.7 are also the best possible. The linear
fractional symmetric stable motion of Example 3.5.2 and harmonizable fractional
stable motion of Example 3.5.4 allow any H € (0, 1), regardless of the value of «,
and the straight-line process of Example 8.2.9 below has H = 1, again regardless
of the value of «. Finally, if 0 < o < 1, then the FBM-local time fractional stable
motion of Example 3.5.5 allows any H € (1, 1/«).

Example 8.2.9. Let X(1) be an arbitrary random variable. Then the process X(¢) =
tX(1), t > 0, is obviously an H-SSSI process with H = 1.

If X(1) has a finite mean, then the straight-line process of Example 8.2.9, together
with the fractional Brownian motion, shows that the bounds on H in part (b) of
Proposition 8.2.6 are the best possible as well. The straight-line process is, however,
a degenerate process, so one may wonder whether there exist nondegenerate
examples of this type. It turns out that the answer is no, and the validity of this
statement does not even require finiteness of the mean of the process X. Only
existence of the mean is required, as was shown in Vervaat (1985).

Recall that a random variable X has a mean if either EX; < oo or EX_ < 00,
but not necessarily both.

Proposition 8.2.10. Let (X(1), t > 0) be an SSSI process with H = 1 such that
X(1) has a mean. Then X is a straight-line process.

Proof. By self-similarity, X(n)/n Lx (1) for all n > 1. Since the increment process
X is stationary and has a mean, it follows from the pointwise ergodic theorem (2.7)
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and Exercise 2.6.5 that

X (n)

- - Z X(j) — X(i— 1)) = Z Y, - E(Yl‘IY) (X(l)’IY>

with probability 1, where Zy is the invariant o-field for the increment process
Y, = X() —X(— 1), j = 1,2,.... We conclude that X(1) < E(X(1)|Zy).
By Lemma 8.2.11 below, this implies that X(1) is measurable with respect to the
completion of Zy. Since the observation ¥} = X(1) of the stationary process Y is
measurable with respect to the completion of the invariant o-field Zy for the process

Y, it follows that Y1 = Y, = ... with probability 1, and so X(1) = X(n) —X(n—1)
a.s. for all n > 1. That is, X(n) = nX(1) a.s. for every n = 1,2,.... Rewriting
this in the form X(n)/n — X(m)/m = 0 a.s. for all n,m = 1,2,..., we can use the

self-similarity to see that X(n/m) — (n/m)X(1) = O a.s. foralln,m = 1,2, ..., and
so the relation X(f) = #X(1) a.s. holds for every rational + > 0. Since the process
X is, by Lemma 8.2.5, continuous in probability, we can extend this relation to an
arbitrary ¢ > 0 by selecting a sequence of rational numbers converging to ¢. [

Lemma 8.2.11. Let X be a random variable with a mean on a probability space

(Q ,F, P). Let G be a sub-o-field of F. If X £ E(X|Q) then X is measurable with
respect to the completion of G.

Proof. Assume that EX_ < oo. It follows from the assumptions that |E (X |Q)| < 00
a.s. Fora € R, let

1 .
l—m]fxz—a,

¢a0) = xX+a ifx < —a.

Notice that ¢, is a concave function that is, moreover, strictly concave on (—a, 00).
Moreover, E ‘goa(X)] < 00, and the assumption of the lemma shows that

Pa(X) £ %(E(Xlg)) . (8.18)
By Jensen’s inequality for conditional expectations, we obtain
va(E(X19)) = E(ga(X)19) as. (8.19)

for every a € R.
Suppose that there are s < ¢ such that

P(w: P(X <5G) > 0, P(X > 11g) > 0) > 0. (8.20)
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By the continuity from below for conditional and unconditional probabilities, there
is —oo < b < s such that

P(w: P(b <X =5G) > 0, P(X > g) > 0) > 0. (8.21)

Let €2, be the event of positive probability in (8.21), and choose a > —b. Let
U (-, ) be the regular conditional distribution of X given G. It follows from (8.21)
that for almost every w € Qp,, p(-, @) assigns positive values to both (b, s) and
(t, 00). Since the function ¢, is strictly concave on (—a, 00) D (b, 00) and (-, w)
assigns a positive value to that interval, and is not a point mass there, it follows that
Jensen’s inequality is strict: for almost every w € €24,

%(E(Xlg)) = @a (/_:xu(dx, a)))

> / " ) 1l ) = E(@a(019)

—00

That is, the inequality (8.19) is strict on a set of positive probability, and hence

E[¢u(E(X19)) ] > E[E@(019)] = E. (0.
This contradicts (8.18), and hence there are no numbers s < ¢ for which (8.20)
holds. This means that there is an event ¢ € G with P(Qo) = 0 such that for every
w ¢ Qo and rational numbers 7; < 1, either P(X < 11|G) = Oor P(X > 1,|G) = 0.
The statement of the lemma will follow once we prove that for every rational
7, the event {X < ‘L'} is in the completion of the o-field G. This last claim is an
immediate consequence of the following property, which we presently prove:
if A={w: X(w) <t} and B={w: P(X < 1|G), > 0}.
then P(AAB) = 0. (8.22)
Indeed, one the one hand,
P(ANB) = E[lP(xsr\g>=oP(X = Tlg)] =0.
On the other hand,
P(A° N B) = P({X > 7. P(X = 7|9) > 0} N %)

= 1im P({X > 7+ 1/n, P(X = 7IG) > 0} N )
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However, by the definition of the event €2, for every n > 1,
p({x >t+1/n, P(X <7|G) > 0} N Qg)
= E[1pix=rigr-o 1ay P(X > T+ 1/n/G) | = 0.

Therefore, P(AC N B) = 0, and (8.22) follows. 1

Nondegenerate H-SSSI processes with a finite mean must therefore satisfy 0 <
H < 1. For such processes, we have the following easy statement.

Lemma 8.2.12. Let (X(t), t > 0) be an H-SSSI process with 0 < H < 1 and a
finite mean. Then EX(1) = 0.

Proof. The statement follows from the fact that EX(2) is a finite number that is equal
to both 27 EX(1) by self-similarity and to 2EX(1) by the stationarity of increments.
|

The correlation function of a finite-variance H-SSSI process turns out to be
uniquely determined by the exponent of self-similarity H.

Proposition 8.2.13. Let (X(1), t > 0) be a finite-variance H-SSSI process, 0 <
H < 1. Let 0> = EX(1)% Then

2
Cov(X(s), X(1)) = % [P+ 52 — |t —s]"], 5,6 > 0. (8.23)
Proof. By the stationarity of the increments and self-similarity, for 0 < s < 1,
E(X(1) — X(5))* = EX(1 —5)* = (1 — )0

Now (8.23) follows from the obvious identity
1
Cov(X(9).X(1)) = 3 [EX(!)2 + EX(5)> — E(X() — X(s))z] .

|

Since the covariance function uniquely determines the law of a centered Gaussian
process, it follows immediately that up to a scale factor, the law of a Gaussian H-
SSSI process is uniquely determined. We saw in Example 3.5.1 that a Gaussian
H-SSSI process in fact exists, and it is a fractional Brownian motion. Its covariance
function is, by necessity, given by (8.23). This shows, in particular, that the function
on the right-hand side of (8.23) is nonnegative definite.
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8.3 SSSI Processes with Finite Variance

We saw in Proposition 8.2.13 that all H-SSSI processes, 0 < H < 1, with finite
variance share the same covariance function, given by (8.23). This guarantees, of
course, that there is a unique H-SSSI Gaussian process for each 0 < H < 1, namely
the fractional Brownian motion. Are there non-Gaussian H-SSSI processes with
finite variance?

There are multiple ways by which such processes can be constructed; the
simplest is to take a fractional Brownian motion (BH(t), t > 0) and a random
variable A independent of it. Then the process

X(t) = ABy(1), t > 0, (8.24)

is clearly an H-SSSI process. It has a finite variance if A does. In this section,
we will concentrate instead on a particular class of H-SSSI processes with finite
variance, those given as multiple integrals with respect to a Brownian motion; see
Section 10.6. Such processes are often constructed by starting with a representation
of the fractional Brownian motion as described in Example 3.5.1 and extending it
appropriately.

Letk > 1,and 0 < H < 1. Suppose that a family of kernels ka) . R > R,
t > 0, has the following properties. For every ¢t > 0, Q;k) € L*(R¥, A;). Furthermore,
forall0 <s<tandc > 0,

,(k)(xl, ce Xg) — ng)(xl, ce X)) = fo)s(xl — 8, Xe—S), (8.25)

and
§’," (ext,y ..., cxp) = CH_k/zQ,(k) (X150, Xt) (8.26)
for almost all (xy, ..., x;). Let B be a standard Brownian motion, which we view as

a Gaussian random measure on R; see Examples 3.2.3 and 3.2.4. We define

o0 o0
x® () = / / O® (1, ..., x) B(dx) ... B(dxy), t>0. (8.27)
—00 —00
Theorem 8.3.1. The process X in (8.27) is a well-defined H-SSSI process, and
its increment process X; = X® (i) = X® (@G — 1), i = 1,2, ... is a stationary mixing
process.

Proof. The fact that the process X¥) is well defined follows from Proposition 10.6.1.
We will prove its self-similarity; the stationarity of the increments can be proven in
a similar manner. Let ¢ > 0. We need to check that for every j = 1,2... and
0<n<...<t,

(X®(ctr), ..., X (cty)) 4 ("XBO @), ... xD (1)) . (8.28)
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To this end, choose for each i = 1,...,j a sequence of simple functions (f,n n=

1,2,.. ) vanishing on the diagonals such that f; , — Q;ik) in L2(R¥, A;) as n — oo.
Proposition 10.6.1 tells us that this is possible, and it also tells us that

/; f_ fin(x1, ..., xx) B(dxy) . .. B(dxy)
- / / 0¥ (x1.....x) B(dxy) ... B(dxy)

inL? asn — oo fori = 1,...,j. Furthermore, each scaled function f;,(-/c, ... ,-/c)
is also a simple function that vanishes on the diagonals. It is clear that we also have

fin(-feooo-[c) = Q(k)( -Je,...,+/c) in L*(R, Ay), implying that
/ / xl/c xk/c) B(dxy) ... B(dxy)

_>/ / Q(k) xl/C,..-,Xk/C)B(dX1)...B(dxk)

inL?asn —oofori=1,...,j.
Foreveryi = 1,...,j, we can use (8.26) to obtain

X® (ct)) = M k/z/ / Q(k) xl/c, . ,xk/c) B(dxy) ... B(dxy)

n—>o0

= 72 lim / / xl/c xk/c) B(dxy) ... B(dxy).

Suppose that the simple function f; , is given by

fm(xl, - ,xk) = Z - Z a,-,n(ll, ey lk)l()q € A;ln) l(xk € Al n)
I1=1 L=1
for some r;, > 1, some array (a,-,,, (Li,..., lk)), and some disjoint Borel sets

A’;’", e vAi’,-l_; of finite Lebesgue measure. Then by Proposition 10.6.1 and the 1/2-
self-similarity of the Brownian motion, we have, with convergence in 12,

(X(k)(ctl), ... ,X(k)(ctj))

" Iln

= (k2 nl_i)rgo( D) ana(l . )B(AL") . B(cAL").

h=1 k=1
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Tjin Tjn
Z . Z Llj’n(ll, e, lk)B(cAJl'ln) .. B(CAG;(n))

=1 L=1
'ln l.n

4 H—k/2 1: 1/2 L.n 1/2 1,

Iy /ngrgo(lzl...lzlal,n(zl,...,mc/B(All)...C/B(A,;),...,
1= k=

Tin Fim
Do 2l ) B(ATT) cl/zB(A-f;n))

L=1 k=1
=AxPw), ... x0@1).
thus proving (8.28).
Since the stationarity of the increment process X follows from the stationarity of

the increments of the process X®, it remains only to prove mixing of the process
X. Forn =0, £1, £2, ..., consider the increments of the Brownian motion

Au(i,m) :=B(n+i27") = B(n+ (i—1)27"),

m = 1,2...,and i = 1,...,2". Choose positive constants (a(i, m), m =
1,2...,i= 1,...,2’”) such that

(X} 2’”

D0 ali.m)*Ayi.m)* < oo

m=1 i=1

a.s. for all n. By identifying {(m.i) : m = 1,2,...,i=1,...,2"} with N, we can
view

aA = ((a(i,m)A,,(i,m),m: 1,2,...,i= 1,...,2’"), nEZ)

as a two-sided sequence of i.i.d. random vectors in /2.
Note that by (8.25),

X,,=/ / QP (i, ... x) — 0P (a1, - .. x)) B(dxy) . . . B(dxy)
* > (8.29)

=/_ /_ 0900 — (n=1),.. . 3 — (n— 1)) B(dx1) ... B(dxy).

n=1,2,.... Select a sequence of simple functions (f;,) vanishing on the diagonals
such that f,, — Q(lk) in L>(R¥, 1;). Note that we can select the functions (f,,) in such
a way that each function is of the form

T'm

fm(xl,...,xk) = Z...Zam(ll,...,lk)l(xl EAZL)...I()C/< GAZZ),

h=1 k=1
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and each set A; is a binary interval of the type (i2_k , j2_k) for some i < j in Z and
k > 1. Select a subsequence of (f;,) if necessary to achieve the a.s. convergence in

/_ /_ fuxr—(m=1),...,x— (m—1)) B(dxy) ...B(dx;) (8.30)
—>/Oo /Oo oW (x; —(n—1).....x— (n— 1)) B(dxy) . .. B(dxy)

for each n € Z as m — oo. Let 6 be the left shift on (?)Z. For each m, because of
the form of the function f,,, we have

/ / fuxr—(m=1),...,x— (m—1))B(dxy)...B(dx;) = (pm(G”(aA)),

where ¢, : > — R is a measurable function. It follows from (8.29) and (8.30) that
there is a measurable function ¢ : /> — R such that X, = (p(@” (aA)) for every
n = 1,2.... The left shift on a sequence space with respect to a probability measure
generated by an i.i.d. sequence is mixing. We can now apply Proposition 2.2.4 to
conclude that the process X,, = (p(@”(aA)), n € 7 is mixing as well. O

Example 8.3.2. The Rosenblatt—Mori—Oodaira kernel. Let 0 < H < 1. For k =
1,2,...,and 1/2 <y < 1/24+1/(2k), H + ky # 1 + k/2, let

k

;k)(xl, ce X)) = /oo H(v —xj)_y

max{xj,....xx } j=1
(|U|H+ky—1—k/2 _ |U _ t|H+k)/—l—k/2) dv ,
t > 0. Itis elementary (if a bit tedious) to check that this kernel is in L? (Rk, Ai). The
fact that this kernel has the properties (8.25) and (8.26) is obvious.

More kernels satisfying the conditions of Theorem 8.3.1 can be created, starting
with the explicit form of one-dimensional kernels in (3.74) and (3.75) and extending
that to several dimensions. Our next examples are of this type.

Example 8.3.3. The Taqqu kernel. Let 1/2 < H < 1. For k > 1, set
T (1/2+(=H)/k)
k —(1/24+(1-H
Q,()(xl,...,xk)=/ H((U—Xj)+) dv,
0
j=1

t > 0 (notice that the integral vanishes unless max(xi,...,x;) < t.) Once again,
b e [2(RK, 1) for all # > 0, and (8.25) and (8.26) hold.

One can define a version of the process X corresponding to the kernel in
Example 8.3.3 in the case 0 < H < 1/2 as well.
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Example 8.3.4. Let0 < H < 1/2.Fork > 1, set for t > 0,

oo k

}k)(xl, ce X)) = l(max(xl,...,xk) < t)/ H(v —xj)f(l/z“lfm/k)dv

O

o k
— 1(max(xy, ..., x) < 0) / H(v — xj) 2=/ gy,
0

j=1

Then Qﬁk) e L*(R¥, Ay) for all # > 0, and (8.25) and (8.26) hold. If k > 2, then this
kernel works in the entire range 0 < H < 1.

Like all other multiple Wiener—Itd integrals with respect to the Brownian motion,
the H-SSSI processes defined by (8.27) with kernels in L?>(R¥, A;) satisfying the
conditions (8.25) and (8.26) (such as given, for instance, in Examples 8.3.2, 8.3.3,
and 8.3.4) have finite moments of all orders. They must share with the fractional
Brownian motion its correlation function, but they are not Gaussian processes if k >
2. In fact, they can be viewed as polynomials of order & in the Brownian motion, and
are said to be in the kth Gaussian chaos, using the terminology of Wiener (1938).

Suppose now that we have, for each k > 1, a kernel (ka) ) as above. Let (a;) be
a sequence of real numbers such that

S oo 00/7
Zaik'/ / ,()(xl,...,xk)zdxl...dxk<oo,
k=1 o —

where Q;k) is the symmetrization of Q,(k); see Section 10.6. Then the series defining
the process

X(@t) = Zak/w /w 0P (x1, ..., xx) B(dxy) ... B(dxy), (8.31)
k=1 % B

t > 0, converges in L?; see Proposition 10.6.1.

Proposition 8.3.5. The process X in (8.31) is a well-defined second-order stochas-
tic process. It is H-SSSI, and its increment process is a stationary mixing process.

Proof. The fact that X has finite variance follows from the L? convergence of the
series defining it. The rest of the statement can be established in a manner similar to
the argument in the proof of Theorem 8.3.1. [J

Of course, the process in (8.31) can no longer be viewed as a polynomial
functional of the Brownian motion unless only finitely many of the numbers (ay)
are different from zero.

Even more versions of H-SSSI processes with finite variance can be introduced
by replacing some of the repeated Brownian motions in (8.27) with independent
Brownian motions or, more generally, with correlated Brownian motions. We will
not pursue this point here.
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8.4 SSSI Processes Without a Finite Variance

The most common SSSI processes without a finite variance are SaeS SSSI processes.
Examples in Section 3.6 provide three different classes of such processes: linear
fractional symmetric stable motions, harmonizable fractional stable motion, and
FBM-local time fractional stable motions. Recall that all these processes reduce
to the fractional Brownian motion in the Gaussian case, but are different processes
in the proper a-stable case, 0 < o < 2. More classes of SaeS SSSI processes exist.
One more such class is described in the next example.

Example 8.4.1. A subordinator is a Lévy motion of Example 3.1.2 whose sample
paths are nondecreasing. The only stable processes among subordinators are those
with stability index strictly smaller than 1, the Lévy measure concentrated on the
positive half-line, and nonnegative shift. Strict stability requires the shift to vanish;
see Bertoin (1996). For 0 < B8 < 1, let (S,g (1), > 0) be a strictly fB-stable
subordinator. It has a Laplace transform of the form

Ee 950 = exp{—aP10P}, 6 >0, 1> 0, (8.32)
for a positive constant a. We define the inverse process of the subordinator by
Mp(1) = S5 (1) = inf{u>0: Sp(u) > 1}, >0, (8.33)

and call it the Mittag-Leffler process. Since the stable subordinator is obviously self-
similar with exponent 1/8, it follows from Exercise 8.7.8 that the Mittag-Leffler
process is self-similar with exponent S.

The marginal distributions of the Mittag-Leffler process are the Mittag-Leffler
distributions. They have all moments finite. Moreover, if we standardize the stable
subordinator by choosing the scaling constant in (8.32) to be a = 1, then

o0 9 /3 n
Eexp{0Mp()} =) I‘((%)nﬁ)

n=0

0 e R; (8.34)

see Proposition 1(a) in Bingham (1971). The Mittag-Leffler process has a continu-
ous and nondecreasing version; we will always choose such a version.

We now introduce the process we call the B-Mittag-Leffler fractional SaS motion.
Once again, we start with a probability space (', F’, P’) supporting a Mittag-
Leffler process (Mﬂ (1), t> O). Let v be a o-finite measure on [0, co) with

v(dx) = (1= B)xP dx.
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Letting M, g be an SaS random measure on Q" x [0, c0) with modified control
measure P’ x v, we define

Ya'ﬁ(t)Z/Q o )Mﬂ((t—x)Jr,a)’)Ma,,g(dw’, dx), t>0. (8.35)
’x[0,00

This process is well defined, since by the monotonicity of the Mittag-Leffler process
and the fact that Mg(0) = 0, we have

/ Mp((t — x)+, @) P (dw)v(dx) < ' PEMg(H)* < 0.
[0.00) Jo/

Further, by the B-self-similarity of the process Mg, we have for every k > 1,
fi...ty >0,and ¢ > 0, for all real 04, ..., 6,

k
Eexpii Z 0,Yq p(ctj)
j=1

k
> 0Mp((ct; — x)+)‘ (1= B)xPdx
j=1

o0
=exp —/ E
0 =

00
=exp _Cl—ﬂ+aﬂ/ E
0

k
> 6M5(( =) (1= By
j=1

k
=FEexp iZQjcﬁHl_’g)/O‘Ya,ﬁ(tj) ,

J=1

which shows that the B-Mittag-Leffler fractional SoeS motion is self-similar with
H = B+ (1—p)/«. This process also has stationary increments; see Exercise 8.7.9.

We will check next that the -Mittag-Leffler fractional SaS noise, the increment
process of the B-Mittag-Leffler fractional SaeS motion, like the increment process
the FBM-local time fractional stable motion, is generated by a conservative null
flow. The increment process of the f-Mittag-Leffler fractional SaeS motion has the
representation

X, =/Q/ , )(M,s((n+1—x)+»w’)—Mﬁ((n—X)+,w’))Maﬂ(dw/» dx),

n=0,1,.... We begin by showing that for every x > 0, on a set of P’ probability 1,

lim supM/g((n +1-x)4)— Mﬂ((n —x)+) >0. (8.36)

n—>oo
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To see this, note that a positive stable random variable has positive density on
(0, 00), so the probability

P'(Sg(1) € (a.a+ 1/2), Sg(2) —Sp(1) < 1/2))

is, as a function of 0 < a < 1, bounded from below by some strictly positive
number, say y. Translated to the language of the Mittag-Leffler process, this implies
that

P'(Mgla+ 1) —Mg(a) = 1) = P'(Mg(a) <1, Mg(a+ 1) > 2) >y (8.37)

for each 0 < a < 1. Fix now x > 0, and define recursively a sequence of random
positive integers, a sequence of random numbers in [0, 1], and a sequence of events
(Ay) as follows. Let ng = [x], ap = [x] — x, and

Ao = {Mg(ao + 1) — Mg(ag) = 1}.
For k > 1, we let

= [Sg(Mp(ar—1 + 1)) +x], ax = e — x,
A = {Mg(ar + 1) — Mp(ar) = 1},

with the stable subordinator and the Mittag-Leffler process related by (8.33). One
can interpret a; as follows. Take the value of the subordinator the first time the latter
exceeds a;—; 4 1. Then a; is the distance from that value to the nearest from the right
point of the type m — x, m an integer. The integer m is ny. Clearly, ny > m—; + 1,
and by (8.37) and the strong Markov property of the stable subordinator,

P(HZ+::'+1AC) <{d-py"

for every n,m > 1. This implies (8.36). Now we can use Theorem 3.95 to conclude
that the §-Mittag-Leffler fractional Sa'S noise is generated by a conservative flow.
In order to prove that this process is generated by a null flow, choose § < 7 < 1,
andletw, =n"", n=0,1,.... We will check that

/ an M,g (n+1-x)4)—Mg((n —x)+)] e Vdx < 0. (8.38)
n=0

In that case, it will follow by Theorem 3.95 that the S-Mittag-Leffler fractional SaS
noise is generated by a null flow if « = 1, and hence by Proposition 3.6.8, the same
is true for every 0 < o < 2. However, by the B-self-similarity of the Mittag-Leffler
process, for some cg € (0, 00),
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E' an [Mﬁ((l’l + 1 —x)+) —Mﬁ((l’l —x)+)]

n=0

<cp (l + i((n + 1) —nP)(n+ [x])_r)

n=1

n=1

which proves (8.38) because of the choice of 7.

Example 8.4.1 as well as Examples 3.5.2, 3.5.4, and 3.5.5 demonstrate the large
variety of different SoeS SSSI processes. One can also construct SSSI processes
without a finite variance that are not SaS. One can, for example, follow the recipe
in (8.24) but choose the random factor A to have an infinite second moment. In that
case, we could also replace the fractional Brownian motion in (8.24) by any of the
H-SSSI processes defined previously, or any other H-SSSI process. In the remainder
of this section, we will consider instead SSSI processes without a finite variance that
are multiple integrals with respect to SaS random measures. We will follow a path
similar to that used in Section 8.3 to construct processes with a finite variance.

Let k > 1 and H > 0. Suppose we are given a family of kernels ka) : RF —
R, t > 0, satisfying the increment property (8.25). The scaling property (8.26) is
now replaced by the property

QE.I;) (cxp, ..., cxp) = cH_k/“ng) (X1, .0y xz) (8.39)
forallt > 0, ¢ > 0, and almost all (xy, ..., x). The integrability requirement Q;k) €

L?>(IR*, A) for every t > 0 has now to be replaced by the following requirement:
there is a measurable function ¥ : S — (0, co) with

/ Y(s)¥ds < oo (8.40)
S

such that

/--~/|Qt(51,'-.,5k)|a (1 + log M)k_] dsy...dsy < oo
s s Y)Y ()
(8.41)

for each t > 0. See Section 10.6.
Let M be an SaS Lévy motion, which we view as an SaS random measure on R.
We define

X0 (r) = /oo /oo oWy, ... x) M(dxy) ... M(dxy), t > 0. (8.42)
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Analogously to Theorem 8.3.1, we have the following result.

Theorem 8.4.2. The process X® in (8.42) is a well-defined H-SSSI process, and
its increment process X; = X0 (i) —=X® (i — 1), i = 1,2, ..., is a stationary mixing
process.

Proof. Repeat the steps in the proof of Theorem 8.3.1, using Proposition 10.6.2
instead of Proposition 10.6.1. O

Example 8.4.3. The Surgailis kernel. Assume that 1 < « < 2 and H € (1/a,1).
For k > 1, we let

t k
0P (x1, . x) =/ [T = x)4) /00y (8.43)
0 .
j=1

t > 0. It is not difficult (but tedious) to check that this kernel satisfies (8.41), with
Y proportional to the Cauchy density, e.g., ¥ (x) = 1/(1 + x?), x € R. The fact
that (8.25) and (8.39) hold is elementary.

The resulting SSSI process, is, of course, a direct generalization of the SSSI
process with finite variance obtained using the Taqqu kernel of Example 8.3.3.

Example 8.4.4. The finite-variance SSSI process obtained using the kernel in
Example 8.3.4 can be generalized to the case of multiple integrals with respect to an
SaS motion using

oo k
O, om) = (max(x, ..., x) < 1) / [ —x)= et t=/b gy
r=1

o k
— 1(max(xy, ..., x) < 0) / l—[(v — )"Vt =D/ gy
0 .

Jj=1

(8.44)

As in the finite-variance case, for k = 1, the resulting process is well defined only if
H < 1/a, whereas for k > 2, the resulting process is well defined forall 0 < H < 1.
Once again, the condition (8.41) holds with ¥ proportional to the Cauchy density,
while (8.25) and (8.39) are obvious.

It is clear that one can construct other SSSI processes without a finite variance.
For example, one can mimic the recipe (8.31), and construct SSSI processes in the
“infinite SaS chaos.” One chooses a sequence (a;) of real numbers and a family
(ka)), k = 1,2,..., that satisfies, for each k, conditions (8.41), (8.25), and (8.39).
With these ingredients, we can define

X(@1) = Zak/w /oo OP (xy, ... x) M(dxy) ... M(dxy) (8.45)
k=1 - -
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assuming that the series converges in probability for each > 0. There are no known
necessary and sufficient conditions on the sequence (a;) for this to happen, but it
is clear that the convergence will hold if the sequence (a;) converges to zero fast
enough. Under these conditions, a statement analogous to Proposition 8.3.5 will
hold, and the resulting process will also be H-SSSI, and its increment process will
be a mixing process.

8.5 What Is in the Hurst Exponent? Ergodicity and Mixing

In the previous two sections, we have seen a large number of self-similar processes
with stationary increments, with or without a finite variance. In particular, many of
these processes share the same Hurst exponent H. We would like to understand the
effect the Hurst exponent has on the memory of the increment processes. We will
see in Chapter 9 that this effect is important, but limited. In this section, we take
a preliminary step toward understanding this effect. Our goal here is very specific:
given an H-SSSI process (Y 0, t> O), we would like to understand the effect of the
Hurst exponent H on the presence or absence of ergodicity and/or mixing properties
in the stationary increment process X = (Y(n +1)—Y@n),n=0,1,.. ) This is an
important question, because we can view absence of ergodicity as infinite memory,
and, correspondingly, presence of ergodicity as finite memory; see Section 5.3. The
property of mixing is, of course, a related and stronger property, which can be
viewed as a link between ergodicity and the strong mixing properties. We will see
that the link between the Hurst exponent H on the one hand and ergodicity or mixing
of the increment process of an H-SSSI process on the other is not strong.

We begin with the example of the families of the H-SSSI processes that are
defined as multiple integrals of the kernels satisfying conditions (8.25) and (8.26)
in the finite-variance case, and conditions (8.25) and (8.39) in the infinite-variance
case. Recall that in the finite-variance case, the integrals are with respect to the
Brownian motion, as in (8.27), whereas in the infinite-variance case the integrals
are with respect to the SaS Lévy motion, as in (8.42). In the finite-variance case, it
follows from Theorem 8.3.1 that the increment process X is mixing, regardless of
the value of 0 < H < 1. The special case of a single integral, d = 1, reduces to the
fractional Brownian motion, whose increment process is the fractional Gaussian
noise, and its mixing follows simply from the fact that its covariance function
asymptotically vanishes; see (1.16). In the infinite-variance case, the increment
process is mixing as well; see Theorem 8.4.2. The special case of d = 1 reduces
now to the linear fractional SaS motion of Example 3.5.2. Therefore, the increment
process, linear fractional SaS noise, is always mixing, regardless of the value of
0<H<I.

Not all H-SSSI processes have an increment process that is mixing. Since most
of the examples we have of SSSI processes with infinite variance are symmetric
a-stable processes, we need to understand when an SaS process is ergodic and/or
mixing. We begin with a more general problem of characterizing ergodicity and
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mixing of a stationary infinitely divisible process. Since we already know when
a stationary Gaussian process is ergodic or mixing (Examples 2.2.18 and 2.2.8),
we will concentrate on stationary infinitely divisible processes without a Gaussian
component.

Let X = (X,.n € Z) be a stationary infinitely divisible process with Lévy
measure i (on R?) and no Gaussian component.

Theorem 8.5.1. (i) The process X is ergodic if and only if it is weakly mixing,
and this happens if and only if the Lévy measure of the component X? of X,
generated by a positive flow, vanishes.

(ii) Assume that the one-dimensional Lévy measure of Xy does not have an atom of
the form 2wk, k € Z. Then the process X is mixing if and only if

lim Ee'®=X0) = Eei*o Ee=iXo (= |EeiX°|2). (8.46)

n—>oQo

(iii) If the process X is generated by a dissipative flow, then it is mixing.

Proof. We begin with part (ii) of the theorem. Observe that if a process is mixing,
then Theorem 2.2.7 says that (8.46) must hold regardless of infinite divisibility of
the process and of any of the features of its Lévy measure. We need to prove that
under our assumptions, (8.46), in turn, implies mixing. We claim that (8.46) implies
that for every complex-valued random variable Y € L? (of the probability space on
which the process is defined),

lim E(e™Y) = E¢MEY . (8.47)
n—>00
To see this, note that by (8.46) and stationarity, (8.47) holds for every ¥ € H,
the closure in L? of the linear space spanned by the constant 1 and &%, k € Z.
Therefore, it is enough to prove that (8.47) also holds for every ¥ € H>, the
orthogonal complement to H. However, such a Y is orthogonal to constants and
hence has mean zero. Since it is also orthogonal to each ¢'*», the claim (8.47) is a
trivial statement that the limit of a sequence of zeros is zero.
We now use (8.47) with ¥ = ¢~X0 to conclude that we also have

lim Ee'%ntX0) — (Eeixo)z. (8.48)

n—>oo

Armed with (8.46) and (8.48), we are ready to check that the conditions for mixing
in Theorem 2.2.7 hold. Fix k = 1, 2, .... By stationarity, the sequence of the laws
of the vectors on the left-hand side of (2.14) is clearly tight in R%*, so we need to
prove only that every subsequential weak limit of that sequence coincides with the
law of the random vector on the right-hand side of (2.14). Let, therefore, {n,,} be an
increasing sequence of positive integers, and suppose that

(Xt X Xt 1o Xork) = (X0 XYL Y (8.49)
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as m — oo, and we need to prove that the vectors (Xi,...,X;) and (Y7,..., Yx) on
the right-hand side of (8.49) are independent. Since the family of infinitely divisible
distributions is closed under weak convergence, the 2k-dimensional random vector
on the right-hand side of (8.49) is infinitely divisible. Furthermore, it follows by
stationarity, (8.46), and (8.48) that for every ji,j» = 1,...,k, the random variables
on the right-hand side of (8.49) satisfy

Ee"(Xn*sz) = E%n Ee*"sz, Ee"(XJ'|+YJ'2) = Ee*it Ee'Yin

We conclude that X;, and Y, are independent; see Exercise 3.8.4. Since this is true
for any two components of the vectors (Xi,...,X;) and (Y1, ..., Y;), we conclude
that the vectors themselves are independent; see Exercise 3.8.3. By Theorem 2.2.7,
we conclude that the process X is mixing.

We proceed to prove part (iii) of the theorem. We will prove that if X is generated
by a dissipative flow, then condition (8.46) is satisfied. Observe that by part (ii) of
the theorem, this will suffice for the statement if the one-dimensional Lévy measure
of X, does not have an atom of the form 2wk, k € Z. In the general case, since that
Lévy measure has at most countably many atoms, there exists ¢ > 0 such that there
are no atoms of the form 2cwk, k € Z. Then the one-dimensional Lévy measure of
the stationary process Y = X/c does not charge the set {27k, k € Z}. Obviously,
the process Y is generated by a dissipative flow if the process X is. Therefore, we
conclude that the process Y is mixing, which implies that so is the process X.

