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Abstract

We introduce a definition of long range dependence of random processes and fields on
an (unbounded) index space 7 C R? in terms of integrability of the covariance of indi-
cators that a random function exceeds any given level. This definition is specifically
designed to cover the case of random functions with infinite variance. We show the value
of this new definition and its connection to limit theorems via some examples including
subordinated Gaussian as well as random volatility fields and time series.
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1. Introduction

Let X = {X;, 1 € T} be a stationary random field on an unbounded index subset T of R,
d > 1, defined on an abstract probability space (2, F, IP). If Xo is square-integrable then the
classical definition of long range dependence is

/ |Cx (0] dt =00, (H
T

where Cx(f) = cov(Xo, X;), t € T. There are also other definitions, for example in terms of spec-
tral density of X being unbounded at zero, growth comparison of partial sums (Allan sample
variance), the order of the variance of sums going to infinity, etc.; see the recent reviews [15],
[5], and [35] for processes and [20] for random fields. These approaches are not equivalent.
More importantly, there is no unified approach to defining the long memory property if X is
heavy-tailed, i.e. with infinite variance. Many authors use the phenomenon of phase transition
in certain parameters of the field (such as the stability index, Hurst index, heaviness of the tails,
etc.) to consider the different limiting behaviour. To give just a few examples, we mention [40]
for the subordinated heavy-tailed Gaussian time series whereas [34], [32], [31], [27], and [37]
consider the extreme value behaviour of partial maxima of stable random processes and fields
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and a connection with their ergodic properties. In [12, page 76], the short or long memory
for stationary time series is defined by using different limits in functional limit theorems. The
papers [10] and [28] analyse different measures of dependence (such as «-spectral covariance)
for linear random fields with infinite variance lying in the domain of attraction of a stable law.
These are used to define various types of memory and prove corresponding limit theorems for
partial sums.

The main goal of our paper is to give a simple, uniform view of long range dependence that
applies to any stationary (light- or heavy-tailed) random field X; see Definition 1. In Section
3.2 we show that all rapidly mixing random fields are short range dependent in the sense of
the new definition. No moment assumptions are needed there. In Section 3.3 we give sufficient
conditions for a subordinated Gaussian (possibly heavy-tailed) random field to be short or long
range dependent. We show that the transition from short to long memory occurs at the same
boundary for both finite and infinite variance random fields; see Theorem 2 and Example 1.
This cannot be achieved using the classical definitions based on second-order properties. In the
next section the same is done for stochastic volatility random fields of the form X; = G(Y;)Z;.
Different sources of long range dependence are described. Conditions for long or short memory
of «-stable moving averages and certain max-stable processes are discussed in the forthcoming
paper [25].

As indicated above, one can approach long memory from two different perspectives:
through the distributional properties of the process or the limiting behaviour of suitable statis-
tics. Our definition falls into the first category. Thus, as the next step, we attempt to link the
definition with limit theorems. In this context, the appropriate statistic to study appears to be
the volume of level sets of the field. This is done in Section 4. First, we consider subordi-
nated Gaussian random fields and show the agreement between our definition and the limiting
behaviour. See Section 4.1.1. In the following section we indicate that our definition is not
suitable for capturing the limiting behaviour of the empirical mean. In Section 4.2 we consider
the corresponding problems for random volatility models. In order to do so, we have to develop
limiting theory for integral functionals of random volatility models, including the case of limit
theorems for the volume of level sets of X. These results are of independent interest.

For better readability, proofs of the most of results are moved to the Appendix.

2. Preliminaries

Recall that 7 is an unbounded subset of R¥. Let No =N U {0}, and let vy(-) be the d-
dimensional Lebesgue measure. We let Ry denote either Ry = [0, +00) or R_ = (— o0, 0],
depending on the context. For instance, G: R — R4 means that G maps R either to R4 or
to R_. Let || - || be a norm in the Euclidean space R?. For two functions f,g: R—>R we
write f(x) ~ g(x), x — a if lim,_,, f(x)/g(x) = 1, where g(x) # 0 in a neighbourhood of a. Let
f, 8= fR f(x)g(x) dx be the inner product in the space L*>(R) of square-integrable functions.
Further, we shall make use of the inner product (f, g), = fR f(x)g(x)p(x) dx in the space Lé (R)
of functions which are square-integrable with the weight ¢, where ¢ is the standard normal
density. For a finite measure w on R, let supp(u) be its support, i.e. the complement of the
largest measurable subset of p-measure zero in R.

Let (2, F, P) be a probability space. We say that {X;, ¢ € T} is white noise if it consists of
independent and identically distributed (i.i.d.) random variables X;.

For any random variable X, let Fx(x) =P(X <x) and F x(x) =1 — Fx(x) be the cumula-
tive distribution function and the tail distribution function of X, respectively. Let Fx y(x, y) =
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P(X <x, Y <y), x, y € R be the bivariate distribution function of a random vector (X,Y). Later
on we make use of the formula

cov(X, Y) = E(cov(X, Y|.A)) + cov(E(X|.A), E(Y].A)) 2)

for any o -algebra A C F.
A random field X = {X;, t € T} is called associated (A) if

cov(f(Xp), gXn)) >0

for any finite subset / C T and for any bounded coordinate-wise non-decreasing Borel func-
tionsf, g: Rl = R, where X; = {X;, t € I}. X is called positively associated (PA) or negatively
associated (NA) if

cov(f(Xp), (X)) =0(=0),

respectively, for all finite disjoint subsets 1, J C T, and for any bounded coordinate-wise non-
decreasing Borel functions f : R 5 R, g: RVl - R; see e.g. [7].

We use the notation B ~ S,(o, 1, 0) for an a-stable subordinator B with scale parameter
o > 0; see [36].

3. Long range dependence
Consider a real-valued stationary random field X = {X;, ¢t € T'}. Introduce
covx(t, u,v) =cov(l(Xg > u), 1(X; >v)), teT, x,vel.

It is always defined, as the indicators involved are bounded functions.

Definition 1. A random field X = {X;, r € T} is called short range dependent (s.r.d.) if, for any
finite measure @ on R,

aﬁ X ::/ / |covx(t, u, v)| u(du) pu(dv) dt < +o00;
' T JR?

