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Preface

This monograph is an introduction to the stochastic analysis of self-similar pro-
cesses both in the Gaussian and non-Gaussian case.

The text is mostly self-contained and should be accessible to graduate students
and researchers with a basic background in probability theory and stochastic pro-
cesses. Although Part II of the monograph is based on the Malliavin calculus, the
tools used are basic and consequently readers who are not familiar with the theory
will nevertheless be able to follow the exposition.

The majority of these notes were completed during my research visits to sev-
eral university and research centers such as Purdue University, Keio University,
Universidad de Valparaiso, Humboldt Universitit zu Berlin, Centre Interfacultaire
Bernoulli at Lausanne, Ritsumeikan University, University of Trento, Charles Uni-
versity, University of Sydney and Centre de Recerca Matematica in Barcelona. I
would like to thank my colleagues Frederi Viens, Makoto Maejima, Soledad Torres,
Peter Imkeller, Robert Dalang, Marco Dozzi, Francesco Russo, Arturo-Kohatsu-
Higa, Stefano Bonaccorsi, Bohdan Maslowski, Qiying Wang, Xavier Bardina and
Marta Sanz-Solé for their kind invitations.

A part of the material presented in this book is contained in the doctoral theses of
my former and present students Khalifa Es-Sebaiy, Solesne Bourguin, Jorge Clarke
De la Cerda and Alexis Fauth.

Introduction

Self-similar processes are stochastic processes that are invariant in distribution un-
der a suitable scaling of time and space. This property is crucial in applications
such as network traffic analysis, mathematical finance, astrophysics, hydrology and
image processing. For this reason, their analysis has long constituted an important
research direction in probability theory. Several monographs, such as [75] or [160],
provide a complete analysis of the properties of this class of stochastic processes
and many other research papers and monographs focus on the practical aspects of

vii



viii Preface

self-similarity. A bibliographical guide to the applications of self-similar processes
is provided in [191]. In the last few decades, new developments in self-similarity
have been obtained, including the appearance of new classes of (Gaussian or non-
Gaussian) self-similar processes and new techniques to study their behavior, related
to the stochastic calculus (especially the Malliavin calculus). The aim of this text is
to survey these new developments.

This monograph comprises two parts, each of them divided into several chapters,
and Appendices A, B, C.

In Part I we discuss the basic properties of several classes of (Gaussian or non-
Gaussian) self-similar stochastic processes. This part is divided into four chapters.
Chapter 1 focuses on fractional Brownian motion and related processes. Fractional
Brownian motion is the most well known self-similar process with stationary incre-
ments. It includes standard Brownian motion as a particular case. The applications
of this process are now widely recognized. We survey the basic properties of the
process and several other related processes that have recently emerged in scientific
research, such as bifractional Brownian motion and subfractional Brownian motion.
Chapter 2 treats the Gaussian solutions to stochastic heat and wave equations and in
Chap. 3 we introduce some non-Gaussian self-similar processes which are known
as Hermite processes. Chapter 4 contains some examples of multi-parameter self-
similar processes and their basic properties.

Part II is dedicated to the study of quadratic (and other) variations of several
self-similar processes. The variations of a stochastic process play a crucial role in
its probabilistic and statistical analysis. Best known is the quadratic variation of a
semi-martingale, which is crucial for its It6 formula; quadratic variation also has a
direct utility in practice, in estimating unknown parameters, such as volatility in fi-
nancial models, in the so-called “historical” context. For self-similar stochastic pro-
cesses, the study of their variations constitutes a fundamental tool in constructing
good estimators of their self-similarity parameters. These processes are well suited
to modeling various phenomena where scaling and long memory are important fac-
tors (internet traffic, hydrology, econometrics, among others, see [191]). The most
important modeling task is then to determine or estimate the self-similarity param-
eter, because it is also typically responsible for the process’s long memory and its
regularity properties. Studying such processes is thus an important research direc-
tion both in theory and in practice. The approach we use is based on the so-called
Malliavin calculus and multiple Wiener-1t6 integrals. Part II comprises two chap-
ters. In the first we study the asymptotic behavior of various types of variations of
fractional Brownian motion, of the Hermite process and of the solution to the linear
heat equation. In the second chapter we study other types of variations for stochas-
tic processes, including Hermite-type variations for self-similar processes and fields
and so-called Spitzer’s and Hsu-Robbins type results.

Each chapter concludes with a collection of exercises.