It remains to prove that (8.46) holds if X is generated by a dissipative flow, which
is the same as proving that

[, €@ =1 =il = ) i@y
[ 1= itn) pan = [ =1+ i) p
RZ RZ
= /R ) (e™ = 1)(e™™ — 1) u(dx) - 0 (8.50)

asn — oo. To this end, let ¢ > O and set A = {x € R” : |xo| > ¢}. Note that
U(A) < 00, so by Theorem 2.40, 14 o " — 0 as n — oo m-a.e. Therefore,

p(x € R”: |xo| > &, [x,]| > &) - 0 asn — oo. (8.51)

We can now use the obvious bound |e* — 1| < 2|[x]|| for a real x and the Cauchy—
Schwarz inequality to bound

/ (e —1)(e™™ — 1) u(dx) (8.52)
RZ
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<4 [ Ibllifsdl i

1/2 "
=8 (/I;Z ol |2 ,bL(dX)) (/RZ [xol |21\X0\58 ﬂ(dx))

+ap(x € RZ: |xo] > &, |x,| > ¢).

It follows from (8.51) that for every ¢ > 0,

lim sup

nsu /RZ (e”‘” — 1)(67”0 — 1) u(dx)

1/2 2
<38 (Azﬂxoﬂlzu(dx)) (/RZ[[XO]]FIIXolse /L(dx)) ’

and we obtain (8.50) by letting & — 0.

We now turn to proving part (i) of the theorem. We first check the claimed
equivalence of ergodicity and weak mixing. We assume initially that the one-
dimensional Lévy measure of X, does not have an atom of the form 27k, k € Z.

Suppose that the process X is ergodic. It follows from (2.8) that

n
1 - )
lim — E é% — EeX0 as.,
n—00 pn 4 1
=

and hence by the bounded convergence theorem,

n—00 n 4

1< . .
lim — ZEe’(X"_X“) — }Ee’x0 |2 .
j=1
The computation in (8.50) shows that we can rewrite this statement as
1 & A A
lim — Zexp %/ (elxn _ 1)(e—lxo _ 1) w(dx)y =1. (8.53)
Denote

h, = / (€™ —=1)(e™™ — 1) u(dx), n € Z.
RZ

We claim that the complex-valued sequence (/,) is nonnegative definite. Indeed, by
stationarity, for every n = 1,2, ... and complex numbers ay, .. ., d,,
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n n

Y= Yo Y a [ (€= 1) 1) )

j=1 k=1 =1 k=1

2
n

L[ o o

J=1

By Theorem 10.1.2, there is a finite measure p on (—, 7] such that
h, = / e™ u(dx), neZ.
(=]

Define another finite measure on (—, 7] by

o

1,
exp(n) = Eu*"*’ ,
k=0 "

2717

where u**/ is the folded kth convolution power of u, k = 1,2,..., defined in

Theorem 6.3.4. Since

/ Wwwm=munémwﬁ
(—m,7] (—m,7]

for each n € 7Z, we can rewrite (8.53) as

1
lim —

Z/ e’ exp(p)(dx) = 1.
n—>oo n — (=7
j=1

By Exercise 6.5.2, this is the same as saying that the mass at zero of the measure

exp(w) is equal to 1. Since

exp(1)({0}) > exp{u({0})}.

we conclude that ;({0}) = 0. By Exercise 6.5.2, this means that
- 1 . ix; —ixp _
nlLrEOZE/RZ(e i —1)(e™™ — 1) pu(dx) = 0.
=

Concentrating on convergence of the real parts, we obtain

1

n—00 p 4

(8.54)

lim — Z ([ (I —cos x;)(1 — cosxg) p(dx) +/ sinx; sin xg ,u(dx)) =0.
j=1 RZ RZ ’
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The stationarity of the process once again tells us that each of the two integrals above
defines a nonnegative definite sequence, and appealing twice to Exercise 6.5.2, we
conclude that

1 n
lim — Z/ (I —cosx;)(1 —cosxp) u(dx) =0.
n—>oo n —1 RZ
Since this is a statement about averages of a nonnegative sequence, it follows from
Lemma 2.2.12 that

/ (1 — cosx,)(1 —cosxg) (dx) — 0 as n — oo in density, (8.55)
RZ

as in Proposition 2.2.13. We will prove that (8.55) implies that
(X1, Xy+1) = (X1,71) in density, (8.56)

where Y] is an independent copy of X . Before doing so, we show that (8.56) implies
weak mixing of the process. To this end, we use Theorem 2.2.17. Letk = 1,2, .. ..
It follows from (8.56) that there is a set Kj of positive integers of density zero such
that

(Xi, Xu1j) = (X1, Y1) in density (8.57)

for each i,j = 1,..., k. We claim that convergence in (2.24) holds outside of the
set K;. Indeed, suppose that this convergence statement is false. Then the tightness
of the sequence of the laws of the random vectors on the left-hand side of (2.24)
implies that there is an increasing sequence {n,,} of positive integers outside of K.
such that

(Xl,...,Xk,Xn,ﬂ+1,...,Xn,ﬂ+k) = (Xl,...,Xk,Yl,...,Yk)

as m — oo, and the random vectors (Xi,...,X;) and (Yy,...,Y;) on the right-
hand side are not independent. This is, however, impossible, as we noticed earlier:
these two random vectors are jointly infinitely divisible, and (8.57) shows that X;
and Y; are independent for each i,j = 1,...,k. By Exercise 3.8.3, the random
vectors (Xi,...,X;) and (Yy,...,Y;) on the right-hand side must be independent.
The obtained contradiction proves the claimed weak mixing, and so it remains only
to prove that (8.55) implies (8.56).

Let K be a set of density zero such that (8.55) holds outside of that set. Then for
every ¢ > 0, we have

/L{X :1—cosxg>c¢eand 1 —cosx, > s} — 0 as n — oo outside of K
and hence also

u{x . |sinxg| > ¢ and | sinx,| > 8} — 0 as n — oo outside of K.
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Since these two statements hold for every ¢ > 0, we conclude that
/ (e" —1)(e™™ — 1) u(dx) — 0 as n — oo outside of K.
RZ

By (8.50), this proves that (8.46) holds as n — oo outside of K. While proving
part (ii) of the theorem, we saw that this (together with the assumption that the
one-dimensional Lévy measure of Xy does not charge the set {27k, k € Z})
implies (8.56).

We have therefore established equivalence of ergodicity and weak mixing under
the assumption that the one-dimensional Lévy measure of X, has no atoms of the
form 27k, k € Z. In the general case, we proceed in the same manner as in the proof
of part (iii): Choose ¢ > 0 such that the one-dimensional Lévy measure of X, has
no atoms of the form 2crk, k € Z. If the process X is ergodic, then so is the process
Y = X/c, which is then weakly mixing. This, in turn, implies weak mixing of the
process X.

We still have to prove that ergodicity (and weak mixing) are equivalent to absence
of the component X of X, generated by a positive flow. Suppose first that the Lévy
measure i, of X does not vanish. Then there exists a probability measure v on RZ
equivalent to , and invariant under the left shift. The Radon—Nikodym derivative
d,/dv is then shift-invariant, and there is 0 < a < oo such that v(4,) > 0, where

Auz%x: %(x)fa} .

Let 11,4 be the restriction of j, to the invariant set A,. Then X?) £ X0 4 X(¢0),
where X?% and X are independent stationary infinitely divisible processes, with
X9 having Lévy measure Mp.a> and

iy O(mx

ne€z

Eexp

— exp { /R ) (e"(“) —1-i(8, [[x]])) M,,,a(dx)}

for every 0 € R@  Since wp(Ay) < a < 00, up, is a finite measure; hence the
process XP¥ can be represented, in law, as a shifted compound Poisson process,

N
X9 =3 Yiut+b nel, (8.58)

i=1

where N is a Poisson random variable with mean A =y, ,(R?), independent of the
sequence of i.i.d. stationary processes (Y,',,,, ne Z), i=1,2,..., with the common
law A7 'w,,. Here b = —AE[Y)]; see Exercise 3.8.9. It follows from (8.58)
that the process X can be represented as a nontrivial mixture of stationary
processes. Therefore, so can be the process X?) (it is the sum of the process X?%



280 8 Self-Similar Processes

and an independent stationary process), and hence so can be the process X. By
Proposition 2.1.6, the process X is not ergodic.

In the final stage of the proof, suppose that the left shift is null with respect to
the Lévy measure p of the process. We will prove that the process X is ergodic. We
may assume that the one-dimensional Lévy measure of X, does not charge the set
{27k, k € Z}. In this case, to prove ergodicity it is enough to show that (8.54) holds,
since we have already established that (8.54) implies weak mixing of the process.
By (8.52), it is enough to prove that for every ¢ > 0,

. 1 . Z .
nlggo;;;t(xeﬂ% D lxol > & |y >¢) =0. (8.59)

LetA = {x € R” : |xo| > &}. Then p(A) < oo. For § > 0, we have

ln ln

- EA: |xi|>¢e)= [ - 1(xeA: x| > d

s Ll lsi>e) /; (xed: gl > ) uldy
Z/A %EI(XEA:|XJ-|>8) 1 i;(xfmpe w(dx)

~|—/ %Zl(xeA:|xi|>s) 1 %Z(sz/\l)fe 11(dx)
a\no P

n

1 2
<u XEA.;Z(XJ-AI)>9

J=1

n

+ @At lZ(x?/\l)ll (A1 <6 | udx)
Anj=1 J n J

Jj=1

<ulxea ]Zn:(%1)>0 +—9 (A) (8.60)
i X; . :

=H no J 82/\1M

Since by the assumption, the left shift is null with respect to the Lévy measure u,
and the function f(x) = xJ A 1 isin L' (1) by (3.5), Exercise 2.6.13 tells us that

1 n
- Z(sz Al) =0 p-ae.
j=1

as n — oo. Since the set A has finite measure, we conclude that the first term
in (8.60) vanishes as n — oo for every 6 > 0. Since we can take 6 as small as
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we wish, we can make the second term in (8.60) as small as we like, and so (8.59)
follows. This completes the proof. O

Applying the results of Theorem 8.5.1 to different classes of SaS self-similar
processes with stationary increments, we obtain some immediate conclusions:

* The linear fractional SaS noise is generated by a dissipative flow (Example 3.6.9)
and hence is a mixing process, regardless of the value of the Hurst exponent.

e The harmonizable fractional SaS noise is generated by a conservative flow
(Example 3.6.10) and hence is not an ergodic process, regardless of the value
of the Hurst exponent.

¢ The FBM-H-local time fractional SaS noise and the 8-Mittag-Leffler fractional
SaS noise are generated by conservative null flows (Examples 3.6.11 and 8.4.1)
and hence are ergodic and weakly mixing processes, regardless of the value of
the Hurst exponent (which belongs, in these examples, to restricted ranges).

From this discussion, we see that at least as far as ergodicity and mixing of the
increment process of a stable self-similar process with stationary increments are
concerned, very little is determined by the value of the Hurst exponent, and the type
of the flow that generates the increment process is of a major importance.

8.6 Comments on Chapter 8

Comments on Section 8.1

The original Lamperti’s theorem with continuous scaling is in Lamperti (1962);
it allows an additional centering. An even more general situation is tackled in Laha
and Rohatgi (1982), where the original process U is vector-valued, and the scaling
is by a continuous parameter family of linear operators. The discrete scaling is
in Weissman (1975), with the conclusion stated in terms of the one-dimensional
marginal distributions.

Comments on Section 8.2

The foundations of the systematic study of self-similar processes, particularly
those with stationary increments, were laid by W. Vervaat and his collaborators; two
of the important papers are O’Brien and Vervaat (1983) and Vervaat (1985).

The statement of Lemma 8.2.11 had been formulated as a problem by D. Heath
and W. Vervaat, and a solution was published in Smit (1983).

Comments on Section 8.3

The process (8.27) corresponding to the kernel in Example 8.3.2 is mentioned
in Mori and Oodaira (1986), following a similar process introduced in Rosenblatt
(1979). The process corresponding to the kernel in Example 8.3.3 was introduced in
Taqqu (1978); it appeared as a limit in a “noncentral limit theorem” in Taqqu (1979)
and, in a more general situation, in Surgailis (1981a); see also Avram and Taqqu
(1987).
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Comments on Section 8.4

The B-Mittag-Leffler fractional SaS motion was introduced in Owada and
Samorodnitsky (2015a), where it is also shown that in the range 0 < 8 < 1/2, this
process has the same law as the ,3-stable local time fractional SaS motion introduced
and studied in Dombry and Guillotin-Plantard (2009), with ,3 =01-p""L

The multiple integral process of Example 8.4.3 was introduced in Surgailis
(1981b). In the case k = 2, this process appears as a limit in the “noncentral limit
theorem” setting, as shown in Astrauskas (1983).

Comments on Section 8.5

The equivalence of ergodicity and weak mixing for general stationary infinitely
divisible processes was proved in Rosinski and Zak (1997). Many ideas in The-
orem 8.5.1 are taken from Rosifiski and Zak (1996), Rosifski and Zak (1997),
and Samorodnitsky (2005). A very general discussion of the relations between the
properties of stationary infinitely divisible processes and their Lévy measures is in
Roy (2007).

8.7 Exercises to Chapter 8

Exercise 8.7.1. Prove Theorem 8.1.6.

Exercise 8.7.2. (a) Prove that if X and Y are defined on the same probability

space, X < Yand X > Y a.s., then X = Y a.s.

(b) Let X be a stochastic process with stationary max-increments; see Defini-
tion 8.1.9. Prove that for every s > 0, X(s) v X(0) = X(s) a.s.

(c) Prove that a stochastic process X with stationary max-increments satisfies
X(t) = X(t)) a.s. forevery 0 < t; < t,.

Exercise 8.7.3. Complete the missing step at the beginning of the proof of Propo-
sition 8.1.10 and show that with A(A) = a, ifn—1 <X <n n=1,2,..., the
process U satisfies the continuous scaling assumption (8.11).

Exercise 8.7.4. Use Exercise 8.7.2 to extend Lemma 8.2.2, Proposition 8.2.4, and
Lemma 8.2.5 from the case of self-similar processes with stationary increments
to the case of self-similar processes with stationary max-increments. Show that in
the latter case, an a priori assumption of measurability in Proposition 8.2.4 is not
required.

Exercise 8.7.5. Let (X(), t > 0) be H-self-similar with H > 0 and have stationary
increments. Let

po = P(X(t) =0 for all rational 7).
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Assume that py < 1. Show that there is an H-self-similar process with stationary
increments (Y(t), t> 0) such that P(Y(t) = 0) = 0 for all t > 0 such that

d | N with probability po,
~ | Y with probability 1 — py,

where N is the null (identically zero) process.

Exercise 8.7.6. Use Exercise 8.7.5 to prove the following version of Proposi-
tion 8.2.6. Let (X(t), t > 0) be an H-self-similar process with stationary max-
increments such that P(X(1) # 0) > 0. Suppose that E|X(1)|? < oo for some
y >0.Then H < 1/y.

Exercise 8.7.7. Show that the covariance function of the fractional Brownian
motion given in (8.23) remains a valid covariance function if one formally sets
H = 1in (8.23), and that in this case, it is the covariance function of the straight-
line process X(t) = tX, t > 0, with EX? < oo. This is, of course, expected due to
Proposition 8.2.10.

Exercise 8.7.8. Let (X 0, t> O) be a right-continuous H-self-similar process with
H > 0 such that X(1) > 0 a.s. Show that
Y(t) = inf{u >0: X(u) > t}, t>0,

is a well-defined stochastic process that is self-similar with exponent 1/H.

Exercise 8.7.9. Prove that the B-Mittag-Leffler fractional SaS motion of Exam-
ple 8.4.1 has stationary increments. The strong Markov property of the stable
subordinator is helpful for that purpose as well as the known distribution of the
overshoot §, = Sg (Mﬂ (r)) — r of the level r > 0 by the B-stable subordinator
(Sﬂ (), t> O) related to (Mﬁ (®),t> 0) by (8.33). The law of 8, is given by

sin B

P(§, € dx) = Pr+x)"'xPdx, x>0;

T

see Exercise 5.6 in Kyprianou (2006).



Chapter 9
Long-Range Dependence as a Phase Transition

9.1 Why Phase Transitions?

Long-range dependence in a stationary process has been understood as cor-
responding to a particular second-order behavior, to a particular range of the
Hurst parameter, or of fractional integration. All these points of view on long-
range dependence really describe the situation in which the stationary process
under consideration is very different from “the norm,” and “normal behavior” is
understood as the behavior of the i.i.d. sequence with the same marginal distribution
as the stationary process being considered. A unified point of view would therefore
directly regard the phenomenon of long-range dependence as a phase transition, and
we proceed to describe such a direct approach.

Suppose that we are considering a family of laws of stationary stochastic
processes on Z; this is a family of shift-invariant probability measures (P@, 0 e ®)
on R”. That is, for each value of the parameter # € ©, the probability measure
Py describes the finite-dimensional distributions of a stationary stochastic process
X = (Xn, ne Z). In general, as the parameter 6 varies, both the one-dimensional
marginal distribution of the process X changes, and so does the memory in the
process X. There are two basic assumptions.

1. We measure the memory in the process X through the behavior of a measurable
functional ¢ : RZ — R under the probability measure Py.

2. The one-dimensional marginal distributions of the process X do not change
significantly as 6 varies.

Some examples of the functional ¢ in assumption 1 are the sequence of the partial
sums ¢, (x) = Z;’Zl x; for n > 1 and the sequence of the partial maxima, for which
¢n(x) = maxi_, x; for n > 1. Among other possibilities, we may be interested in
weak limits associated with the functional ¢, or in large deviations associated with

this functional.
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As far as assumption 2 is concerned, as 6 varies, we may allow, for example, a
change in scale or another parameter not relevant to the behavior of the functional
¢ we are considering. Typically, we do not want to allow a serious change in the
marginal tails of the process X. For example, we do not want the variance to be
finite for 6 in one part of the set ® and infinite in another part. For example,
(P@, 0 e @) might be the family of laws of zero-mean unit-variance stationary
Gaussian processes, in which case a change in the parameter 6 will change only the
correlation function of the process. Alternatively, (Pg, 0 e @) might be the family
of laws of infinite moving-average processes of Section 1.4. In this case, a change
in the parameter 6 corresponds to a change in the sequence of coefficients (¢,).

We denote by ®, the subset of the parameter space corresponding to the choices
of the parameter 6 such that under Py, the process X is a sequence of i.i.d. random
variables; the set ®( may be a singleton, as is the case in the example of the family
of laws of zero-mean unit-variance stationary Gaussian processes parametrized by
their correlation function. Suppose that there is a partition ® = ©; U ®, of the
parameter space into disjoint parts, with ®y C ©, such that the behavior of the
functional ¢ undergoes a major change as the parameter 6 crosses the boundary
between ©®; and ©,. This often means that as long as the parameter 6 stays within
1, the behavior of the functional ¢ does not change much, and it remains similar to
the behavior of ¢ in the i.i.d. case, 8 € ®, perhaps “up to a multiplicative constant.”
Once the parameter 6 crosses the boundary into ©,, there is a change “in the order
of magnitude” in the behavior of the functional ¢. Moreover, there continue to be
significant changes as the parameter 8 moves within ©,.

In such a situation, we view the part ®; of the parameter space as corresponding
to short-memory models, and the part ®, of the parameter space as corresponding
to long-memory models. That is, if the law of a stationary process X is Py with
0 € ©,, we say that the process X has long-range dependence, whereas if the law
of X is Py with 6 € ©y, then the process does not have long-range dependence.
From this point of view, the boundary between ®; and ®, is the boundary between
short and long memory, and so the appearance of long-range dependence is a phase
transition.

It is easy to criticize the point of view on long-range dependence we are offering.
We have clearly avoided rigorous definitions. Furthermore, we have tied the notion
of long-range dependence to a particular functional of the sample paths of the
process, and perhaps also to a particular aspect of the behavior of that functional.
Finally, it might be possible to identify additional significant boundaries within the
set ®, and hence additional significant phase transitions.

One defense of viewing long-range dependence as a phase transition is that some
ambiguity may be inevitable. Long-range dependence is really an entire group of
phenomena, and it may well be, in some cases, a hierarchical system. The reason it
has proven to be so difficult to define long-range dependence is that one has tried to
give a single definition to what is not a single phenomenon.

In the remainder of this chapter, we point out some of the critical boundaries
indicating long-range dependence in a number of interesting situations.
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9.2 Phase Transitions in Partial Sums

In this section, we investigate long-range dependence from the point of view of
possible phase transitions related to the behavior of the partial sums of a stationary
process. Let X = (X,,, n € Z) be a stationary stochastic process. As in Chapter 5,
we use the notation

S =X1+...+X,,n=0,1,2,..., 9.1

for the sequence of partial sums of the process. We will introduce certain assump-
tions on the one-dimensional marginal distribution of X (a generic representative
of the stationary process) and investigate when the behavior of the partial sums is
qualitatively different from the behavior of the corresponding partial sums of an
i.i.d. sequence with the same (or similar) marginal distribution. We will consider
two types of assumptions on the marginal distribution of the process.

Assumption 9.2.1. FEither

* X has a finite variance, or
e X has balanced regularly varying tails with exponent a € (0, 2).

We will study not only the behavior of the partial sums S, in (9.1) as n — oo, but
even more informatively, the partial sum processes

Si = (S, 1= 0). 9.2)

Under each of the situations in Assumption 9.2.1, we will investigate the order of
magnitude of the partial sums in (9.1). We will also investigate possible limiting
processes Y in weak limit results of the type

—(S.—b,) =Y (9.3)

in some “reasonable topology” and with a nondegenerate limit Y, for some sequence
of real-valued functions (b,) and a sequence a,, — co. Recall from Section 8.1 that
we expect the limiting process Y to be self-similar and have stationary increments.
We think of a, in (9.3) as the “order of magnitude” of the partial sums of the
process X.

If a statement as strong as a functional central limit theorem of the type (9.3) is
not available, we can still try to measure the “size” of the partial sums, perhaps by
looking just at the sequence of partial sums S, in (9.1). If, however, a functional
central limit theorem can be proved, then the limiting process Y in that theorem
can be used to detect more phase transitions: we will see that there are boundaries
such that different limiting processes are obtained on different sides of a boundary,
perhaps even with the same order of magnitude of the partial sums.
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We begin by considering the partial sums of finite-variance processes. Since the
common mean of the process is of no interest in our discussion of dependence, we
will simply assume that X = (X,,, n € Z) is a stationary finite-variance zero-mean
stochastic process. Let us recall that in this case, the behavior of the partial sums
associated with the i.i.d. sequence is the invariance principle:

(n_l/zsn(t)v t Z 0) = (O—B(t)v t Z O) asn — oo (94)

weakly in the Skorokhod J; topology on D0, 00). Here 6> = EX? is the variance of
the process X, and (B(t), t > 0) is a standard Brownian motion; see, for example,
Billingsley (1999). Therefore, in the context of the behavior of the partial sums of
finite-variance stationary processes, we associate short memory with the order of
magnitude of the partial sums equal to the square root of the sample size, with the
limiting process in a functional limit theorem being the Brownian motion.

It is natural to measure the order of magnitude of the partial sums of a zero-mean
finite-variance process with the standard deviations (s,) of the partial sums. That is,

sﬁ:VarS,,:Var(in), n=12,.... (9.5)

i=1

Note, however, that the standard deviation is an imperfect tool for measuring the
distributional order of magnitude of §,. The imperfection comes from the fact that
while the family of the laws of (Sn [Sp,n = 1,2,.. ) (assuming that s, does not
vanish) is clearly tight in R, it is possible that S,,/s, — 0 in probability as n — oo;
see Example 9.10.1. The appropriate behavior of the sequence of higher-order
moments can sometimes be used to eliminate this imperfection, as the following
proposition shows.

Proposition 9.2.2. Let X = (X, n € Z) be a stationary finite-variance zero-mean
stochastic process. Assume that E|Xo|P < oo for some p > 2. If

D

. s
I}E,logf E[S, 7 >0, 9.6)
then
lim ian(|S,1|/s,, > s) >0 9.7
n—>oo

forall0 < e < 1.

Proof. We use Problem 9.10.2 with X = S? and p/2 > 1 instead of p. For every
O<e<l,

2 2
1—&?y/? _(ES,,)P/

(P(Sul /50 > €))7 = ( ElS,P

)

and hence (9.7) follows immediately from (9.6). O
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A phase transition is transparent in the behavior of the partial sums of a process
if we consider the family of zero-mean stationary Gaussian processes. In that case,
we have the following easy result.

Proposition 9.2.3. Let X = (X,, n € Z) be a zero-mean stationary Gaussian
process. Then

(s;,'8,(), = 0) = (B(r), t>0) asn — oo (9.8)

weakly in the Skorokhod Ji topology on D|0, 00) if and only if the sequence (s,) is
regularly varying with exponent 1/2. In particular, (9.4) holds for some o > 0 if
and only if s2/n — 0% as n — .

Proof. Since the process s, 'S, is a zero-mean Gaussian process for every n,
the finite-dimensional distributions convergence part of (9.8) is equivalent to
convergence of their covariance functions. Since all the processes start at zero, this
is, in turn, equivalent to convergence of the corresponding incremental variances.
However, for 0 < #; < 1,

2
2l

Var(s;lS[mZ] - S;IS[’”I]) = 2
n

)

and it is clear that the ratio converges to the incremental variance of the Brownian
motion, t, —t, if and only if (s2) is regularly varying with exponent 1. To show that
in the latter case, tightness in the Skorokhod J; topology holds as well, it is enough
to prove that there is ¢ > 0 such that for all n large enough,

P([Su(t2) — Su(t1)| > Asu, [Su(13) — Su(t2)| > Asy) < A4tz —11)? (9.9)

forall0 <t <t <t; < landall A > 0; see Theorem 15.6 in Billingsley (1968).
Note, however, that at least one of the differences, S, (t;) —S,(¢1) and S,,(¢3) — S, (),
is a sum, of length smaller than n(t; — #), of the consecutive values of the process
X. Letting G denote a standard normal random variable, we use (with ¢ = 1/2)
the Potter bounds of Corollary 10.5.8 to show that the probability in (9.9) does not
exceed

p (maxk<n(13—t1) Sk
Sl'l

|G| > A) < P(IG| > 2(ts —11)""/22)

for n large enough. Now (9.9) follows by applying Markov’s inequality of order 4.
O

Since the difference between a slowly varying sequence with exponent 1/2 and
the sequence @, = n'/? is not significant enough to qualify as a phase transition, it is
logical to interpret the result of Proposition 9.2.3 as saying that a stationary Gaussian
process has short memory from the point of view of the behavior of its partial sums
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if and only if the sequence of the variances of the partial sums is regularly varying
with exponent 1. This occurs, in particular, if the covariances of the process are
absolutely summable and add up to a positive number; see Proposition 6.1.1 and
the discussion following that proposition. From this point of view, we must regard
as long-range dependent any stationary Gaussian process for which the sequence of
the variances of the partial sums is not regularly varying with exponent 1. Note that
in this long-memory regime, the functional limit theorem of the type (9.3) exists
only in a narrow situation described in the following extension of Proposition 9.2.3.
The proof is identical to that of the former result.

Proposition 9.2.4. Let X = (X,, n € Z) be a zero-mean stationary Gaussian
process. Let 0 < H < 1. Then

(s,18,(), t = 0) = (Bu(r), t=0) asn— oo (9.10)

weakly in the Skorokhod Ji topology on D|0, 00) if and only if the sequence (s,) is
regularly varying with exponent H.

Note that in Proposition 9.2.4, as in Proposition 9.2.3, regular variation of the
sequence of the standard deviations of the partial sums is required even for
convergence of the finite-dimensional distributions.

Remark 9.2.5. An interesting consequence of the above discussion is that from the
point of view of behavior of the partial sums, we view stationary Gaussian processes
for which the variance of the partial sums is regularly varying with exponent less
than 1/2 as being long-range dependent. Note, in particular, that according to
Proposition 9.2.4, a functional central limit theorem of the type (9.3) holds, and the
limit is different from a Brownian motion. In particular, fractional Gaussian noise
with Hurst exponent either H < 1/2 or H > 1/2 has, from this point of view, long
memory.

It is, however, common in the literature to state that only when the partial sums
of the process have a magnitude larger than the magnitude of the partial sums of
an i.i.d. sequence is the memory long. In the case of fractional Gaussian noise, this
claims long-range dependence only if H > 1/2.

Let us consider now phase transitions for partial sums in another situation, that of
fractional noises. The name simply extends the terminology we have used before:
ifY = (Y 0, t> O) is a self-similar process with stationary increments, we call
the stationary process X obtained by taking the increments of the process Y (at lag
1) a fractional noise. That is, X, = Y(n) — Y(n — 1), n = 1,2, .... The following
proposition is elementary.

We remind the reader that the abbreviation “H-SSSI process” means “self-similar
process with stationary increments and Hurst exponent H”.

Proposition 9.2.6. Let X be a fractional noise corresponding to an H-SSSI process
Y with H > 0. Then

(n7S,(1). t = 0) = (Y(1). t=0) asn— oo 9.11)
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in finite-dimensional distributions. If Y has sample functions in D0, c0), then the
convergence also holds as weak convergence in the Skorokhod J topology on that
space.

Proof. Forall t1,...,# > 0, by the self-similarity of the process Y,

(n77Su(ty), j=1,....k)

(n_HY([ntj]),j = 1,...,k)
= (Y(nil[m‘j]),jz 1,...,k>.

QU

Since the process Y is continuous in probability by Lemma 8.2.5, we conclude that
(n_HS,,(tj),j =1,... ,k) = (Y(tl), e, Y(tk)) asn — oo

asn — o0o.
Suppose now that Y has sample functions in D[0, c0), and write

(n7HS,(0), 1 = 0) £ (Y(n“[nt]), t> 0)

in the sense of equality of two probability measures on D[0, co). Now the statement
of the proposition follows from the fact that

(Y(n_l[nt]), t> 0) — (Y(t), t=0)

a.s. in D[0, 0co0) as n — o0; see Exercise 9.10.3. O

Remark 9.2.7. A conclusion from Proposition 9.2.6 is that the only fractional
noise process with a finite variance for which a Brownian motion appears as the
limit in a functional central limit theorem of the type (9.3) is the fractional noise
corresponding to the Brownian motion itself, that is, an i.i.d. sequence of Gaussian
random variables. Therefore, from the point of view of behavior of the partial sums,
all fractional noises with finite variance, apart from the i.i.d. sequence, are long-
range dependent. This is true in the entire range of the Hurst exponent, 0 < H < 1.
Recall from Section 8.3 that there exist multiple SSSI processes with finite variance
and H = 1/2. The fractional noise corresponding to such a process should also be
viewed as long-range dependent as long as it is not an i.i.d. sequence.

If, however, one insists that under long memory, the magnitude must be larger
than the magnitude of the partial sums of an i.i.d. sequence, then the only finite-
variance fractional noises with long-range dependence are those with 1/2 < H < 1.
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9.3 Partial Sums of Finite-Variance Linear Processes

We will now consider phase transition in the behavior of the partial sums of the
finite-variance linear processes of Section 1.4. Let (&, n € Z) be a sequence of i.i.d.
random variables with zero mean and finite variance, and let (¢,) be deterministic
coefficients satisfying

o0
> ¢ <oo. 9.12)
j=—00
By Theorem 1.4.1, the process
o0 (o)
Xo= Y @uj&= Y @ény. nel, (9.13)
Jj=—00 Jj=—00

is a well-defined stationary process with zero mean and finite variance. For this
family of processes, we will consider phase transitions for the partial sums. In search
of such a phase transition, let us assume first that the coefficients (¢, ) are absolutely
summable:

o0
> gl < oo (9.14)
Jj=—00

Under this assumption, we have the following result.

Theorem 9.3.1. Let X be a finite-variance infinite-moving-average process with
coefficients (@,) satisfying (9.14). Then

(n_l/zSn(t), t>0) = (a,0.B(t), t>0) asn— oo (9.15)

weakly in the Skorokhod J, topology on D0, 00), where B is a standard Brownian
motion, 0 = Var(gy), and

o
ag= Y @. (9.16)
j=—00
Proof. Tt is convenient to consider the symmetric sums
n
Si=)> Xe. n=0,1,2,...,
k=—n

and prove the following statement, equivalent to (9.15):

(2n)™'728,(t), t > 0) = (a,0.B(z), t > 0) asn — 0. 9.17)



9.3 Partial Sums of Finite-Variance Linear Processes 293

Note that

Si=Y_ (Z <pk_,) g 9.18)

j=—00 \k=—n
n n—j n—j
= Y ala+d [ D ale
j=—n \k=—n—j lil>n \k=—n—j
n n n—j
=a, ) - | 2 ela+d| X ale
j=—n Jj=—n \k:|k+j|>n lil>n \k=—n—j
=A,—B,+C,.

By the invariance principle (9.4), we have, in the obvious notation,
(2n)~'2A, (1), t > 0) = (a,0.B(1), 1> 0) asn — oco.

Therefore, the statement (9.17) will follow once we prove that for every € > 0,

lim P(n_l/2 sup |B[,,,]| > e) = lim P(n_l/2 sup |C[,,,]| > e) =0. 9.19)
n—o00 0

0<t<l1 n—00 <t<l

We begin with the first statement in (9.19). Since we are free to switch from the
sequence () to the sequence (¢—;), it is enough to prove that for every € > 0,

lim P(n—‘/2 sup |Bpug| > e) —0. (9.20)

n—00 0<t<l

where
n o0
B.=>'| Y @|e n=0.1.2....
j=0 \k=n—j+1
Let (d,) be a sequence of positive integers growing to infinity, d, = o(n). The

probability on the left-hand side of (9.20) can be rewritten in the form

m o0

P|n? max Z Z O | & > € 9.21)

m=0,1,....n
j=0 \k=m—j+1

o

=P|n"? max Z Z ok | & >€/2

0<j<m—d, \k=m—j+1
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m

(e )
+P|n? max Z Z ok | &) > €/2

m=0,1,....n X
j=max(0,m—d,)+1 \k=m—j+1

The first term in (9.21) is

[ee) m—dy,
Pln"? max Z Z g | ox| >€/2
m=d,+1,...n
k=d,+1 \ j=max(0,m—k)+1
m—d,
<pP|n'/? Z max Z gilloe| > €/2
=dy+1,..,n
k=d,+1" " j=max(0.m—k)+1
) %) m—dy
<Zp7l2 Z |or|E max Z &
€ m=d,+1,...n
k=d,+1 j=max(0,m—k)+1
) 11/2
2 o0 m—dj,
<Zp7l2 Z locl | E max Z &j
€ m=d,+1,....,n
k=d,+1 j=max(0,m—k)+1
o0 o0
2 40,
—1/2 1/2 &
=72 Y o —d)'? < == 37 el =0,
k=d,+1 k=d,+1

since d, — oo (in the penultimate step, we have used Doob’s maximal inequality
for martingales). On the other hand, the second term in (9.21) does not exceed

m
Pn"? max > lejl > Se———
mzo’l"“'"j=max(0.m—dn)+l ZZk—— | x|

nl/2
<P| max |[g|>c
j=0.1,..n d

n

) =1- (1 —P(|80| > cnl/z/dn))n -0

if we choose (d,) such that
P(leo| > en'/?/d,) = o(1/n).

which can be done, since &, has a finite second moment. Here ¢ = €/(2) |¢l).
This proves (9.20) and hence the first statement in (9.19).