X is long range dependent (l.r.d.) if there exists a finite measure x on R such that 03’ x = +00.
For discrete parameter random fields (say, if 7 € Z%), the fT dr above should be replaced by
ZteT: t#0"

3.1. Motivation

Assume that X is stationary with marginal distribution function Fx(x) =P(Xp <x), x € R,
covariance function C(7) = cov(Xp, X;), t € T, and moreover

covx(t,u,v)>0or <0 forallteT, u,velk. 3)

Examples of X with this property are all PA or NA random functions. Applying [21, Lemma
2], we have (the equality is originally attributed to Hoeffding (1940))

Cx(1) =/ covx(t, u, v)dudv.
R2

Then X is long range dependent if

/ |Cx (D] dt:/ / |covx(t, u, v)| du dv dt = +o0, 4)
T T JR2

which agrees with the classical definition.
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However, in Definition 1 we integrate |covy(t, u, v)| with respect to a finite measure @ x p
instead of Lebesgue measure du dv. First, for infinite variance the right-hand side of (4) is
often infinite, regardless of any dependence structure. As such, the classical definition of long
memory is irrelevant in the infinite variance case. Second, our definition will have a natural
link with the asymptotic behaviour of volumes of excursions of X above levels u, v. Recall the
functional central limit theorem (CLT) for normed volumes of excursion sets of X at level u
proved in [26] (see also [41, Theorem 9] for a generalization of this result to fields without a
finite second moment). Namely, for a large class of weakly dependent stationary random fields
X on R4, the function

/ covx(t,u,v)dt, u,velR
R4
is the covariance function of the centred Gaussian process which appears as a limit of

va({t € [0, n1?: X, > u}) — n?Fx(u)
nd/2 ’

uelk, n— oo (&)

in D(R) equipped with the J; Skorokhod topology. If, in particular, the random field is PA or
NA, then by the continuous mapping theorem we have

ref0,n4: X duy—n? [, F d
Jg va({t €10, n] t>lj1}3/l/;( u) —n? [ Fx(u)p( u)_d)N(O’ o2 ) ©

as n — oo for any finite measure u with cri x as in Definition 1. So X is s.r.d. if the asymptotic

covariance o> x in the central limit theorem (6) is finite for any finite integration measure u

prescribing the choice of levels u. In contrast,
for u = 8y,) means that a different normalization is needed in (5) and a non-Gaussian limit
may arise.

Let us point out one possible interpretation of Definition 1 in a financial context. Assume
X = {X;, t > 0} to be a time series representing the stock price for which an American option
at price up > 0, t € [0, n], n € N is issued. The customer may buy a call at price 1y whenever
X; > ug for some ¢ € [0, n]. Relation (6) with pu = 8y} is written as

vi({t € [0, n]: X; > up}) — nFx(uo) _d) N, 052 O, n— oo,
ﬁ {ug}>
2

Then the long range dependence in the sense of Definition 1 of the stock price X (i.e. 05y X =
MU ’

+00) means that the amount of time within [0,n] at which the option may be exercised is not
asymptotically normal for large time horizons n. In contrast, the short range dependence of
stock X means asymptotic normality of this time span for any price uo for which the option
was issued, provided that X satisfies the conditions of [26] or [41].

In terms of potential theory, the value oﬁ’ x in Definition 1 is the energy of measure p with

symmetric kernel K(u, v) = fT |covx(t, u, v)| dz; see [19, page 77 ff.].

Self-similar random fields. We conclude this section with the formulation of long range
dependence in a special case of self-similarity.
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Let X={X;, t€ Ri} be a real-valued multi-self-similar random field. By definition, it is
stochastically continuous and there exist numbers Hi, ..., H; > 0 such that, for a diagonal
matrix A = diag(ay, . .., aqg) withay, ..., ag > 0, we have

Kar, te RO L (MM gMax, reRr?).

Introduce the notation 1=(1,...,1) eRfIF and e’ = (e, ..., e%) for s=(sq, ..., sq) € RY.
By [11, Proposition 6], the field

d .
y={Y,=e 219X, s e RY)

is stationary. Using Definition 1 for Y together with the substitution t; =e%, i=1, ..., d, we
say that X is s.r.d. if, for any finite measure © on R,

d
- d dv) dr
/ / COV<1(X1>M),1(Xt>V’l_[l‘jH]>>‘W<+O®,
R4 JR2 =1

j=11j
where dt = dt; . . . dz; means integration with respect to Lebesgue measure in Ri. Conversely,
X is l.r.d. if the above integral is infinite for some finite measure  on R.

3.2. Checking the short or long range dependence

Let P, (- )= u(-)/n(R) denote the probability measure associated with the finite measure
nonRR. Let U,V be two independent random variables with distribution IP;,. Then the variance
(ri’ x from Definition 1 becomes

o2
2’L"X =/ E|covx(t, U, V)ldt=/ E|Fx, x,(U, V) — Fx,(U)Fx,(V)| dt. (7
w=R) Jr T

This relation is useful for checking the short range dependence of X by showing the finiteness
of Uﬁ_x for any i.i.d. random variables U and V. Definition 1 is equivalent to the following
lemma.

Lemma 1. A stationary real-valued random field X with marginal distribution function Fx is
s.r.d. in the sense of Definition 1 if

/ / |Co.(x. ) — xv] Po(dv) Po(dy) dr < +00
T J(ImFyx)?

Sfor any probability measure Py on Im Fx, where Cy ; is the copula of the bivariate distribution
of Xo, X;), t € T, and Im Fx = Fx(R) C [0, 1] is the range of Fx on R =R U {+o00} U {—0c0};
X is Lrd. in the sense of Definition 1 if there exists a probability measure Py on Im Fx such
that the above integral is infinite.

Proof. By relation (7) and Sklar’s theorem (see e.g. [14, Theorem 2.2.1]) we have, for any
definite measure i on R,

of x =1 (R) /T fR 1Co.i(Fx(w), Fx(v)) = Fx(u)Fx(v)] Py (du) Py, (dv) dbr.
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The choice of Cp; is unique on Im Fy; see [14, Lemma 2.2.9]. Applying the substitution x =
Fx(u),y=Fx(v), we get

o2 = 12(R) / / |Co.r(x, ¥) — xy| o(dn) Po(dy) db,
7 J(ImFy)?

where the probability measure Py has a cumulative distribution function u(( — 0o, Fy (x))),
x €0, 1], and Fy is the generalized inverse for Fx. O

Lemma 1 implies that the new definition of memory is marginal-free, i.e. independent of
the distribution of marginals Fy if Im Fx = [0, 1], which is the case for absolutely continuous
Fx. It essentially involves only the bivariate dependence structure encoded in the copula Cp ;.

If condition (3) holds, then application of the Fubini—Tonelli theorem leads to

T x = MZ(R)f cov(F(Xo), Fu(Xy)) dr,
T

where F,,(x) =P, (( — 00, x)) is the (left-side continuous) distribution function of probabil-
ity measure ;. In this case the s.r.d. condition 02 y < 400 reads as a classical covariance
summability property of the subordinated random field ¥; = F, (X;), t € T.

By stationarity of X, we have covx(t, u, v) =covy(— ¢, u,v) for any t, —t €T, u,veR.
Hence, in order to show long range dependence for 7 =R, it is enough to check that

o0
/ |covx(t, ug, ug)| dr = +00
0

for some ug € R. For T = Z it is sufficient to consider Y =, [covx(z, uo, uo)| = +0o0.

3.2.1. Short range dependence for mixing random fields. Let U, V be two sub-o -algebras of
F. Introduce the z-mixing coefficient z(U, V) (where z € {«, B, ¢, ¥, p}) asin [13, page 3]. For
instance, it is given for z = « by

all,V)=sup{|P(UNV)-=PWO)PV)|: Uel, VeV}.

Let X = {X;, t € T} be arandom field. Let X¢c = {X;, t € C}, C C T, and let o, be the o-algebra
generated by Xc. If |C| is the cardinality of a finite set C, then the z-mixing coefficient of X is
given by

zx(k, u, v) = sup{z(ox,, ox): d(A, B) > k, |A| <u, |B| < v},

where u, ve N and d(A,B) is the Hausdorff distance between finite subsets A and B gen-
erated by the metric on RY. The interrelations between different mixing coefficients zy,
z€{a, B, @, ¥, p} are given in [13, Proposition 1], for example.