Paris Ciprian A. Tudor
January 2013
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Chapter 1
Fractional Brownian Motion and Related
Processes

Fractional Brownian motion (fBm) is the only Gaussian self-similar process with
stationary increments. It was introduced in [102] in 1940 and the first study dedi-
cated to it [117] appeared in 1968. The stochastic analysis of this process has been
intensively developed, starting in the nineties, due to its various practical applica-
tions. Later, other processes related to fBm came to attention: bifractional Brownian
motion, sub-fractional Brownian motion, multifractional Brownian motion, mixed
fractional Brownian motion, etc. The purpose of this chapter is to review the basic
properties of some of these fractional processes.

1.1 Fractional Brownian Motion

Fractional Brownian motion constitutes the main motivation for the theory of
stochastic integration beyond the world of semi-martingales. The applications of
this process in practice are significant and therefore a stochastic calculus for it was
needed. There already exists a vast literature that describes different aspects of this
stochastic process. We refer to the monographs [75, 95, 121, 136, 160] among oth-
ers. Here we provide only a succinct review of the basic properties of this process.

Definition 1.1 Let H € (0, 1). Fractional Brownian motion is defined as a centered
Gaussian process (B,H )¢>0 with covariance function

1
Ry(t,s) =E(BIB) = 5(;“’ +52 — |t —s?"), s,t>0. (1.1)

The index H is called the Hurst parameter and it determines the main properties
of the process B, such as self-similarity, regularity of the sample paths and long
memory.

C.A. Tudor, Analysis of Variations for Self-similar Processes, 3
Probability and Its Applications, DOI 10.1007/978-3-319-00936-0_1,
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1.1.1 Basic Properties

Proposition 1.1 Fractional Brownian motion is an H-self-similar process and it
has self-similarity. It is actually the unique H -self-similar Gaussian process with
Stationary increments.

Proof For any ¢ > 0 the process (B.;);>0 is a centered Gaussian process with co-
variance

1
E(BABH) = E(m)z” + (e) — A —s?7),  s,e>0.
The same holds for the process (¢’ BH);~(. Being Gaussian with the same co-
variance, the two stochastic processes therefore have the same finite dimensional

distributions. It can also easily be seen that for every & > 0 the covariance of the

Gaussian process (B2, — BH),_ satisfies
p t+h h =

E(B/, — B)') (B, — BY') = Ru(t,s)

so it is constant with respect to 4. This proves that the process B! has stationary
increments.

The fact that fBm is the only Gaussian self-similar process with stationary incre-
ments follows from Theorem A.1. 0

Proposition 1.2 For any s,t > 0 we have
E|BY — BH|? = |1 — 5.
In particular, the process B has 8-Hélder continuous paths for any 8 < H.
Proof Fix s,t > 0. Then
E|B! — BY|* =E|B!|" —2EB! B! +E|B/ |’
=" _ 2Ry, 5) + s

=t —s|*.

Since for any s < ¢ the random variable B; — By has the distribution ,/ E| BtH — BH|2

x Z = |t — s|™ Z where Z denotes a standard normal random variable, we obtain
that for any p > 1

E|B/' — BH|” =E|Z|P|t — s|"7.

The Holder continuity follows from the Kolmogorov continuity theorem (see Theo-
rem B.1). U
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Proposition 1.3 Fractional Brownian motion is not a Markov process except in the

case H = %

Proof Recall that ([155]) a Gaussian process with covariance R is Markovian if and
only if

R(s,u)R(t,t) = R(s,t)R(t,u)

for every s <t < u. One can see that BH does not satisfy this condition if H # % O

We defined in Definition A.3 the concepts of long-memory and short-memory
processes.

Proposition 1.4 If H > % the fractional Brownian motion exhibits long-range de-

1 . . N
pendence. If H < 5 the fractional Brownian motion is a short-memory process.

Proof We have

((n+ D> 4 (n — 1) — 2p2H)

SN

r(n) =

for any n > 1 and the function r(n) behaves as H(2H — Dn2H=2 for large n. See
Proposition A.2. g

Let us note that
Proposition 1.5 The fBm is not a semimartingale except when H = 1/2.
Proof Again, several proofs, based in general on the expression of the quadratic

variation of the fBm (see Exercise 1.1), have been presented previously. We refer,
for example, to [75, 136] for recent references. Il

1.1.2 Stochastic Integral Representation

Fractional Brownian motion can be expressed as a Wiener integral with respect to
the Wiener process in several ways. Let us recall two of them.