The second statement in (9.19) can be proved in a similar way. We leave the
details to Exercise 9.10.4. O

Remark 9.3.2. 'We see from Theorem 9.3.1 that a finite-variance linear process with
coefficients (¢,) satisfying (9.14) and a,, # 0 in (9.16) satisfies a functional central
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limit theorem of the type (9.3) with a Brownian limit. Such a process should be
viewed as a short-memory process from the point of view of behavior of the partial
sums.

We consider now a finite-variance infinite-moving-average process (9.13) whose
coefficients do not satisfy the summability condition (9.14). Instead, we will impose
a certain balanced regular variation assumption. Specifically, assume that there is a
regularly varying sequence (b,) with exponent 8 € (—1,—1/2) such that

im & — ¢, tim ¥ =, (9.22)

n—00 bn

for some cy,c— € R, at least one of which is different from zero. Clearly, such a
sequence of coefficients (¢,) satisfies the square summability assumption (9.12) but
not the absolute summability assumption (9.14). Now the limiting behavior of the
partial sums is different.

Theorem 9.3.3. Let X be a finite-variance infinite-moving-average process with
coefficients (¢n) satisfying (9.22), —1 < B < —1/2. Then

1
(—n3/2bn S,(t), t > O) = (cwogBH(t), t> O) asn — 0o (9.23)

weakly in the Skorokhod J, topology on D|0,00), where By is the standard
fractional Brownian motion with H = 3/2 + B, satisfying E (BH(t)z) = P12,
t > 0. Furthermore, o2 = Var(sg), and

2 =2(1+p)72 ) {C+[(1 + 0§ _yl++ﬂ] N C‘[(l AR _yljﬂ]}z -
oo (9.24)

Proof. We begin by writing

o0 n
Si=Xi+... +X =) (Z@_,)aj,n:l,z,..., (9.25)
j=—00 \i=1
so that
o0 n 2
52 = VarS, = o7 Z (Z gai_‘,) .
j=—o00 \i=1

We will show that

lim =1 = 2/2, (9.26)
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with cé given in (9.24). We postpone the proof of (9.26) for a moment to see how
this statement implies the claim of the theorem.

In order to prove convergence of the finite-dimensional distributions, we will use
the Lindeberg central limit theorem; see, e.g., Theorem 27.2 in Billingsley (1995),
the multivariate version of which follows immediately from the usual univariate
version by the Cramér—Wold device. Let 0 < t; < 1, < ... < t4. In order to prove
that

1 1
(n3/—2bns[ml]7 ey n3/—2bns[mdl) = (C(pUSBH(ll), Ceey C(pO'sBH(td)) y 9.27)

we use the representation (9.25) of the vector on the left-hand side of (9.27) as a
sum of independent random variables. Define

On=> Gijij€lin=12,....
i=1
Then (9.27) will follow once we check the incremental variance convergence

o Var(Spg = Sig) _ 5 5 o
nlglolo n3—b,% =c,0, (t—15)""/2 (9.28)

for every 0 < s < t < 00, as well as the Lindeberg condition

li 1 0 o2 gl n3/2|bn| o 020
Ay 2 Ot |t ol > T e | = ©.29)

j==o0

for every € > 0. However, once (9.26) has been proved, the incremental variance
property (9.28) is immediate, since

Var(S[m] - S[m]) lim Var(S[m]_[m])

n—00 n3b% n—>00 n3b%
2.2 312
2o ([nt] — [ns]) b3 14—
_ ¢ 1 nil—=[ns] _ 2 2. \2H
) Jm, b2 = Cu0: (1—=5)7"/2,

by the regular variation of the sequence (b,). Furthermore, it follows easily by the
assumption (9.22) and Exercise 10.9.9 that there is C € (0, 0o) such that for each
jeZ,

n
161al < C " Ibil ~ C(1 + B)"nlby|
i=1
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as n — oo. Therefore, as n — oo,

3 02 E|e21 bl N1 Z o 3 02 = o(1)s?
Z E &1 | leol > 1G] € —0()2 L = o(1)s,,

j==c0 j==o0

and (9.29) will follow once (9.26) has been proved.

In order to prove tightness, we use, once again, Theorem 15.6 in Billingsley
(1968). Since H > 1/2, according to this theorem it is enough to prove that there is
¢ > 0 such that for all n large enough,

P(ISu(t2) = Su(t1)| > An*/?b,, |S,(t3) — Su(12)] > An?b,) < A7 (t3 — 1)

forall0 <t <t <t3 < landall A > 0. As in the proof of (9.9), this probability
does not exceed

2
Sm

max P(|Sm| > An3/2bn) <A7? max

m=<n(t3—11) m=<n(t3—t1) }’l3bﬁ ’

Since by (9.26) and Exercise 10.9.9, max,, <, s,i ~ sﬁ

follows from (9.26).
We finish the proof of the theorem with proving (9.26). We may assume that the
sequence (b, ) is eventually positive. Define

n n
= Z(pl = 90,717 9—.n = Zw—i = Un+1,n+1>
i=1 i=0

and note that by (9.22) and Theorem 10.5.6,

as n — oo, the required bound

9:|: n C+
li — = . 9.30
oo by, 1+ B ©-30)

We can write

0
52 =02 Z Z Z =:= 07 (Vi(n) + Va(n) + Vs(n)) .

j=—00

The following three claims will imply (9.26):

. Vi(n) 29 1+8 _1+8

Jlim o 1+8) C+/0 (407 =y7 ) dy, 9.31)
. Va(n) S (! +8 148

Jlim o 1+8) /0 (c+(1 =P + eyl ) dy, 9.32)
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im 2 _ +ﬂ)—2c2_/ (4P =) ay. 9.33)

n—oo n3b2 0

We will prove (9.31). The statements (9.32) and (9.33) can be proved in a similar
way, and are left to the reader in Exercise 9.10.5.

For the purpose of proving (9.31), we will assume that cy > 0.If c4 < 0, one can
multiply the entire process by —1. If c; = 0, one can use an obvious monotonicity
argument and prove that the limit in (9.31) is zero once the truth of that statement
for ¢4+ > 0 has been established. Let 0 < € < 1 be a small number. Write

o
2
Vi(n) = Z Z (04 ntj — 0+,)" -
k=0 kne <j<(k+1)ne
By the assumption, the moving-average coefficients (¢,) are eventually (as n — o0)

positive, so that the sequence (64 ,) is eventually increasing. Therefore, for all n
large enough,

o0
2
Vi(n) < (1 + ne) Z(e-i-‘,[n(l-i-(k-i-l)e)] — O me)” +0().

k=0
We claim that
lim i (ot rio) = briwa)” i((l + (k+ Do)t — (ke)'TP)’°
" =0 0% k=0 '

(9.34)
Once (9.34) has been verified, it will follow from (9.30) that for 0 < € < 1,

Vi(n)

0 <1+ B) 72 e > (1 + (k+ D)™ — (ke)'TF)?

k=0

hm sup

<(1+p) e /00((1 + 2€ 4 xe)! TP — (xe)l+ﬂ)2dx
0
(1+ B2} /00((1 + 2¢ 4+ x)'tF —x1+ﬁ)2dx.
0

Letting € — 0 establishes then the upper bound part in (9.31).

In order to prove (9.34), we note that the sequence (64 ) is regularly varying
with exponent 1 + S, so that each term in the sum on the left-hand side of (9.34)
converges, as n — 00, to the corresponding term in the sum on the right-hand side.
Therefore, we need only to exhibit a dominating function. We use the Potter bounds
of Corollary 10.5.8. Let 0 < § < —(8 + 1/2). Denoting by C a finite positive
constant that is allowed to change from appearance to appearance, we have, for n
large enough, for all k > 1/e,
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[n(1+(k+1)e)]
04 11+ G+ 1)e)] — O+ fnke] <o Z ai
Ot i=pke+1
[n(1+(k+1)e)]
D S
i=[nke]+1
< CkPHY

By the choice of §, the square of this function is summable. Hence, (9.34) holds.
Similarly, for all n large enough,

o0

2

Vi(n) = (ne — 1) E (O (1446 — O pnk+1)e))
=1

and proceeding in the same manner as above, we obtain the lower bound part
of (9.31). 0

Since a functional central limit theorem of the type (9.3) holds for a finite-
variance linear process with coefficients (¢,) satisfying the regular variation
assumption (9.22), but the limit is a fractional Brownian motion with exponent H >
1/2 (and a function of the exponent of the regular variation of the coefficients), such
an infinite-moving-average process should be viewed as a long-memory process
from the point of view of behavior of the partial sums.

As far as the behavior of the partial sums is concerned, long-range dependence
in finite-variance linear processes is also possible when the coefficients (¢,) are
summable but their sum a,, is equal to zero. This possibility is similar to the case
of the Hurst exponent being in the range 0 < H < 1/2 for fractional noises
in Proposition 9.2.6, because now the “size” of the partial sums may be smaller
than that under the short-memory conditions of Theorem 9.3.1. Once again, we
will impose a balanced regular variation assumption. Specifically, we will assume
that (9.22) holds, but this time, the exponent of regular variation of the sequence
(b,) is assumed to be in the range 8 € (—3/2,—1). This clearly implies that the
coefficients (¢,) satisfy the absolute summability assumption (9.14).

Theorem 9.3.4. Let X be a finite-variance infinite-moving-average process with
coefficients (¢,) satisfying (9.22), —=3/2 < B < —1. Assume that

ag:= Y ¢ =0. (9.35)

j==o0

Then, in the notation of Theorem 9.3.3,

1
(nS/—anS,,(t), t> 0) = (cy0eBu(t), t>0) asn — oo (9.36)
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in finite-dimensional distributions. Furthermore, if we also have E|ey|P < oo for
some p > 2/(3 + 2B), then (9.36) also holds in the sense of weak convergence in
the Skorokhod J; topology on D|0, 00).

The proof of the theorem is similar to that of Theorem 9.3.3 and is left to
Exercise 9.10.6.

Remark 9.3.5. One can summarize the results of Theorems 9.3.1, 9.3.4, and 9.3.3
and say that under the assumption (9.14) of the summability of coefficients and
nonvanishing sum a, of the coefficients, the finite-variance infinite moving average
has short memory from the point of view of the behavior of its partial sums, while
from the same point of view, the memory is long if the coefficients satisfy the regular
variation assumption (9.22) with either f € (—1,—1/2) or =3/2 < 8 < —1, but
a, = 0. The presence of a phase transition is clear, even though we have not made
an effort to draw the exact boundary between the short- and long-memory cases. In
particular, it is clear that the arguments in Theorems 9.3.4 and 9.3.3 require little
beyond regular variation of certain partial sums of the coefficients, instead of the
regular variation of the coefficients themselves.

9.4 Partial Sums of Finite-Variance Infinitely Divisible
Processes

Our task in this section is to find phase transitions from the point of view of partial
sums for stationary infinitely divisible processes without a Gaussian component
given in the form (3.91). That is,

X, = /f o ¢"(s)M(ds), n€ Z, (9.37)
E

where (E, £, m) is a o-finite measure space and M a homogeneous infinitely
divisible random measure on E without a Gaussian component with control measure
m and a constant local Lévy measure p. We assume that the constant local shift of
M vanishes: b = 0. Furthermore, f € Ly(M), and ¢ : E — E is a nonsingular
measure-preserving map. For simplicity, we will assume that the local Lévy measure
p is symmetric. Recall that by Theorem 3.3.2, the assumption f € Ly (M) means that

[ (/00 min(l,xzf(s)z) ,o(dx)) m(ds) < o0 (9.38)
E —00

In this section, we will assume that the process X has finite variance. This is
equivalent to saying that

[ ” *? p(dx) < oo and / £(s)> m(ds) < 00 (9.39)
oo E
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see, e.g., Sato (1999). This condition already implies (9.38), hence the integrability
of f.

The laws of stationary stochastic processes X we have defined by (9.37) are
thus determined by several parameters: the local Lévy measure p, the kernel f, and
ergodic-theoretical properties of the map ¢ with respect to the control measure m.
We will find in this section that for finite-variance processes, the behavior of the
partial sums is largely determined by the ergodic-theoretical properties of the map
¢ and by the “size” of the kernel f.

We begin with the case in which the map ¢ is dissipative with respect to the
control measure m. In order to obtain behavior of the partial sums consistent with
short memory, we will impose additional “size” constraints on the function f.
Specifically, we assume that

/E FOI S 1fl o ¢*(s) mids) < oo (9.40)

k=—00

Notice that (9.40) implies that
oo
Z If] 0 p*(s) < 00 m-ace., 941
k=—00

which would follow from the dissipativity of ¢ by Theorem 2.4.5 if we had
f € Li(m). The latter condition is not, however, guaranteed just by the assump-
tion (9.39). Moreover, by Theorem 2.4.5, (9.41) itself implies dissipativity of ¢, at
least on (the only relevant) ¢-invariant set

E = {seE:fo¢k(s) £0 for somekez}. (9.42)
Theorem 9.4.1. Let X be a finite-variance stationary symmetric infinitely divisible
process without a Gaussian component given by (9.37). Suppose that the map ¢ is
dissipative with respect to the measure m, and that (9.40) holds. Then

(n28,(1), t = 0) = (0xB(1), t > 0) asn — oo (9.43)

in finite-dimensional distributions, where

0)2( = /_ x? p(dx) (

Proof. By the linearity of the integral (Theorem 3.3.2), we know that for n =
1,2,..,

> /E f©)f o ¢k(s)m(ds)) . (9.44)

k=—00

Su=| Y _fod*(s)m(ds). (9:45)

E =1
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which is a symmetric infinitely divisible random variable without a Gaussian
component. A standard argument shows that it is enough to prove weak convergence
of the type

W2 (Sjins - Sjn) = 0x(BGD). - .. BGin)) (9.46)

for every m = 1,2,... and positive integers ji,...,jn.; see Exercise 9.10.7.
Conditions for convergence of a sequence of infinitely divisible random vectors to a
Gaussian limit are given, for example, in Theorem 13.14 in Kallenberg (1997). With
the representation (9.45), we need to verify two statements. First of all, we have to
check that for all nonnegative integers j; < j, and x > 0,

. 2 . 2
oo Jan Jan
[ el X revo) t|en| X redo| =« | ps@oma
EJ—co N k=jin+1 n k=jin+1
— ox(2 —Jj1) ©47)

as n — 00, and we also have to check that for every positive integer j,

2

00 1 jn
1| 2= o ¢F 1 d d 0 9.48
[E/_w xﬂ(;f ¢<s)) > 1| p(d) mds) — (9.48)

as n — oo. Since the map ¢ is measure-preserving, it is clearly enough to consider
only the case j; = 0, j, = 11in (9.47), and j = 1 in (9.48).

We begin by proving (9.48) (with j = 1). Let M be a large positive number.
We write the integral in (9.48) as IfM) (n) + ISM) (n), with the two terms given,
respectively, by

n 2 o
1 f°¢k(5)) = =z ( 1 (Xz > n) p(dx)) m(ds)
/E (</; M ) /—00 (Cieif 0 9k(s)?

and

n 2 o0
1 fo gbk(s)) > ( 1 (xz > n) p(dx)) m(ds) .
/E ((1; M) /_"o (Xherf o 94(9)?

Then (9.48) will follow from the following two claims:

lim lim sup IiM) (n)=0 (9.49)
M—o00

n—>oo



9.4 Partial Sums of Finite-Variance Infinitely Divisible Processes 303
and
5 (M) —
lim /57 (n) = 0 for every M > 0. (9.50)
n—>oo

We prove (9.49) first. Note that

1w =2 [ e [ [ (Zf ¢<s>) m(ds)

:2[:ng@@ p E: W‘MD/f@v () m(ds)

L S

n—1

<2 Rpan Y ' [ 16 o ¢ @ymias)

1/
M/ k=—(n—1)

Now the claim (9.49) follows from (9.40) and (9.39).
In order to prove (9.50) for a fixed M, we write

0 2
I;M)(n) < 2p((1, 00)) /El (Zfo¢k(s)) > Ai/l m(ds)
k=1

n . 2 al/2
2/51 (k:zlfogb (s)) >n p((m,l)) m(ds)

= I (n) + In(n) .

For K > 0, let

SEE: Y |floghs) > K

k=—00

Ax = J @ up to an m-null set as K — oo,

9.51)
where the convergence follows from (9.41). Letting ¢ be a finite (M-dependent)
constant that is allowed to change from appearance to appearance, we have for a
fixed K, for all n large enough,

() = c / (Zf ¢>(s>) > 2| mas)
2
/ Ly () ! (Zf ¢ (s)) m(ds) 9.52)

k=1
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<e [ L OO Y 1l o ¢*) m(ds).

k=—00

and the last expression vanishes as K — oo by (9.40), (9.51), and the monotone
(M)
convergence theorem. Therefore, I, (n) — 0 as n — oo.
For a large K > 0, we have

n 2 al/2
122(11) < 2/{;1 (ka o ¢k(s)) > Kn P ((m, 1)) m(ds)
=1 =

n 2
+2,0((K_1/2,1))/E1 (Zfo¢k(s)) > n | m(ds).
k=1

We already know that the second term vanishes as n — oo for every K > 0. Using
the fact that xzp((x, l)) — 0 as x | 0, we estimate the first term as

n 2
ox() [ (Zfocb"(s)) m(ds).
k=1

where ok (1) — 0 as K — oo. Since the integral is bounded by (9.40), we conclude

that 13" (n) — 0 as n — oo, which proves (9.50). Hence (9.48) holds.

We now prove (9.47) (with j; = 0, j, = 1). Write the integral in (9.47) as
o) 1 n 2
/ X2 p(dx) /1; - (Zf o ¢k(s)) m(ds)
—%° k=1
(] 1 n 2 1 n 2
—// x2Z (Zfo ¢>k(s)) 1 xzz (Zfo ¢k(s)) >k | p(dx) m(ds) .
EJ—oo k=1 k=1

Since by (9.40), the first term converges, as n — 00, to 0)2(, it remains to prove that
the second term vanishes as n — oco. For M > 0, we write this term as

2 2
© 1 (< 1 [
2/,;/M xzz (;fows)) 1 xzz (k;fows)) >k | p(dx) m(ds)

+2//szl i:foqﬁk(s) 21 le Xn:foqsk(s) 2>/c p(dx) m(ds)
eJo M \iD "=
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[e9) 1 n 2
<2 [ o) [ Sred ) md
M EN \i=i
2 2
M ) 1 n . n . nK
+2) ol | 5 kzzlf°¢(s) 1 k;foqﬁ(s) > o5 | mids)

= I () + 1" ().
It follows from (9.40) that

lim lim sup JfM) (n)=0,
M—00 ;00

and the argument used in (9.52) shows that
lim JéM)(n) =0 forany M > 0.
n—>0o0

Therefore, (9.47) follows, and the proof of the theorem is complete. [

Remark 9.4.2. 'We have stated and proved Theorem 9.4.1 in terms of convergence of
finite-dimensional distributions. It is clear that under appropriate conditions on the
function f, the result will hold in the sense of weak convergence in the Skorokhod
Ji topology on D[0, 00). In order to keep the conditions of the theorem as simple as
possible, we have avoided additional conditions on f.

Remark 9.4.3. As long as the limiting variance oy in (9.44) does not vanish, we
should view the stationary symmetric infinitely divisible process of the type (9.37)
as having short memory from the point of view of the behavior of its partial sums if
it satisfies (9.40).

The assumption (9.40) implies that the map ¢ in (9.44) is dissipative, at least
on the set Ef in (9.42). In the remainder of this section, we will try to shed some
additional light on the role the dissipativity (or its opposite, conservativity) of ¢
play. Note that the condition (9.40) is essentially a condition on the rate of decay of
the function |f| over the trajectories of the flow (¢"). This condition may or may not
hold, even when the map ¢ is dissipative.

Example 9.4.4. The linear process (9.13) is a special case of the stationary infinitely
divisible process (9.37) if the noise variables (g,, n € Z) are themselves infinitely
divisible random variables. Assume that

Ee'%®0 = exp %/ (eiex -1- i@[[x]]) ,o(dx)} .0 R, 9.53)

for a one-dimensional symmetric Lévy measure p satisfying the first condition
in (9.39). Then the linear process (9.13) is of the form (9.37) with E = Z, the
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control measure m of the symmetric infinitely divisible random measure M being
the counting measure on Z, and the function f given by f(j) = ¢;,j € Z. The
map ¢ is, of course, the left shift on Z. It is easy to verify that in this special
case, the assumption (9.40) coincides with the assumption (9.14) of Theorem 9.3.1,
and the conclusion (9.43) of Theorem 9.4.1 coincides with the conclusion (9.15) of
Theorem 9.3.1 (apart from a different mode of convergence).

We can learn a lesson from Example 9.4.4. Namely, even when the map ¢
in (9.44) is dissipative, if the growth condition (9.40) on the kernel f fails, then
the partial sums of the stationary infinitely divisible process can converge to a
limit different from a Brownian motion. Theorem 9.3.3 shows, in particular, that
the partial sums of an infinitely divisible infinite-moving-average process as in
Example 9.4.4 can converge, with proper normalization, to a fractional Brownian
motion with H > 1/2. It is clear that in the more general situation described
by (9.37) and a dissipative map ¢, appropriate regular variation assumptions
on the kernel f will also lead to convergence to a fractional Brownian motion
with H > 1/2. We will not present such results here. Similarly, if the growth
condition (9.40) on the kernel f holds but the limiting variance 072( in (9.44) vanishes,
then under proper regular variation assumptions on the kernel f, the partial sums of
the stationary infinitely divisible process will converge to a fractional Brownian
motion with H < 1/2. Theorem 9.3.4 is an example of such a situation for an
infinitely divisible infinite-moving-average process as in Example 9.4.4. We will
not present more general results of this type here.

The above discussion shows that from the point of view of the behavior of the
partial sums, stationary symmetric infinitely divisible processes of the type (9.37)
can have either short memory or long memory if the map ¢ is dissipative. The key,
in this case, is the “size” of the kernel f.

When the map ¢ in (9.37) is conservative, the “size” of the kernel f alone can
no longer guarantee that the infinitely divisible process has short memory as far as
the behavior of the partial sums is concerned. The following proposition shows that
if the kernel f is nonnegative, then short memory according to the behavior of the
partial sums is impossible.

Proposition 9.4.5. Assume that the map ¢ in (9.37) is conservative, and that f > 0
m-a.e. on the set Ey in (9.42). If m(Ey) > 0, then there is no o > 0 such that (9.4)
holds in terms of convergence of finite-dimensional distributions.

Proof. We may assume that E = Ej, and that p((1,00)) > 0. Suppose, to the
contrary, that there is ¢ > 0 such that (9.4) holds in terms of convergence of
finite-dimensional distributions. Then both (9.47) and (9.48) must hold (the former
statement has to hold with ox replaced by o). For n > 1, let

Y fodts)

An=§s€E:
k=1

. /§ |
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Note that the expression in (9.48) with j = 1 is at least m(An)p((l, oo)), soif m(A,)
does not converge to zero as n — o0, then (9.48) does not hold. Assume, therefore,
that m(A,) — 0 as n — oo. Let k > 0 be so large that p((l, K)) > (0, and let k be a
large positive integer. Then the expression in (9.47) with j; = 0, j» = 1 cannot be
smaller than

p((1,)) > / (Zf ¢(s)) (s € AZ) m(ds)

n J1i—1

>2p((1, K) >y /f ¢ (5)f 0 p2(s) 1(s € AS) m(ds)

Jl =k+1jp=j1—k

—2p(1. x))[ / F$)f o $(s) m(ds)
n j1i—1
2 X [red6reg 1 €)mid)
TRy R—

Since ¢ preserves the measure m,
m(¢/(A,)) = m(A,) - 0 asn — 0o
for every j, and hence
[£o9" 01 08" 0)1(s € 4 mia)

- [E FOF 027 (5) 1(s € ¢ (4,)) m(ds)

i 1/2 o 1/2
( / FO1(s € 9 (A))) m(ds>) ( f 2o d(s) m(ds>)
E E

uniformly in j;, j». Therefore, the lower limit of the expression in (9.47) with
J1 =0, j» = lisatleast

IA

k k
20((1.:0) Y- [ 160 06y m(as) = 2p((1.0) [ £ 3 f 0 g5y m(ds.
i=1 VE E i=1

Since this is true for an arbitrarily large k, the lower limit cannot be smaller than

20((1,) /E ) S f 0 §(s) m(ds)
i=1
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However,

Z fo¢'(s) = oo m-ae., (9.54)

i=1

since ¢ is conservative and E = E; just use Exercise 2.6.12 with
B = {seE:foqﬁk(s) >¢ forsomekGZ}

with & > 0 becoming arbitrarily small. Therefore, (9.47) does not hold.
The resulting contradiction shows that there is no o > 0 such that (9.4) holds in
terms of convergence of finite-dimensional distributions. [

Remark 9.4.6. One can see from Proposition 9.4.5 that conservative maps tend to
produce stationary infinitely divisible processes that do not have short memory from
the point of view of the behavior of the partial sums. Of course, other factors are
present. With the assumption of a nonnegative kernel f made in Proposition 9.4.5,
for example, one can expect that if a functional central limit theorem of the type (9.3)
holds, then the limiting process Y may be a fractional Brownian motion with
H > 1/2, and hence the memory in the stationary infinitely divisible process
is long. Theorem 9.4.7 demonstrates this for a special type of conservative map.
Intuitively, this happens because the assumption that the kernel f is nonnegative
prevents certain cancellation effects in the partial sums of an infinitely divisible
process. Such cancellation effects may reduce the Hurst exponent of the limiting
process Y if a functional central limit theorem of the type (9.3) holds. In particular,
even with a conservative map ¢, cancellation effects can result in a Brownian motion
as a limit in (9.3) and hence in short memory from the point of view of the behavior
of the partial sums.

In the remainder of this section, we keep the assumption of a nonnegative kernel
f- In order to better understand how the properties of a conservative map ¢ affect
a functional central limit theorem for the partial sums of the process, we present
a result about an infinitely divisible process in (9.37) corresponding to a particular
conservative map. We will see that in this special situation, even with a “very small”
but nonnegative kernel, a properly normalized partial sum process converges to a
fractional Brownian motion with H > 1/2, and hence the infinitely divisible process
has long-range dependence as far as the partial sums of the process are concerned.
We will consider a situation similar to that described in Example 2.4.12.

Let (pj, i,j € Z) be a set of transition probabilities of an irreducible null
recurrent Markov chain on Z. Let (71;, i € Z) be a o-finite invariant measure for
the Markov chain; it is necessarily unique up multiplication by a positive constant;
see, e.g., Resnick (1992). Note that

m(A) = Z 7;P;(the trajectory of the Markov chain is in A) (9.55)
i€l
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for a measurable subset A of E = Z” defines a o-finite measure on the cylindrical
o-field on E that is invariant under the left shift ¢ on E. We choose a very simple,
and “small,” function f: let

f(x)=1(xo =0) forx = (..., x_1,%0,%1.,%,...) € Z~. (9.56)

Note that
/ f(s)> m(ds) = my < 00,
E

so that the conditions (9.39) are satisfied, and (9.37) specifies a well-defined
symmetric infinitely divisible stochastic process with finite variance. In this case,
the left shift on E = ZZ is conservative; see Exercise 9.10.8.

It turns out that the behavior of the partial sums of this stationary infinitely
divisible process is determined by how quickly the Markov chain returns to a given
state. For x = (..., Xx_1, X0, X|, X2, ...) € Z%, define

71 =1(X) = inf{n >1:x,= O}. (9.57)

For i € Z, we will use the notation P;(t; € -) to describe the law of the first hitting
time of the origin by the Markov chain after n = 0. For example,

Pi(ty =n) =m; Z Z Dijt + + - PjnesjnoiPjn0s B =1,2, ...
NFEO ju—170

A useful property of the first return times used in the proof of the next theorem is in
Exercise 9.10.9.

Theorem 9.4.7. Assume that the sequence Py(ty > n), n = 1,2,..., is regularly
varying with exponent —f8 € (—1,0). Then

1/2
((PO(TI;H)) s,,a),rzo):(cwa(r),t20) asn—>o0  (938)

in the Skorokhod J, topology on D[0, c0), where By is the standard fractional
Brownian motion with H = (1 + B)/2, satisfying E(BH(I)Z) =2, ¢t > 0.
Here

o0 ra—pra+28) ..,
5 = mo f_ooxz p(dx) N E(Z; 2/8),

where Zg is a positive B-stable random variable with characteristic triple (0, i, 0),
and the Lévy measure is given by pu(dx) = Bx~ 4B dx for x > 0.



310 9 Phase transitions

Proof. As in the proof of Theorem 9.4.1, for the convergence of the finite-
dimensional distributions we need to prove two statements. First of all, for every
Kk >0,

" 2
[ [ etz (Z fod,k(s))
EJ—eo & k=1
1 2P0(‘L’1 > l’l) " k ? 2
X — Zfo "(s) | =« | pldx)m(ds) — cg (9.59)
k=1

as n — 00, and also

n 2
/E /_ 1 xZM (Zfoqsk(s)) > 1| p(dv)ym(ds) =0 (9.60)

k=1

as n — oo.
Let N,, be the number of times the Markov chain visits state O in the time interval
{1, ..., n}. Then the expression in (9.59) can be written in the form

/oo x? p(dx) M Z mE{(N})

—0o0

_P()(‘C] >n) © 2
n \/—oo)C |:

=h(n) —hLn).

i=—00

oo

_ n
Z ik, I:Nsl (N,% > KX 2m)i|i| p(dx)

i=—00

By the strong Markov property of the Markov chain and Exercise 9.10.9,

oo

Z mE{(N?) = Z Z miPi(t1 = K Eo((1 + Nu—i)?)

i=—00 k=1 i=—o00

=0 Y Po(t1 = KE((1 + Nyt)) .
k=1

By Exercise 9.10.10, the sequence Eq(N?), n = 1,2,..., is regularly varying
with exponent 2. We can use now part (i) of Theorem 10.5.10 and, once again,
Exercise 9.10.10 to conclude that

T(1—BT1+28) [ _
fath /_oo 2 p(d0)E(Z; ) =} 9.61)

Ii(n) —
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as n — oo. We will prove that I,(n) — 0 for every x > 0. This will establish
both (9.59) and (9.60). Using, once again, Exercise 9.10.9, we can write, for every
a >0,

P > t
bL(n) =m, y ZPO(Tl > k)
=1

/_ x’Ey [(1 + No—i)’1 ((1 + Nyi)® > Kx_zm)} p(dx)

[e.]

_ P0(7,’1>Vl) ! - . .
_JTD—n ;Po(fl_k)[/;lsa +/|x|>a]

=17 () + L3 ().

Using Exercise 9.10.10 and Theorem 10.5.6, we see, for large n and for some
positive finite constant c, that

19(n) < cEy [(Po(r1 > n)N,)"1 ((Po(fl > n)N,)’ > %npo(fl > n))] -0

as n — oo for every a > 0, since nPy(t; > n) — oo. On the other hand, the
argument leading to (9.61) immediately gives us

nnlil;plé‘f)(n) < ra _F/?z)i(is; 2) /| ‘ 2 pla0)E(Z; ™),

and the expression on the right-hand sides vanishes as a — o©o. Therefore,
I,(n) — 0, and the proof of convergence of the finite-dimensional distributions
is complete. Since the limiting fractional Brownian motion satisfies H > 1/2, the
required tightness in the Skorokhod J; topology on D[0, oo) follows as in the proof
of Theorem 9.3.3. We leave the details to Exercise 9.10.11. O

Remark 9.4.8. The normalizing sequence (n'/>Py(t; > n)~'/?) in Theorem 9.4.7
is regularly varying with exponent (1 + 8)/2, where 0 < B < 1 describes how
heavy the tail of the first return time t; is. It is interesting to observe that as 8 — 0,
the Markov chain becomes closer to being transient, while the left shift ¢ on ZZ
becomes closer to being dissipative (see Example 2.4.12). At the same time, the
exponent of regular variation of the normalizing sequence becomes closer to 1/2,
and the fractional Brownian limit in Theorem 9.4.7 becomes closer to the Brownian
motion. That is, as § — 0, the stationary infinitely divisible process in the theorem
becomes closer to the boundary between long memory and short memory as far as
the behavior of the partial sums is concerned.
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9.5 Partial Sums of Infinite-Variance Linear Processes

In this section, we begin the detailed search for phase transitions in the behavior
of the partial sums of stationary stochastic processes with infinite variance. Recall
Assumption 9.2.1: in this context, we will consider stationary processes X =
(X, n € Z) for which the marginal distributions have balanced regularly varying
tails with exponent « € (0, 2). We will assume, for simplicity, that the process X is

symmetric, i.e., that —X 4 X; without this assumption, partial sums of the process
X may require centering, in addition to scaling, in order to obtain convergence. The
necessity of such centering will complicate the discussion without helping us to
understand the phase transitions between short and long memory. In order to have
a benchmark for short memory in this case, let us recall the behavior of the partial
sums of an i.i.d. sequence with such balanced regularly varying tails. In this case,
the analogue of the invariance principle (9.4) takes the following form. As in (4.40),
the appropriate normalizing sequence is

ay =inf{x>0: P(Xo>x) <1/n}, n=1,2,.... (9.62)

Recall that the sequence (a,) is regularly varying with exponent 1/«. Then, under
the assumption of symmetry,

(a,'Su(t), t > 0) = (Yo(r), t>0) asn — oo (9.63)

weakly in the Skorokhod J; topology on D[0, c0). Here (Ya(t), t > 0) is a
symmetric c-stable Lévy motion with Lévy measure p satisfying

w(dx) = orlx| 7@ gx;

see Gikhman and Skorohod (1996). Therefore, a different normalization from that
given in (9.62) or a limit different from a stable Lévy motion is an indication of
long-range dependence from the point of view of the behavior of the partial sums of
symmetric stationary processes whose marginal tails are balanced regularly varying
with exponent « € (0, 2).

Before we proceed to study the partial sums of infinite-variance linear processes,
which is the main topic of this section, we would like to mention a new general
phenomenon that appears when the marginal tails of a stationary process are
sufficiently heavy: the partial sums of the process can no longer grow faster than
the partial sums of an i.i.d. sequence with the same marginal distributions. This is
described in the following proposition.