We state the result that links mixing properties and the short range dependence. The field X
may be non-Gaussian and have infinite variance.

Theorem 1. Let X ={X,,t € T} be a stationary random field with z-mixing rate satisfying
fT zx(It]], 1, 1) dt < 400, where z € {«, B, ¢, V¥, p}. Then X is s.r.d. in the sense of Definition 1
with

/ / |covx(t, u, v)| u(du) pw(dv)dr <8 / zx(||zll, 1, 1) dz - /Lz(R) < 400.
T JR2 T

Proof. Without loss of generality, we prove the result for ¢-mixing X. Introduce random
variables &(u) = 1(Xo > u), n(v) = 1(X; > v), where t € T, u, v € R. Then, by the covariance
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inequality in [13, Theorem 3] connecting the covariance of random variables with their mixing
rates, we have

// |covx(z, u, V)lM(du)M(dV)dl‘=// lcov(& (), n(v))|u(du)u(dv) dr
T JR? 7 JR2
58/T06(0X0, UX,)dt/Rz 1€ @) ll oo M) [l oo pe(due) e (dv)

58/ ax(l7ll, 1, 1) dz - p*(R) < 400,
T
where ||Y]|oo = Ess-sup(Y). ]

To illustrate the above theorem, we let Y = {Y;, r € N} denote a stationary almost surely
(a.s.) non-negative ¥-mixing random sequence with univariate cumulative distribution func-
tion Fy and fRd Yy (#l, 1, 1) df < +o00. Examples of i-mixing random sequences can be
found for instance in [13, Example 4] (see also references therein), [16, Theorem 2.2], [29,
Proof of Claim 2.5], [6], and [38, pages 54-55]. Let F, "be the quantile function of a random
variable Z with EZ% = +o0. Set G(x) = FZ_I(Fy(x)), x> 0; then X; = G(Y), t € N is {/-mixing
as well. Moreover, it is s.r.d. by the last theorem and has infinite variance because of X <47z
Remark 1. For a Gaussian ¢-mixing random field X, the statement of Theorem 1 is trivial,

since such an X is m-dependent [17, Theorem 17.3.2], and the integral fooo |covx(t, u, v)| dt in
Definition 1 is bounded by 2m for any u, v € R.

3.3. Subordinated Gaussian random fields

Recall that ¢(x) is the density of the standard normal law. We use the notation ®(x) for its
cumulative distribution function. Introduce the Hermite polynomials H,, of degree n € Ny by

Hy() = (= 1'¢™ )/ (),
where ¢ is the nth derivative of ¢. Clearly
Hox)=1, Hix)=x, H®=x"—1, H3x)=x —3x,
For even orders n, Hermite polynomials are even functions, whereas for odd n they are odd

functions. It is well known that Hermite polynomials form an orthogonal basis in Li(R). For
any function f € Lé(R) with {f, 1), =0, let

rank (f) =min{n e N: (f, H,), # 0}

be the Hermite rank of f. Furthermore, the Hermite rank can also be defined for functions
f ¢Lé(R), as long as (|f|'*?, @) < oo for some 6 € (0, 1); see [40] or [5, Section 4.3.5].

Let Y = {Y;, t € T} be a stationary centred Gaussian real-valued random field with var Y; = 1
and Cy(t) = cov(Yp, Y;), t € T. The subordinated Gaussian random field X is defined by X; =
G(Yy),teT, where G: R — Im (G) C R is a measurable function.

Assume first that X is square-integrable. The following lemma is proved in [33, Lemma
10.2].

Lemma 2. Let Z1, Z> be standard normal random variables with p = cov(Z1, Z), and let F, G
be functions satisfying EF*(Z1), EG*(Z1) < +oc. Then

X (F,H)o(G, H
cov(F(Z1), G(Z2)) =Y W# o,
k=1 °

https://doi.org/10.1017/jpr.2020.107 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2020.107

576 R. KULIK AND E. SPODAREV

Let Cx(t) = cov(Xo, X;), t € T. Assuming Cy(#) > 0 for all € T and applying this lemma to
our subordinated process X = G(Y) we get that it is s.r.d. in the sense of Definition 1 if

© (G, Hy)?
/T |Cx(t)|dt=2(ki'k>‘p /T CX(1) dr < +o0. (8)
k=1 ’

We shall see that an analogous result holds also if X has no finite second moment. Introduce
the condition

(p) |Cy(1)] <1 for all t##0 if T is countable, and for vz-almost every re T if T is
uncountable.

The following result gives the conditions for short range dependence of a subordinated
Gaussian random field, without a moment assumption. Its proof is given in the Appendix.

Theorem 2. Let Y be the Gaussian random field introduced above. Let X be a subordinated
Gaussian random field defined by X; = G(Y;), t € T, where G is a right-continuous strictly
monotone (increasing or decreasing) function. Assume that condition (p) holds. Let

2
bi(p) = ( /1 o Hi (G (u)o(G™ () M(du)) , ©))

where G~ is the generalized inverse of G if G is increasing or the generalized inverse of —G if
G is decreasing. Then X is s.r.d. in the sense of Definition 1 if and only if

3 Wf ICy(O|CY (1) df < 400 (10)
k=1 : r

for any finite measure  on R.

Corollary 1. Assume that the conditions of Theorem 2 hold.

(i) Let pu(dx) =f(x)dx for f € L"(R) such that f(x) >0 for all xeR. If Ge C'(R) and
Im (G) =R, then bi(n) = (G'f(G), Hy)2, k € N. In this case all coefficients bi(j1) are
finite if, for some 0 € (0, 1), we have E[|G'(Yo)f(G(Y))|'1?] < +o0. If G'f(G) is an
even function then bi(u) = 0 for all natural odd k.

) If X; =G(Y:|), t €T, then the s.rd. condition (10) simplifies to

o

boj—
3 bai1() (1) dt < +oo. (11)
et Jr

k=1
Remark 2. Based on Theorem 2 and Corollary 1, the long range dependence in the sense of
Definition 1 can also be formulated as follows.

(1) X =G(Y)is L.r.d. if there exists ug € R such that bi(8,,)) < +oo for all k and the series
(10) diverges to +o00.

(i1) If the initial process Y is s.r.d. then all powers of Cy are integrable on T and the long
memory of X = G(|Y]) can only come from function G. This can happen, for example,
if its coefficients bi(u) decrease to zero slowly enough. Conversely, assume that Y is
l.r.d., 0 < byg—1(m) < oo for all k € N and some finite measure w. If there exists k € N
such that [, C3¥(#) dt = 400, then X is Lr.d.

Let us illustrate the last point of Remark 2 with an example.
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Example 1. Let G(x) = e/ GO @ >0, T=RY Then it is easy to see that
P(1Xo| > x) = L(x)x™“,
where L(x) = «/2/(r log x). For a € (1, 2], E X < 00, EX(% = +o00.