Wiener Integral Representation on a Finite Interval Let B be a fractional

Brownian motion with parameter H € (0, 1). The fBm admits a representation as a
Wiener integral of the form

t
BY = / Kt )dW,, (12)
0
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where W = {W;, t € T'} is a Wiener process, and Ky (¢, s) is the kernel

t
Ku(t.s)=dy(t — )"z +sH—%F1(—), (1.3)
S

dp being a constant and
1 z—1 o3 ol
Fi(z) =dy E—H 0"72(1 -+ 1""2)d6.
0

IftH > %, the kernel Kz has the simpler expression
Ly [ H-3 H-]
Ky(t,s)=cys2™ /(u—s) “2u""2du (1.4)
s

_ H(H-1) 1
where t > s and cy = (ﬁ(z—zH,H—%))z' The fact that the process defined by (1.2)

is a fBm follows from the equality

tAs
/ Ky(t,u)Kg(s,u)du = Rgy(t,s). (1.5)
0

The kernel K g satisfies the condition

9K 1 3-H
a—tH(t,s)de<H— 5) G)z (t —s)H3, (1.6)

Moving Average Representation fBm can be represented as an integral with
respect to a standard Brownian motion on the whole real line. Let (Bs)scr be a
standard Brownian motion. Then
_1 _1
BH = c(H)™! / [t =5} % = (=5)} 2]dB,, (1.7)
R

with C(H) > 0 an explicit normalizing constant, is a fractional Brownian motion.

1.1.3 The Canonical Hilbert Space

Consider (BtH )refo,7] a fractional Brownian motion with Hurst parameter H € (0, 1)
and denote by # its canonical Hilbert space. If H = % then B? is the standard

Brownian motion (Wiener process) W and in this case H = L2([0, T]). Other-
wise ‘H is the Hilbert space on [0, 7] extending the set of indicator function 19,77,
t € [0, T'] (by linearity and closure under the inner product) the rule

(Lio.s1; Ljo.r)) e = Ru (s, 1) == 2_1(SZH + P2H [t — S|2H).
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The followings facts will be needed in the sequel (we refer to [147] or [136] for
their proofs):

o If H > % the elements of 7 may be not functions but distributions; it is therefore
more practical to work with subspaces of H that are sets of functions. Such a
subspace is

T (T
|H| = {f 0, T] — R‘/ / |f(u)||f(v)||u — v 2dvdu < oo}
0 Jo
Then |H] is a strict subspace of H and we actually have the inclusions

L2([0, T7) € L7 ([0, T1) C [H| C . (1.8)

e The space |7{| is not complete with respect to the norm || - |3 but it is a Banach
space with respect to the norm

T T
||f||,2H|=/O /O £ @)||f )|l = v[2H~2dvdu.

o If H > % and f, g are two elements in the space |H|, their scalar product in ‘H
can be expressed as

T T
(f, hH = an /0 /0 dudvlu — o2 f (u)g(v) (1.9)
where oy = HQH —1).
e For H > %, define the “transfer” operator
T
Kio(s) =/ ()01 Ky (t,s)dt (1.10)
S

where 01 Ky (t,s) = ag—t”'(t, s). This operator provides an isometry between the

space H and L?([0, T]) in the sense that
HK*(pHLZ([O,T]) = ”(P”H
As a consequence, ¢ € # if and only if K*¢ € L2([0, T]).

o If H < % then the canonical Hilbert space is a space of functions. It can be defined
as the class of function ¢ : [0, T] — R such that

Ko € L*([0, T1)

where the transfer operator K}, is defined by

T
K¥9(s)=Ku (T, s) +/ (p(1) — 9(s))d1 (2, )d1. (1.11)
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The family (B (), ¢ € H) is an isonormal process in the sense of Appendix C.
Therefore it is possible to construct multiple stochastic integrals and Malliavin
derivatives with respect to this process. We will intensively use these techniques
later in this book. If ¢ € H, we define BY (p) = fOT @sdBH and we call this object
the Wiener integral with respect to B . This Wiener integral can be expressed as a
Wiener integral with respect to the Brownian motion by the transfer formula

T T
f sd B! = / Kjy(s)d W, (1.12)
0 0

where K7, is given by (1.11) if H < % and by (1.10) when H > %

1.2 Bifractional Brownian Motion

We will now focus our attention on a Gaussian process that generalizes fractional
Brownian motion, called bifractional Brownian motion and introduced in [90]. Re-
call that fBm is the only self-similar Gaussian process with stationary increments
starting from zero. For small increments, in models such as turbulence, fBm seems
a good model but it is sometimes inadequate for large increments. For this reason, in
[90] the authors introduced an extension of fBm which retained some of the proper-
ties (self-similarity, Gaussianity, stationarity for small increments) but enlarged the
modeling tool kit. Moreover, it happens that this process is a quasi-helix, as defined,
for example, in [98, 99].