Proposition 9.5.1. Let X be a random variable such that E|X|P = oo for some
0 < B <1 Let X = (X1,X5,...) be a stochastic process with each X; £ X, and
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let Y = (Y1,Y>,...) be a sequence of independent copies of X. Let a, 1 o0 be a
sequence of positive numbers such that

Ap+1

lim sup < 00.
n—oo  dp
If
1élrll>(i>rng(|X1 +Xo+ ...+ X > a,) >0, (9.64)
then also
limsup P(|Y1 + Y> + ... + Yu| > a,/5) > 0. (9.65)
n—>00

If X is symmetric, then

limsupP(|Y1+ Y+ ...+ Y, >a,) > 0. (9.66)

n—>oo

Proof. Note that

P(|X1 +X2+...+Xn| >an)

- )

SP(iirllf}?in 1Xi| > a,) + P(’;X,»IUXA <ay,)
E(|IX|1(|X n
SnP(|X|>a,,)+n (| 11 |§a)),

n

using Markov’s inequality at the last step. Using Lemma 9.5.3 below and the growth
assumption on the sequence (a,) (in order to switch from the limit over a continuous
variable to a limit over a discrete variable), we see that

. a,P(|X| > a,)
lim sup ,
oo E(IX|1(IX| < ay))

and therefore,

limsupnP(|X| > a,) > 0.

n—>oo

Choose § > 0 and a sequence n; 1 oo such that

nP(P|X| > a,) > § forallk > 1. (9.67)
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Suppose first that X is a symmetric random variable. By symmetry and indepen-
dence, we have

1
P\Yi+ Yo+ ...+ Yyl >ay) > EP( max |Y| > a,lk)

,,,,,

:% (1= (1= P(X1 > a))") (9.68)

as k — oo. This proves (9.66).
Without assuming symmetry, suppose that to the contrary, (9.65) fails. By the
Lévy-Ottaviani inequality of Theorem 10.7.3 with s = r = a,/5, we have

lim P( max Y1+ Y, +...+ Y, > 2a,,/5) =0. (9.69)

n—>o0 i=1

.....

Forn = 1,2..., define N, = inf{k > 1 : |¥;| > a,}. With the sequence (n;) as
in (9.67), we have

P(|Y1+ Yo+ ...+ Yyl > ay/5)
> P(Ny, < m. max |Yy + ...+ Y| <2a,/5. |Yy, 41+ ...+ Yo | < 2a,/5)

=Nny

ng
> Y PNy =) PV + ...+ Yy | < 2a,/5)
j=1

—P( max |Y1 +1h+. 4+, > 2ank/5)

.....

—P( max |Y1 +Y+. Y,,k| > 2a,,/5) .

However, the computation in (9.68) and the assumption (9.69) imply that the above
expression cannot converge to zero. This contradicts our assumption that (9.65)
fails. O

The proof of the proposition uses Lemma 9.5.3 below. First we need a prelimi-
nary estimate.

Lemma 9.5.2. Let (a,) be a sequence of positive numbers such that

aﬂ

lim ———— = 0. (9.70)
n—>00 1 4 Zk | Gk
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Then for every 6 > 0,

lim 27%q, = 0. 9.71)

k—00

Proof. 1f the statement of the lemma fails, then for some 8 > 0, we have

lim sup 27%a, = 00.
k—00

Fixing such a 8, define, for B > 0,
np = minfk > 1: 27%q, > B},
and note that ng 1 oo as B 1 oco. Then

Ay N B2%ns . 20 —1
L+ a1+ B2sk = 2

for every B > 2% — 1, and this contradicts (9.70). O

Lemma 9.5.3. Let X be a positive random variable such that EXP = oo for some
0 < B < 1. Then

i xP(X > x)
limsup ———
o0 E(X1(X < x))

Proof. Form > 1,

2m
E(X1(X <2™) < f P(X > y)dy
0

m—1
<14 2'P(x >2").
n=0

If the statement of the lemma fails, then we can use Lemma 9.5.2 with a, =
2"P(X > 2") for n > 1 to conclude that

P(X > 2”) = 0(2_’3”) asn — 00
for every 0 < B < 1, which contradicts the assumption EX? = oo for some 0 <

<10

Remark 9.5.4. An immediate conclusion from Proposition 9.5.1 is as follows. Let
X be a symmetric stationary process whose marginal tails are balanced regularly
varying with exponent & € (0, 1). Then it is impossible that there is a sequence (b,)
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satisfying b,/a, — oo (with a, defined by (9.62)) such that a functional central
limit theorem of the type (9.3) holds with a nonzero limit process Y. That is, any
deviations of the rate of the growth of the partial sums of the process from the
rate of growth of the partial sums of the corresponding i.i.d. sequence (specified
by a,) must be in the direction of a slower rate of growth. This is a point worth
keeping in mind when looking for phase transitions between short memory and long
memory. It is sometimes claimed that only a faster rate of growth of the partial sums
qualifies as an indication of long memory. We see now that this is impossible with
sufficiently heavy tails. From the point of view of a phase transition, a deviation in
the direction of a rate of growth of the partial sums slower than a, should be viewed
as an indication of long memory as well.

Let us consider now the partial sums of the infinite-variance linear processes of
Section 1.4. We will assume that the noise variables (e, n € Z) are i.i.d. symmetric
random variables, with balanced regularly varying tails with exponent 0 < o < 2.
Further, we assume that the coefficients (¢,, n € Z) satisfy

o

Z |@n]*™¢ < 0o forsome0 <& <. (9.72)

n=—0o0

It follows by Corollary 4.2.12 that the process (9.13) is a well-defined symmetric
stationary process such that

P(X, 1 &
A Y el (9.73)

=00 P(lgg| > x) 2 A~

We begin a search for phase transitions in the behavior of the partial sums of such
processes by proving an analogue of Theorem 9.3.1.

Theorem 9.5.5. Let X be a symmetric infinite-variance infinite-moving-average
process as just defined. If 1 < o < 2, assume that the coefficients (@,) satisfy
the absolute summability assumption (9.14). Let a, be defined by (9.62). Then

(a,'Su(t), t=0) = (”a—ﬂya(z), t> o) asn — 0o (9.74)
?lla

in finite-dimensional distributions, where Y, is the symmetric a-stable Lévy motion
in (9.63), ay, is given by (9.16), and

00 1/«
gl = ( 3 mr’) .
n=-—o00

Proof. Let

&nzinf{x>0: P(80>x)§1/n}, n=12,....
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It follows from (9.73) that a,/a, — ||¢|l« as n — oo. Therefore, the state-
ment (9.74) is equivalent to the statement

(a,"'Su(1), t > 0) = (a,Yu(r), t>0) asn— oo (9.75)

in finite-dimensional distributions, which we now proceed to prove. We will use
the decomposition (9.18). By the central limit theorem (9.63), the claim (9.75) will
follow once we show that for every € > 0,

lim P(a;"|B.| > €) = 1im P(a;']C,| > €) =0. (9.76)
n—>o00 n—>oo
For the first statement in (9.76), we note that for every M = 1,2,.. .,
n—M €
lim sup P(&;l |B,| > 6) <limsupP | &' Z Oingil > = |,
n—>00 n—>00 j=—n+M 2

where

Oj,n = Z @k -

k: [k+jl>n

The assumptions of the theorem imply that the absolute summability assump-
tion (9.14) holds regardless of the value of «. Therefore, for every y > 0, we have
|0;n] < yforallnandall —n + M < j < n— M if M is large enough. By the
contraction principle in Theorem 10.7.5, we conclude that for such M,

A . A €
1imsupP(anl‘B,,| > e) < 2limsup P anl Z gl > —

n—>00 n—>00 . 2)’

— 2P (|Ya(2)| > %) ,

where at the last step we used (9.63). Letting y — 0, we obtain the first statement
in (9.76).
For the second statement in (9.76), we write

00 n—j —n—1 n—j
C, = Z Z or | &+ E Z or | &= Cp1+ Cp
j=n+1 \k=—n—j j=—00 \k=—n—j

and prove that for every € > 0,

lim P(&;1|an| > e) —0,j=102. 9.77)

n—>oo
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We will consider only the case j = 1; the case j = 2 is similar. Note that

o) 2n+j
pous
P(an |Cn.l} > 6) = Z Z(p k| & > ea,,
Jj=1 \ k=j
2n+j
<P| g E ¢—i| > a, forsomej=1,2,...
k=j
(o] 2n—+j 2n+j
+ P E E o] &l EJZ(p_k <a, || > e€a,
=1 \ k=j k=j

= Dal + DPn2 -

We now use the Potter bounds of Corollary 10.5.8 to check that for every 6 > 0, for
all n large enough,

A

pur = P (Ieo > W

j=1 > k= P-
2n+j of
<1+ G)ZP(|80| >a,) | Y o
j=1 k=j
0o |24 a—0
<3040 Y D e . (9.78)

with the definition of a, being used in the last step. We will prove that if § > 0 is
small enough, the expression in (9.78) converges to zero as n — oo.
Suppose first that 1 < o < 2, and choose 0 < 8 < @ — 1 in (9.78). For every

M=1,2,..., we have

oo |2n+j a=f oo |2n+j a—f
limsupn_lz Z(p_k —hmsupn 12 Z(p x
n=oo j=1 | k=j j=M | k=j
—-M a1 oo 2n+j
1
< > I lim sup n” D7) e

J=—00 j=—00 k=j

—-M o0
=2 > ol > el

j=—00 j=—00
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and the last expression converges to zero as M — c0. If 0 < o < 1, choose in (9.78)
0 < 6 < € for € > 0 for which (9.72) holds. Then for every M = 1,2, ..., we have

a— a—6

3
~

oo |2n+j

0
o0
2|2 e =2
k=j j=1

J=1

2n+j

dleal |
k=j

and now we proceed as in the case 1 < o < 2 above.
Finally, by the Cauchy—Schwarz inequality and Proposition 4.2.3, for large n,

2 2
oo [2n+j 2n+j
—2A-2 ~
Dn2 <€ “a, E E o | E|el] |eo E Y—k| < ay
=1 \ k=j k=j
. 2 . -2 )
4 [ele) 2n+j 2n+j 2n+j
A2 ) ~
Sman Y ok | a D] Plleod ] o] >
=1\ k=j k=j k=j

4 > a
=—— % Plleo] > ——— | .
— 2 Z 2n+j
2 -a)e ‘Zk":j’ - ‘

reducing the problem to the situation already considered in (9.78). O

Remark 9.5.6. The conclusion from Theorem 9.5.5 is, to a certain extent, similar
to the conclusion from Theorem 9.3.1 discussed in Remark 9.3.2: if a symmetric
infinite-variance linear process with regularly varying tails with exponent 0 < « < 2
has coefficients satisfying (9.14) and a, # 0, then it satisfies a functional central
limit theorem (9.3) with an «-stable Lévy process as a limit. Such a process
should, therefore, be regarded as having short memory from the point of view of
the behavior of the partial sums. Note, however, that the assumption (9.14) is an
additional assumption only in the case 1 < a < 2, while in the case 0 < o < 1, it is
already implied by the assumption (9.72) of the model. Therefore, in the latter case,
the only possible appearance of long-range dependence with respect to the behavior
of the partial sums is due to the presence of cancellations when a, = 0, and the
partial sums grow at a rate slower than that dictated by a, in (9.62). We see, once
again, the phenomenon described in Remark 9.5.4.

If 1 < a < 2, then the partial sums of the infinite-variance infinite-moving-
average process can grow at a rate faster than a, given by (9.62) if the absolute
summability assumption (9.14) on the coefficients fails. As in the finite-variance
case considered in Section 9.3, we will impose a balanced regular variation
assumption. That is, we will assume that (9.22) holds, but this time, the exponent
of regular variation of the sequence (b,) must be in the range 8 € (—1,—1/«).
We should not be surprised that in this case, the properly normalized partial sums
converge to a limit different from the a-stable Lévy process as in (9.63). It is,
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perhaps, less clear what self-similar process with stationary increments one obtains
as a limit. The marginal tail behavior of the moving-average process leads us
to expect that the limiting process might itself be «-stable. However, there are
many different «-stable self-similar processes with stationary increments, some of
which are described in Section 3.5 and in Example 8.4.1. Interestingly, in the next
result, the linear fractional symmetric stable motion of Example 3.5.2 makes an
appearance.

Theorem 9.5.7. Let X be the symmetric infinite-variance infinite-moving-average
process of Theorem 9.5.5 with 1 < a < 2. Suppose that the coefficients (¢,)
satisfy (9.22), —1 < B < —1/a. Then as n — oo,

1 _ym 1y(L)
(mSn(t),tzO) (C O+ B X o ity @5 12 0)  (9.79)

weakly in the Skorokhod J| topology on D[0, c0), where X(+ 141ja+p is the
linear fractional symmetric stable motion defined by (3.81) withc; = ¢4, ¢; = —c—
and H = 1 4+ 1/a + B. Furthermore, the constant C, is given by (3.31).

Proof. We first prove convergence of the finite-dimensional distributions. Fix 0 <
) < tp < ... < tg. We begin with the expression for the partial sum given
in (9.25) and proceed through two approximations. Let M and m be two large
positive integers. Let

M
™ = " > e Y gl=1....d.
k=—mM \ —kn/m<i<nti—kn/m kn/m<j<(k+1)n/m

We begin by showing that as n — oo,

L L nm)
T R T 9.80
(nan ST T (9.80)

= (C*(1+ B T (1), ... C;V (1 + BT T (1)),

where
M
(m,M) — _ 1+8 _((— 1+8
100 = [ er[(@0=du@0) ™ = ()]
— e[ (= n))"" = (~9n0)-) 7]} Liav), 1 € R,
and ¢,,(x) = k/mifk/m < x < (k 4+ 1)/m. To this end, fort > 0 and 7 € R, let

Ayt T) = Z g, =n=1,2,....

—n<i<(t—1t)n
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An argument similar to the one we used to prove (9.26) shows that
1 1+8 1+8
Tim. nb,/‘ 60 = g e[ (=00 = (04)™ ] 9.81)
—C_I:((t—'[) )1+ﬂ (( ) )14’/3]}

we leave the details to Exercise 9.10.12. Since

mM—1

1 1
—— 1" = Y (nb ]

nan bn k=—mM

ym) |2 X ).

" kn/m=j<(k+1)n/m

I =1,...,d, it follows from (9.81), the central limit theorem (9.63), the regular
variation of a,, and the continuous mapping theorem that the random vector on the
left-hand side of (9.80) converges weakly, as n — oo, to the random vector

mM—1

m~ e Z Yea(k/m),

k=—mM

where (¥}) are i.i.d. SaeS random variables each distributed as the limiting process
Y, in (9.63) evaluated at time ¢ = 1, and for T € R, a(t) is a d-dimensional vector
whose /th component is given by

ﬁ{q[((n_f)*) —(0+ )Hﬂ] ‘[((fl—r)—)w} - ((—f)—)lﬂg]},

!l = 1,...,d. Elementary properties of the integral of simple functions show that
this limit has the same law as the vector on the right-hand side of (9.80). Therefore,
the latter claim has been established.

We remove now one level of approximation and prove that

1 (M) 1 (M)
(nanbnT () I’lanban (n)) (982)
= (G + BT, .. Y1+ BTITM (1)) |

where

nM—1

TI(M)(n)z Z Z eile, l=1,....d,

j=—nM \1~j<i<ny—j
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and

—e[(t=0)*" = ((=0)*]} (@, 1 e R

Since (9.80) has already been proved, we can let m — oo in order to use
Theorem 3.2 in Billingsley (1999). It follows from Theorem 3.3.2 that the random
vector on the right-hand side of (9.80) converges weakly, as m — 00, to the random
vector on the right-hand side of (9.82). Therefore, in order to use Theorem 3.2 in
Billingsley (1999), we need to estimate the difference between the random vectors
on the left-hand sides of (9.80) and (9.82). Note that fore > 0and [ =1,...,d,

d(r

where

nM—1

> 6) =P Z bj,m(n)gj > enanbl’l )

j=—nM

1
(m.M) (M)
—T, —T,
nanbn () = na,b, ro

bjm(n) = Z 0 — Z i

1—j<i<nti—j —n[mj/n]/m<i<nt;—n[mj/n)/m
Since by Theorem 10.5.6, there is a constant C such that
jtn
sup Z ;| < Cnb, forn > 1,
JEZ i=j+1
we see that for all j,
We write

nM—1

P Z bjm(n)ej| > enayby
j=—nM
nayby, ,
<P| gl > for some —nM < j < nM
[bm(m)]
nM—1 b
+ P bi.(n)e gl < Gnn > enab,
> (el <| = }bjm( )|)

j=—nM
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As in the proof of (9.77) above, it is enough to consider the first term on the right-
hand side. This term can be bounded for large n by

nM—1
Z P<|80| ‘Z n( n)|) <2nMP (|80| > (ZC)_]anm(bn/b[n/m]))

j=—nM
<2nMP (|so| > (4C) " a,m'TP)

P > (40) la,m' TP
<3m (Ieol > (4C)~'a,m'+F)
P(leo| > an)

<4M((40) " m!+F) T2

where at the last step, we used the Potter bounds of Corollary 10.5.8. Since § > —1,
the last expression converges to zero as m — 0o. We conclude that

>6)=0

for every € > 0, and so Theorem 3.2 in Billingsley (1999) applies. That is, (9.82)
follows.
In order to remove the second level of approximation and prove that

1 m 1
lim limsup P —Tl( M) (n) — —TI(M) (n)
na,b, na,b,

m—00  pso00

1
(g Sttt ©83)
= (0BT e @) GO BT @)

we use, once again, Theorem 3.2 in Billingsley (1999). We know by Theorem 3.3.2
that the random vector on the right-hand side of (9.82) converges weakly, as m —
00, to the random vector in the right-hand side of (9.83), so it remains to compare
the vectors on the respective left-hand sides and prove that for every € > 0,

oo

A}g%oh}gigpp ’Z Z i) e > e (9.84)
j=nM \1—j<i<ntj—j
—nM—1

= hm lim sup P Z Z i || >€] =0.

" Jj=—00 \l—j<i<nf—j

The two statements are similar, so we prove only the first one. As we have seen in
the proof of (9.77) above, the argument reduces to proving that

. . na,b

lim limsup E P|lg| > —————— | =0.
M—o00 : )
"0 =M ‘ Zl—jsism;—j @i
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Let 0 < y < @ + 1/p. Using the Potter bounds of Corollary 10.5.8, the sum above
can be bounded for large n by

] na,b,
—P ol >
> Pleo > an’ |

j=nM ‘ 1—j<i<ny—j Pi
—(a—y)

3

j=nM ‘Zl —j<i<nt; j(pl

Using the regular variation assumption (9.22) and the comparison with a monotone
regularly varying function in Exercise 10.9.9 shows that for large n,

a—y
o0 o0
e
E E ®i <2max(c_,c4) E (nbj—p)* ™7
j=nM |1—j<i<nt;—j j=nM

~2max(c_,cy)n*"" (nM) (bn(M—l))a_y

as n — oo. Therefore,

na,b,

o
lim lim sup E P |eo| >
M—00
n0 i—nMm D ijziznn—j Pi

bam—1) \* 7
< 8max(c_,c4+) lim limsupM

M—00 500 bn

= Smax(c_,c_i_)Mlim MM — 1)ﬁ(aﬂ/) =0
—00

by the choice of y. Therefore, (9.84) follows, and we have proved convergence of
the finite-dimensional distributions.

Since B > —1, the limiting process satisfies H > 1/«, and one can prove
tightness in the Skorokhod J; topology on D[0, co) following a similar line of
argument as in the proof of Theorem 9.3.3. We leave the details to Exercise 9.10.13.
|

Since in the situation of Theorem 9.5.7, a functional central limit theorem of the
type (9.3) holds, but the limit is not a, SoeS Lévy motion but rather a linear fractional
SaS motion with exponent H > 1/« (which is, further, a function of the exponent
of the regular variation of the coefficients, in addition to the tail parameter «), we
should view such an infinite-variance linear process as a long-memory process from
the point of view of behavior of the partial sums. Recall that this phenomenon is
possible only in the case 1 < o < 2. In the case 0 < o < 1, long-range dependence
from the point of view of the behavior of the partial sums is possible only in the
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case of “negative dependence,” when the coefficients (¢,) are summable but their
sum vanishes. This situation is possible in the entire range 0 < o < 2. We will,
once again, assume balanced regular variation of the coefficients, but this time, the
exponent of regular variation will be in the range € (—1—1/«, —1). The following
theorem can be proved in the same way as Theorem 9.5.7, and its proof is left to
Exercise 9.10.14. Note that a linear fractional SoS motion still appears, but this
time, we have H < 1/a.

Theorem 9.5.8. Let X be the symmetric infinite-variance infinite-moving-average
process of Theorem 9.5.5 with 0 < a < 2. Suppose that the coefficients (¢,)
satisfy (9.22), —1 — 1/a < B < —1. Then as n — 00, (9.79) holds in terms of
convergence of finite-dimensional distributions.

Remark 9.5.9. We can summarize the results of Theorems 9.5.5, 9.5.7, and 9.5.8
in a way similar to the discussion in Remark 9.3.5 in the finite-variance case.
Summability of the coefficients (9.14) and nonvanishing sum a,, of the coefficients
lead to short memory as far as the behavior of its partial sums of the process
is concerned, while the regular variation (9.22) of the coefficients with § €
(—1,—1/a), or with =1 — 1/ < B < —1 but a, = 0, leads, from the same
point of view, to long memory. Once again, we have not attempted to draw the exact
boundary between short and long memory.

9.6 Partial Sums of Infinite-Variance Infinitely Divisible
Processes

In this section, we investigate phase transitions in the behavior of the partial sums
of symmetric stationary infinitely divisible processes X given in the form (9.37). As
in Section 9.5, we will assume that the marginal distributions of the process X have
balanced regularly varying tails with exponent o € (0,2). Under the assumption
of the symmetry of the Lévy measure p in the integral representation (9.37) of the
process, this regular variation of the marginal tails of X is equivalent to the following
condition:

the function H(y) = (m x p)({(s,x) €ExXR: xf(s) > y}) (9.85)
is regularly varying with exponent —o € (=2, 0).
Moreover, under this condition,

. PXo>y)
lim —2 2 — | 9.86
oo H(y) (©.86)
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(this is a special case of equivalence results between the tails of functionals of
infinitely divisible processes and the corresponding tails with respect to the Lévy
measure of Rosiriski and Samorodnitsky (1993)).

As in the case of the finite-variance stationary infinitely divisible processes
considered in Section 9.4, the length of memory of the process X is determined
by the local Lévy measure p, the kernel f, and ergodic-theoretical properties of the
map ¢ with respect to the control measure m. It turns out that for stationary processes
with regularly varying tails with exponent & € (0, 2), an important ingredient is the
tail behavior of the local Lévy measure p, which itself is often regularly varying with
exponent —«. The “size” of the function f and the ergodic-theoretical properties of
the map ¢ are still of crucial importance as far as the length of the memory is
concerned.

Once again, we begin with the case that the map ¢ is dissipative with respect to
the control measure m. As in the finite-variance case considered in Section 9.4, for
the partial sums of the process to behave in a way consistent with short memory,
additional “size” constraints on the function f may be required. As we have already
seen in the previous section, additional constraints are needed, mostly in the case
I <a<?2.

In order to see clearly what happens in the case of a dissipative map ¢, we will
consider the case in which the process X is already SaS with 0 < o < 2. This
corresponds to the situation in which the local Lévy measure p has the form

o(dx) = a|x|~@D dx.

In this case, the condition (9.38) for the function f to be in Ly(M), and hence for the
process X to be a well-defined stationary process, is f € L, (m); see Example 3.3.8.
Moreover, in this case, the function H in (9.85) is given by

H@r=f{LV®Wmmay>o,

so (9.85) holds. The statement (9.86) then describes a fact already known to us,
namely the power decay of the tail of a symmetric stable random variable. This
also says that in this case, the sequence (a,) defined in (9.62) can be taken to be
an = n"|f |l

The following theorem is an infinite-variance analogue of Theorem 9.4.1. Note
the difference in the conditions required in the cases 0 <o < land 1 <« < 2.

Theorem 9.6.1. Let X be a stationary SaS process given by (9.37) with some f €
L, (m). Suppose that the map ¢ is dissipative with respect to the measure m.

(i) Suppose that 0 < « < 1. Then the limit

b* = lim 1 m(ds) € [0, 00) (9.87)

n—oon Jp

> fods)
k=1
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exists and is finite, and
(n2S,(t), t > 0) = (bYu (1), 1> 0) asn— o0 (9.88)

in the sense of convergence of finite-dimensional distributions.
(ii) Suppose that 1 < o < 2. Assume that

00 a—1
[ ol ( 3 lf|°¢"(S)) m(ds) < oo 9.89)
k=—00

Then the limit b in (9.87) exists and is finite, and (9.88) holds in terms of
convergence of finite-dimensional distributions.

Proof. We consider the case 0 < o < 1 first. Let

gn:/
E

Notice that for n,m > 1,

Y foghs)| mds). n=1.2,....

k=1

n+m o
En+m = fod)k(s) m(ds)
o= >
n o n+m o
< [[ored | ma+ [| 3 ropte)| ma
Ep=1 E Jk=n+1
= [[Xr0dt )| ma+ [ [Sorop o) m =g+ s
Ep=1 Eg=1

using the fact that the measure m is ¢-invariant. Therefore, the sequence (g,, n > 1)
is subadditive, and by Exercise 2.6.14, the limit b in (9.87) exists and is finite. Note
that this argument has nothing to do with the fact that ¢ is a dissipative map.

In order to prove (9.88), it is, once again, enough to show that for every m =
1,2, ... and positive integers ji, . . ., j,, We have

n_l/a (Sjl"’ trto Sjm”) é b(YOt(ll)v ceey Ya(jm)) ; (9.90)
see Exercise 9.10.7. We may assume that j, = k, k = 1,...,m. It follows

from (9.87) and the form of the characteristic functions of integrals with respect
to SaS random measures in (3.55) that for every k = 1, ..., m, we have

n /e (Skn - S(k—l)n) = b(Ya(k) — Y, (k— 1)) )
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Since for integrals with respect to infinitely divisible random measures, pairwise
independence implies full independence (this facts follows immediately from part
(i) of Corollary 3.3.11), in order to prove (9.90), we need to show only that for every
1<k <ky<m,

7 (Skun = Sta—1yms Skon — Sr—1yn) 9.91)
= b(Ya(k)) — Yo((ki — 1)), Yo(ka) — Yo((ka — 1)) .

By stationarity, it is enough to consider the case k; = 1, and we replace k; by k.
Since the marginal convergence of the increments has already been established, we
need to prove only that the random vector on the left-hand side of (9.91) converges
weakly to a limit with independent components. By Theorem 13.14 in Kallenberg
(1997), we need to prove that the bivariate Lévy measure pu, of the SaeS random
vector on the left-hand side of (9.91) converges vaguely in [—o0, c0]? \ {0} to a
measure concentrated on the axes. By symmetry, we need to check that for every
a> 0,

nll)ngo pn((a, 00) x (a,00)) = nl_lglo pn((—00, —a) x (a,00)) = 0. (9.92)

We will prove the first statement in (9.92). The second statement can be checked in
the same way. By Theorem 3.3.10,

ttn((a, 00) X (a, 00)) (9.93)

-, [/: ' (/ > oo >a

i=1

kn
xn~ /e Z fodi(s) >a|alx|"0F dx | m(ds)
i=(k—1)n+1
a kn “
DS fodl®)] | mids).

i=(k—1)n+1

1
<a *— | min
nJg

Lete >0.Form=1,2,...,1let

D fogi(s)
i=1

A ={seE: |flod'(s) > e |f|od/(s) > e for some |i — j| > m}.
Clearly, A,(,f Visa ¢-invariant set. Furthermore, since ¢ is dissipative,

A9 | @ asm — oo (9.94)
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for every fixed € > 0. We can write forj > 1,

1 " e n s
— / min Zf f¢) ¢’(_§‘) Z f o (PZ(S) m(ds)
" =l i=(k=Dn+1
1 n ) « kn . o

— Z /‘A;S) min ;f (¢} ¢l(s) ':(k_Z]) +1f o ¢l(s) m(ds)

kn ¢
Y fo¢l(®)| | mds)

i=(k—1)n+1

L
+ -
A(e))c

=179(n) + 120"@ (n).

Since 0 < a < 1, we have
. "1 )
9w =3 [ e ema = [ 1ol m).
im " JAf A

since the set A,(,f) is ¢-invariant. Since f € L, (m), it follows from (9.94) that

lim lim supl(] )(n) =0. (9.95)

J=0  p—soo

Suppose now that n > j. On the event (A(e))c one of the two sums

n—j kn
Y fogi(s) and Y fogis)

i=1 i=(k—n+1

has all terms not exceeding € in absolute value. Therefore,

19y < L / 3 I 0 gi(s)mids)

i=n—j+1

v /E S 0 ¢ () 1(If1% 0 ¢(s) < €) mids)
il

=£/Elf(s)|“ m(ds) + 2/E|f(s)|al([f(s)| <€) m(ds).
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We conclude by (9.95) that for every € > 0,

kn “
> fogl®)| | m(ds)

i=(k—1)n+1

> fodi(s)

i=1

1
lim sup — / min

n—oo N JE

<2 / FI(FE)] < €) m(ds).

Now the first statement in (9.92) follows by letting € — 0. This completes the proof
of part (i) of the theorem.

We begin proving part (ii) by establishing the existence of the limit in (9.87).
Since the map ¢ is dissipative, by part (ii) of Theorem 2.4.3 there exists a wandering
set W such that E = U2 ___¢*(W) modulo a null set. We will prove that the limit
in (9.87) exists and is given by

=(/,

Notice that the assumption (9.89) guarantees that the expression on the right-hand
side of (9.96) is finite.

Suppose first that the function f is supported by finitely many translates of W.
That is, suppose that there are integers m; < m; such that

1/«
m(ds)) . (9.96)

Y fodks

k=—00

f(s) =0 m-ae.on (U2, ¢'(W)) . (9.97)
We have
Zf #6)| mias) - Z / D2rod'(o) m@
i+n
0| midy= 3 / Yiedt o ms.
i=—00 i=—00 =i+1

It follows from (9.97) that if n > m, — my, then in the last sum above, the terms

corresponding to i = my —n,my —n+ 1,...,m; — 1 are all equal to
my o o0
[ re00) man= | m(ds)
Wk=ml Wk——
while fori = m;,m; +1,...,my—landi=my —n,m —n+1,...,m—n—1,

the corresponding terms do not exceed this quantity. We conclude that
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e

<2(my —

331

m(ds) (n—my +m — 1)/

Zf ¢(s)

k=—00

m(ds)

m(ds) .

This clearly implies that the limit in (9.87) exists, and b is given by (9.96).
For an f not necessarily supported by finitely many translates of W, we define,
forj=1,2,....f =f1(U_ _® '(W). Clearly, each f; satisfies (9.97). We have

o 1/a
(l m(ds)) - < m(ds))
n
Y fiodk )

n o 1/a
1
LS rogto m(ds>) —( m(ds>)
i Iy
1 n o /o 00
! o ok B o bt
- (n [t m(ds>) ( f,| X seso m(ds>)
o 1/a
+ (/w m(ds)) _</w

Note that for each j, the middle term on the right-hand side converges to zero as
n — o0, since the function f; satisfies (9.97). Furthermore, by the triangle inequality
in L, (m), the last term on the right-hand side can be bounded from above by

00 a 1/«
(/ (Z U‘—fi|o¢k(s)) m(ds)) .
W \k=—c0

Since |[f—f;| is less than or equal to |f| and goes to zero as j — oo, the last expression

converges to zero as j — oo. Similarly, the first term on the right-hand side can be
bounded from above by

n o 1/a
1 o dk
(n /E (;v £ ¢(s)) m(ds))

—1
[Zv £ ¢<s)<21f £ ¢(s>) m(ds)

1=—00

’ D fogks) Z fo¢h(s)
k=1

A

> fogks)

k=—00

> fodhs) m(ds>)

k=—o00

1/a
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1/

00 a—1
= /Ev—m(z v—moqsl‘(s)) m(ds) | .

I=—00

which, by (9.89), converges to zero as j — oo. This proves that the limit in (9.87)
exists, and b is given by (9.96) in full generality.

In order to complete the proof of the theorem in the case 1 < @ < 2, one can use
an argument similar to the argument we used above in the case 0 < o < 1. As in
the latter case, one needs to prove only that (9.92) holds. We leave the verification
to Exercise 9.10.16. O

Remark 9.6.2. Note that the expression (9.96) for the limiting scaling constant
b in (9.87) is valid for all 0 < o < 2; see Exercise 9.10.15. As long as that
limiting scaling constant does not vanish, we should view the stationary SaS process
satisfying the conditions of Theorem 9.6.1 as having short memory from the point
of view of the behavior of its partial sums. Notice that the theorem does not require
anything additional from the kernel f (besides the condition f € L, (m) necessary
for the process to be well defined) if 0 < « < 1. Therefore, if « is in that range,
the only possibility for a stationary SaS process, corresponding to a dissipative map
¢, to have long-range dependence as far as its partial sums are concerned, is the
possibility of cancellations resulting in the case b = 0. The situation is, therefore,
similar to that in Remark 9.5.6, where infinite-variance infinite-moving-average
processes were considered.

In the case 1 < o < 2, the short-memory conclusion of Theorem 9.6.1 requires
a “size” condition (9.89) on the values of the function |f| over the trajectories of the
flow (¢"). In this sense, the situation is similar to our discussion of finite-variance
infinitely divisible processes in Section 9.4. Condition (9.89) may or may not hold
when the map ¢ is dissipative, and when that condition does not hold, properly
normalized partial sums of the process may have a limit different from the a-stable
Lévy process as in (9.63). One example of this is the infinite-variance linear process
considered in Section 9.5. We have seen in Example 9.4.4 that when the noise
variables are infinitely divisible, then the linear process is itself infinitely divisible.
If the noise variables are SaS, then the linear process is itself SaS. Theorem 9.5.7
shows that in this case, the linear fractional symmetric stable motion can appear as
the limit. There exist, however, stationary SaS processes with a dissipative map ¢
such that their normalized partial sums converge to other SaS self-similar processes
with stationary increments.