To compute byx—1(1), we notice that
1 ©
Vhou—1(w)=—— / u""Ha—1(y/ 2 log u) u(du), keN.
NG

Using the upper bound |Hoi—1(x)| 5xex2/4(2k— H!/4, x>0 from [1, page 787], one can

show that
o o0 2
bok-1 () = 1k = 1)!!]2< / u=*?/log u u(du))
1
< LA, ook — DT
4

< 40

for all k e N.

We note that the use of the finite measure w is crucial here, since for the Lebesgue measure
the integral [ u=%/?\/Tog u p(du) is infinite for o < 2.
Now, by Stirling’s formula [4, Theorem 1.4.2], we get

[@k— DU c3

, k— 400
(2k)! vk
for c3 > 0, so
bog—1(1) < 1 >
—— =0 —x=), k— +o0. 12
(2k)! Jk (12)

Assume that Cy(r) ~ [|#] ™" as ||¢] — +00, 7 > 0. Then X =¥ /0 ¢ > 0, is

e lLrd.if n € (0, d/2], since then

o]

boj—1(p) o
= | crydr= :
; ol Y ® +o0

e s.r.d.if n > d/2, since then we have
/Rd CHoydr=0(k™") ask— +oo,

and the series (11) behaves like Z,fil k3% < 400.

Here the source of long memory of X is the l.r.d. field Y. If @ > 2 the variance of X)) is finite,
and our results agree with the definition in (1) by relation (8) if we note that rank (G) = 2.
However, the main point of this example is that we have the same transition from short to long
memory (i.e. n = d/2) for both finite and infinite variance fields.

Note that for 7 € (d/2, d) the Gaussian field ¥ is Lr.d. but the subordinated field X = e/
is s.r.d. This agrees with the classical theory for finite variance, but is novel for infinite variance.
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3.4. Stochastic volatility models

We present a way of constructing random fields with long memory by introducing a random
volatility G(Y;) (being a deterministic function of a random scaling field Y = {Y;,t € T}) of a
random field Z = {Z;, t € T}. We assume that Y and Z are independent. An overview of random
volatility models and their applications in finance can be found in [39] and [3, Part II], for
example. For each t € T, X; = G(Y;)Z; is a scale mixture of G(Y;) and Z;; see [42, Chapter VI,
page 345]. Let Fz = 1 — Fz be the marginal tail distribution function of Z; for stationary Z.

For a finite measure u, introduce the functional

DM(G(Y),Zo)=foRz cov(Fz(u/G(Yo)), Fz(v/G(Y))p(du)e(dv) dr.

The next lemma follows trivially from relation (2), independence of Y and Z, and Tonelli’s
theorem.

Lemma 3. Let a random field X = {X;, t € T} be given by X; = G(Y;)Z;, where Y = {Y;, t € T}
and Z ={Z,, t € T} are independent stationary random fields, Z has property (3), G: R — R4
and P(G(Yy) =0)=0forallt€T. Then

/ / covx(t, u, v) u(du) pu(dv) dt
T JR?

= D(G(Y). Z0) + /T /R Eleova(e, 1/GVo), v/GO)] plde) i dr.— (13)

Let us illustrate the use of Lemma 3.

Corollary 2. Let the random field X be given by X; = AZ;, t € T, |T| = 400, where A > 0 a.s.,
A and Z are independent, and Z € PA is stationary. Then X is l.r.d. in the sense of Definition 1
if there exists ug € R such that Fz(ug/A) # const. a.s.

The above corollary evidently holds true if, for example, Zy ~ Exp(}), A ~ Fréchet(1)
for any A > 0. It also clearly applies to a sub-Gaussian random field X, where A =+/B,
B~ S8y/2((cos noc/rr(x)z/“, 1,0), @« €(0, 2), and Z is a centred stationary Gaussian random
field with covariance function C(¢) > O for all r € T and a non-degenerate tail F7.

The following corollary describes the situation where a light-tailed Y is responsible for the
long range dependence of X while Z is responsible for heavy tails.

Corollary 3. For the random field X = {X;, t € T} given by X; = Y;Z;, t € T, assume that ran-
dom fields Y ={Y,, t € T} and Z ={Z;, t € T} are stationary and independent. Assume that Zy
has a regularly varying tail, that is, P(Zy > x) ~ L(x)/x* as x = +00 for some a > 0, where the
function L is slowly varying at +o00o. For Yy > 0 a.s. assume that EYg < o0 and E(Yg Y,‘S) <00
forsome§ >a andallteT. Let Y, Z € PA(NA). Then X is Lrd. if Y* ={Y{, teT}is l.rd.

Now we scale a Lr.d. (possibly heavy-tailed) random field Z by a random volatility G(Y)
being a subordinated Gaussian random field.

Lemma 4. Let X; = G(Yy)Z; be a random field as in Lemma 3. Assume further that Y is a
centred Gaussian random field with unit variance and covariance function p(t) > 0 satisfying
condition (p). Then

[’} T 2
DG Z) =Y (Jr (Fz(u/G(- ))];'Hk( )y p(du)) /T Koy

k=1
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The following example illustrates our definition of long range dependence in the context
of a popular long memory stochastic volatility model that is used in econometrics to model
log-returns of stocks; see [5, page 70 ff.] and references therein.

Example 2. Assume that X = {X;, t € Z} has a form X; = eYt2/4Z,, where Z; is a sequence of
1.1.d. random variables with finite moment of order 2 + & for some § > 0, while Y; is a centred
stationary Gaussian PA long memory sequence with unit variance and covariance function Cy
satisfying condition (p). Both sequences Z; and Y; are assumed to be independent of each other.
From Example 1 we know that e¥o/4 is regularly varying with index o =2. By Breiman’s
lemma the tail distribution function of |Xy| is also regularly varying with index « =2, and

hence Xy has infinite variance. Choose u = 8(,,) for some up € R. Lemmas 3 and 4 yield

> Fz(uo/G) Hy)?

Z /Rz covx(t, u, v)u(du)u(dv) = Z
=1

k=1

dem (14)

where G(x) = e/4_ Since F 7(up/G) is symmetric, monotone non-decreasing, and bounded, we
get Fz(uo/G) Hk)w =0 for all odd k, and it is finite for all even k € N. Moreover, by Lemma
5(ii) we have rank (Fz(uo/G)) = 2. It is clear that X is Lr.d. if Zt | p2(1) = +00. In particular,
if Cy(¢) ~ |t|™" as |t| — oo, then long range dependence occurs if 1 € (0, 1/2]. Again, similarly
to Example 1, the point here is that we obtain long memory for both finite and infinite variance.

4. Limit theorems

In this section we investigate connections between Definition 1 and limit theorems for ran-
dom volatility and subordinated Gaussian random fields. In order to do so, we have to specify
the statistic whose limiting behaviour we consider. We focus on the volume of the excursion
sets.

In Section 4.1 we consider subordinated Gaussian random fields. In Section 4.1.1 we show
by a natural example that our definition of long memory is in agreement with the existing
limiting behaviour of the volume of excursions of X over some levels u. On the other hand,
in Section 4.1.2 we will indicate that the limiting behaviour of the empirical mean cannot be
directly related to our definition. The latter is not surprising.

In Section 4.2 we consider related problems for stochastic volatility random fields.