Definition 1.2 The bifractional Brownian motion ( B[H’ K )r>0 1s a centered Gaussian
process, starting from zero, with covariance

1
RMK(t.5) = Rit.5) = 2 (7 +57)" =1 =sPPK)  u1y)
with H € (0,1) and K € (0, 1].

Note that, Bf-! is a fractional Brownian motion with Hurst parameter H € (0, 1).

1.2.1 Basic Properties

Proposition 1.6 The process is H K -self-similar.

Proof For every ¢ > 0 and s, t > 0 the following holds

RH’K ZHKRH’K(Z‘,S).

(ct,cs)=c
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Indeed,

RE-K (ct, cs) = 2%(((01‘)21-1 + (cs)ZH)K — et — cs|2HK)

— CZHKRH’K(Z‘,S)

and this implies that (Bg ’K),zo and (cf1K BTH ’K),zo have the same finite dimen-
sional distributions. O

The following inequality plays an important role in the stochastic analysis of
bifractional Brownian motion.

Proposition 1.7 Let T > 0. For every s, t € [0, T], we have

27K — s PHK <E(BHK — LK) <o1-K) 5 PHK (1.14)

BH’K

As a consequence, the process is Holder continuous of order § for any 0 <

§<H.

Proof The bound (1.14) has been proved in [90]. Since for any s, # > O the variable

BHE — BH-X has the same law as \/E(B,H’K —BEKY27 with Z ~ N(0, 1) it
follows that for any p > 1

E(B/K — BEKY —E|Z|PE(B"K — BIK)P? < |t — 5| KP

with ¢ = 2(172K )p. It remains to apply the Kolmogorov continuity theorem (Theo-

rem B.1). U

Inequality (1.14) shows that the process B7+X is a quasi-helix in the sense of J.P.
Kahane (see [98] and [99] for various properties and applications of quasi-helices).

The increments of the process B-X are not stationary, except when K = 1; this
can easily be seen since for every s,t >0

E|BZH,K _ B;{,K|2 _ (2HK | 2HK _ 21—K((t2H +S2H)K - S|2HK).
But they do satisfy the following.

Proposition 1.8 Ifo2(1) := E(B/LX — B )2, then

=21-K (1.15)

Proof Forevery t € [0, T]

of(t)=21_K82HK—|—(I+8)2HK+IZHK—ZI_K((I+S)2H—|—t2H)K.
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Then clearly

“2HK ;2 () = 1=K

lim ¢ m
e—0

The above property will be interpreted by saying that, for small increments, the
process B-K is ‘almost’ with stationary increments.

Unlike fractional Brownian motion, bifractional Brownian motion does not have
a Wiener integral representation. However, it does admit the following decomposi-
tion (see [109]). Define, for 0 < K < 1, the process

K * —01\p— 1K
X, = ; (l—e )9 2 dWy (1.16)

where (Wy, 6 € R,) is a Wiener process. Then XX is a centered Gaussian process
with covariance

oo
EX/ X[ = R¥(t,5) =/ (1—e ) (1= e )oK ap
0

_r(1—-K)

e (% +5% -t +9F). (1.17)

Proposition 1.9 Let (BtH K )i>0 be a bi-fBm and consider (Wg,0 > 0) a Wiener
process independent of BY:X _ Define for every t > 0
HK
Xt =XxE,
Then the processes (C1XH’K + BH’K),EO and (CQBIHK),ZO have the same law,

where Cy :1/F(] K) and Cy =2 I—K.

Proof Let

H,K

yHE = c x"k 4 plt¥

for every t > 0. Then by (1.17), for every s, >0
Ey/ K yHK - c2px [ K xHK L gp/t K pH-K
—2 K (tzHK 4+ 2HK _ (t2H +S2H)K)
+2—K((t2H +S2H)K i _S|2HK)

_ Z—K(tzHK 4 s2HE ) S|2HK). 0

1.2.2 Quadratic Variations when 2HK =1

The case 2HK =1 is very interesting. First note that the process B?X with
2HK =1 has the same order of self-similarity as the standard Wiener process. But
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it also has the same quadratic variations as Brownian motion, modulo a constant.
Let us discuss the asymptotic behavior of the quadratic variations of the bifractional
Brownian motion in the case 2H K = 1. A general result on variations of bi-fBm
can be found in Exercise 1.7.