Example 9.6.3. Dilated fractional stable motions This class of processes was
introduced in Pipiras and Taqqu (2002b). Let E = G xR x (0, 00), where (G, G) is a
measurable space. We equip E with the product o-field. Let n be a o-finite measure
on (G, G). If M is an SaS random measure on E with modified control measure m
given by

m(dy, du, dx) = n(dy) dux""dx, (y,u,x) € E,
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and H > 0 is a number satisfying the restrictions (8.16) of Corollary 8.2.7, then
for a measurable function F : G x R — R satisfying the appropriate integrability
condition, we can define

— * —(H=1/a) _
Y () LA;{/O X (F(y,x(t—i—u)) F(y,xu)) M(dy, du, dx) , (9.98)

t € R. The integrability condition on F for the process Y to be well defined is

[//oox_“H_l|F(y,x+u)—F(y,u)|a77(dy)dudx<oo; (9.99)
¢ Jr Jo

see Example 3.3.8. Under this condition, the process Y is an SaS process. Moreover,
for every k = 1,2, ..., real numbers 7y, ..., #, real numbers 0y, ..., 6, and ¢ > 0,
we have, by (3.55),

k
Eexp iZ 0,Y (ct)) (9.100)
j=1

o

00 k
= exp —/;/R/O X jzzléj(F(y,x(ctj—i—u))—F(y,xu)) n(dy) du dx

o

0o k
= exp —CO‘H/G/RA x o ;9j(F(y,x(tj+u))—F(y,xu)) n(dy) dudx

k
=Eexp iy c"6Y(1)
j=1

Therefore, the process Y is self-similar with exponent H. It is equally simple to
check that it has stationary increments. Therefore, the increment process X, =
Y(n)—Y(n—1),n € Z, is a stationary SaS process. This process is of the form (9.37)
with

fOu,x) = x"EVO(F(y, xu)) — F(y, x(u — 1)), (v,u,x) € E,

and ¢ : E — E given by ¢(y,u,x) = (y,u + 1,x). This is a dissipative map,
since the set W = G x (0, 1] x R is wandering and E = U,¢"(W). We saw in
Example 3.6.9 that the increment process of the linear fractional stable motion also
corresponds to a dissipative flow. Nonetheless, the two processes are different.

If X is the increment process of a dilated fractional stable motion, then according
to Proposition 9.2.6, its partial sums satisfy a functional central limit theorem (9.11).
The limit is, of course, the dilated fractional stable motion itself. This both tells us
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that the process X has long-range dependence from the point of view of the behavior
of its partial sums and shows that limits other than a linear fractional symmetric
stable motion can appear.

An example of a dilated fractional stable motion is the telecom process. It is
defined for 1 < @ < 2and 1/ < H < 1. Here G = {0} is a singleton (with 1 a
unit point mass at the single element), and F(0, u) = (min(u, 0) + 1) o UE R. We
leave checking the integrability condition to the reader (Exercise 9.10.17).

As in the finite-variance case of Section 9.4, a conservative map in (9.37) makes
it hard for a stationary infinitely divisible process to have short memory from the
point of view of the behavior of its partial sums. The following result goes in the
same direction as Proposition 9.4.5.

Proposition 9.6.4. Let X be a stationary SaS process given by (9.37) with some
f € Ly(m). Assume that the map ¢ is conservative with respect to the measure m.

(i) Suppose that 0 < o < 1. Then (9.87) holds with a zero limit, and hence
the normalized partial sums process on the left-hand side of (9.88) converges
weakly to the zero process.

(ii) Suppose that 1 < o < 2. Assume that f > 0 m-a.e. on the set Ey in (9.42).
If m(Ef) > 0, then (9.87) holds with an infinite limit, and hence the finite-
dimensional distributions of the normalized partial sums process on the left-
hand side of (9.88) are not tight.

Proof. For both parts of the theorem, we may assume that E; = E modulo a null
set. We begin with the case 0 < o < 1. It is clearly enough to show that (9.87)
holds with a zero limit. If f = 0 modulo a null set, then this is trivial, so assume that
m(Ef) > 0.ForK =1,2,...and M > 0, define

K
By ={se€S: Y |flod"(s) =My . (9.101)
k=—K

As in the proof of Proposition 9.4.5, it follows from the fact that ¢ is conservative
that (9.54) holds, so that

Bxy | @ as K — oo for every M > 0. (9.102)

Suppose first that the function f is bounded. Let M > 0 be a large number. Write
.
nJjg
_1 /
= |

> fo¢hs)| m(ds)

k=1

Y fods)
k=1

1 (Z If| o ¢*(s) > M) m(ds)
k=1
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”/
+_
E

—(l—oz)l § o k
<ar 00 [ 3ot 6mias

1 <Z IFlo¢*(s) = M) m(ds)
k=1

> fo¢hs)
k=1

1 n n )
25 [ ( 10445 < M) m(ds).

Since we have assumed that f is bounded, the assumption f € L, (m) implies that
f € Li(m), and the first term on the right-hand side is M~0~||f||; — 0 as M — oo.
We now show that for every M > 0,

lim % > / If(s)]*1 (Z If] o p*7(s) < M) m(ds) = 0. (9.103)
nmeen e k=1

To thisend, let K = 1,2, .... For n > 2K, we can write

1 [ B
;;/EV(S)I 1 (; If] 0 " (s) fM) m(ds)

n—K K
527K/;V(S)|am(dS)+% Z [Elf(mal(Z lf|0¢k(s) SM) m(ds)

j=K+1 k=—K
—>/ If($)|*1 (s € Bgx.y) m(ds)
E
as n — oo. Since f € Ly(m), we can let K — oo and use (9.102) to check
that (9.103) holds.

We have proved that (9.87) holds with a zero limit if the function f is bounded.
In the general case, for D > 0 we can write

.
nJg
1 ¢ 1
5—/ m(ds)—i——/
nJg nJg

Since the function fl([f| < D) is bounded, the first term on the right-hand side
vanishes in the limit. Furthermore,

1
limsup—/
n—oo N JE

Y fodhs)| mds)

k=1

m(ds) .

> (I D) o ¢ (s)

k=1

> f1(If| > D) o ¢*(s)
k=1

> F1([f| > D) o ¢*(s)| m(ds) < /E [F()|"1(|f (s)| > D) m(ds) ,

k=1
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which converges to zero as D — oo. This completes the proof of part (i) of the
proposition.

The proof of part (ii) is similar to the proof of part (i) and is left to Exer-
cise 9.10.18. O

A variety of limits can be obtained in the functional central limit theorem
for partial sums of heavy-tailed stationary symmetric infinitely divisible processes
defined by (9.37) in which the map ¢ is conservative. This variety is greater than for
the corresponding finite-variance processes because of the large number of different
SaS self-similar processes with stationary increments. We finish this section by
demonstrating one such situation. We consider the partial sums of a heavy-tailed
version of a symmetric stationary infinitely divisible process defined by (9.37) in
which the representation corresponds to a null recurrent Markov chain of the setup
of Theorem 9.4.7. We will no longer assume that the process is SaS. Instead, we
will assume that the tail of the Lévy measure p of the infinitely divisible random
measure M in (9.37) is regularly varying. The following theorem, which we state
without proof, shows that in this case, one obtains, as a limit, a process not yet seen
in the limit theorems of this section.

Theorem 9.6.5. Let X be a stationary symmetric infinitely divisible process given
in the form (9.37). Assume that the local Lévy measure p satisfies

p((x, oo)) is regularly varying with exponent —x € (—2,0) asx — oo (9.104)
and that for some 0 < 2,
X p((x, 00)) — 0 asx — 0.
Let E = 7%, and let m be a shift-invariant measure on E generated by an invariant
measure of an irreducible null recurrent Markov chain on 7, given in (9.55), and
f the indicator function given by (9.56). Let ¢ be the left shift on E. Assume that

the sequence Py(ty > n), n = 1,2,..., is regularly varying with exponent —f8 €
(—1,0). Then the partial sums of the process X satisfy

(¢;'Su(t), t = 0) = (cap¥ap(t), t>0) asn— oo (9.105)

in the Skorokhod J topology on DI[0,00), where Yo g is the B-Mittag-Leffler
fractional SaS motion of Example 8.4.1. The normalizing sequence is given by

_ p(_((l’lP()(‘C] > n))_l)
" Po(‘L’] > I’l)

,n=1,2,...,
with

p () =inf{x>0: p((x,00)) <u}, u>0.
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Furthermore,

r(i-p)
(I—B)/F

Ca,p = T00

where Cy is given by (3.31).

We refer the reader to Owada and Samorodnitsky (2015a) for a proof. We also
note that under the conditions of the theorem, the statement (9.85) holds, and hence
the marginal distributions of the process X are regularly varying with exponent
—a € (—2,0). See Exercise 9.10.19.

Remark 9.6.6. Since the limiting process in Theorem 9.6.5, the §-Mittag-Leffler
fractional SaS motion, is different from the SaS Lévy motion in (9.63), the
symmetric stationary infinitely divisible process in the theorem should be regarded
as having long-range dependence from the point of view of the behavior of its
partial sums. It is also interesting to compare the effect of the tail of the first return
time of the Markov chain on the normalizing constant (c,) in the theorem with
the analogous situation in the finite-variance case considered in Remark 9.4.8. The
sequence (c,) is, of course, regularly varying with exponent (1 — 8)/a + f, and
0 < B < 1 describes how heavy the tail of the first return time 7; is. This exponent
is smaller than 1/« (recall that in the short-memory case, the exponent of regular
variation of the normalizing constants is equal to 1/a) if 0 < a < 1 and larger
than 1/« if 1 < « < 2. In both cases, the exponent of regular variation of (c,)
approaches 1/« as B — 0, the Markov chain becomes closer to being transient, and
the left shift ¢ on Z% becomes closer to being dissipative. It is also interesting to
note that in the case ¢ = 1, the exponent of regular variation of the sequence (c,)
is equal to 1 = 1/« regardless of the value of B. In spite of this fact, we should
still view the process in Theorem 9.6.5 as being long-range dependent as far as its
partial sums are concerned, because the limiting process is different from the SaS
Lévy motion. It is useful to recall at this point that the increment process of the
B-Mittag-Leffler fractional SaS motions is generated by a conservative flow, while
the increment process of the SaS Lévy motion is generated by a dissipative flow.

9.7 Phase Transitions in Partial Maxima

In this section, we will address the question of long-range dependence by studying
the partial maxima of a stationary process and looking for possible phase transitions.
Both the notation and the approach are similar here and in our study of the partial
sums in Section 9.2. Let X = (X,,, n € Z) be a stationary stochastic process. We
will use the notation

M, = max(Xy,...,X,), n=0,1,2,... (9.106)
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(with My = 0) for the sequence of partial sums of the process. We will introduce
certain assumptions on the marginal distributions of the process X and investigate
whether the behavior of the partial maxima is qualitatively different from the
behavior of the corresponding partial maxima of an i.i.d. sequence with the same
(or similar) marginal distributions. As in the case of the partial sums, by qualitative
difference we mean a change in the order of magnitude of the partial maxima, or a
different limit obtained in a limit theorem.

We would like to allow the partial maximum M, of the process to have a chance
to become large as n becomes large. This requires assuming that the right endpoint
of the support of the distribution of X is infinite: P(X > x) > 0 for all x € R. We
will consider two specific assumptions on the marginal distribution of the process
X. They are easiest to state in terms of the partial maxima of an i.i.d. sequence with
the same marginal distribution as X, so let (5(,1, n € Z) be an i.i.d. sequence such

that 5(0 i X().
Assumption 9.7.1. Either

* for some positive sequences (a,) and (b,) with b, — oo and b,/a, — oo as
n— 0o,

P (i(maxo}l, o Xy) = by) < x) — exp{—e ™} 1= Go(x) (9.107)

an

asn — oo forx € R, or
e for some o > 0 and a positive sequence (ay) that is regularly varying with
exponent 1/a,

P (i max(Xi, ..., X,) < x) — exp{—x"%} 1= D, (x) (9.108)

n

asn — oo forx > 0.

The limiting distribution Gy on the right-hand side of (9.107) is the standard
Gumbel distribution, and one-dimensional distributions (of 5() that satisfy (9.107)
are said to be in the maximum domain of attraction of the Gumbel distribution. The
limiting distribution ®, on the right-hand side of (9.108) is the standard Fréchet (or
a-Fréchet) distribution, and distributions that satisfy (9.108) are said to be in the
maximum domain of attraction of the Fréchet distribution. Details on this and other
facts from the one-dimensional extreme value theory can be found, for example, in
deHaan and Ferreira (2006).

A necessary and sufficient condition for the distribution of a random variable X
to belong to the Gumbel domain of attraction is existence of a positive differentiable
function f with f’(r) — 0 as t — oo such that

P(X >t + xf(1))

im =¢ * forallx € R. (9.109)
t—>oo  P(X>1)
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Notice that (9.109) is satisfied by both the standard exponential distribution (f = 1)
and the standard normal distribution (f(¢) = 1/1). If the distribution of a random
variable X is in the Gumbel domain of attraction, and a function f satisfies (9.109)
for that random variable, then convergence in (9.107) holds with a, = f(a,), b, =
a,, where

Gy =inf{x>0: PX>x) <1/n}, n=12,... (9.110)

(this is the same sequence as in (9.62) in a different notation).
A necessary and sufficient condition for the distribution of a random variable X
to belong to the Fréchet domain of attraction is

the right tail P(X > ¢) is regularly varying with exponent —c. (9.111)

If the distribution of a random variable X is in the Fréchet domain of attraction, then
convergence in (9.108) holds with a, given by (9.62).

Remark 9.7.2. The “size” of the partial maxima is one of the important characteris-
tics of a stationary process in which we will be interested when we study long-range
dependence. In this connection, it is important to note that under (9.107), the “size”
of the partial maxima is described by the sequence (b,), while the sequence (a,)
describes the second-order behavior of the partial maxima. On the other hand,
under (9.108), the “size” of the partial maxima is clearly given by the sequence

(an).

As in the case of our discussion of phase transitions in the behavior of the partial
sums of stationary processes, we are also interested in functional limit theorems for
the partial maxima of stationary processes. Versions of the functional central limit
theorems (9.4) and (9.63) for partial maxima hold as long as one-dimensional limit
theorems of the type (9.107) and (9.108) hold. For a one-dimensional distribution F,
one can define a consistent system of finite-dimensional distributions on (0, co) by

Ftl,tz ..... lk(x17x25-"sxk) (9112)

= (F(min(x;. x2......x0)))" (F(min(a. ....x0))" ™" . (FGu))" ™

for 0 < / < b < ... < t; and real numbers xi,x;,...,X;, SO We can
define a stochastic process (Yp(t), t > O) with finite-dimensional distributions
given by (9.112). This process is called an F-extremal process. It is continuous
in probability and has a version with nondecreasing sample paths that are right
continuous and have left limits; see Dwass (1964) and Resnick and Rubinovitch
(1973). If x; ;= inf{x € R : F(x) > 0} > —o0, then the domain of the F-extremal
process can be extended to t = 0 by setting Yr(0) = x;.

For a stationary process X, we define the nth partial maxima process by M,,(t) =
M, for t > 0. It was shown in Lamperti (1964) that if X is an i.i.d. sequence
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and (9.107) holds (i.e., the marginal distribution of the process is in the Gumbel
domain of attraction), then as n — oo,

(ai(Mn(t) — by, t > 0) = (Y6, (), t > 0) (9.113)

weakly in the Skorokhod J;-topology on D(0, oo) (recall that the latter topology is
defined as the J;-topology on each compact subinterval of (0, 00)). On the other
hand, if X is an i.i.d. sequence and (9.108) holds (i.e., the marginal distribution of
the process is in the «-Fréchet domain of attraction), then as n — oo,

(aan(t), t> 0) = (Yo, (1), 1= 0) 9.114)

weakly in the Skorokhod J;-topology on D0, 00).

When studying the behavior of the partial sums of stationary processes, we
looked for limits in a functional central limit theorem different from a Brownian
motion as in (9.4), or from an «-stable Lévy motion as in (9.63). The presence of
such a limit can be viewed as a phase transition, and hence it indicates long-range
dependence from the point of view of the behavior of the partial sums. Similarly,
when studying the behavior of the partial maxima of a stationary processes, we can
look at functional limit theorems for the maxima. The presence of a limit different
from an extremal process as in (9.113) orin (9.114) can be viewed as an indication of
long-range dependence from the point of view of the behavior of the partial maxima.

Let X = (X,,, n € Z) be a stationary stochastic process, whose sequence (M,,)
of partial maxima we would like to study with the purpose of detecting possible
long-range dependence. We begin by describing a general phenomenon: the partial
maxima of a stationary process cannot grow faster than the partial maxima of an
i.i.d. sequence with the same marginal distributions. This phenomenon is similar
to what we observed in Proposition 9.5.1 for the partial sums of very heavy tailed
stationary processes.

Proposition 9.7.3. Let X = (X1, X, ...) be a stochastic process with each X; £ X,
for some random variable X. Let Y = (Y1, Y,,...) be a sequence of independent
copies of X. Let (ay,) be a sequence of positive numbers. If

lim sup P(max(Xl,Xz, e X)) > an) > 0, 9.115)
n—>oo
then also
lim sup P(max(Yy,Y2,....Y,) > a,) > 0. (9.116)

n—>oo
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Proof. We have
P(max(Yy,Ys,....Y,) >a,) =1— (1 - P(X > a,))"
>1—exp{—nP(X > a,)}
>1—exp {—P(max(X1 JXo, 0, Xy) > a,,)} ,
and (9.116) follows from (9.115). O

An immediate conclusion from Proposition 9.7.3 is that every deviation of the
rate of growth of the partial maxima of a stationary process from the rate of growth
of the partial maxima of the corresponding i.i.d. sequence (specified by a,) must be
in the direction of a slower rate of growth. We will need to keep this in mind when
we investigate phase transitions between short and long memory from the point of
view of the behavior of the partial maxima.

In general, the boundary between short memory and long memory from the point
of view of the behavior of the partial maxima is different from the boundary between
short memory and long memory from the point of view of the behavior of the partial
sums. This point is already visible when we consider stationary Gaussian processes.

Let X = (X,,n € 7Z) be a zero-mean stationary Gaussian process with
covariance function Ry. Recall that by Proposition 9.2.3, a necessary and sufficient
condition for the process to have short memory from the point of view of the
behavior of the partial sums is that the sequence (s2) of the variances of the partial
sums of the process be regularly varying with exponent 1. We will show now that
much weaker conditions imply short memory from the point of view of the behavior
of the partial maxima of a stationary Gaussian process. We begin with the following
result.

Proposition 9.7.4. Let X = (X,,, n € Z) be a zero-mean unit-variance stationary
Gaussian process satisfying Rx(n) — 0 as n — oo. Then

1
————— M, — 1 in probability as n — oo. 9.117
Aoz P ty ( )
Proof. Let (Y,,n = 1,2,...) be a sequence of i.i.d. standard normal random
variables, and set M,(ly) = max(Y,...,Y,) forn = 1,2,.... The standard normal

random variable is in the Gumbel domain of attraction, it satisfies (9.107), and hence
asn — 0o,

i SO
b, "

in probability. Since b, = a, given by (9.110), we see thatb,, ~ /2lognasn — oo,
and hence (9.117) holds for the i.i.d. sequence (¥,, n = 1,2,...) (i.e., with M,

replaced by M ). We immediately conclude by Proposition 9.7.3 that as n — oo,

1
Pl———M,>14+¢) >0
(m *)
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for every ¢ > 0. Therefore, it remains to prove that for every 0 < ¢ < 1,

1
Pl —M,>1-— 1 9.118
(«/210gn 8) - ( )

asn — 0o. Tothisend, for0 < 6 < 1, let
ko =inf{k = 0,1,2,...: Ry(m) < 6 forallm > k}.

Since the covariance function is assumed to converge to zero, we see that ky < 0o
forall 0 < 8 < 1. Fix 0 < 6 < 2¢ — &%. We begin with an obvious observation that
for every x € R,

P(M, > x) > P(. metx JXik0 >x) .

i=l,..., n/kg

By definition, the Gaussian vector (X,-ke, i =1,..., Ln/kgj) has a covariance
matrix will all off-diagonal terms not exceeding 6. We now use the Slepian lemma
of Theorem 10.7.9. To this end, let Y, be a standard normal random variable
independent of the i.i.d. sequence (Y,,, n = 1,2, ...). Note that the random vector

A=)y, + 02y, i=1,....|n/ks]

is a centered Gaussian random vector with unit variance and covariance matrix
whose off-diagonal elements equal 6. By the Slepian lemma,

1 1
Pl———M,>1—¢|>P—— max Xy, >1-—c¢
(«/210gn ) - («/21ogn =1 ko) O )

1 1
—_—___(p\/2 _ o2 M .
zp(m(e Yo+ (1-0)2M,), 1) > 1 s)—>1
as n — 00, since (9.117) holds for the i.i.d. sequence (Y,, n = 1,2,...) and by the
choice of 6. Therefore, (9.118) holds, and the proposition has been proved. O

Remark 9.7.5. We see that the size of the partial maxima of a stationary Gaussian
sequence is exactly the same as that of the partial maxima of an i.i.d. Gaussian
sequence, as long as the covariance function of the Gaussian sequence converges
to zero as the lag goes to infinity. Therefore, it is reasonable to say that every
stationary Gaussian process whose covariance function asymptotically vanishes has
short memory from the point of view of the behavior of the partial maxima. Recall,
on the other hand, that certain stationary Gaussian processes with an asymptotically
vanishing covariance function should be viewed as long-range dependent as far as
the behavior of their partial sums is concerned; see, for example, Proposition 9.2.4.
This provides examples of processes that have long-range dependence from the
point of view of partial sums but not partial maxima.
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It turns out that just slightly stronger assumptions on a stationary Gaussian
process ensure even greater similarity between the behavior of its partial maxima
and the behavior of those of an i.i.d. Gaussian sequence. This is the message of the
following result, which we present without proof, which can be found in Berman
(1964). Recall that the standard normal satisfies (9.107), where we can choose

a, = (2logn)~'/2, (9.119)
1
b, = (2logn)'/? — E(Zlogn)_l/z(loglogn + log4m), n>2;

see Exercise 9.10.20.

Proposition 9.7.6. Let X = (X,,, n € Z) be a zero-mean unit-variance stationary
Gaussian process satisfying Rx(n)logn — 0 as n — o0o. Then with the sequences
(an) and (b,) given in (9.119), we have

P (i(Mn —b,) < x) — exp{—e "} (9.120)

n

asn — oo forx € R.

Remark 9.7.7. We see that as long as the covariance function of a stationary
Gaussian process converges to zero faster than (logn)~!, the asymptotic behavior
of its partial maxima is nearly unchanged from the case of an i.i.d. Gaussian
sequence. The situation is, of course, very different if we consider the behavior
of the partial sums instead. This shows that the boundary between short memory
and long memory for stationary Gaussian processes is very different if we look at
the behavior of the partial sums of the process from what we see if we look at the
behavior of the partial maxima of the process.

9.8 Partial Maxima of Stationary Stable Processes

The phenomenon described in Remark 9.7.7 occurs in other families of stationary
processes. In order to observe this phenomenon in the case of heavy tails, we will
consider, as in Section 9.6, stationary SaS processes given in the form (9.37). We
will see that for these processes, the boundary between short memory and long
memory from the point of view of the behavior of the partial maxima is also different
from the boundary between short memory and long memory from the point of view
of the behavior of the partial sums. Specifically, from the point of view of the partial
maxima, the length of memory turns out to be determined exclusively by whether the
map ¢ in (9.37) is dissipative or conservative. In comparison, we saw in Section 9.6
that while whether the map ¢ is dissipative or conservative is also relevant for the
length of memory from the point of view of the partial sums, the properties of the
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kernel f play a role as well, particularly in the case | < o < 2. The properties of the
kernel play no role in the behavior of the partial maxima.

Recall that an SaS random variable is in the maximum domain of attraction of
the Fréchet distribution. Moreover, the normalizing constants (a,) in (9.108) can
be taken to be proportional to n'/%. Specifically, if an SaS random variable is an
observation of an SaS process given by (9.37), then one can take a, = n'/*||f|,.
The next theorem shows that if the map ¢ in (9.37) is dissipative, then the SaS
process has short memory from the point of view of the behavior of the partial
maxima.

Theorem 9.8.1. Let X be a stationary SaS process given by (9.37) with some f €
Ly (m). Suppose that the map ¢ is dissipative with respect to the measure m.

(i) Let W be a wandering set such that E = U2 _ __¢*(W) modulo a null set. Then

lim l/E(I;nlaxnf_of_ ogbk(s)) m(ds)

:/ (supf_‘i ogbk(s)) m(ds) € [0, 00). (9.121)
W

kE€Z

(ii) Denote by my(f) the limit in (9.121), and define

ma) = 5 (n () + me ().
Then

("ML (1), 1= 0) = ((mi(f))]/a Yo, (1), 1= 0) asn—oo  (9.122)

in the sense of convergence of finite-dimensional distributions, where Y ¢, is the
extremal process corresponding to the standard Fréchet distribution.

Proof. For part (i), we begin by noticing that the expression in (9.121) is finite,
because f € Ly(m). The proof of (9.121) is very similar to the proof of (9.96) in
Theorem 9.6.1. We leave checking the details to Exercise 9.10.21.

In order to prove the convergence in (9.122), we have to prove that for every
k=1,2,...and0 =ty <t <...<t,

(n_l/”‘ max X, j= 1,...,k) (9.123)

ntj—1 <i<nt;
1 .
= ((m:t(f)) /a(l‘j - tj_l)l/a Yj, ]J= 1,... ,k)

as n — oo, where Yy,..., Y, on the right-hand side are i.i.d. standard Fréchet
random variables. It is not hard to notice that it is enough to prove that (9.123)
holdsif# =j,j=1,...,k. Indeed, if (9.123) holds fort; = j, j = 1,...,k, then it
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also holds for all choices of () that are nonnegative integers. This will then imply
just by a change of notation that (9.123) holds for () that are nonnegative rational
numbers, and then, using the obvious approximation, forall0 =7y <#; < ... < t;.

We will prove now (9.123) with ; = j, j = 1,...,k. We begin by assuming
that the function f is supported by finitely many translates of W, i.e., by assuming
that (9.97) holds for some m, = —m; = 1,2,.... Write

—my—1
o' (s)M(d
dz%_nk ! 0P OM@)
my—nk—1 my—1
[ 3 fod M)+ Y / fo ¢(s)M(ds>}
d=—my—nk P4 (W) d=—mj

i=1,...,nk. Define
Zig = / fo@'(syM(ds), i,d e 7.
P4 (W)

The claim (9.123) with¢; = j, j = 1, ..., k, will follow once we prove the following
two statements. As n — 00,

—mp—1
(n_l"‘ max Y Zig.j=1.. k) (9.124)

n(j—1)<i<nj dmrmy—nk

= ((me0) ¥ j= 1. k) |

my—n—1 my—1
“ max E Ziag—>0, n Ve max Zia — 0. (9.125)
0<i<n 0<i<n

d=—my—n d=—my

We will begin with the first claim in (9.125). For —m; —n <d <m; —n— 1, let

I; =1[1,...,n] N [-my —d,...,my — d]. Note that I; contains at most 2m; + 1
integers, and Z;; = O fori = 1,...,nunless i € I;. Therefore,
my—n—1 my—n—1
max Z Zig| < max |Z; 4| (9.126)
0<i<n 0<i<n
d=—mp—n d=—my—n

is bounded by a sum of at most 2m;, (2m; + 1) random variables each of which is the
absolute value of an SaS random variable with the scale not exceeding ||f||. This
clearly establishes the first claim in (9.125), and the second claim can be proved in



346 9 Phase transitions

the same way. It remains, therefore, to prove (9.124), and to do so, we will prove
that for every x; > 0,...,x; > 0,

n—00 n(j—1)<i<nj

—my—1
lim P( max Z Z,-,dfnl/”‘xj,jzl,...,k)

d=my—nk

k
=expi-m(f) Y x5t . 9.127)

J=1

and the first step toward doing so is to prove that

lim P max Zig < nl/axj,jz 1,....k,d=my —nk,...,—mp — 1
n—00 n(j—)<i<nj

k
=exp { —m+(f) ij_"‘ . (9.128)

j=1

Since the set W is wandering, the sets ¢¢(W) are disjoint for different d. Therefore,
the stochastic processes (Z,;d, ie Z), d € Z, are independent. We conclude that the
probability on the left-hand side of (9.128) is equal to

—my—1
l_[ P( max Zi,dfnl/“xj,jzl,...,k)

i Dyei<ni
d=my—nk nG=D<i=nj
—mp—1
= l_[ P max Z,-+d’0§n'/°‘xj,j=1,...,k s
n(j—1)<i<nj
d=my—nk

with the last step following from the fact that the control measure m of the SaS
random measure M is preserved under the map ¢. Since (9.97) is assumed to hold,
we know that Z; o = 0 for |i| > m;. Set

k
D, = {mz—nk,...,—mz—1}\U{m2—nj,...,—m2—l—nQ'— 1)}
=1
and notice that the set D, has 2m,k elements. Furthermore, for allj = 1,...,k and
de{my—nj,...,—my—1—n(— 1)}, all such i that |i + d| < m, are in the interval

n(j — 1) < i < nj. We conclude that the probability on the left-hand side of (9.128)
can be written in the form

k n—2my
l_[ (P (I}lax Zip < nl/“xj))

A lil<my
Jj=1

HP( max Z,-+d,0§n1/“xj,j=1,...,k).

n(j—1)<i<nj
deD, (=D<isnj
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Note that the second product above converges to 1 as n — o0, since the number
of terms in the product is constant, and each probability in that product cannot be
smaller than the probability

P (max Zio < n'/* min xj) ,

lil<ms J=lk

which converges to 1 as n — oo. Therefore, in order to prove (9.128), it is enough
to check that

lim x*P (max Zio > x) =mx+(f).

x—>00 lil<ma

This, however, is also a special case of equivalence results between the tails of
functionals of infinitely divisible processes and the corresponding tails with respect
to the Lévy measure of Rosifiski and Samorodnitsky (1993). Therefore, (9.128)
follows.

The second ingredient for the proof of (9.127) is the claim that for every ¢ > 0,

lim P(for somei=1,...,nk, Zi 4> nt/%g
n—>o00

for more than one d) =0. (9.129)

This follows immediately by noticing that the probability in (9.129) does not exceed

nk
Z P(Z,;d > n'/%¢ for more than one d)

i=1

=nk P(Zo_d > n'/%¢ for more than one d)

= nkP(Zo.d > n'/¢ for at least 2 different d € {—-my, ..., mz})

2 1 2
<nk ma + max (P(Zoid > nl/“g)) -0
2 de{—mj,...mp}

as n — 0o, where we have taken into account the fact that Zy ; = 0 for |d| > 2ms,.
Let 8 > 0 be a small number (smaller than min;x;), and let ¢ > 0 be an even
smaller number. Define the event

Bng.‘g:{ max Z,-dfnl/"‘(xj—@),j:1,...,k,d:mz—nk,...,—mz—l,
' n(j—1)<i<nj

and foreachi=1,...,nk, Z;4 > n'/¢ for at most one d} .
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It follows from (9.129) that

—mp—1
P| max Z Zia > n'%x; forsome j=1,...,k (9.130)
n(/_l)<isnjd=m27nk

§P( max Zj4 > nl/“(xj—G) forsome j=1,...,k,

n(j—1)<i<nj

—my—1
+P { max Z Zia > n'/®x; for some j = lk} NBuos | -
n(j_l)<isnjd=m7—nk

Note that on the event described in the second term on the right-hand side of (9.130),
we necessarily have

—mp—1

max Z Zi.dl(O <Zy4< nl/‘)‘s) > n'/?9 for some j=1,... k.
n(j—l)<i§njd=m2_nk '

Therefore, by (9.128),

i—1)<i<nj
n—>00 n(j—1)<i<nj d=my—nk

—mp—1
limsup P ( max Z Zig> nl/“xj for some j=1,.. .,k)

k
< l—expi—me(f) Y (x—0)™"
j=1

n—>00 i=1,...,nk

—mp—1
+limsup P (__max Z Zi1(0 < Zjg < n'/%¢) > n”"‘@) .
The last term above does not exceed

mz
nkP( Z Zoqdl(o <Zya = I’ll/aé‘) > n”"‘@)

d=—my
<nk Z P(Zo’dl(() <Zyq =< nl/aa) > nl/"G/(Zmz + 1))

o k@my + 1) &
<n! 2/"‘;—a 3 E(Zédl(O§Zo,d§nl/"‘e)>

d=—myp

my

~n1—2/a—k(zm;:— D) Z %(nl/%)zl’(zo.d > n'/%)

d=—my

= Ckm, 0% g7,



9.8 Partial Maxima of Stationary Stable Processes 349

where ¢y, is a constant depending only on k and m,. In this computation we used
Proposition 4.2.3 to estimate a truncated second moment of an SoS random variable.
Therefore,

—my—1
limsupP( max Z Zig > nl/“xj for some j =1, ,k)

n(j—1)<i<nj
n—00 =1 e R

k
<1—exp{—mx(f) Z(xj —0) b 4, 07T
j=1

Letting first ¢ — 0 and then # — 0 shows that

n(j—1l)<i<nj
n—00 (—D<i= U

—mpy—1
limsupP( max Z Zig > nl/"‘xj for some j =1, ...,k)

k
< 1—exp{—mx(f) Zx;"

j=1

The matching lower bound,

—my—1

liminfP| max E Zia > n'%x; forsome j=1,...,k

n—00 n(j—1)<i<nj
d=my—nk

k
> l—expi—me(f) Y 5L, (9.131)
j=1

can be proved in essentially the same way. We leave the details to Exercise 9.10.22.
This proves (9.124), and hence we have established (9.123) (with t; = j,j =
1,...,k) in the case that the function f is supported by finitely many translates
of W.

In the case of a general f € L,(m), we define for m, = 1,2,... a function in
L, (m) that satisfies (9.97) by f, =f1(U;'Z_m2¢i(W)). Notice that ||[f — fin, l« — O
as mp — 00o. With the same SaS random measure M as in (9.37) that defined the
process X, we define a new stationary SaS process by

Xy(,mz) — /fmz ° ¢”(s) M(ds)7 nez.
E



350 9 Phase transitions

Let 0 < ¢ < 1. Obviously,

P (n—l/()( max Xi(mZ) > xj(l + 8) for some ] = 1, ey k)

n(j—1)<i<nj

_p(n e max (Xl,(”’” —X;) > x;e forsome j=1,. k)

n(j—1)<i<nj

n(j—1)<i<nj

fP(n_l/"‘ max X; > x; for some j = 1,...,k)

n~ /% max Xi(mZ) > x;(1 —¢) forsome j=1,... ,k)

n(j—1)<i=nj

n(j—1)<i<nj

+P(n_1/°‘ max (Xi—Xl.(mZ)) > xje for some j = 1,...,k) )

Since my (fmZ) — mx(f) as my, — oo by the monotone convergence theo-
rem, (9.123) (witht; = j, j = 1,...,k) will follow once we prove that for every
O0<e<l,

lim lim sup P (n_l/“ max '|X,- —Xl.(m2)| > xje forsome j=1,.. .,k) =0.

m—=00 ;500 n(j—1)<i<nj

However, the probability above does not exceed

> nl/a

P | max ’X,-—Xi(mz) min x;e
|<i<nk =1k
nk

= 3 P(X = x| = e min e).

i=1

As n — 00, this bound converges to

,,,,

and this expression converges to 0 as m, — oo. Therefore, the proof of the theorem
is complete. O

Theorem 9.8.1 says that from the point of view of the partial maxima, all
stationary SaS processes of the form (9.37) with a dissipative map ¢ have short
memory. We show next that if the map ¢ is conservative, then the SaS process
has long memory from the point of view of the partial maxima. Recall that by
Proposition 9.7.3, long-range dependence can result only in a slower rate of increase
of the partial maxima.
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Theorem 9.8.2. Let X be a stationary SaS process given by (9.37) with some f €
Ly (m). Suppose that the map ¢ is conservative with respect to the measure m. Then

n\e max [Xi| — 0 in probability (9.132)

asn — oQ.