From now on we assume the random field X to be measurable. In what follows, L will
indicate a slowly varying function at infinity, that can be different at each of its occurrences.

We start with the following lemma, which will play a major role.

Lemma 5. Let Y, Z be independent random variables such that Y ~ N(0, 1). For any monotone
right-continuous non-constant function G: R — Ry with vi({x € R: G(x) =0}) =0, consider
the functions G(y) = G(|y|) and

$6.2zu() =EH{GOWZ > u}] —P(G(Y)Z>u), yeR (15)

forafixedu>0if G>0andu <0 if G <0. Then the following hold.

(i) Let G: R — Ry be as above such that E|G(Y)|' T < +o0 for some 6 € (0, 1]. Then

rank (G) =rank ({g,1,,) =rank ({6, z.4) = 1.
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(i) Ler G: Ry — Ry be as above such that E|G(Y)|'? < +oo for some 6 € (0, 1],
G~ (u) #0, where G~ is the generalized inverse of G. Then

rank (5) =rank (g ,) =rank ({5 7 ) =2.
Remark 3.

(i) If Z=1, then the assertion of Lemma 5(i) holds under milder assumptions
on G and u. Thus let G: R— R be a monotone right-continuous non-constant
function such that E|G(Y)|1+9 <400 for some 0 € (0, 1]. Then, for any ue€R,
rank (G) =rank ({g,1..) = 1.

(i) The assumption of non-negative or non-positive G is essential to the rank condi-
tion rank ({¢,z,) =1 of Lemma 5(i), since for G(y) =y and symmetric Z we have
E[YI{YZ > u}] =0, so the Hermite rank of (g 7, is greater than 1. Similarly, one
can construct examples of functions G with rank (¢ ;,)>2 for some u€R if
the assumptions of Lemma 5(ii) do not hold. For instance, G~ (1) =0 means that
rank (g 7 ,) = 4.

(iii) If G is non-negative or non-positive and u = 0, then it is easily seen that {5, z,0 =0 and,
formally speaking, its Hermite rank is infinite.

4.1. Limit theorems for subordinated Gaussian processes

Let X ={X,, t € R?}, where X, =G(Y;) and Y = {¥;,t€R%} is a stationary isotropic L.r.d.
centred Gaussian random field with covariance function Cy(¢) = ||#||~7L(||#|)), n € (0, d/q)
(see [18], [22], and [23]). Here IEGz(Yo) < 400 and ¢ is the Hermite rank of G. Under some
technical assumptions on the spectral density /(1) of Y (see [23, Assumption 2]),

n2=d1=a2y | Gy di - R, n— +o0,
W)l

where

B(dy) . .. B(dhy)

R=(y, q/2 /’ / iy +otdgu) g ’ 16
FED few Sy © U g7 (19
I'id—mn/2)
v, n)= WF(n/Z)’

and fﬂ/{d,, is the multiple Wiener—Itd integral with respect to a complex Gaussian white noise
measure B (with structural measure being the spectral measure of Y; see [18, Section 2.9]).
It is easy to see that for g =1 the distribution of R is Gaussian. However, the normalization
n"/2=4[=1/2(p) differs from the usual CLT normalizing factor n~%/2, which agrees with the fact
that X is 1.r.d. in the sense of the usual definition as in (1). For ¢ > 2, we get a g-Rosenblatt-type
distribution for R; see [43] and [24] and references therein for its properties in the case g = 2.

4.1.1 Volume of level sets. We apply the above observations to level sets. Assume G: R — R
to be a monotone right-continuous function such that E|G(Y)|'T? < 400 with 6 € (0, 1). Let
the variance of X be infinite. For any u € R introduce the function g,(x) = {g.1,4(x), where
£G.1.4 18 given in (15). By Remark 3(i), the Hermite ranks of G and g, are equal to one. If
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n € (0, d) then

Jw, gu(Yp) dt fW 1G(Yy) > u) dt — vg(Wy)P(G(Yo) > u) d
nd— ;7/2L1/2(n) nd— r;/2L1/2(n)

as n — 400, where R is given in (16). The normalization in this limit theorem is not of CLT
type n~%2, which should be attributed to the l.r.d. case. Let us compare this behaviour with
Definition 1. As an example, we consider

Gx) = sign(x)(exz /B _ 1), xeR

for some B > +/2(1 4 0). Note that it is possible that the variance of X = G(Y) is infinite. Set
1 =0(0}. By Remark 2(i) we get bi() = H,%(O)/(Zn) < oo forany k>0, by > 0, b1 =0, etc.
By the choice Cy(r) = ||#]| ~TL(||z]]), n € (0, d) we get that fRd |Cy(#)| dt = 400, and the series
(10) diverges. Then X is l.r.d. in the sense of Definition 1 for n € (0, d), which is in accordance
with the above limit theorem.

4.1.2. Empirical mean: infinite variance case. In this section we show that Definition 1 cannot
be linked to the behaviour of integrals or partial sums of the field X if X has infinite variance.
For that, we use the framework of time series X = {X;, t € Z}, where many more models have
been widely explored, as compared to (continuous-time) random fields.

Consider (as in Section 3.3) a subordinated time series X; = G(|Y;|), t € Z, where {Y;, t € Z}
is a centred Gaussian long memory linear time series with non-decreasing covariance function
Cy(t) = cov(Yy, Yy) ~ |t|7TL(¢), t = +00, n € (0, 1), and such that P(|Xg| > x) ~ x"“L(x), a €
(0, 2). It is further assumed that G has Hermite rank g. By Corollary 1(ii), X is short range
dependent in the sense of Definition 1 whenever, for any finite measure © on R,

boj—1(p) 2k
; 20! ZC (1) < 4o00.

We note that -
0 12k(p) o o dt
2k
Zlcy(t)fco/; tz—k”dtS/I 2KG—8) keN, (17)
1=
where § > 0 is arbitrary and c¢, ¢; > 0 are some constants. The second inequality holds since
L(1) < c2t® for t > 1, where 1y > 0 is large enough and c; = ¢2(8, 19) = (1 4 8)L(to) /13 < 1 for
large t; see [30, Proposition 2.6]. The right-hand side of (17) is finite and equal to O(1/k)
whenever n € (1/2, 1), since § > 0 can be chosen arbitrarily small. The series in (17) diverges
if n € (0, 1/2). If n = 1/2, the summability of the series in (17) depends on the particular form
of the slowly varying function L and will not be discussed here.
Thus, for n € (1/2, 1), X is s.r.d. whenever

o bar—1(1)
; Qo ST (18)

for any finite measure pu.

Now we have to consider a special example of function G in order to get more explicit
results for the s.r.d. case. As in Example 1, set G(x) = e"z/(z"‘), a € (0, 2]. By relation (12),
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TABLE 1. Short or long memory of X; = ¥/ in the infinite variance case « € (1, 2) depending on the
long memory parameter 1 of ¥ according to [40].

Parameter range Limit of normalized sums S,
1-1/a<n<l1 a-stable
O<n<l—1/a Rosenblatt

condition (18) is satisfied for n € (1/2, 1), hence X is s.r.d. in the sense of Definition 1 if
ne(l/2,1)andlrd.if n € (0, 1/2).