We start with the following technical lemma.

Lemma 1.1 Let us consider the following function on [1, 00)

2
h) =y 4 (5= D = S (2 4 - )" (1.18)

where H € (0,1) and K € (0, 1). Then,

h(y) converges to 0 as y goes to 0. (1.19)
Moreover if 2HK =1,
1
lim yh(y)=-(1—-2H). (1.20)
y—+o00 4

Proof Lety = é, then

1 1 2
h(y) = h(g) = W[l + = — (14— e)zy)K}

Using Taylor’s expansion, for ¢ close to 0, we obtain
1 1
h o) T g2HK

lim h(y)= lin})h(l/&) =0.
e—>

y—>+00

(H*K (K — 1)e* +o(e?)). (1.21)

Thus

For the case 2HK =1, by (1.21) we have
1 /1 1 1
~h( =) == -2H)+ —o0(e?).
P (8) 4( )+820(£)
Thus (1.20) is satisfied. This completes the proof. g

Using the above lemma, we can prove that, for 2H K = 1, the bi-fBm has, mod-
ulo a multiplicative constant, the same quadratic variation as Brownian motion.

Proposition 1.10 Suppose that2HK =1,fixt > OandletO =1y <t) <--- <t =t
be a partition of the interval [0, t] with t; = %fori =0,...,n.Then

n
,_Z H.K H,K\2 1 .9
th = (Btj _Btj—l ) n—>—o>o Fl‘ inL (Q)
Jj=1
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Proof Let h be the function given by (1.18). A straightforward calculation shows
that, using Lemma 1.1,

n
Q1 ) t t
BV =22 TS
J=

To obtain the conclusion it suffices to show that

2
. 2 !
Jim E(V!)"= <2K_—1) :

In fact we have,

E(V") = E((B/M* - B K)(B["X — B/"K))%.

ti—1 tj tji—1
Let
pni, j) =E((BI"K — BILK)(BIK — BIMKY),

It follows by linear regression that

.. .. .. .\ 2 2
(i, ) = E(N2[60(G, )N 480G, ) — (6 1)) Na])
where N1 and N> are two independent normal random variables,

0(i, j) :=E((B* — B"X) (B[ X — B/"F))

fi-1 tj lj-1
= S [P P =2l =il = (P4 G = D) i - 1)
— (G =D+ 2 =i+ 10+ (6= D+ (G = 1)

and

Sl j) == E(BMS — /M X)’E(B/ K — BIIKY?,

tji—1

Hence
.. N} ..
pn (s ) =2(0n (i, j))" + 8a (i, J)-
For 1 <i < j, we define a function f; : (1, 00) — R, by

£ = (0 = D 4 2K (= 1) 4 (j = 1)>)K

— (2 4 PR (P 4 (- 12K
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We compute

fix) = w Kﬁl_ (x =D 4 (j—1)H K—1
A (x —1)*H G

_(sz +j2H>K1+<x2H+(j_1)2H>K1

2H 2H
=g(x—1)—gx) =0.

Hence f; is increasing and positive, since the function

D2H N K—1 . 2HN\ K—1
J G-D
gx) = (1+XZ—H) _<1+XZ—H)

is decreasing on (1, 0o). This implies that for every 1 <i < j
6006, )] = 53 £ < 5 £5() < ||
nitsJ - 2Kp it — 2Ky iy “n J

and |6, (i,i)| = L|h(i) +2| forany i > 1.
Thus

- .oN2 2t2 - N2 t2 - . 2
D0 P == Y (5 Y (k@) +2)
i=1

i, j=1 i<j
ij=1
Combining this with (1.20), we obtain that ) 0, (i, j)? converges to 0 as

n — 00. On the other hand, by (1.20)

n
i,j=1

u o2 g , 1 , 1 t\?
PIRACHIEEDS (h(z>+ 2,(—1)(/1(])4‘2,(—1) =% (2K—1> :

ij=1 i,j=1

Consequently, E(Vt”)2 converges to (ZK’—_I)2 as n — 00, and the conclusion fol-
lows. g

Proposition 1.11 If 2HK = 1 and K # 1, the process B#-X is a short-memory
process. If HK > % the process B"-X has long memory.