Proof. We begin with the case that f is an indicator function. Let A € &, with
0 <m(A) < 0o, and let f = 14. Define

B, =UL ¢7(A), n=1,2,....

We claim that

1
lim —-m(B,) = 0. (9.133)

n—o0o n

To see this, let
Ay={xeE: ") €A d(x) ¢A j=1,....k—1}, k=12,....
Since these sets are disjoint and B, = Uj_, A, we need to show only that

lim m(Ay) = 0. (9.134)
k—00

Let  : E — E be the inverse map, ¥ = ¢~'. Clearly, ¥ is conservative if ¢ is.
Since ¢ and ¥ preserve the measure m, we have m(A;) = m(Ay), where

Ar={xeA: Y ¢Ai=1... k—1}.

However, since ¥ is a conservative map, it follows by Exercise 2.6.12 that Al @
modulo a null set. Since A; C A for all k, we conclude that m(A;) — 0 as k — oo,
and so (9.134) follows.

Set M, = maxj—,_,|X;|,n =1,2,....Fore > 0, we write

P(M, > en'/*) = ZP(|Xk| >en'/Y X <en'/* i=1,... k- 1) )
k=1

Since f = 14, we know that X; = M(¢*(A)), k = 1,...,n, and we can write for
k=1,...,n,

P (|xk| >ene X <en'® i=1,... k- 1)

—p (|Xk| >enV/o |X;| <en'? i=1,... k—1,
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IM(Bioi \ 97(A))| < en'/2/3,

M(B, \ By)| < en'//3)
+ P(|Xk| >en'/o X;| <en'? i=1,... k—1,

IM(Bioi \ ¢75(A))| > en'/*/3 or |M(B,\ Bi)| > snl/"‘/3)
‘=Plkn * P2kn-

Since the SaS random measure M assigns independent values to disjoint sets, it
follows that

P2k §P<|M(¢_’<(A))} > enl/a>P(‘M(Bk_l \ ¢ @A) > 8nl/a/3>
~|—P(|M(¢‘k(A))| > Snl/“>P(|M(B,, \ By)| > gnl/a/3>
< 2P(1Xa| > en'/)P(M(B,)| > en'l/3),

and hence

n

> P2k 20P([X1| > en'/*)P(IM(B,)| > en'/* /3)
k=1

~2n (e7%n"'m(A)) ((¢/3) “n"'m(B,))

— 0

as n — 0o by (9.133). On the other hand,
Plin §P<|Xk| S en'/o (X < en'? i=1,... k-1, |M(By)| > 8}1”“/3) :

and hence

3 prin < P(M(B)| > en/*/3)
k=1

~(e/3) " “n'm(B,) — 0
as n — 0o, once again by (9.133). Therefore,
P (M, > en'/*) — 0

as n — oo for every ¢ > 0. That is, we have proved (9.132) in the case that f is an
indicator function.
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If the function f is a simple function of the type f = Zlf ajly;, with a; € R and
0 <m(4;) < ocoforj=1,...,k, then by the linearity of the integral,

max |X;| = max Za,/lA o ¢'(s) M(ds)

/ 1, 0 $i(s) M(ds)| .

.....

and hence (9.132) follows from its validity in the case that f is an indicator function.
Finally, in the case of a general f € L, (m), for every § > 0 we can find a simple
function f; as above with ||f — fs|l < 8. Then for every ¢ > 0,

lim sup P max 1X;| > enl/”‘)
n—>oQ

> 8n1/"‘/2)

n—>oo

+ limsup P

n—>oo

(.n
< limsup P ('max /fg o ¢'(s) M(ds)
1 E

max | [ (= f3) 0 9/ M@

> snl/“/2)

= hmsupP( max /E(f—ﬁg) o ¢'(s) M(ds)

n—>oo

>en'/"‘/2),

since (9.132) holds when f is a simple function. Since the probability in the last line
does not exceed

gP (‘ /E (F ) o ¢(s) M(ds)

we conclude that

> snl/a/Z) ,

lim sup P( max |X;| > snl/o‘)
n—>oo

=n((e/D™n7 I = f515) < (e/2)78%

and we obtain (9.132) by letting § — 0. O

Remark 9.8.3. Theorems 9.8.1 and 9.8.2 provide a clear classification of stationary
SaS processes into those with short memory according to the behavior of the partial
maxima and those with long-range dependence in the same sense. Indeed, if X is
a stationary Sa'S process given by (9.37) with some f € L, (m), then X has long-
range dependence according to the behavior of the partial maxima if and only if the
dissipative part in the Hopf decomposition of the map ¢ (i.e., the dissipative part
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of ¢) vanishes. To see this, note that we can write
X, =X9+x9 nez,

where X@ and X© are two independent stationary processes, the former corre-
sponding to a dissipative map, and the latter corresponding to a conservative map. If
the dissipative part of ¢ does not vanish, then the process X@ is a nonzero process,
and it follows from Theorems 9.8.1 and 9.8.2 that

(n_l/aMn(t), r> O) = ((m:t(f))l/a Yo, (1), t> O) asn — 00

in the sense of convergence of finite-dimensional distributions, where Yo, is the
extremal process corresponding to the standard Fréchet distribution. Here m (f) is
as in Theorem 9.8.1, but now U2 __ ¢*(W) = D(¢). On the other hand, if the
dissipative part of ¢ does vanish, then the process X corresponds to a conservative
map, and Theorem 9.8.2 applies. In this case, the partial maxima grow at a rate
strictly lower than the rate of n'/%, which is an indication of long-range dependence
with respect to the partial maxima.

It is important to consider for a moment what happens when both the dissipative
part of ¢ and the conservative part of ¢ do not vanish. In that case, both processes
X@ and X© are nontrivial stationary SaS processes. Our discussion in this section
shows that the process X@ has short memory with respect to the behavior of the
partial maxima, while the process X(© has long memory. In this situation, the
process X, which is the sum of X@ and X(©, still has short memory with respect to
the behavior of the partial maxima, even though it may be counterintuitive that the
long memory of the process X(© disappears in the sum.

We will demonstrate what limits may be obtained for partial maxima of stationary
SaS processes defined by (9.37) in which the map ¢ is conservative by considering
the partial maxima of a stationary SaS process with a representation in (9.37) given,
once again, by the null recurrent Markov chain of the setup of Theorem 9.4.7. In the
next theorem, which we do not prove, the limit is no longer the extremal process
corresponding to the Fréchet distribution. However, the marginal distributions of
the limiting process are still Fréchet.

Theorem 9.8.4. Let X be a stationary SaS process given in the form (9.37), with
E = 7%, m a shift-invariant measure on E generated by an invariant measure of an
irreducible null recurrent Markov chain on 7 given in (9.55), and f the indicator
function given by (9.56). Let ¢ be the left shift on E. Assume that the sequence
Po(ty > n), n=1,2,..., is regularly varying with exponent —8 € (—1/2,0). Then
the partial maxima of the process X satisfy

b "M, (1), t > 0) = (CY*Yq, (1), 1> 0) asn — oo (9.135)
n o
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in the Skorokhod J, topology on D[0,00), where Yo, is the extremal process
corresponding to the standard Fréchet distribution. Here C, is given by (3.31), and
the normalizing sequence satisfies

b:;/a — Zﬂipi(fl <n),n=12,...,
i€Z

with (7;) being the invariant law of the Markov chain defining the measure m. It is
regularly varying with exponent (1 — f8) /.

We refer the reader to Owada and Samorodnitsky (2015b) for a proof. Note that
the assumptions of Theorem 9.8.4 restrict the parameter § to the subinterval (0, 1/2)
of the full interval (0, 1) allowed both in Theorem 9.4.7 and in Theorem 9.6.5.

9.9 Comments on Chapter 9

Comments on Section 9.1
The phase transition approach to long-range dependence was proposed in
Samorodnitsky (2004).

Comments on Section 9.2

The classical invariance principle for a sequence of i.i.d. random variables with
finite variance was proved in Donsker (1951).

For general stationary processes with a finite variance, drawing a precise
boundary between short and long memory, as far as the behavior of the partial
sums is concerned, is not easy. A number of results have been proved establishing
functional central limit theorems with a Brownian limit under various strong mixing
conditions. This is the source of common association between strong mixing and
short memory. The following result is in Merlevéde et al. (2006), Proposition 34.

Theorem 9.9.1. Assume that X is a zero-mean strongly mixing process such that
E|Xo|P < oo for some p > 2, and (9.7) holds. If the variance of the partial sums
satisfies s, — 00 as n — oo, then

(Sn_lSn(t)» = 0) = (B(l‘), t> 0) asn — 0o

weakly in the Skorokhod Jy topology on D|0, c0).

It follows from Theorem 8.1.5 that the sequence (s,) in Theorem 9.9.1 must
be regularly varying with exponent 1/2. Because of this and the Brownian limit,
we should view a process satisfying the assumptions of Theorem 9.9.1 as having
short memory. Under certain strong mixing conditions (some of which are stronger
than the mixing conditions considered in Section 2.3), one can get rid of the extra
moment assumption in Theorem 9.9.1, and the sequence (s2) of the variances of the
partial sums grows linearly, so that (9.4) holds. See Peligrad (1998) and Bradley
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(1993) for a discussion of the so-called interlaced strongly mixing condition. For
a stationary Gaussian process to be strongly mixing, it is necessary that its spectral
measure be absolutely continuous with respect to the Lebesgue measure on (—, 7).
If the spectral density (i.e., the derivative of the spectral measure with respect to
the Lebesgue measure on (—,]) is continuous and positive, then the process
is interlaced strong mixing (see Kolmogorov and Rozanov (1960) and Rosenblatt
(1985)).

An interesting phase transition phenomenon was discovered in a series of papers
published in the 1970s and 1980s treating the partial sums of stationary processes of
the type considered in Section 6.3. Recall that those are stationary processes of the
type ¥, = g(X,,), n = 1,2,..., where X is a stationary centered Gaussian process
with unit variance, and g : R — R is a measurable function such that Eg(X,,)> < oc.
Let k, be the Hermite index of g; assume it to be finite. Let Ry be the covariance
function of the Gaussian process X. It was proved in Breuer and Major (1983) that
if

> Rk () < oo, (9.136)

n=0

then (9.4) holds (in terms of convergence of the finite-dimensional distributions)
with some o > 0. If (9.136) holds and o > 0, then the process Y has short memory
with respect to the behavior of its partial sums.

On the other hand, suppose that the covariance function Ry is regularly varying,
i.e., that (6.9) holds with —1 < d < 0. The following result was proved (separately)
in Dobrushin and Major (1979) and in Taqqu (1979). Assume that

1
k ——. 9.137
g < p ( )

Then the partial sum process of the stationary process Y satisfies

1
(WSn(t)v t > 0) = (O'Z(t), t> 0) ,

as n — 00, in terms of convergence of the finite-dimensional distributions, where
o > 0 and Z is the self-similar process with stationary increments corresponding
to the Taqqu kernel of Example 8.3.3 with H = 1 — dk,/2. That is, under the
assumption of the regular variation of Rx and condition (9.137), the process Y has
long-range dependence with respect to the behavior of its partial sums.

Comments on Section 9.3

A setup that is supposed to contain finite-variance infinite-moving-average
processes with both Brownian and non-Brownian limits in the functional central
limit theorem situation is in Davydov (1970). Functional limit theorems with
Brownian limits for such processes were subsequently derived a number of times,
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in situations in which the noise process (g,, n € Z) is not necessarily an i.i.d.
sequence but may be a more general process, often a martingale difference (see,
e.g., Hannan (1979), Merlevéde and Peligrad (2006), and Merlevéde et al. (2006)),
under conditions that are sometimes weaker than the summability of the coefficients
(9.14). On the long-memory side, a functional central limit theorem under the
regular variation assumption (9.22) with 8§ € (—1,—1/2), for one-sided infinite
moving averages, was proven in Peligrad and Sang (2012) (this theorem even allows
an infinite second moment of the noise variables, as long as the truncated second
moment is slowly varying).

Comments on Section 9.5

Rigorous topological convergence in the heavy-tailed invariance principle (9.63)
was established in Skorohod (1957). Extending convergence in Theorem 9.5.5 to
weak convergence in D[0, 0o) requires additional assumptions on the coefficients of
the moving-average process. If more than one of the coefficients is different from
zero (i.e., if the process X is not an i.i.d. sequence), then weak convergence in the
Jy topology on D[0, oo) is impossible, as was shown in Avram and Taqqu (1992),
in which it was also shown that if the coefficients are nonnegative and only finitely
many of them are different from zero, then convergence in Theorem 9.5.5 holds
as weak convergence in D[0, co) with the Skorokhod M, topology. The fact that
M, weak convergence holds even if infinitely many coefficients are different from
zero (but all are still nonnegative) was proved in Louhichi and Rio (2011). If the
coefficients are not necessarily nonnegative, than an even weaker topology on the
space D[0, 00) is needed, and weak convergence in the so-called S topology was
shown in Balan et al. (2014).

Comments on Section 9.6
In a series of papers beginning with Pipiras and Taqqu (2002a) and Pipiras and
Taqqu (2002b), the authors studied SaS processes of the form

Y@) = /GA(F(y,t—I-u)—F(y,u))M(dy,du), teR, (9.138)

where M is an SaS random measure on the space E = G x R, (G,G,n) is a 0-
finite measure space, and the control measure of M is  x Leb (the function F has to
satisfy the appropriate integrability condition). Under this setup, the process Y has
stationary increments, and the stationary increment process

Xn:Y(n)—Y(n—l)=LA(F@,n+u)—F(y,n—l+u))M(dy,du), nez

always corresponds to a dissipative map ¢ : E — E given by ¢ (y,u) = (y,u + 1).
In some cases, the process Y in (9.138) is also self-similar, and Pipiras and Taqqu
classified the self-similar processes with stationary increments that can be obtained
in this way. They accomplished this by studying the multiplicative flows appearing
naturally through the self-similarity of the process Y in its integral representation,
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similarly to the classification of stationary SaS processes of Rosinski (1995). The
notions of a dissipative map and a conservative map appear once again, but this
time, they are applied to the multiplicative action related to self-similarity. In
particular, the linear fractional stable motion of Example 3.5.2 turns out to be of the
form (9.138), with a conservative multiplicative action, while the dilated fractional
stable motions of Example 9.6.3 are also of the form (9.138), but with a dissipative
multiplicative action. The latter processes are studied in detail in Pipiras and Taqqu
(20044a). The telecom process was introduced in Pipiras and Taqqu (2000). Further
details on self-similar processes with stationary increments of the form (9.138) are
in Pipiras and Taqqu (2004b, 2007, 2008).

The statement of Theorem 9.6.5 is a special case of a more general result in
Owada and Samorodnitsky (2015a). Another functional central limit theorem for
the partial sums of an infinite-variance stationary infinitely divisible process with
regularly varying tails and corresponding to a conservative map ¢ in (9.37) is in Jung
et al. (2016). In that case, the limiting process is yet another self-similar stationary
increments SaS process.

Comments on Section 9.7
The classical extreme value theory studies limit theorems of the type

1
—(max(Xl, LX) - b”) =Y (9.139)
an

for an i.i.d. sequence Xi,X>,..., a positive sequence (a,), and a real sequence

(by). If the distribution of the limiting random variable Y is nondegenerate, then
up to a linear transformation of the type ¥ — aY + b, a > 0 and b real, this
limiting distribution can take one of the three possible forms (Fisher and Tippett
1928; Gnedenko 1943). Two of the possible limiting distributions are the Gumbel
distribution in (9.107) and the Fréchet distribution in (9.108). The third possible
type of limiting distribution is the reverse Weibull distribution

exp{—(—x)“} ifx <0,

|\ =
«) =1 ifx>0,

a > 0. The distributions in the domain of attraction of the reverse Weibull
distribution have support bounded on the right. Since we are interested in the “size”
of the maxima of a process, we are not considering the case of the Weibull domain of
attraction. Some distributions in the Gumbel domain of attraction also have support
bounded on the right, and our main interest lies in those distributions in the Gumbel
domain of attraction whose support is unbounded on the right. There are many texts
on the classical extreme value theory; two of them are Resnick (1987) and deHaan
and Ferreira (2006).

The fact that for an i.i.d. sequence, the weak convergence in (9.139) implies
functional weak convergence

(al(Mn(t) —b,), t> O) = (Yr(1), t > 0)
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(where F is the law of Y in (9.139)) weakly in the Skorokhod J;-topology on
D(0, 00) was proved in Lamperti (1964), with several subsequent additions and
clarifications, including Resnick (1975) and Weissman (1975).

Comments on Section 9.8

The restriction of the parameter 8 to the interval (0, 1/2) in Theorem 9.8.4 is a
consequence of the fact that the result in Owada and Samorodnitsky (2015b) applies
only in this case. We expect the memory in the process X to become longer as
increases from O to 1; see Remark 9.4.8. Therefore, Theorem 9.8.4 does not address
the behavior of the partial maxima when the memory in the process X is the longest.

9.10 Exercises to Chapter 9

Exercise 9.10.1. Let Y = (Y (1,1t € ]R) be the standard Ornstein—Uhlenbeck
process, i.e., a centered stationary Gaussian process with covariance function
Ry(7) = eV (see Example 1.2.4). Let V be a gamma random variable independent
of Y with unit scale and shape 0 < a < 1. Define X,, = Y(nV), n € Z.

(a) Prove that X is a stationary zero-mean finite-variance process with covariance
functionR(n) = (n+ 1), n=0,1,2,....

(b) Prove that the standard deviations (9.5) of the partial sums of X satisfy s, ~
can'™%'? for some cy € (0,00) asn — .

(c) Prove that

v 1/2
/28, = Y(0) (%) asn — 0o,
oV —

so that S, /s, — 0 in probabiliry.

Exercise 9.10.2. Let X be a nonnegative random variable such that EX? < oo for
some p > 1. Prove the inequality

(EX)”
EXP

(P(X > SEX))"™" = (1 -5y

for0< g < 1.
Exercise 9.10.3. Letf € D[0, 00), and forn = 1,2,..., define f, € D[0, co) by

fu(t) = f(n™"'[n]), £ > 0.

Prove that f,, — f as n — o0 in the Skorokhod J topology. Hint: A useful property
of functions in D[0, 00) is that they can be approximated uniformly, on compact
intervals, by piecewise constant functions. That is, for every T € (0, 00) and & > 0,
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there are points 0 =ty < t; < ... < t,, = T such that |f(t) — f(t;)| < & for every
i <t<tig1,i=0,...,m—1. See, e.g., Whitt (2002).

Exercise 9.10.4. Prove the second part of (9.19):

. —-1/2 _
nll)ngo P(n OSSIZIEI‘C[,,,” > 6) 0.
Exercise 9.10.5. Prove (9.32) and (9.33).

Exercise 9.10.6. Proof Theorem 9.3.4. Hint: Use the assumption (9.35) to reduce
the sums of the coefficients to infinite sums of the type > _ . and Y . To prove
tightness under a stronger moment assumption, use the Marcinkiewicz—Zygmund
inequalities of Theorem 10.7.2.

Exercise 9.10.7. Consider the partial sums of a stationary process X. Let (a,) be
a sequence of positive numbers with a, — oco. Assume that for everym = 1,2, ...
and positive integers ji, ..., jm,

@ (Sins s Sjpn) = (Y(G1)s -, Y(im)) s
where (Y(t), t> O) is a continuous in probability process. Prove that
(a;lSn(t), t> 0) = (Y(t), t> 0) asn — 0o
in finite-dimensional distributions.

Exercise 9.10.8. Prove that the left shift on the space E = 77 is conservative with
respect to the measure m defined by (9.55).

Exercise 9.10.9. Prove that the first return time defined in (9.57) satisfies
o0
Z 7T,‘P,‘(‘L'1 = n) = JT()P()(‘E] > l’l), n=12,....
1=—00

Exercise 9.10.10. In the Markov chain setup of Theorem 9.4.7, let N,, be the number

of times the Markov chain visits state 0 in the time interval {1, ...,n}. Prove that

starting in state 0 (and hence in any other initial state), the Markov chain satisfies
Py(t; > n)N, = Z/;ﬂ asn — 0o,

where Zg is a positive B-stable random variable with characteristic triple (0, i1, 0),

where the Lévy measure is given by u(dx) = Bx~UTP) dx for x > 0. Moreover,
prove that

Eo[(Po(T] > n)Nn)p] — E(Zﬂ_pﬂ) asn — oo

for every p > 0.
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Exercise 9.10.11. Still in the Markov chain setup of Theorem 9.4.7, use Exer-
cise 3.8.2 to show that

Vars) = [ o) 3 mEND.

i=—00

Use an argument similar to the one used in the proof of Theorem 9.3.3 to establish
the tightness claim of the theorem.

Exercise 9.10.12. Prove (9.81).
Exercise 9.10.13. Prove tightness in Theorem 9.5.7.
Exercise 9.10.14. Prove Theorem 9.5.8.

Exercise 9.10.15. In the proof of Theorem 9.6.1, we proved that the limit b in (9.87)
is given by (9.96) in the case 1 < «a < 2. Prove that (9.96) is valid in the case
0<a<1aswell

Exercise 9.10.16. Prove that (9.92) holds in the case 1 < «a < 2 under the
conditions of Theorem 9.6.1.

Exercise 9.10.17. Prove that the telecom process in Example 9.6.3 is well defined.
Exercise 9.10.18. Prove part (ii) of Proposition 9.6.4.

Exercise 9.10.19. Check that (9.85) holds under the conditions of Theorem 9.6.5.
Conclude that

P(Xo > x) _

lim =1y.

x—00 p((x, oo))
Exercise 9.10.20. Prove that the standard normal random distribution satis-
fies (9.107) with the sequences (a,) and (b,) given by (9.119).

Exercise 9.10.21. Prove that (9.121) holds by following the lines of the argument
for (9.96).

Exercise 9.10.22. Prove the lower bound (9.131) in Theorem 9.8.1, assuming that
the function f is supported by finitely many translates of the set W.



Chapter 10
Appendix

The main reason for this chapter is to give the reader easy access to some of the
notions and the results used throughout this book. Most of the material can be found
in book form elsewhere. The reader will notice that the quantity of detail is different
from topic to topic, depending on how accessible the alternative references are.

10.1 Topological Groups

For more details on the notions presented in this section, see Chapter 1 in Rudin
(1962) and Chapter 6 in Hewitt and Ross (1979).

Let G be a group whose group operation is written multiplicatively. Suppose that
G, viewed as a set, is given a topology such that both

the mapping P: Gx G — G: P(x,y) = xy is continuous, and

the mapping 7: G — G : I(x) = x~! is continuous.

Then G is called a topological group. This name is often further modified both by
the properties of the group and those of the topology. For example, if the group
is abelian, then G is an abelian topological group. If the topology is generated
by a complete separable metric, making G, as a set, into a complete separable
metric space, otherwise known as a Polish space, then G is called a Polish group.
A topological isomorphism of two topological groups G; and G, is a group
isomorphism ¢ : G; — G, such that both ¢ and its inverse ¢~ are continuous.
Let G be a locally compact abelian group. A character of G is a function y :
G — C such that |y(x)| = 1 for every x € G, and y(x + y) = y(x)y(y) for every
X,y € G (we have switched to the additive notation, as is usual with abelian groups).
The set I" of all continuous characters of G equipped with the product of complex-
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valued functions is called the dual group of G. It is clearly an abelian group. The
dual group of G is itself a locally compact abelian group when it is equipped with a
sort of weak topology, called the Gelfand topology.

Example 10.1.1. 1. Let G = R4, d > 1. Then the continuous characters of G are
of the form y(x) = €@, x € RY, for some a € R?, and the dual group is
topologically isomorphic to R, with the usual topology (see Example (f), in
Hewitt and Ross (1979, p. 368)).

2. Let G = Z4, d > 1. Then the continuous characters of G are of the form y(x) =
I—[;l:1 2, x = (x1,...,x5) € Z% for some complex numbers z, ..., zg of norm

1. The dual group of G is topologically isomorphic to the d-dimensional torus,

which is, in turn, topologically isomorphic to (—z, 7], with the usual topology

(see Example (b), p. 366, and Theorem 23.18 in Hewitt and Ross (1979)).

The following theorem is an important characterization of nonnegative definite
functions on locally compact abelian groups; see Rudin (1962, p. 19).

Theorem 10.1.2. Let G be a locally compact abelian group, with dual group T'. Let
¢ : G — C be a continuous function. Then ¢ is nonnegative definite if and only if
there is a finite measure (L on I' such that

o) = /F Y () u(dy). x € G.

Furthermore, this measure is unique.

10.2 Weak and Vague Convergence

This section presents certain basic facts related to the two important notions of con-
vergence of measures on metric spaces: weak convergence and vague convergence.
The classical introduction to weak convergence is in Billingsley (1999).

Let (S, p) be a metric space, and let S be the Borel o-field on S.

Definition 10.2.1. A sequence (P,) of probability measures on (S, S) is said to
converge weakly to a probability measure P on (S , S) if for every bounded and
continuous function f on S,

lim /f(x) P,(dx) = /f(x) P(dx) . (10.1)
n—>oo Ky s
The typical notation is

P,=Por P, 5P,
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A sequence (X),) of S-valued random variables is sometimes said to converge weakly
to an S-valued random variable X if the sequence of the laws on (S ,S ) of the random
variables (X)) converges weakly to the law of X in the sense of Definition 10.2.1.
One sometimes writes

X, =X or X, > X.

It is important to keep in mind that even when weak convergence is stated in the
language of random variables, it is not necessary for the random variables to be
defined on the same probability space.

If S is the real line equipped with its usual topology, then weak convergence
X, = X is the same as the usual convergence in distribution

F,(x) :=PX, <x) > Fx):=P(X<x) asn — o

for every x € R at which the distribution function F' is continuous. In the case of a
general metric space S, weak convergence can also be characterized by the limiting
behavior of certain sequences of probabilities.

The following theorem is a collection of such characterizations. It is usually
called the portmanteau (i.e., containing several things in one package) theorem.

Theorem 10.2.2. Each of the following three assertions is equivalent to the weak
convergence P,, = P:

(a) limsup, P,(F) < P(F) for every closed set F;
(b) liminf, P,(G) > P(G) for every open set G;
(c) lim, P,(A) = P(A) for every P-continuity set A.

Recall that a subset A C § is called a P-continuity set if P does not charge the
boundary of A, that is, if P(dA) = 0. See Exercise 10.9.1.

An important tool for establishing weak convergence of probability measures is
the notion of relative compactness. We say that a set H of probability measures on
S is relatively compact if every sequence of probability measures in H has a weakly
convergent subsequence. The following criterion is known as Prokhorov’s theorem.

Theorem 10.2.3. (i) Suppose that for every ¢ > 0, there is a compact set K, such
that P(K,) > 1 —¢ for each P € H (this property of H is called tightness). Then
the set H is relatively compact.

(ii) Suppose that the metric space S is complete and separable. If a set H of
probability measures on S is relatively compact, then it is also tight.

One can use weak convergence of a sequence of probability measures on one
metric space to establish weak convergence of sequences of probability measures
on other metric spaces via the following theorem, usually called the continuous
mapping theorem.

Theorem 10.2.4. Let S and S, be metric spaces, and h : S — S; a Borel
measurable map. Let (P,), P be probability measures on the Borel o-field in S.
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If P, = P in S and P does not charge the set of the discontinuities of h, then
P,oh™' = Poh™linS,.

The set of discontinuities of & is always measurable (even if & is not); see
Exercise 10.9.1.

Vague convergence of measures is a counterpart of weak convergence that is
sometimes natural to use in dealing with measures whose total mass is not a priori
bounded. It applies to sequences of Radon measures on a metric space S. For
discussion of vague convergence, we assume that the metric space S is a complete
separable metric space and in addition, that it is locally compact. That is, for every
point x € S, there is an ¢ = ¢(x) > 0 such that the closed ball centered at x with
radius e(x) is compact. It is not difficult to check that every such metric space is also
o-compact (i.e., is a union of countably many compact sets). Section 3.4 of Resnick
(1987) can be consulted for more details on the discussion presented below.

Definition 10.2.5. A measure m on (S, S) is said to be Radon if m(K) < oo for
every compact set K.

In particular, every finite measure is Radon. Since the space S is o-compact, every
Radon measure is necessarily o-finite.

Definition 10.2.6. A sequence (m,) of Radon measures on (S ,S ) is said to
converge vaguely to a Radon measure m on (S, S) if for every continuous function
f on § with compact support,

Tim /S F0) ma(d) = /S FO0 m(d) - (102)

Note that a continuous function with compact support is automatically bounded.
The common notation is

v
m, —> m.

Let (P,) be a sequence of probability measures (P,) on a complete separable
locally compact metric space S. It is obvious from the definitions that weak

w J . .
convergence P, — P to some probability measure P implies also vague convergence

v .
P, — P. The converse statement also turns out to be true; see Exercise 10.9.2.
The following is a version of the portmanteau theorem corresponding to the
vague convergence.

Theorem 10.2.7. Each of the following two assertions is equivalent to the vague
convergence nt, 5 ome
(a) limsup, m,(K) < m(K) for every compact set K and liminf, m,(G) > m(G)

for every open relatively compact set G;
(b) lim, m,(A) = m(A) for every m-continuity set A relatively compact in S.



10.2  Weak and Vague Convergence 367

Note that the two equivalent conditions (a) and (b) in the portmanteau theorem
for weak convergence (Theorem 10.2.2) have become a single condition (i.e., both
have to be assumed separately) in the portmanteau theorem for vague convergence
(Theorem 10.2.7).

Relative compactness in the vague topology of a set of measures is defined
analogously to its weak convergence counterpart. The following is a criterion for
relative compactness for vague convergence.

Theorem 10.2.8. Relative compactness of a set H of Radon measures on a com-
plete separable locally compact metric space is equivalent to each of the following
conditions:

(i) For each compact set B C S, supey m(B) < oo.
(ii) For each nomnegative continuous function f on S with compact support,
supmen [ fdm < oo.

There is also a version of the continuous mapping theorem suitable for vague
convergence.

Theorem 10.2.9. Let S and S| be complete separable locally compact metric
spaces, and h : S — S| a Borel measurable map, such that

h~'(K)) is relatively compact in S whenever K, is compact in S\.

Let (m,), m be Radon measures on the Borel o-field in S. Then (m, o h™"), mo h™!
are Radon measures on the Borel o-field in S\. Further, if m, 5 min S and m does

v
not charge the set of the discontinuities of h, then m, o h™" — moh™"in §|.

Let ME_ (S) be the space of all Radon measures on a locally compact complete
separable metric space S. There is a metric d,, on ME_ (S) under which this space is a
complete separable metric space and is such that for measures (m,,), m in Mlj_ (S,

m, — m if and only if d,(m,, m) — 0. (10.3)

The metric d, can be chosen to be of the following form. One can find a countable
family (/;) of nonnegative continuous functions S — R with compact support such

that for m;, m, € MX (S),
dy(mi,my) =Y 27 (1= — | n dx) — | k; dx .
mom) =3 ( exp{ /S(X)ml(X) /S(x)mz( )‘})
(10.4)

This is Proposition 3.17 in Resnick (1987), which can also be consulted for much
of the discussion below.

A random Radon measure is a measurable map from some probability space
into ME (S) equipped with the Borel o-field corresponding to any metric satisfy-
ing (10.3). The following proposition gives an alternative characterization of this
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Borel o-field; it is useful in checking measurability of certain mappings, such as
certain infinitely divisible random measures of Section 3.2.

Proposition 10.2.10. The Borel o-field on M‘}r (S) coincides with the o-field gener-
ated by the evaluation maps Mﬁ_ (S) — [0, 00) given by m — m(K), K a compact
subset of S.

Proof. Denote the Borel o-field on MJRr (S) by B, and the o-field generated by the
evaluation maps by £. Let K be a compact set in S. By the portmanteau theorem
for the vague convergence in Theorem 10.2.7, the mapping m — m(K) is upper
semicontinuous on Mfi (S), hence measurable with respect to the Borel o-field on
ME (S). Therefore, £ C B.

In the other direction, for every nonnegative continuous function 4 with compact
support on S, the mapping M (S) — [0,00), m — [ hdm, is £-measurable, as
can be easily seen by approximating 4 by simple functions. Therefore, for a fixed
mp € Mi (8), the distance d,, (m;, m;) in (10.4) is an £-measurable function of m; €
ME (S). Therefore, every open ball in MR+ (S) is £-measurable, and hence B C £. O

Example 10.2.11. Poisson random measure as a random Radon measure

We construct a version of a Poisson random measure of Example 3.2.5 that is
a random Radon measure. Let m be a Radon measure on S. Let (S;) be a partition
of S into measurable relatively compact sets; then the restriction m; of m to each
set S; is finite. Restricting ourselves to those i for which m;(S;) > 0, begin with a
double array of independent S-valued random variables, (X].(’) ), such that for each i,
the random variables in the ith row are i.i.d., with a common law m,; /m;(S;). Let (K;)
be a sequence of independent Poisson random variables, independent of the double
array, with E(K;) = m;(S;), i > 1. For every measurable set B C S, define

K;
MB)=>"Y1(x" € B). (10.5)
i j=1

Letting Sy be the collection of all measurable sets of finite measure m, it follows
from Exercise 3.8.19 that (M (B), B € &) is a Poisson random measure in the sense
of Example 3.2.5.