Let us compare this result with the limiting behaviour of the partial sums S, =Y 1| (X; —
E[X;]) as given in [40] and [5, Section 4.3.5]; see Table 1. There some discrepancies are seen,
that is, Definition 1 does not agree with the asymptotic behaviour of §,,.

4.2. Limit theorems for the integrals of functionals of l.r.d. random volatility fields

In this section we will justify that our definition of long range dependence is in agreement
with limit theorems for volumes of level sets for random volatility models. Unlike the subor-
dinated Gaussian case, where the limiting results are known, a general asymptotic theory has
to be developed.

Let X be a random volatility field of the form X; = G(Y;)Z;, t € 74, where

e {G(Y)), t € RY} is a subordinated Gaussian measurable random field, which is sampled
at points f € 74,

e {Z;, t € Z%)} is white noise,
e the random fields Y and Z are independent.

Our goal is to prove limit theorems for ZteW,, g(X;) as n— oo, where W, =[ —n, n]d nz4
and g is a real-valued Borel-measurable function such that

E[g(X0)]=0. E[g*(Xo)] > 0. (19)
Introduce the function
§(y) =E[g(G(»)Z0)].
It follows from (19) that for vi-almost every y € R
£(y) < o0. (20)
By (19) we also have E[£(Y)] =0. Let
J(m) = (&, Hy)p = E[Hu(Yo) g(G(Y0)Zo)]

be the mth Hermite coefficient of £&. We recall that a sufficient condition for the finiteness of
J(m)is

E[lgXo)'"t?] = E[I£(¥Yo)I'™?] = E[|E[g(G(Y0)Zo) | Y1I'T?] < o0 (21)

for some 6 € (0, 1], where ) is a sigma-field generated by the entire sequence Y. Let rank (§) =
q. Furthermore, set

m(y, Z1) = 8(Gy)Zy) — E[g(GZ)] = g(G()Z) — (),
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which is almost everywhere finite by (20), and x (y) = E[mz(y, Zp)]. We also assume
E[x*(Y0)] < oo. (22)

Note that under (22), using the Lyapunov inequality on a space of finite measure and the
stationarity of ¥;, we have for any finite subset / C Z¢

(5]

tel

The following result shows that the limiting behaviour is primarily determined by the function
&, with &£ = 0 being the boundary case.

Theorem 3. Assume that the random field X; = G(Y;)Z;, t € Zd, is as above, and satisfies the
following:

e Y is a homogeneous isotropic centred Gaussian random field with the covariance

function Cy(t) = E[YoY:] = ||z]| ~"L(||z]|), n € (0, d/q) and L is slowly varying at infinity,

e Y has a spectral density f(A) which is continuous for all A #0 and decreasing in a
neighbourhood of 0.

Assume that (19), (21) with 8 =1, and (22) hold.
() IfE(y)=0, then
w23 g(X) 5 N0, 6%, s oo, 23)

1ew,
where o2 = E[g%(X0)]2¢ > 0.
(1) If§(y) #0, then
W22 () 3 (X -5 R n— oo, 24)
teW,

where the random variable R is given in (16) with W =[ — 1, 114

Example 3. Assume that g(y) =y, E[G?(Y()] < 00, and E[Zy] = 0. Then £(y) = G(O)E[Zy] =
0 and (23) always holds. In this case there is no contribution from the long memory of the
random field Y;.

Example 4. Assume that g(y) =y — E[G(Yp)Zo] and E[Zy] #£0. Then £(y) = E[Z1{G(y) —
E[G(Y()]}. Condition (22) is satisfied if E[|Zy|*] < +00 and E[G*(Yy)] < +o0. In this case
&(y) # 0, and (24) always holds.

Example 5. Assume that g(y) = g,(y) = 1{y > u} — P(G(Yy)Zp > u), where G is non-negative
or non-positive vi-a.e. Then

§() =E[{GWZo > u}] = P(G(Y0)Zo > u) #0

if u#0, so case (24) applies. If u =0, then £(y) =0 (compare Remark 3(iii)), so case (23)
holds true.

Example 6. Let the random volatility field X; = G(|Y;)Z;, t € Z¢ be as in Lemma 4, where {Z;}
is heavy-tailed white noise, EZ2 = +oc. Let Y satisfy the assumptions of Theorem 3. Choose
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G(x) > 0 as in Lemma 5(ii), and let Cy(¢) ~ ||¢]| =" as ||t]| = 400 be non-negative. Similarly to
Example 2, an analogue of relation (14) holds true: for & = &y, uo > 0 we have

X (Fz(uo/G), Hy)2
Z /Rz covx(t, u, v)u(du)u(dv) = Z W Z ch),

teZ4, 10 k=1 teZ4, 10

where G(y) = G(|y|), y € R. Since rank (Fz(uo/G)) =2, X is L.rd. in the sense of Definition 1
if 3 ez, 150 C%/(f) =4o00,ie.if n <d/2.

Consider function & from Example 5 with u = ug > 0 and G instead of G. By Lemma 5(ii),
rank (§) =2. By Theorem 3 and Example 5, the asymptotic behaviour of the cardinality of
the level sets of X at level ug is of L.r.d. type if n € (0, d/2), which is in agreement with our
definition.

Remark 4. We would like to connect the assumption & = 0 to our definition. Let g, be func-
tions such that E[g(Xo)] = E[h(X0)] = 0. If E[g(X0)h(X;)] < oo for all ¢, and E[g(G(y)Zy)] =
E[A(G(y)Zy)] = O for all y, then for r £ 0

cov(g(Xo), h(Xy) = / / E[g(G(yo)Zo)IE[M(G(y)Z)]Py,.v,(dyo, dy;) =0,

where Py, y, is the joint law of (Yp, Y;). In particular, take
g)=gu)=1(x>u) —PXg > u), hx)=h,x) =1x>v)—PX>v).
Then

opx= Y, / _ leov(gu(Xo). h(X0)| du dv =0,
teZd, 10 R

and the random field X is s.r.d. according to Definition 1 for § =0.

5. Summary and outlook

We proposed a new definition of long memory for stationary random fields X indexed by
any set T C R?, which works also for heavy-tailed X. We showed that this definition is a good
fit to the asymptotic behaviour of the volume of the excursion set of X at a level # € R in an
unboundedly growing observation window W,,. This connection to non-central limit theorems
was proved for a class of random volatility fields with subordinated L.r.d. Gaussian volatility.

Appendix A. Proofs

Proof of Theorem 2. 1f X is a centred stationary unit variance Gaussian random field with
covariance function Cy(?),

(t - 1 Cr() 1 u? — 2ruy 42 dr (25)
covx(t, u, v) = 2 )y N exp ] r;

see [8, Lemma 2].
Consider representation (25). Since the density f(y, v) of a bivariate normal distribution with
zero mean, unit variances, and correlation coefficient Fr equals

1 x% 4 2rxy +y?
—F—p\ ———— 5 (=0
2m/1 =12 2(1—=r%)
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then it is easy to see that

(8]

conrthn 1 /|cy<t> 1 { x2 — 2sign (Cy(£))rxy + y2 } q
covy(t, x,y)| = — eXpy — r.
V1—r P 2(1—r%)

2
Since G is strictly monotone, by properties of the generalized inverse of G we have

+00 +00
/ / / [covx(t, u, v)|u(du)p(dv) dt
T J—o0 —00

= / f [covy(t, G~ (w), G~ (V)| p(duw)pu(dv) dt
T J(Im(G))?