On the other hand, (10.5) clearly defines, for every w € €2, a o-finite measure on
S. In order to guarantee that this measure is actually Radon, let (¢;) be a countable
dense subset of S, and let (r;) be positive numbers such that each of the open balls
B, () has a compact closure, and their union is S. By construction, for each i,
M (BL.,, (r,-)) is a Poisson random variable, hence a.s. finite. Let £2¢ be the subset of
Q2 on which all these Poisson random variables are finite. Then P(2p) = 1, and
we restrict the definition of M in (10.5). If K is a compact set, then there is a finite
subcollection of the open balls (Bc,. (ri)) that covers it. Since each of these balls has
finite M-measure, so does K. Therefore, this version of M is a Radon measure.
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Finally, by definition, for each measurable set B with compact closure, M(B) is
a well-defined random variable. By Proposition 10.2.10, we conclude that M is a
random Radon measure.

The following definition introduces in the realm of random Radon measures
an object analogous to the Laplace transform of a nonnegative finite-dimensional
random vector.

Definition 10.2.12. The Laplace functional of a random Radon measure M is

Uy (f) = Eexp { - /S () M(dx)} ,

f anonnegative continuous function S — R with compact support.

Since M is Radon, it assigns a finite mass to the support of f, which is, in turn,
automatically bounded. Therefore, the integral in the exponent is a.s. finite. By
the definition of vague convergence, the integral is a continuous, hence Borel
measurable, function of M, and so the Laplace functional of a random Radon
measure is well defined. The Laplace functional of a Poisson random measure of
Example 10.2.11 is calculated in Exercise 10.9.4.

Weak convergence of nonnegative finite-dimensional random vectors is equiv-
alent to convergence of their Laplace transforms. Similarly, weak convergence of
random Radon measures (i.e., weak convergence in the vague topology) turns out to
be equivalent to convergence of their Laplace functionals.

Theorem 10.2.13. Let (M,), M be random Radon measures on a locally compact

complete separable metric space S. Then M, SM if and only if Wy, (f) — Yy (f)
for every nonnegative continuous function f on S with compact support.

10.3 Signed Measures

This section contains a brief description of signed measures taking values in
[—00, 00]. Most texts prohibit one of the two infinite values (e.g., Billingsley (1995),
Dudley (1989)).

Let (S, S) be a measurable space. Recall that a signed measure is a g-additive
finite-valued set function on S.

Let (B,) be events in S such that B, 1 S. Let (v,) be a sequence of signed
measures on (S, S) such that

e forevery n > 1, the signed measure v, is supported on the event B,, i.e., v,(A) =
0 for each A € S such that A N B, = 0;

¢ the sequence (v,) is consistent in the sense that for each n > 1, the restriction of
Vu+1 to B, coincides with v,,.
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The Hahn decomposition of signed measures (see, e.g., Theorem 32.1 in
Billingsley (1995)) says that for each n > 1, there exist a measurable partition of
B, = B;f UB; and finite measures m;” and m;, supported by B;" and B, respectively
such that v, = m" —m;. By consistency of the sequence (v,), we see that the two
sequences of measures (m;") and (m;, ) are consistent as well. Therefore, there are o-
finite measures m* and m™~ on (S, S) such that for each n > 1, m;" is the restriction
of m* to B, and m,, is the restriction of m™ to B,. By construction, the measures
m™ and m™ are mutually singular (i.e., have disjoint supports) as well.

Let

Sy = {B eS: min(m+(B),m_(B)) < oo}
For every set B € Sy, we define
v(B) =m*(B) —m™(B),

and we call v a [—o0, oo]-valued o-finite measure on (S, S) generated by the
sequence (v,). We call the measure m™ the positive part of v, and the measure
m~ the negative part of v. The o-finite measure ||v|| = m; + m; is the total variation
measure of v. Note that even though v is not, in general, defined on the entire o-field
S, its restriction to each event B,, is the signed measure v,, which is defined on the
restriction of S to B,,.

Note that the specific collection of events B, 1 S used to define a [—o0, o0]-
valued o-finite measure is not important. In fact, given mutually singular o-finite
measures m* and m~, any sequence B, 1 S such that m*(B,) < oo, m™(B,) <
oo leads to the same family Sy and the same set function v on that family. In the
sequel we will refer to v simply as a signed measure, but it may be both o-finite and
[—00, oo]-valued.

Clearly, the family Sy has the following property: B € Sp and A € S, A C B
implies A € Sy, which allows us to make the following definition.

Definition 10.3.1. A set B € Sy is called a null set of a signed measure v if v(A) =
OforeachA € S,A C B.

Obviously, a set B is a null set of a signed measure if and only if both its positive
and negative parts vanish on B.

If f : § — R is a measurable function such that the integrals [ f dm™ and
[ f dm™ exist, and

max (/Sf(s) m+(ds),/sf(s) m_(ds)) > —00,

min (/f(s) m+(ds),/f(s) m_(ds)) < 00,
s s
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then we say that the integral [ f dv exists, and

= T (ds) — “(ds) .
fsf(S)V(dS) fs F(s) m* (ds) fs F(s) m™(ds)

Asusual, if f : S — R is a measurable function and B € S, then we use the notation

/f(s)v(ds) = /f(s)l(s € B) v(ds),
B s

assuming that the integral on the right-hand side exists.

Let v be a signed measure with positive part m* and negative part m~, and let
f S — R be a measurable function. We can define another signed measure as
follows. Define o-finite measures on (S, S) by

it (B) = /B )4 m* (ds) + /B Fs)—m™(ds),
i (B) = /B F()—m™* (ds) + /B ()4 m(ds).

and notice that the two measures are mutually singular. Let B, 1 S be any sequence
of events such that ™ (B,) < oo, m~(B,) < oo for each n > 1, and construct a
signed measure u that is finite on each B, and for which /™ is the positive part and
m~ the negative part. If

Sy = {B € S min(it(B), i (B)) < oo.}

is the set of B € S for which the signed measure p is defined, then it is
straightforward to check that

Sy = {B eS: / f(s) v(ds) is well deﬁned}
B
and for every B € 3’0,

u(B) = /B () v(ds) (10.6)

If v and p are two signed measures connected via (10.6), we will say, by
analogy with positive measures, that f is the derivative of p with respect to v. This
terminology is justified by the fact that if both f; and f, satisfy the relation (10.6),
thenf; = f> a.e. with respect to the total variation measure || v|| (see Exercise 10.9.6).
We write di/dv = f.
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By analogy with absolute continuity of positive measures, we introduce the
following definition.

Definition 10.3.2. Let v and u be two signed measures on (S, S). If every null set
of v is also a null set of y, we say that the signed measure u is absolutely continuous
with respect to the signed measure v and write ;t < v.

Clearly, absolute continuity u < v of signed measures is equivalent to absolute
continuity ||u]| < ||v|| of the corresponding total variation measures.

If v and p are two signed measures satisfying (10.6), then it follows immediately
from the above discussion that p is absolutely continuous with respect to v. A
version of the Radon—-Nikodym theorem also holds for signed measures.

Theorem 10.3.3. Let v and p be two signed measures on (S , 8), and assume that
U K v. Then there is a measurable function f : S — R such that (10.6) holds.

Proof. The assumptions of the theorem imply absolute continuity ||p] << [[v]|
of the positive o-finite measures, and therefore, by the Radon—Nikodym theorem
for such measures (see, e.g., Theorem 32.2 in Billingsley (1995)), there exists a
measurable function g : § — R™ such that

|l (B) = /Bg(s) |[v]|(ds) forevery B € F. (10.7)

Let m™ and m™ be the positive and negative parts of the signed measure v, and
mf and m] the positive and negative parts of the signed measure u (so that [|v| =
m* +m~ and ||| = m] +m7). Let S = STUS™ be a measurable partition of S such
that m™ is supported by ST and m™ is supported by S~, and let S = SI" US| bea
similar partition of S into supports of the measures m?‘ and m] . Define a measurable
functionf : S — R by

Fs) = g(s) ifseSTnSForses NSy,
| —g(s)ifseST NS orsesS NS
Let [i be the signed measure such that dji/dv = f. We will prove that i = u.

Let B, 1 S be a sequence of measurable sets such that both ||v||(B,) < oo and
lill(By) < oo for every n > 1, and for k > 1, let Ay = {s : g(s) < k}. Take
any increasing sequence (/) of finite collections of pairs (m, k), m, k > 1 such that
I, 1 N2, and define

By= | BunA). n>1.
(m.k)€El,

Clearly, B, 1 S, and both signed measures p and {1 are finite on each set B,.
The claim of the theorem will follow once we check that p and i coincide on the
measurable subsets of B, for each n > 1.
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Let B C E,, be measurable. Using (10.7) and the definition of f, we have
1(B) = m; (B) — my (B)
=m{ (BNST)—m (BNST) =|lull(BNSF)—Ilul(BNST)

= [ soml@ = [ s

— + —
B /an[* ns+ g(s)m™(ds) + /Bmsfr ns— glsym(ds)

[ sowt@ - [ g
BNS Nst

BNST NS~

— + _ —

BNS; NS~
T (ds) — ~(d
+ /B g SOt @) /B e fOm@

= fs)m™ (ds) — f(s)ym™ (ds) = [u(B).

BNSt BNS—

as required. [J

10.4 Occupation Measures and Local Times

Let (X t), te Rd) be a measurable stochastic process. For a Borel set D € R4t =
R x R, we define

x(D) = Ad({t eR’: (LX(D) € D}) . (10.8)

Clearly, ux is a o-finite measure on RYT!; it is the occupation measure of the
stochastic process (X(t), t e Rd). For Borel sets A € R? and B € R, the value
of ux(A x B) describes, informally, the amount of time in the set A the process
spends in the set B.

Fix a “time set” A € R? of a finite positive Lebesgue measure and consider the
measure on R defined by

,U«X'A(B) = [,Lx(A X B), B € R, Borel.

By the definition of the occupation measure, we have the following identity, valid
for every measurable nonnegative function f on R:

/ FX®) Aa(dt) = / ) pixa(d). (109)
A R
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If on an event of probability 1, iux 4(B) is absolutely continuous with respect to
the Lebesgue measure A, we say that the process has a local time over the set A. A
local time is a version of the Radon—Nikodym derivative

dix.a
dA

Ixalx) = (x), xeR. (10.10)

A local time is otherwise known as an occupation density. The basic property of the
local time follows from (10.9): for every measurable nonnegative function f on R,

[ £x®) ratan = [ reotear. (10.11)
A R

If a process has a local time over a set A, the local time can also be computed by
.1
a) = tim - [ Leus (X0) Aata). (10.12
£l0 2¢e Ju

and the limit exists for almost every x € R. This useful representation of the local
time has also an attractive intuitive meaning. It implies, in particular, that one can
choose a version of a local time such that Ix 4(x) = Ixa(w;x) is a measurable
function 2 x R — R. In particular, for every x € R, Ix4(x) is a well-defined
random variable.

An immediate conclusion from (10.12) is the following monotonicity property
of the local times: if a process (X (t), te ]Rd) has local times over sets A and B, then

A C Bimplies that Ix 4(x) < Ix g(x) a.s. (10.13)

Let (X (1,1t € R) be a measurable stochastic process with a one-dimensional
time. If the process has a local time over each interval [0, 7] in some range ¢ € [0, 71,
then it is common to use the two-variable notation

lx(x, t) = lx,[o_,](x), 0<tr<T,xelR.

Using (10.12) shows that there is a version of (lx (x, t)) that is jointly measurable in
all three variables, w, x, t.

As expected, existence and finite-dimensional distributions of a local time are
determined by the finite-dimensional distributions of the underlying process.

Proposition 10.4.1. (i) The finite-dimensional distributions of the local time are
determined by the finite-dimensional distributions of the process. That is, let
(X t), te Rd) and (Y t), te Rd) be measurable stochastic processes with the
same finite-dimensional distributions. If (X t), te Rd) has a local time over a
set A, then so does the process (Y t), t e Rd). Moreover; there is a Borel set
S C R of null Lebesgue measure such that the finite-dimensional distributions
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of (ZX’A(x), X € SC) coincide with the finite-dimensional distributions of
(lY,A(x), X € SC).

(i) If (X ONES R) and (Y (0,1t e R) are measurable stochastic processes with
the same finite-dimensional distributions, and if (X (1, te R) has a local time
over each interval [0,t] in some range t € [0,T), then so does the process
(Y(t), t € R). Moreover, for every ti,...,t; in [0,T), there is a Borel set
S C R of null Lebesgue measure such that the finite-dimensional distributions
of (ZX’A(x, 5),x € §,j = l,...,k) coincide with the finite-dimensional
distributions of (lY,A(x, ), xeS j=1,..., k).

We first prove a useful lemma.

Lemma 10.4.2. Let (X t), te Rd) and (Y(t), te Rd) be measurable stochastic
processes with the same finite-dimensional distributions. Let A C R? be a
measurable set of finite positive Lebesgue measure, and f : A — R a bounded
measurable function. Then

/ FX®) Aaldt) £ / FY®) Aaldt)
A A

Proof. Suppose that the process (X(t), t € R?) is defined on some probability space
(1, F1, Py), while the process (Y(t), t € R?) is defined on some other probability
space (2,2, P>). Let Ty, To,... be a sequence of i.i.d. random vectors in R
whose common law is the normalized Lebesgue measure on A, and suppose that
the sequence is defined on yet another probability space (93, F3, P3). Note that for
every w; € Qy,

S ) = [ 700) atat 10.14)
Jj=1

as n — oo Psz-a.s. by the law of large numbers. By Fubini’s theorem, we see that
on the product probability space (Ql x Q3,F1 X F3,P1 x P3), there is an event
le) € JF; of full P3-probability such that (10.14) holds P;-a.s. for every w3 € le).

Repeating the argument, we see that there is an event ng) € JF; of full Ps-
probability such that for every w; € Q?,

%Zf (¥(T))) - fA f(Y(®) Aa(dt) (10.15)
j=1

as n — oo P-ass. The event Q;l) N ng) has full P;-probability, so it must
contain a point w3, which we fix. This gives us a fixed sequence (Tj), and for
this sequence, the expressions on the left-hand sides of (10.14) and (10.15) have
the same distributions. Since we have convergence in both (10.14) and (10.15), the
claim of the lemma follows. [
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Proof of Proposition 10.4.1. For part (i), let A € R be a set of finite positive
Lebesgue measure. It follows from Lemma 10.4.2 applied to indicator functions
of Borel sets and linear combinations of such indicator functions that

(MX,A(B), BBorel) £ (/LYA(B), BBorel) (10.16)

in the sense of equality of finite-dimensional distributions. Suppose that (X (t),t e
Rd) has a local time over the set A. Then on an event of probability 1, the probability
measure (x4 is absolutely continuous with respect to the Lebesgue measure on R.
This implies that on that event, for every m; > 1 there is my > 1 such that for
all k = 1,2,... and rational numbers 7} < 7{ < T» < T, < ... < < 7 with

Zk_=1(ti’ —1;) < 1/my, we have

k
Z/,LX'A((‘L’,’, t]) <1/my .

i=1

Then (10.16) implies that the same is true for the probability measure py 4, and so
on an event of probability 1, the probability measure jty 4 is absolutely continuous
with respect to the Lebesgue measure on R as well; see, e.g., Royden (1968). This
means that the process (Y(t), te R") has a local time over the set A.

Next, suppose that the process (X (t), t € Rd) is defined on some probability
space (21, Fi, P1), while the process (Y(t), t € R?) is defined on some other
probability space (Qz,]-'z,Pz), and let QEI) € Fi,i = 1,2, be events of full
probability on which (X(t), t € R?) and (Y (t), t € R?) have local times over the
set A. Let S C R be a Borel set of null Lebesgue measure such that for every x € S¢,
the relation (10.12) holds for P-almost every w; € Qfl), and the version of (10.12)
written for the process (Y(t), t € R?) holds for P,-almost every w, € Q? . Then
the fact that the finite-dimensional distributions of (lx,A (x), x € S”) coincide with
the finite-dimensional distributions of (lY,A (x), x € SC) follows from Lemma 10.4.2.
This proves part (i) of the proposition.

For part (ii) of the proposition, the fact that the process (Y (1), te R) has a local
time over each interval [0, ] in the range 7 € [0, T follows from part (i), while the
equality of the finite-dimensional distributions follows from (10.12) in the same way
as the corresponding statement in part (i). O

The next, and basic, property of the local time follows from its definition.

Proposition 10.4.3. (i) Suppose that a process (X t,te Rd) has a local time
over a set A. Let B C R be a Borel set. If Q¢ € F is an event such that for
every w € Q, X(t) € B for each t € A, then for every w € Q, Ix a(x) = 0 for
almost every x € B.

(ii) Let t > 0 and suppose that the local time Ix (-, t) of the process (X(t), t e R)
over the interval [0,1] exists. Let y > 0. If Qo € F is an event such that for
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every @ € S, supejo [X(s)| <y, then for every o € S, Ix(x,1) = 0 for
almost every x with |x| > y.

Proof. Letting f be the indicator function of the set B and appealing to (10.11)
proves the first statement of the proposition. The second statement follows from the
first with B = (—o0, —y] U [y, 00). O

When do local times exist? An easy-to-check criterion for existence of a local
time is due to Berman (1969). It is based on the following classical result on
characteristic functions of random vectors.

Lemma 10.4.4. (i) Let X be a random vector, and let px(0) = Ee®X) 0 € R?
be its characteristic function. Then X has a square integrable density if and

only if

[ lox®)P 24(06) < co.
(i) 1

[ lox®)12,(a8) < oo,

then X has a bounded uniformly continuous density.

Proof. The second part of the lemma appears in about every book on probability;
see, e.g., Corollary 2, p. 149, in Laha and Rohatgi (1979)). The statement of the
first part of the lemma is less common in the probabilistic literature, so we include
a proof.

Suppose that x is square integrable. The general theory of L? Fourier transforms
tells us that the function

fx) = ¥ s (0) Ay(d), x € R?

1
hToo )z /|o||5h

exists in L2(14), and moreover, the function

fl(X)I/O1...Adf@1,...,yd)dy1 ...dyd, x:(xl,...,xd)e((),oo)d

satisfies the relation
fi(x) = W/ Qﬂx(o)l_[ L radd). x= (1. xa) € (0.00)°

see Section V1.2 in Yosida (1965). On the other hand, by the inversion theorem for
characteristic functions (see, e.g., Theorem 3.3.3 in Laha and Rohatgi (1979)) we
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know that for every x = (x;,...,x;) € (0,00)? such that each X; is a continuity
point of the marginal distribution of the jth component of X,

—zt 0;

d
nd <PX(9)1_[ L ra(a0) = P(X e [J©.x51).
j=1

We conclude that

d a2 n x4
P(Xeg(o,xj]d)z(%> /0/0 O ya)dyr ... d

a.e. on (0,00)¢. This means that the function f is real and nonnegative a.e. on
(0, 00)?, the law of X is absolutely continuous on this set, and its density is square
integrable. Since this argument can be repeated with only notational changes for
other quadrants of R, this proves the “if” part of the lemma. The other direction is
easy, since the usual Fourier transform of a function in L' (14) N L?(14) is in L?(Ay);
see once again Section VI.2 in Yosida (1965). O

The following proposition, due to Berman (1969), is an easy consequence of the
lemma.

Proposition 10.4.5. Let (X t),t e ]Rd) be a measurable stochastic process. Let
A € R? be a measurable set of a finite d-dimensional Lebesgue measure. A sufficient
condition for the process to have a local time over the set A satisfying

/ Ix.A(x)* dx < oo with probability 1
R
is
/ f / EeXO=X6) ) (df) Ay(ds) dO < oo . (10.17)
A

A sufficient condition for the process to have a bounded and uniformly continuous
local time over the set A is

1/2
/ ( / / Ee/?X(O=X() )kd(dt))td(ds)) dh < . (10.18)
R AJA

Proof. For a fixed @ € , consider X = X(¢),t € A as a random variable on
the probability space A with the Borel o-field restricted to A, and the probability
measure Q = (A4(A))"'A4. Then the occupation measure uxa(-) is, up to a
constant, the probability law of X, and the existence of a square integrable local
time over the set A is equivalent to the existence of a square integrable density of
the probability law of X. Since the characteristic function of X at a point 6 € R is
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given by

1 / i0X (1)
— [ € Aq(dt),
Xa(A) Js (d)

by part (i) of Lemma 10.4.4, the existence of such a square integrable density is
equivalent to the finiteness of the expression

J

The expectation of this expression coincides with the left-hand side of (10.17), and
if the expectation is finite, then the expression itself is finite on a set of probability
1. This proves the first statement.

Similarly, the existence of a bounded and uniformly continuous local time over
the set A is equivalent to the existence of a bounded and uniformly continuous
density of the probability law of X above. By part (ii) of Lemma 10.4.4, the existence
of such a density follows from the a.s. finiteness of the integral

J

Taking the expectation and using the Cauchy—Schwartz inequality
N 1/2
< <E‘ / XD ), (dr) )
A

Even the simple tools of Proposition 10.4.5 already guarantee the existence and
regularity of the local times of certain self-similar SaS processes with stationary
increments; see Exercise 10.9.7. Stronger results have been obtained for certain
Gaussian processes using the theory of local nondeterminism introduced in Berman
(1973), and later extended to non-Gaussian stable processes in Nolan (1982). The
following proposition shows the existence of jointly continuous local times for
certain self-similar processes with stationary increments.

2
do.

/ X0 2q(dr)
A

do.

/eiOX(t) )Ld(dl‘)
A

E

[ X0 2 4(dr)
A

proves the second statement. [J

Proposition 10.4.6. Let (X (1), te R) be a fractional Brownian motion, or the real
harmonizable SaS motion with exponent of self-similarity 0 < H < 1, or a linear
fractional SaS motion with o > 1, 1/a < H < 1, and ¢; = 0. Then the process
has a local time over every interval [0, ], t > 0, and moreover, there is a version of
the local time that is jointly continuous in time and space. That is, there is a random
field

Ix(e,t) =Ix(x,t,w), 0<t<T,xeR, w e
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such that every w € 2, Ix(x,t), is jointly continuous in x € R and t > 0 (with
Ix(x,0) = 0 for all x € R), and for each t > 0, Ix(x,t), x € R is a version of the
local time Ix [0 1(x), x € R.

Proof. For the fractional Brownian motion, the claim follows from Section 7 in Pitt
(1978) and Theorem 8.1 in Berman (1973). For the real harmonizable SaS motion,
the claim follows from Theorem 4.11 in Nolan (1989). For the linear fractional SaS
motion, the claim follows from Ayache et al. (2008). (I

Very precise estimates on the size of the time increments of the local time of the
fractional Brownian motion are due to Xiao (1997). Some of them are summarized
in the following proposition.

Proposition 10.4.7. (i) Let (lx(x, 1), x € Rt > O) be the jointly continuous
local time of a fractional Brownian motion with exponent 0 < H < 1 of self-
similarity. Then the supremum

I(x, 1) — l(x,s)
sup

1-H 1\H
og.frnil/z (t—s) (log ;)

is a.s. finite and has finite moments of all orders.
(ii) Foreveryt> 0andp > 0,

Esupl(x, 1)l < o0.
x€R

Proof. The finiteness of the supremum in the first part of the proposition follows
from Corollary 1.1 in Xiao (1997). The finiteness of the moments is a very slight
modification of the argument leading to the above corollary. The second part of the
proposition follows from the first part by breaking the interval [0, 7] into parts of
length less than 1/2. O

It is, perhaps, not surprising that certain properties of a stochastic process, such
as self-similarity, stationarity, and stationarity of the increments, are reflected in an
appropriate way in the properties of the local time, assuming that the latter exists.
In order to simplify the formulation of these relationships, we will assume that the
local time is continuous.

Proposition 10.4.8. Let (X(t), t e R) be a measurable stochastic process, and
assume that it has local time (lx(x, 1, xeR, t> O) that is jointly continuous in
time and space.

(i) If the process is self-similar with exponent H of self-similarity, then for every
c>0,

(Ix(c"x,ct), x e R, 1> 0) £ (" Hix(x,1), x e R, 1 > 0). (10.19)
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(ii) If the process is stationary, then for every h > 0,

(x(x, 1+ 1) — Ix(x,h), x € R, 1> 0) £ (Ix(x,7), x € R, 1> 0).  (10.20)

(iii) Suppose that the process (X(t), t e R) is defined on some probability space
(Q,]—“ , P). Suppose that the process has stationary increments and sample
paths that are bounded on compact intervals satisfying

E sup |X(1)| < oc0.

0<t<T

Then for every h > 0, the infinite “law” of
(Ix(x + u.t + h)(w) — Ix(x + u,h)(w), x € R, 1 > 0)

under the infinite measure P x A does not depend on the shift h.

Proof. Note, first of all, that when the local times are continuous, the exceptional
set S in Proposition 10.4.1 may be taken to be the empty set, and we will do that
throughout this proof.

For part (i), let ¢ > 0, and define a new stochastic process by

Y(t) = ¢ H¥X(ct), t e R.

By self-similarity, the new process has the same finite-dimensional distributions as
the original process (X (1,1t e R). Let f be a nonnegative measurable function on
R. For t > 0, we change the variable of integration twice, using in between (10.11)
for A = [0, ct], to write

/tf(Y(s)) ds = /[f(c_HX(cs)) ds
0 0
=c! /Oth(c_HX(s)) ds = ¢! Af(c_Hx) Ix (x, ct) dx
= M1 /f(x) Ix(cfx, ct) dx .
R

Therefore, (c#~'Ix(cfx,ct),x € R,tr > 0) is a version of the local time
(ly(x, 1), x € Rt > 0). By Proposition 10.4.1, the latter has the same finite-
dimensional distributions as the local time (Ix(x.7), x € R, > 0), and this
proves (10.19).

In a similar manner, for part (ii) we take # > 0, define a new stochastic process
by Y(t) = X(t + h), t € R, and write for a nonnegative measurable function f and
t>0,
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[ rorsnds = [ sxis+myas
0 0
t+h t+h n
= / f(X(s)) ds = / f(X(s)) ds—/ f(X(s)) ds
h 0 0
= [+ - [ @ nd
R R
= Af(x)(lx(X, t+ h) — Ix(x, h)) dx,
so that

(Ix(x.t+h) —Ix(x.h), x e R, 1 > 0)

is a version of the local time (ZY x,0),x € Rt > O). Now another appeal to
Proposition 10.4.1 proves (10.20).

The proof of part (iii) of the proposition, which we now commence, has the same
idea as the proof of part (ii), except that now we have to deal with infinite measures.
Fix h > 0. Let f be a nonnegative measurable function. As before, there is an event
of full probability such that on this event, for every u € R and 7 > 0,

/ff(u—i-X(s—i-h))ds = /f(x)(lx(x—u,t+h) —lx(x—u,h))dx.
0 R

Applying this to a function f = 1}, +4.)/2¢ for ¢ > 0 and using the continuity of
the local times gives us

1 t
Ix(x—u,t+h) —Ix(x—u,h) = lim — / | [P (u + X(s + h)) ds  (10.21)
0

e—0 2¢

foreveryu € R, > 0, and x € R.

Denote the expression on the left-hand side of (10.21) by Ay (x, f; u, @) and the
expression under the limit on the right-hand side of (10.21) by Aj.(x,t; u, ®).
Choose pairs (xj,#),j = 1,...,k Fix o, and note that by Fubini’s theorem,
there is a measurable set F € (0, 00)* of full Lebesgue measure such that for all
(ai,...,ar) € F, we have

I(Ah,g(xj,tj;u, w) > aj, j= 1,...,k) — I(Ah(xj,tj;u,a)) >aj, j= 1,...,k>

for almost every u € R. Let now M > [x| + 1 + sup,<.,, 4, |[X(s)|. We have, by
the dominated convergence theorem,

/\{u eR: Ape(x, tiiu, 0) > aj, j = 1,...,k}
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=Mue[-M.M]: Ape(xj. tu,0) > aj, j=1,....k}
— Mu e [-M.M]: Ay(xj. tiu,0) > a;, j=1,....k}

for every (ai,...,a;) € F.
Further, for every ¢ > 0,

l{u: Ape(xj, tisu, ) > a;, j =1, ...,k}

< Mu: Ape(xr,tisu,0) > ar)

1 1 '
= _26118 /]R/o L —eox +e) (u + X(s + h)) dsdu, = a_l ,

where at the last step we used Fubini’s theorem. Finally, using once again the
dominated convergence theorem, we conclude that

PxA{(w,u) € QxR Ape(xj tu,0) > aj, j=1,....k} (10.22)
—>PxA{(w.u) € QxR Ay(xp, tiiu0) > aj, j=1,....k}

forevery (ay, . ..,a;) € F.In particular, the “law” of (Ah(xj, 5),j=1,... ,k) under
P x A is o-finite on (0, c0)*.

Suppose that we show that for every ¢ > 0, the “law” of (A/L,S(xj,tj), j =
1,... ,k) under P x A is independent of & > 0. Then for every hy,h, > 0, we
can find a subset of (0, c0)* of full Lebesgue measure such that (10.22) holds for
hi, hy and all (ay, ..., a) in that set. This means that for such (a1, ..., a;),

PxA{(w.u) € QxR : Ay (5, tiu.0) > aj, j=1,....k}
=P></\{(a),u) € QxR Ay (x, tisu,w) > aj, j = l,...,k},

and hence the equality holds for all a; > O, ..., a; > 0. This will establish the claim
of part (iii) of the proposition.

It remains to show that for every ¢ > 0, the “law” of (Ahis(xj, 5),j=1,..., k)
under P x A is independent of 2 > 0. It is, of course, enough to consider there laws
restricted to the “punctured” set [0, o0)? \ {0}. Assume without loss of generality
that t; < t, < ... < ty, and notice that only those pairs (w, u) for which

u+ inf X(s+h) <x-+eandu+ sup X(s+h)>x—¢

0=s=tq 0<s<ty

contribute to the values of (Aj.(x.1),j = 1,....k) in the set [0,00)¢ \ {0}.
Call this set V. It follows from the assumption that the supremum of the process
over compact intervals is integrable that the measure P x A restricted to V), is
finite. Moreover, it follows from Proposition 1.1.11 that the total mass of this
restricted measure is independent of 2 > 0. Normalizing this restricted measure
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to be a probability measure, the required independence of 4 > 0 of the “law”
of (Ahqg(xj,tj),j =1,... ,k) follows from Proposition 1.1.11 and Lemma 10.4.2
applied to the linear combinations of (A, (x;,#;), j=1,...,k). O

10.5 Karamata Theory for Regularly Varying Functions

This section contains a brief exposition of regularly varying functions of a single
variable.

Definition 10.5.1. A measurable function f : [0,00) — R is called regularly
varying at infinity with exponent 8 € R if f is either eventually positive or eventually
negative, and for each b > 0,

. f(bx) B
e =

(10.23)

It is not immediately obvious exactly what role the requirement of measurability
plays in the definition of a regularly varying function. We will see that it provides
a modicum of regularity necessary for developing Karamata theory, beginning with
the uniform convergence statement in Proposition 10.5.5 below.

Remark 10.5.2. Our discussion in this section concerns only functions that are
regularly varying at infinity. Regular variation at other points can be defined
analogously, and much of the theory of functions regularly varying at infinity
has obvious counterparts for functions that are regularly varying elsewhere. Such
connections can be easily established, for example, by changing the variable. For
example, a function f is regularly varying with exponent § as x | 0 if and only if
the function f(1/-) is regularly varying at infinity with exponent —f.

The next statement is obvious.

Lemma 10.5.3. Let fi, f> be two positive regularly varying functions with expo-
nents By and B, respectively. Then for any two real numbers ay, ay, the function
g = "1, is regularly varying with exponent a, 1 + af».

A regularly varying function L with exponent 8 = 0 is called slowly varying.
An immediate consequence of Lemma 10.5.3 is the following representation of a
regularly varying function.

Corollary 10.5.4. Every regularly varying function f with exponent B can be
represented in the form f(x) = xPL(x), x > 0, where L is a slowly varying function.

The pointwise convergence assumption in the definition of regular variation
plus the measurability assumption turns out to guarantee certain uniformity of this
convergence. For slowly varying functions, this convergence is uniform on compact
intervals in (0, 00), as shown in the following proposition.
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Proposition 10.5.5. Let L be a slowly varying function. Then for every 0 < a <
b < ooand§ > 0, there is xo € (0, 00) such that for all x > x,

L(cx)
‘ L)

1‘ <$ (10.24)

foreverya <c < b.

Proof. Tt is enough to consider the case in which L is eventually positive. Since the
proposition describes the behavior of L for large values of its argument, we are free
to change L arbitrarily on bounded sets, so we may assume that L is strictly positive
on [0, 00).

Things are more transparent in the additive form as opposed to the multiplicative
form, so we define

gx) =logL(e"), x € R.

The function g is a measurable function, and the slow variation assumption on L
translates into the following statement for g: for every y € R,

xlirglo(g(x +y) —gx) =0 (10.25)

as x — oo. It is clear that if convergence in (10.25) is uniform on compact y-
intervals, then convergence in (10.24) is uniform on compact c-intervals in (0, 00).
We will therefore prove that convergence in (10.25) is uniform on compact y-
intervals. For this purpose, it is enough to check that this convergence is uniform
for y € [0, 1]. Indeed, if for every § > 0, there is xo € R such that for all x > xo,

|g(x + y) — g(x)| < & foreach y € [0, 1], (10.26)
then forevery k = 1,2,...and y € [0, 1],

lg(x+y—k) — g
k
< s +y—k) —gx—h|+ Y |gr—j) —glx—j+ D] < (k+ 1)

J=1

for x > xy + k. That is, convergence in (10.25) is uniform on intervals of the form
[—k,—k 4+ 1] for k = 1,2,.... We can similarly show uniform convergence on
intervals of the form [k, k + 1] for k = 1,2, .... Since every compact interval can
be covered by a finite number of intervals of the above form, this will show that
convergence in (10.25) is uniform on all compact y-intervals.
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For the purpose of proving (10.26), let § > 0 and note that by (the pointwise version
of) (10.25) and the bounded convergence theorem, for every x € R,

x+2
w(x) :=/ 1(Jg(t) — g(x)| > 8/2) dr

2
=/0 1(|g(t+x)—g(x)| >8/2)dt—>0

as x — 00, so that there is xo € R such that w(x) < 1/2 for all x > xj. For such x
and any y € [0, 1],

AMpx+2d N +yx+y+2)=2—y>1>wx) +wx+y)

> {relx+2: |g0) - gl > 82} Urel+yx+y+2: Ig0) — g+ > 8/2).
Therefore, the difference of the sets
([x,x+ AN[+y.x+y+ 2])
and
{t € [nx+2]: |g(t)—gk)| > 5/z}u{: € [ty x+y+2] 1 g()—gx+y)| > 5/2}

has positive Lebesgue measure, hence contains a point, say z. By definition, both
lg(z) —g(x)| < §/2 and [g(z) —g(x + y)| < §/2, so that |g(x) — g(x + y)| < &. This
proves (10.26). O

According to Corollary 10.5.4, a regularly varying function can be viewed as a
power function “contaminated” by a slowly varying function. The next theorem says
that regularly varying functions behave like power functions under integration.