_ / f /'CY“) o <_(G(u))z—zsignwm))rG(u)G(v)+(G(v))2)
B T JIm(G))? Jo P

2(1 —r?)
drp(du)pu(dv) dr
21 —1r2
By [9, formula (21.12.5)] for the density f(y,v) with correlation coefficient sign (Cy(?))r €
(=1, 1), we have

O p*+D () k+D
RCEIED (xl)(, 0

k=0

(sign(Cy())r)¥, x,yeR. (26)

By condition vg({reT: |Cy(r)| =1}) =0, the above series converges uniformly for r e
(—1, 1), so integration over r € [0;|Cy(¢)|] and summation with respect to k can be inter-
changed. Then the above triple integral reads

ICyl P pk+D (G- (k+1) ¢~
/ / / 3 G @NPENG™ M) oy dra(uipatd) dr
T JIm(G)? JO —

k!
k=0
o~ Hil(G~(u)Hk(G~
= f / PG @)p(G o Y PTG G ey
T JIm (G)? k=0 .
C k+1
X %u(du),u(dv) dr

- - L S HUGT@)HWG W) L
_/T/Im(g)z ICrDle(G™W)e(G (V))g Grnp Crof @ a

Abel’s uniform convergence test allows us to interchange the sum and the integral over
Im (G)z. Since by > 0, we get

> H(G™(u)H(G™
[ [ oG on™ e cyolcyof dratdupcan a
T 1= /Im(G)? (k+ D!

- *kL1)! G~ (w)H(G~ d Cv(DICy(0k d
/T;(k—i-l)!(/lm((;) (G ()HK(G™ (u))u( u)) ICy()[Cy(2)" dt

[~ b e D) / e
_/Tg (k+1)!|CY(t)|CY(t) dt—; o TICy(t)I,o (1) dr,
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where the integral over T and the sum are interchangeable by Tonelli’s theorem subdividing
T into parts Tt ={teT: Cy(t)>0} and T~ ={t e T: Cy(t) <0}. Then X = G(Y) has short
memory if

> bl P [ evonot o dr < oo

k=1
for any finite measure p on R. (]

Proof of Corollary 1. (i) It follows from relation (9) using the change of variables u = G(x)
and by [5, Lemma 4.21].

(i) Without loss of generality, assume G is an increasing function. Since the probabil-
ity density of the centred univariate and bivariate Gaussian distribution is invariant under
transformation x —> —x, y —> —y, we get

covx(t, u, v) =P(|Yo| > G~ (w), [Yi| > G~ (v)) = P(|Yo| > G~ w)P(|Y:| > G~ (v))
=2PYo>G (), Y > G () —P(Yo > G (u)P(Y; > G (v))
+PYo>G (), Y <—G (v) —P(Yo > G ()P(Y; < =G~ ().
LetZ=—-Y;, x=G (u),and y= G~ (v). Thus

P(Yo > x, Yi > y) = P(Yo > 0)P(Y; > y) = cov(1(Yp = x), 1(Y; = y)),
P(Yo > x, Y; < —y) = P(Yo > 0)P(Y; < —y) = cov(1(Yp > x), I(Z > y)).

Since cov(Yp, Z) = —Cy(t) and xy = G~ (u)G~ (v) > 0, we have by formula (25) that

|covx(t, u, v)|

2 Cr( 1 X2 - 2rxy+y2 d
=— exp| ————————— | dr
2 Nt 21— 72

+/CY(’) 1 ( x2—2rxy+y2)d ‘
———exp| -———————— | dr
0 V1 =72 2(1—-1r%)

/CY(M X2 = 2rxy + y? x> 4+ 2rxy +y? dr
= expl ———————— | —exp| — .
0 AT =) PN"2a-» ))aviore

Similarly to the proof of Theorem 2, we use representation (26) to write

+00 +00
/ / / [covx (t, u, v)|u(du)p(dv) dt
T J—o0 —00

— Dt k1
-2 fm(G)ZZ T HOH OGO i)

_ - 2k
/T (Zk),< /Im(G) H 1 (G~ )p(G (u))u(du)) Cro ar

k=1

B bag—1(1) 2%
42 o P (9 dr. O
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Proof of Corollary 2. Choose 1 = 8y}, o € R and write

// covx(t, u, v) u(du) pu(dv) dr
T JR?
= / cov(Fz(ug/A), F7(uo/A)) dt + / Elcovz(t, ug/A, up/A)] dt
T T

> [ varF oy
T
= —|—OO,
since Z € PA, Fz(uo/A) is non-degenerate and bounded. 0

Proof of Corollary 3. Without loss of generality assume Z, Y € PA. Then Y* € PA too, and
the second term in (13) is non-negative. Let

Au (1) =cov(Fz(u/Yo), Fz(v/Yy), u,veRy, teT.

Since Y € PA and the function Fz(u/-) is bounded and non-decreasing for u > 0, we get
Auv() >0 for all u, ve R4, t € T. Using the regular variation of the tail of Zp, the indepen-
dence of Y and Z, and Potter’s bound [30, Proposition 2.6], one can easily show that under the
above assumptions on the integrability of ¥ we obtain

Aun() ~ Fz)Fz()cov(Y§, YY),  u,v— +oo,

for any t € T. Then, for sufficiently large N > 0, there exists up > N such that for the Dirac
measure i = 8(,,} and some ¢ € (0, 1), we have

/ / covx(t, u, v)u(du)pu(dv) dr > / Aug,uo(t) dt > EF%(uo)/cov(Y“, YY) de,
T JR2 T T
which is infinite if Y¢ is l.r.d. Thus X = YZ is l.r.d. if Y* is L.r.d. O

Proof of Lemma 4. Without loss of generality, assume G is non-negative. By Lemma 2, and
the Fubini and Tonelli theorems for G, (y) = Fz(u/G(y)), we get

D, (G(Y), Z())=/T/R2 cov(Gu(Yo), Gy (Y1) (du)p(dv) dr

0 2
_ Z (fR<Guv Hi)y M(du)) / ,Ok(t) dar.
T

!
P k!

The change of order of the sum and integrals is justified by the Weierstrass uniform
convergence test since, for almost all 7 € T,

- |Gu,Hk>¢ (Gy, Hi)gl 4 o (L, | kl>¢ k k
pk(r) < <t>< )

due to (1, [Hil)y < NI by the Cauchy—Schwarz inequality and due to condition (p). [l
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Proof of Lemma 5. (i) If G: R — R is monotone, then rank (G) = 1 due to

(G,Hi)y =E[YG(Y)] = /O (GO = G(=yyp(y)dy #0. (27)

What is the Hermite rank of ¢g,z,? First consider Z=1. Since the Hermite rank of
y+> 1{y > u} — Fy(u) is one, we can write

(¢6.1.u, Hi)p =E[YI{GY) > u}] = E[YI{Y > G~ (u)}] #0,
where G is non-decreasing without loss of generality. Hence rank ({g 1,,) =1 for any u € R.