Theorem 10.5.6. Let f be a positive function regularly varying at infinity with
exponent B > —1. Assume that f is locally integrable, i.e., fou f(x)dx < oo for
every 0 < a < oc. Then the function F(x) = fox f(@®) dt, x > 0, is regularly varying
with exponent B + 1 and satisfies

1m F(x) = L
—ooxf(x)  B+17

(10.27)

with 1/0 defined as +oc.

Proof. Clearly, for 8 > —1, the regular variation of F follows from (10.27). We
nonetheless begin by proving this regular variation. It will be used later in the proof
of (10.27).
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Forn=1,2,..., we set
211
a, = f(dt.

on—1

Note that by the regular variation of f,

Ant1 2f22,:L1f(2f) dr
ay fzz,,n,lf(t) dt

— 2+ a5 n — oco.

Therefore, in the case 8 > —1, fooof(t) dt = oo, while in the case § = —1, the
integral may be either infinite or finite. In the latter case, if the integral is finite,
F(x) converges, as x — 00, to a finite positive constant and hence is trivially slowly
varying. Suppose now that the integral is infinite (either with 8 > —1 or § = —1).
Fix b > 1. For a given 0 < ¢ < 1, there is f, € (0, c0) such that for all ¢ > 1,
f(br)/f(t) € [bP~¢, bPT2]. Therefore, for every x > £,

bx X
b;gf(t) dt — bj;;f(bt) dt c [bl+ﬂ_8,bl+ﬁ+s] .
ftg f() dt fl f(0) dt

implying that

bx bx
1) dt ) dt
b'""P~¢ < liminf —bﬁf( ) < lim sup —hﬁff( ) < p'Thte
x=>o0 [T f(1) dt oo [, f(1)dt

Since fooo f(¢) dt = oo, we conclude that

P+ < fiminf L < Jimsup L&Y < pitpte,
x—>oo  F(x oo F(x)

Since ¢ > 0 can be taken arbitrarily close to zero, we conclude that F(bx)/F(x) —
b'*# for every b > 1, which implies the regular variation of F.
In particular, the function

_ ¥

I(x) = ) X

>0,

is, by Lemma 10.5.3, slowly varying. By Fatou’s lemma,

1
limsup /(x) <

= =1+ 10.28
oo fOl lim inf, o (f (1x) /f (x)) dt B fol B dt P ( )
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(which actually already proves (10.27)). Note that the function F is absolutely
continuous, with derivative f. Therefore, so is the function i(x) = log F(x), x > 1,
with derivative

iy S )
h(x) = o - 5 (10.29)

in the sense of absolute continuity. Hence
(e
h(x) = h(1) 4+ / %dt
1
for x > 1, and in the same range,

U } . (10.30)

F(x) :F(l)exp%/l. Tdt

By the regular variation of F,

F(2 Ut
26+ = lim (x)—exp{lim/ %dt}.

X—00 F(x) - X—>00

Consequently,

>t 2 I(xt
B+ Dlog2 = lim[ th: lim[ %dt
X—>00 X 1

t X—>00
2 I(xt) — 1
= lim (l(x)log2+/ Mdt) .
X—>00 1 t

However, by (10.28), (I(xt) — I(x))/t is uniformly bounded over x large enough and
1 <t < 2. Furthermore, for every fixed 1 <t < 2,

Ixt) —U(x)  Uxt) — U(x) @ N

t I(x) t 0

as x — oo by the slow variation of / and its eventual boundedness, as guaranteed
by (10.28). By the bounded convergence theorem, we conclude that /(x) — 8 + 1
as x — oo, which establishes (10.27). O

It turns out that while proving Theorem 10.5.6, we have (almost) established
another very useful result, the Karamata representation of slowly varying functions.

Theorem 10.5.7 (Karamata representation). For every slowly varying function
L, there exist a measurable function a : [0, 00) — R such that a(x) — a € R\ {0}
as x — 0o and a bounded measurable function ¢ : [0, 00) — R such that e(x) — 0
as x — oo such that
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L(x) = a(x) exp%/lxi;)dt} , x> 1. (10.31)

Proof. Tt is enough to prove the claim in the case that L is eventually positive, and
by modifying the function a on a finite interval, we see that it is enough to prove
the theorem in the case that L is strictly positive on [0, 00). By Proposition 10.5.5,
the function L is bounded on every interval of the kind [x, 2x] for x > xg, for some
Xxo > 0, and hence it is bounded on every compact interval with left endpoint xy. By
modifying, if necessary, the function L on [0, xo], we may assume that L is locally
bounded, hence integrable.
We are therefore in the situation described in Theorem 10.5.6, with § =

Combining (10.29) with (10.30) (and writing L(x) instead of f(x)) gives us

L()_Qm) %/1 @m%.

Since [(x) - 0+ 1 = 1 as x — o0, we obtain the Karamata representation (10.31)
with a(x) = I(x)F(1) and e(x) = I(x) — 1, x> 1.0

An immediate corollary of the Karamata representation is the following result
on the ratio of two values of a regularly varying function. It is known as the Potter
bounds.

Corollary 10.5.8. Let f be regularly varying at infinity with exponent B. For every
0 < € < 1, there is xo € (0, 00) such that for every x > xg and b > 1,

J(bx)
fx)

Proof. By Corollary 10.5.4, it is enough to establish the bounds in the slowly vary-
ing case 8 = 0. The claim (10.32) follows from the Karamata representation (10.31)
by choosing xy so large that for all x > xj, we have both

1 a(x)
m < —=< (1 +€)1/2 and |8()C)| <e€.

(11—~ <2 < (1 +e)pPte. (10.32)

|

We can now add new angles to our previous comments that a regularly varying
function is similar to a power function. First of all, it follows from the Potter bounds
that an eventually positive regularly varying function with exponent f satisfies

lim flx ) and lim PAG

100 xP—€ x—>00 xBte

—0 (10.33)
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for every € > 0. Furthermore, the following counterpart of Theorem 10.5.6 shows
that regularly varying functions integrate like power functions near infinity as well.

Theorem 10.5.9. Let f be a positive function regularly varying at infinity with
exponent B < —1. Then if B < —1, the function G(x) = fx  f(1) dt is eventually
finite. If B = —1, assume that this function is eventually finite. Then G is regularly
varying with exponent B + 1 and satisfies

m W _ 1
Soxf) P+l

(10.34)

with —1/0 defined as +oc.

Proof. The eventual finiteness of the function G in the case f < —1 is, of course,
clear from (10.33). The fact that G is regularly varying in the case § < —1
will follow from (10.34). Regardless of whether 8 < —1 or 8 = —1, as in
Theorem 10.5.6, we can choose, for b > 1and 0 < ¢ < 1,at, € (0,00) such
that for all 7 > 1, f(bt)/f(t) € [bP~¢, bPT¢]. Then for all x > 1,,

G(bx) b [ f(br)di
Gx)  [Ff@dt

c [bH—ﬂ—e7 bl+ﬂ+£] ,

which shows that G is regularly varying with exponent 8 + 1.

In order to prove (10.34), consider first the case 8 < —1. As usual, we may
assume that the function x £ (x), x > 0, is locally integrable, so we can define a
function Fg(x) = [; 2 (t) dt, x = 0. By Theorem 10.5.6,

Fp(x) ~ x'Pf(x) asx — oo. (10.35)

Integrating by parts and taking (10.33) into account, we see that
o
G(x) = —xPFg(x) — B / Fp(t)’ " dr. (10.36)
X
According to (10.35),

o0
/ Fp()tP~"dt ~ G(x) asx — oo,

X

so that by (10.36) and (10.35),

—xPF 8(x) N —xf(x)

G0~ 75 1+8°




10.5 Karamata Theory for Regularly Varying Functions

391

Finally, in the case 8 = —1, the statement (10.34) follows from Fatou’s lemma:

) e [
s AR

o0 t o0
2/ liminf@dtzf ldt = o00.
1 1

X—>00 f(x)

|

The following theorem complements the results in Theorems 10.5.6 and 10.5.9.

It deals with two regularly varying functions in a convolution-like situation.

Theorem 10.5.10. Let f and g be positive functions regularly varying at infinity

with exponents « and B. Assume that f and g are locally bounded.

(a) Suppose that o > —1 and B > —1. Then

i Jofx =g dy T+ DI(B+1)
x—>00 xf(x)g(x) F(a+B+2)

(b) Suppose that B > —1 and o + B < —1. Then

i Jo fe g0 dy D@+ B+ DT+ 1)
x=>00 xf (x)g(x) ['(—a) '

Proof. For part (a), let 0 < ¢ < 1/2, and write
[ =iy = [ re—neeas

(1—e)x x
o e smars [ ey,

By the uniform convergence in Proposition 10.5.5,

(I=e)x o

1—e
— g [ (-9 e
&
as x — oo. Letting ¢ — 0 and noticing that

(@ + DB+ 1)

1
_ B g, — —
fo(l P dz=Bla+1,p+1)= T@tf 12

[ e~ [ (22) )

’

(10.37)

(10.38)

(10.39)
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we see that it remains to prove that the remaining two terms on the right-hand side
of (10.39) are small. We use the Potter bounds of Corollary 10.5.8. Let § > 0 be so
small that 8 — § > —1. With xg as in Corollary 10.5.8, for all x large enough,

[0 = y)g) dy ~ / Fx—)g() dy

sasarmen [ (52)TE) o

X X

< (14 8)*f(0)gx) /0 2(1 —2)* Py

We conclude that

lim lim sup (fxf(x —)80) dy =
e>0 y>00 xf(x)g(x)

In a similar way, one can show that

i Tim sup 2 (- T =80 dy
e—>0 x—>oop )Cf(x)g(x)

For part (b), we proceed similarly. Let 0 < ¢ < 1, and write

/O £G4 g0 dy = /0 G+ )g() dy (10.40)

x/e [ele)
4 / FOct g0 dy + / O+ )g) dy.
ex x/e

Now we use the fact that by Proposition 10.5.5, as x — oo,

x/e 1/e
[ 1o g0y ~ e [ o az.
andase — 0,

1/e o}
/ (1 + 2P dz — / (1 +2)%P dz
£ 0

N—(@++1)I'@B+1)
'(—a) '

=B(—(@+B+1).B+1)=

Furthermore, we can show in the same way as in part (i) that the remaining two
terms on the right-hand side of (10.40) are appropriately small. [
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Sometimes it is useful to talk about certain subclasses of slowly varying
functions.

Definition 10.5.11. A measurable function g : Ry — R, that is eventually
nonvanishing is said to be of the Zygmund class if for every § > 0, the function
(x'g(x). x > 0) is eventually nondecreasing and the function (x“g(x), x > 0) is
eventually nonincreasing.

Definition 10.5.11 refers to nonnegative functions. We extend it automatically
to nonpositive functions by saying that g is of the Zygmund class if —g is of that
class. Functions of the Zygmund class are automatically slowly varying; however,
not every slowly varying function is of the Zygmund class; see Exercise 10.9.10. In
fact, the following proposition shows that slowly varying functions of the Zygmund
class have a special type of the Karamata representation.

Proposition 10.5.12. Let g be a slowly varying function of the Zygmund class. Then
there exist a € R\ {0} and a bounded measurable function ¢ . [0,00) — R such
that e(x) — 0 as x — oo such that for some xy € (0, 00),

g(x) = aexp % fx itt) dr} . X > X (10.41)
1

Conversely, every function with a representation (10.41) is of the Zygmund class.

Proof. It is enough to prove that a function of the Zygmund class has a represen-
tation (10.41) when g is nonnegative, so we will consider that case. The function g
has, as a slowly varying function, the general Karamata representation (10.31); let a
and ¢ be the two functions appearing in that representation (we use the tilde notation
because we are going to modify these functions to obtain the representation (10.41)).
Then a(x) — a > 0 as x — oo. Let xop > 0 be such that on [xy, 00), a(x) > 0,
the function xg(x) is nondecreasing, and the function x~!g(x) is nonincreasing. Let
b(x) = log(&(x)/a), X > Xo.

We begin by checking that the function b is absolutely continuous. Indeed, by
monotonicity, for x, > x; > xo,

b(xy) —b(x;) = log(xz&(xz)) — log(xlfz(xl)) + (10gx1 — logxz)
> (logx; —logxy),
and similarly,

b(x) — b(x)) = log(xz_lé(xz)) — log(xl_lé(xl)) + (logx; — logxz)
< (logx> —logxy).
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This implies the absolute continuity of b. If 4’ is the derivative of b in the sense
of absolute continuity, we already know that |6’ (x)| < 1/x a.e. on [xy, 00). Define

£(t) = (1) if 1 <t <<xp,
g(r) + b/ (¢) if t > xy.

Then the representation (10.41) is automatically satisfied, so we need to show only
that we can modify the function ¢ on a set of measure zero to ensure the property
e(x) > 0asx — oo.

For each 0 < § < 1 we can choose x5 > x( such that on [xs, 00), the function
x¥g(x) is nondecreasing and the function x~®g(x) is nonincreasing. Repeating the
above calculation, we see that for x, > x, > x5, we have

|b(x2) = b(x1)| < §(logx, — logxy) .

Therefore, |b'(x)| < §/x a.e. on [xs, 00). This means that we can choose a version
of the derivative &’ such that for every n > 1, |b'(x)| < n~'/x for all x large enough.
Obviously, using this version of the derivative ensures the property e(x) — 0 as
X —> 00.

The fact that every function with a representation (10.41) is of the Zygmund class
is easy, and is left as an exercise. [J

Remark 10.5.13. Slowly varying functions for which there exists a Karamata
representation of the type (10.41) are also called normalized slowly varying; see
Bingham et al. (1987).

One can also talk about regularly varying sequences.

Definition 10.5.14. An eventually positive sequence (a,) is called regularly vary-
ing with exponent 8 € R if the function f(x) = ar,, x > 0, f(0) = 0, is regularly
varying at infinity with exponent S.

Versions of the following lemma are used in the proof of a number of limit
theorems in probability.

Lemma 10.5.15. Leth, g : (0,00) — [0, 00) be two nonincreasing functions, with
g strictly positive in a neighborhood of the origin and g(x) — 0 as x — 00. Assume
that there is a sequence a, 1 oo such that nh(a,x) — g(x) as n — oo for all
continuity points x > 0 of g. Then there is B > 0 such that the sequence (a,) is
regularly varying with exponent f3.

Proof. Let ¢ > 0. We begin by showing that the limit

¥(c) = lim 2 (10.42)

n—>oo a,
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exists. Indeed, suppose that to the contrary, the limit does not exist. Then there are
two sequences n; — 0o and my; — oo and numbers 0 < r; < r, < oo such that

Alpe ar,, ..
[nkc] <r<m< [myc]

Ay, (£

for all k. Let I be a neighborhood of the origin over which g is strictly positive, and
let C be the set of discontinuity points of g. For every x ¢ CUC/r; U C/r,, we have

glx) = kl_l)rgo cnkh(a[nkc]x) = kl_l)rglo cnkh((a[nkc] /a,lk)ankx>

> climsup nkh(ankrlx) = cg(rx).
k—>00

A similar argument with the sequence (1) gives us g(x) < cg(r2x), so that we have,
by the monotonicity of g, g(rjx) = g(rax) forall x ¢ C U C/r; U C/r,. Note that
the set

G((rz/"l)jc U rl(Vz/rl)jC)

j=1

is at most countable, so there is x € [ not in this set. For such x, we have

g((ra/rYx) = gx), j=1,2,....

Letting j — 0o, we obtain g(x) = 0, which contradicts the fact that g takes positive
values on /.

Therefore, the limit in (10.42) exists. Note that the function v is nondecreasing,
Y(c) > lifc > 1,and ¥(c) < lif ¢ < 1. We claim that 0 < ¥ (c) < oo for all
¢ > 0. Indeed, suppose that ¥ (c) = oo for some ¢ > 1. Then for every M > 0, we
have ag,.1/a, > M for all n large enough. For x ¢ C U C/M, as above,

g(x) = lim cnh(a [,,Cpc) < climinf nh(anMx) = cg(Mx) .
n—>o0 n—>o0

Choosing x € I, x ¢ U,enC/n, and letting M — oo over the integers, we conclude
g(x) = 0, which is, once again, a contradiction. Therefore, ¥ (c) < oo for all ¢ > 0,
and a similar argument shows that ¥ (c) > 0 for all ¢ > 0. A similar argument also
shows that ¥ is continuous at ¢ = 1. Indeed, suppose, for example, that ¢ (14) =
b> l,andletby = (1 +b)/2 > 1.Letx ¢ CUC/by. Thenforallc > 1,

g(x) = lim cnh(ar,,dx) < climinfnh(anblx) = cg(b1x).
n—>o00 n—>o0

Letting ¢ | 1 and using the monotonicity of g, we see that g(x) = g(b;x). Repeating
the argument used to prove existence of the limit in (10.42) provides now the
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necessary contradiction. Similarly impossible is the assumption 1 (1—) < 1. Hence
we have continuity at ¢ = 1.
Next, let ¢ > 0. For x ¢ C U C/c, we have

g(x) = lim cnh(ax) (10.43)

=c 1_1)r101O cnh((arn]/a,,)anx) = cg(W(c)x),

since 1 (c)x is a continuity point of g. If now ¢y, c; > 0, then we can use (10.43) with
¢ =cy,¢c = c,and ¢ = cjc; to obtain, forevery x ¢ CU C/cy U C/c; U C/(ci¢2),

creag(V(cie)x) = g(x) = c1g(¥(c1)x) = creag(¥ () ¥ (c2)x) .

We have already seen that this implies that

V(cic2) = Y(c)y(ca), ¢1>0,¢2>0. (10.44)

Let B = log(¥(e)). Then a repeated application of (10.44) shows first that the
relation

V(c) =cf (10.45)

holds for ¢ of the type ¢ = ¢, k an integer, then for ¢ of the type ¢ = e, g rational,
and finally, by monotonicity, for all ¢ > 0. It follows now from (10.42) that

lim 2P — o8

X—>00 arx'l

for all ¢ > 0, so the sequence (a,,) is regularly varying with exponent §.
Clearly, § > 0, and B8 = 0 is impossible, since in this case, ¢y = 1,
contradicting (10.43). This completes the proof. O

We finish this section by mentioning several useful formulas that are frequently
used in Fourier analysis of regularly varying functions. The first two can be found,
for example, in Section 4.3 of Bingham et al. (1987):

®sinx /2

(the integral is only conditionally convergent if 0 < 8 < 1) and

®cosx /2

with the integral, once again, converging only conditionally.
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Integrating by parts, using (10.46), as well as the following property of the
gamma function,

F@r1—-z = Sm’g—m) zeR\Z, (10.48)

we obtain the following formula:

— rG-p)
/ 1 cosx { o= Sin(@p/2) for 1 < p <3, B #2, (10.49)
0

xP /2 for B = 2.

10.6 Multiple Integrals with Respect to Gaussian
and SaS Measures

In this section, we present certain basic facts on multiple stochastic integrals. For
details on multiple integration in the Gaussian case, see Nualart (1995); for the SaS
case, see Rosinski et al. (1991).

We begin with the Gaussian case. Let M be a centered Gaussian random measure
on (S,S) with a o-finite control measure m; see Example 3.2.4. Assume that the
control measure m is atomless. Let k > 1. The k-tuple integral

Ik(f) = L"-Lf(sl’"'7Sk)M(dsl)"'M(dsk)v (1050)

can be defined for each measurable function f : S — R such that

|[f||§2(mk) = /;.../Sf(sl,...,sk)zm(dsl)...m(dsk) <00,

ie., forf € LZ(Sk , mk). If k = 1, the integral coincides with the usual integral with
respect to a Gaussian random measure, as in Example 3.3.6, and I, (f) is a zero-mean
Gaussian random variable. For a general k > 1, the basic properties of the integral
are described in the following proposition.

Proposition 10.6.1. (i) The integral is invariant under a permutation of the argu-

ments of the function f: for every permutation 0 = (oy,...,01) of {1,...,k}
and every f € L*(S*,m%), one has Ii(f,) = L«(f), where f5(t1,....t;) =
oy, ... t5).

(i) For every f € L*>(S*,m"), I.(f) is a random variable with zero mean and finite
variance. If f € L2(S*, m*) and g € L*(S', m'), then

E(L(N1(8) = 1k = D K. &) 20t -
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Here f, & are the symmetrizations of the functions f, g. That is,

D fo

a

| =

j‘:

=~

!

with the sum taken over all permutations o of {1, ..., k}.

(iii) The integral is linear: for every f,g € L*(S¥,m*) and real numbers a, b, one
has Ii(af + bg) = ali(f) + DIk (g) a.s.

(iv) Letf be a simple function of the form

f(ll,...,lk) = Qi .ix l'fll EA[],...,lk GAik

foriy,....ip = 1,...,d,d = 1,2,..., where Ay, ...,Ay are disjoint sets of
finite measure m, and (a;, . ;) is an array of real numbers that vanishes on the
diagonals. That is, a;, . ; = 0 if any two of the numbers iy, . .., i coincide.
The function f vanishes if its argument is not in the above range. Then

d
L) = Y an..iM@A).. . M@A).
i

ik =

Furthermore, simple functions of this type are dense in L*(S*, mX).

Note that it follows from the proposition that for k > 2, the integral I;(f) is
no longer a Gaussian random variable. In fact, it can be viewed as a homogeneous
polynomial of order & in the Gaussian random measure M.

The situation is similar in the SaS case, 0 < o < 2. Let now M be an SaS random
measure on (S, S) with a o-finite modified control measure m; see Example 3.2.6.
Once again, assume that the control measure m is atomless. For k > 1, we still use
the notation (10.50) for the k-tuple integral of f with respect to M. The integral is
now defined for every measurable function f : S¥ — R with the following property:
there is a measurable function ¥ : S — (0, co) with

/w(s)“ m(ds) < oo
s

such that Ny (f) < oo, where

_ « st 50! )’f"
Ny (f) = [S.../;V(sl ..... sl (1 +log VoD U0 m(dsy) ... m(dsy) .

Here log, a = max(0,loga) for a > 0. We call the class of such functions f,
L% logh™! L. It is easily seen to be a linear space. The subclass of L* log"™! L, for
which Ny (f) < oo for a fixed v is also a linear space, which we call L* logk™! Ly.
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One can introduce a notion of convergence in L% logt™! Ly by saying that f,, — f if
Ny (f — fu) — 0. Similar to Proposition 10.6.1, we have the following result.

Proposition 10.6.2. The integral is invariant under a permutation of the arguments
of the function f and is linear. Furthermore, for every simple function of the form of
part (iv) of Proposition 10.6.1, we have

d

k()= Y aq iM@A) .. M@A,).

0]5ens k=1

Furthermore, simple functions of this type are dense in L* logt™! Ly for a fixed .
If Ny (f — fu) — 0, then It(f,,) — Ik(f) in probability.

10.7 Inequalities, Random Series, and Sample Continuity

This last section is a collection of general inequalities and results on series of
random variables and on sample continuity of stochastic processes used throughout
the book. These results are available in many other texts. They are collected in one
place here for easier reference.

The first inequality is a useful combination of Holder’s inequality and Fubini’s
theorem.

Theorem 10.7.1. Let (Ei, Fi, m,-) be two o -finite measure spaces, and let f : E; X
E; — [0, 00) be a measurable function. Then for every 0 < g < p < 00,

pla Vp
(/ ( S, x2)?my (dxl)) mz(dxz))
E» E;
alp Va
< (/ ( f(.X1,XQ)p mz(d.Xz)) ml(dxl)) .
E; E>

Proof. See Lemma 3.3.1 in Kwapien and Woyczynski (1992). O
The following two results deal with sums of independent random variables.

Theorem 10.7.2 (Marcinkiewicz-Zygmund inequalities). For each p > 1, there
exists a finite constant B, > 1 such that for every n = 1,2, ... and independent
random variables Xi, ..., X, such that E|X;|P < oo and EX; = 0 for each j =
1,...,n

p/2

" n P 0 p/2
—1 2 2
BI'E|Y Xi| <E]Q X| <BE[) X
Jj=1 j=1 j=1

Proof. See Theorem 8.1 in Gut (2005). O
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Theorem 10.7.3 (Lévy—Ottaviani inequalities). Let X,,...,X, be independent
random variables. Then for every s, t > 0,
d P < ‘Z;l=1Xj - t)
P | max Xj|>t+s]| =<

i=1,..,n |~ _ . n :
=1 1 max,=1,,,,,nP(‘Zj=iX,

)

Proof. See Proposition 1.1.1 in Kwapien and Woyczynski (1992). O

A related inequality is the following maximal inequality for discrete-time mar-
tingales. Let X;, X, ... be a sequence of square integrable martingale differences
with respect to some filtration (F,,, n = 0, 1,2...); that is, X,, is F,,-measurable and
E(X,|F.—1) = 0as.foreveryn =1,2,....

Theorem 10.7.4. Forevery A > 0andn=1,2,...,
1/2

k n
AP| sup D X > A <2E|) X
"li=1 j=1

S
k=1,...,

Proof. See Theorem 5.6.1 in Kwapient and Woyczynski (1992). O

The result of the next theorem is sometimes referred to as a contraction principle
for probabilities.

Theorem 10.7.5. Let E be a normed space, and X1, . . ., X, independent symmetric
random variables with values in E. Then for all real numbers ay, . .. ,a, € [—1,1],

P(iaiXi >t)§2P(' >t)

n
DX
i=1 i=1
Proof. See Corollary 1.2.1 in Kwapieri and Woyczynski (1992). O

foreveryt > 0.

Necessary and sufficient conditions for convergence of series of independent
random variables are given in the following theorem, often called the three series
theorem. The equivalence between a.s. and weak convergence in this case is known
as the It6—Nisio theorem.

Theorem 10.7.6. Let (X,,) be a sequence of independent random variables. Then
the series Y oo | X, converges a.s. (equivalently, in distribution) if and only if the
following three series converge for some (equivalently every) ¢ > 0:

D OP(Xal > o). Y E(XA(X,] <), Y Var(X,1(1X,| < 0)).

n=1 n=1 n=1
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Proof. The equivalence between the modes of convergence (the It6—Nisio part) can
be found in Theorem 2.1.1 in Kwapiefi and Woyczyniski (1992). The necessity and
sufficiency of the three series criterion is in Theorem 22.8 in Billingsley (1995). O

The next theorem is usually referred to as the Kolmogorov continuity criterion.
Theorem 10.7.7. Let X = (X t), te Rd) be a stochastic process. Suppose that for
some a,b, C > 0,

E|X(t) — X(s)|* < C||t —s||*"? foralit,s e R (10.51)
Then the process X has a continuous version, which is in addition Holder continuous
with Holder exponent y for every y < b/a.
Proof. See Theorem 3.23 in Kallenberg (2002).

We finish this section with two bounds from the Gaussian world. The next
theorem says that the tail of the supremum of a bounded Gaussian process is not
much heavier that the tail a single normal random variable whose variance equals
the maximal variance of the Gaussian process. It is sometimes referred to as the
Borell-TIS inequality.

Theorem 10.7.8. Let (X(t),t € T) be a zero-mean Gaussian process on a
countable set T. Assume that X* = sup,r [|[X()] < oo a.s. Then o* :=

supteT(Var(X(t)))l/2 < 00, and for every x > 0,
P(|x* —m| > x) <2¥(x/c*), (10.52)

where m is a median of X*, and

o0
1 >
Y(x) = / me_y 2dy, xeR

is the tail of the standard normal random variable. In particular, EX* < oo.
Furthermore, (10.52) remains true with the median m replaced by EX*.

Proof. The finiteness of ¢* is obvious. The version of (10.52) with the median is
Theorem 3.1 in Borell (1975). The version with the expectation is in Theorem 2.1.1
in Adler and Taylor (2007). O

The following theorem, sometimes called the Slepian lemma, allows one to
compare the distribution functions of two centered Gaussian random vectors with
the same variances when one covariance matrix dominates the second covariance
matrix pointwise.

Theorem 10.7.9. Let (X,,...,X,) and (Y1,...,Y,) be centered Gaussian vectors.
Assume that EX> = EY? forall i = 1,...,n and that E(X;X;) < E(Y;Y;) for all
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i,j = 1,...,n. Then for all real numbers uy, ..., u,,

P(Xl <u1,...,Xn§un)§P(Y1 ful,...,Ynfun).

Proof. See Slepian (1962). (I

10.8 Comments on Chapter 10

Comments on Section 10.2

The classical text on weak convergence is Billingsley (1999). A very informative
presentation of vague convergence and weak convergence in the vague topology is
in Resnick (1987). Much of the second part of Section 10.2 is based on the latter
text. In particular, Theorem 10.2.13 is Proposition 3.19 there.

Comments on Section 10.4

In the one-dimensional case, the statement of Lemma 10.4.4 is in Problem 11,
p. 147, in Chung (1968).

The theory of local times was originally developed for Markov processes,
beginning with Lévy (1939). Extending the idea of local times to non-Markov
processes is due to Berman (1969), which considers mostly Gaussian processes.
The existence of “nice” local times requires certain roughness of the sample paths
of a stochastic process, and the powerful idea of local nondeterminism introduced in
Berman (1973) can be viewed as exploiting this observation in the case of Gaussian
processes. This approach was extended in Pitt (1978) to Gaussian random fields
(with values in finite-dimensional Euclidian spaces), and to stable processes in
Nolan (1982). Many details on local times of stochastic processes and random fields
can be found in Geman and Horowitz (1980) and Kahane (1985).

Estimates similar to those in Proposition 10.4.7 (but with a slightly worse power
of the logarithm) were also obtained in Csorgo et al. (1995).

Comments on Section 10.5

The modern theory of regular variation began with the paper Karamata (1930).

An encyclopedic treatment of regularly varying functions is in Bingham et al.
(1987), following the earlier monograph Seneta (1976). A very readable exposition
is in Section 0.4 in Resnick (1987).

The notion of functions of the Zygmund class was introduced in Bingham et al.
(1987) with a reference to Zygmund (1968).

Comments on Section 10.6

Multiple integrals with respect to Gaussian measures were introduced in Wiener
(1938). The definition used today is due to Itd (1951).

Multiple integrals with respect to SaeS random measures have been introduced
and studied in a series of papers, including Rosifiski and Woyczyriski (1986),
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McConnell and Taqqu (1984), Kwapienn and Woyczynski (1987), Krakowiak and
Szulga (1988).

Comments on Section 10.7

The name “Borell-TIS” of the inequality in Theorem 10.7.8 is due to the fact
that the version of (10.52) using the median of the supremum was proved at about
the same time in Borell (1975) and Tsirelson et al. (1976).

10.9 Exercises to Chapter 10

Exercise 10.9.1. (i) Let A be a subset of a metric space S. Show that the boundary
0A is always a closed, hence Borel measurable, set.
(ii) Let S and S| be metric spaces, and h : S — S| a map. Let

D, = {x € S : his not continuous at x}

be the set of discontinuities of h. Show that Dy, can be written as a countable
union of closed sets and hence is Borel measurable.

Exercise 10.9.2. Let (P,), P be probability measures on a complete separable
locally compact metric space S. Prove that if P, converges vaguely to P, then P,
also converges to P weakly.

Hint: you may find it useful to appeal to Prokhorov’s theorem (Theorem 10.2.3)
as well as to the following lemma, known as Urysohn’s lemma (see Kallenberg
(1983)).

Lemma 10.9.3. Let S be a complete separable locally compact metric space.

(i) Let K C S be a compact set. Then there exist a sequence of compact sets K, |, K
and a nonincreasing sequence f, of continuous functions with compact support
such that for every n,

1k (@) <fu(x) <1k, (x), x€S.

(ii) Let G C S be an open set relatively compact in S. Then there exist a sequence
of open relatively compact sets G, T G and a nondecreasing sequence g, of
continuous functions with compact support such that for every n,

16(x) > g.(x) > 16,(x), x€S.

Exercise 10.9.4. Let M be a Poisson random measure on a locally compact
complete separable metric space with Radon mean measure m. Prove that the
Laplace functional of M is given by

Wy (f) = exp { — /S(l — e m(ds); .

f a nonnegative continuous function S — R with compact support.
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Exercise 10.9.5. Let v and p be two signed measures on (S, S). Construct the
signed measure v + |L on (S, S). Is it true that the positive and negative parts of
the new measure are equal to the sums of the corresponding parts of the original
measure?

Exercise 10.9.6. Prove that if v and |u are two signed measures on (S , S) and f; :
S — R, i = 1,2, are measurable functions such that (10.6) holds with both f = f;
and f = f5, then fi = f> a.e. with respect to the total variation measure ||v||.

Exercise 10.9.7. Let (X (), t> 0) be an H-self-similar SaS process with stationary
increments, 0 < a < 2 (a fractional Brownian motion in the case o« = 2). Use
Proposition 10.4.5 to show that over each compact interval the process has square
integrable local time if 0 < H < 1, and a bounded and uniformly continuous local
time if 0 < H < 1/2.

Exercise 10.9.8. Theorems 10.5.6 and 10.5.9 show that integrals of regularly
varying functions are themselves regularly varying. This exercise explores to what
extent the derivatives of regularly varying functions are themselves regularly
varying.

(i) Let B € R. Construct an example of a continuously differentiable function f that
is regularly varying with exponent B such that the derivative [’ is not regularly
varying.

(ii) Let f be an absolutely continuous function with a derivative f’ (in the sense of
absolute continuity) that is eventually monotone. If f is regularly varying with
exponent B # 0, show that f' is regularly varying with exponent 8 — 1.

Exercise 10.9.9. Regularly varying functions can often be made nice! Let f be a
positive function. Show that if f is regularly varying with exponent § > 0, we can
find a monotone increasing absolutely continuous function g such that f (x)/g(x) —
1 as x — oo. Show that the same can be achieved if f is regularly varying with
exponent 8 < 0, except that now g is monotone decreasing.

Exercise 10.9.10. (i) Prove that every function of the Zygmund class is slowly
varying.

(ii) Construct a slowly varying function that is not of the Zygmund class. Hint:
Start with the Karamata representation of a slowly varying function and choose
a function a that is not eventually continuous.

Exercise 10.9.11. Show by example that there are measurable functions g and g,
with g1(x)/g2(x) — 1 as x — oo such that g, is of the Zygmund class, while g, is
not.

Exercise 10.9.12. Prove the converse part of Proposition 10.5.12.
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