Now let G: R — R4 and Z be arbitrary. Without loss of generality, assume G is non-negative.
Then

(66,20 H)p = /R F2(u)GO))ye(y) dy £0,

since for any u # 0 the function y — Fz(u/G(y)) is monotone, and we can use the reasoning
(27). For non-positive G replace Fz above with Fy.

(i1) Without loss of generality, assume that G is non-negative and non-decreasing. We prove
that rank (G) = 2.

Clearly, since y — G(]y|) is even, we have E[YG(|Y])] = 0. Now

E[H(Y)G(Y])] =2f0 GO = De(y) dy.

We note that ~
/0 0* — De(y)dy =0, (28)

and hence by symmetry

1 [ee)
/0 07 — Do(y) dy = — /1 07 — Do) dy.

Also, by the mean value theorem, due to monotonicity of non-constant G, there exists
vo € [0, 1) such that

1 1
/O GO0 — D) dy = Glvo) fo 07 = Do() dy.

Therefore

/0 GONY? — Do) dy
1 [ee)
> Gyo) /0 07 — D) dy+ G(1) /1 07 — Do(y) dy
= —G(yo) /1 % — D) dy + G(1) /1 0% — De(y) dy

= (G(1) — G(y)) fl ? = De(y)dy > 0.

https://doi.org/10.1017/jpr.2020.107 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2020.107

Long range dependence of heavy-tailed random functions 589

For non-negative non-increasing G, we can use the estimate
00 1 [}
/0 GO = De(y) dy < G(o) /0 (0* = D) dy + G(1) fl (0* = De(y) dy

1
— (Glyo) — G(1)) /O 07 — Do) dy <0.

If G(y) <0 just multiply it by —1. This proves that the Hermite rank of G(|y|) is 2.

Now compute the Hermite rank of ¢z, , for any wueR. Since ¢z, is even,
rank ({z ;) >1. Assuming without loss of generality that G is non-negative and non-
decreasing, we calculate

(€510 H2)p =EI(Y* — DH{G(Y]) > u}]

_ /R o? = DI{ly| > G~ W}p() dy

=2 0P Dee)dy 0

G (u)

due to (28) and G~ (u) # 0. So rank = 2. For general Z, we note that $Gzu is even, so
rank (§(~;,Z’u) > 1. If G is non-negative, then

(8. zu H2)g =/RFz(u/G(|y|))Hz(y)<p(y) dy#0

by the first part of the proof of (ii), since Fz(u/G(|y|)) is a monotone even function of y.
Modifications of the proof for G < 0 or G non-increasing are obvious. O

Proof of Theorem 3. Let ) be the o-algebra generated by the entire random field {Y;, 1 € Z¢}.

Then
Y e(Xn=>_ (@X)—EleX) | YD+ Y Elg(X) | Y] =M, +K,,
teWw, tew, tew,
where
M, =" (eX) —ElgX) | YD =) m(Y;, Z)
teW, teW,
and

Ko=) ElgX) | VI= Y E¥)).

teW, teWy,

The above decomposition is allowed by (20). The limiting behaviour of the sum depends on
interplay between M, and K,,. First we state the limiting results for M, and K, separately.

Lemma 6. Under the assumptions of Theorem 3,
Mn :=n_d/2Mn _d) N(Oa 02)7

where 0% = E[x(Y0)]2¢ > 0.
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Proof. We calculate
- i i
Elexp(iziy} | V] =E[6Xp{nd—z/2 > m,, Z,)} |y] =:IE[exp{nd—Z/2 > v,} |y},
teW, teWy,

where V; =m(Y;, Z;). Note that, due to stationarity of Y and Z, the random variables V; are
identically distributed and conditionally independent, given ). Therefore

Elexplizht,} | V] =E[exp{% > v,} |y} =1 E[exp{%w} |y}.

teW, teW,

The standard inequality,

lexp (itz) — (1 + itz — *22/2)| < min{|1z|, |1z},

yields
iz izV, 172V, . |Z|2Vt2 VAR
‘E[CXP{WVI} |y:| —E[(l + AR T gl | V|| <E[min —d T pdr 8%
= K[V | V]
For complex numbers zi, . . ., Zm, W1, . . . , Wy, of modulus at most 1, we have
m m m
[Tz=TTwil=d] la—wil
i=1 i=1 i=1
Hence
. E iZ E iZVz 1Z2V12
Ay =[] E[expy Vi 1V | = [T E[ (1475 -5 =) 1Y
teW, teW,
_ 5 iz el (1 izVy 1 ZZV,2
_Z exp WVI [ V|- +W_§nd 8%
teW,
<> EVia | V1.
teW,

We argue that A, (/) — 0 in probability. If this is the case, then the conditional characteristic
function

Elexp{izM,} | V]

and

izV, 122V?
By()):= HE[(1+:;—/;—EZ,1—;)|)J}

teW,
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have the same limit in probability. Applying the log to the above expression and log (1 —x) =
—x+ 0(x3), we have

izV, ?V?
log B,()Y) = Z 10gE[ d/é né i|

teW,
d/z PR ANIE 2 — ZEVZI))]
teW, teW,
3
+0<1)n'§0',/2 ZW (IE[V, | V11)? +0(1> ZW BV V],
teW, teWy,

The expression in the last line is op(1) by (22). By the definition, E[m(y, Z;)] =0 and hence
E[V; | Y] =0. We have E[V? | V] = x(Y;) and therefore

2
Z
logBy(Y)==2—7 > x(¥)+0p(D).
teW,
Since yx is measurable, the ergodic theorem [44, page 339] implies that

1 P
— > x(¥) — Elx(¥)12¢, n— +oo,
n teW,

whenever the covariance of the field x(Y;) goes to zero as ||¢|| — +oo. To check the latter
property, we use Lemma 2 to conclude

>\ (X, Hoj,
lcov(x (Yo), x(¥Y))| < |Cy ()] Z Tk(p —0
k=1 ’

as ||t|| = +oo, since the infinite series in the last expression is finite due to var(x(Yp)) < 00;
see (22). Hence log B,()) — —z%02/2 in probability. By the continuous mapping theorem,

Elexp{izM,} | V] LN e*Z2"2/2, n— +o00.

Since |E[exp{izM,} | V]| <1 for all n € N, this sequence is uniformly integrable. Using the
property of L!-convergence of uniformly integrable sequences, we get

Elexp{izM,}] — e T2 s foo,
and we are done. 0
Lemma 7. Under the assumptions of Theorem 3,

n?2=d=a2K, S R, n— .

Proof. Consider the random variable

m=

J
K(é/)— on )/ Hpy(Yy) dt.
—q n,n}d
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According to [23, Theorem 4] and [2, Theorem 4.3], the random variables

K, K.(q)
Vvark,”  JvarK,(q)

have the same limiting distributions as n — 4-00. Furthermore, if n € (0, d/q) we have by [23,
Theorem 5] that

n/2=dp =412 () / H,(Y;)dr
[—n.n}d
converges in distribution to random variable R. 0

If £(y) =0, the long memory part K,, is not present and we apply Lemma 6. If £(y) 0,
we note that the rate of convergence in Lemma 7 is slower than in Lemma 6, whenever n €
0.d/q). U
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