Proof Recall Definition A.3. We can write

rn) =E(B"* (B2 — BIKY)

1 1
:2_K(((n+])2H+1)K_nzHK)_Z_K(((n)2H+1)K_(n_l)2HK)

1 2HK 1
=1(3)
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where
) = (A +02 +x2H)% 1 — (14215 1 (1 - x)2HK
with
f'(x)=2HKx*"71G (x) —2HK G»(x)

where ((1 4+ x)2 4 x2H)K=1 _ (1 4 x2H)K=1 and G,(x) = (1 + x)*H
K= 4 )=t — (1 — x)?HK=1 Note that G{(0) = 0 and G/(0)
2H(K — 1) and G, (0) = 0 with

+

GH(0)=2H(K — 1)+ (Q2H — 1) + QHK —1).

Note that G5(0) = 0 if 2HK = 1! Therefore f(x) behaves as cst.x*H+1 if
2HK =1 for x close to zero and f (x) behaves as cst.x2 if 2HK > 1. O

Remark 1.1 Consider K = 1 in Proposition 1.10. Then H = % and we retrieve a
well-known result concerning Brownian motion.

1.2.3 The Extended Bifractional Brownian Motion

An extension of bi-fBm has been introduced in [21] as follows. Define the process
XX by (1.16) with K € (1,2).

Proposition 1.12 For every K € (1,2) the covariance of the process X is given by

KK_F(Z_K) k_ K _ K
EX; X_y —K(K_l)((t‘l‘s) t N )

for every s, t > 0.
Proposition 1.13 Assume H € (0, 1) and K € (1,2) with HK € (0, 1). Consider a

fBmBYK and an independent Wiener process W . Define XX by (1.16) as a Wiener
integral with respectto W.

H.K
xt=x5,
for every t > 0. Then the process
B/ =aBHX  px K

witha=~2""K and b=/ %2__1;0 is a centered Gaussian process with covari-
ance

RTK(t,5):=R(t,s) = ZLK((tz” + 52K — 2P

and hence is a bi-fBm.
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Proof One can follow the lines of Proposition 1.9. 0

The extended bi-fBm shares the properties of the bi-fBm with K € (0, 1): it has
the quasi-helix property (see Exercise 1.4), it has long memory for HK > % and

short-memory for HK < % (see Exercise 1.5). On the other hand, it is a semimartin-
gale for HK = % (see Exercise 1.6).

1.3 Sub-fractional Brownian Motion
This process was introduced in [33].

Definition 1.3 Sub-fractional Brownian motion (sub-fBm) is defined as a centered
Gaussian process (S,H )r>0 With covariance

R(t,s)=s*H 4121 _ %((s+t)2H +t—s*), 5,120
with H € (0, 1).

Sub-fractional Brownian motion arises from occupation time fluctuations of
branching particle systems (see [33]). It has properties analogous to those of fBm
(self-similarity, long-range dependence, Holder paths, variation and renormalized
variation and it is neither a Markov processes nor a semimartingale). Moreover,
sub-fBm has non-stationary increments and the increments over non-overlapping
intervals are more weakly correlated and their covariance decays polynomially at a
higher rate in comparison with fBm (for this reason, in [33] it is called sub-fBm).
The above mentioned properties make sub-fBm a possible candidate for models
which involve long-dependence, self-similarity and nonstationarity.

Remark 1.2 Trivially, for H = % the sub-fBm reduces to the standard Brownian
motion.

Proposition 1.14 The process S™ is self-similar of order H.
Proof Let ¢ > 0. It is immediate that for every s, > 0
R(ct,cs) = C2HR(t, K))
holds and this implies the H -self-similarity of the process. d
The increments of the process S¥ behave in the following way.
Proposition 1.15

(2 -2 —sPH <E(SF — STV <l —sP!, ifH>1)2
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and
It — s <E(SH —sH)Y? <=2 N -5, ifH<1/2.

Consequently, the process S™ has order continuous paths of order 0 < 8 < H.
Proof See [33] or [182]. Il
This means that sub-fBm is, like bi-fBm, a quasi-helix.
Proposition 1.16 For every s, t > 0,
E[sH — sH|? = 2201 (21 1 2H) 4 (0 4-5)27 4 (1 — 5)*
and in particular for every t > 0
E(s/)* = (2 - 221121,

From Proposition 1.16 we deduce that sub-fBm is not a process with stationary
increments.

Sub-fBm can also be defined in terms of the sum of the odd part and of the even
part of a fractional Brownian motion on the whole real line. Actually, we have

Proposition 1.17 Let (BIH )ter be a fBmon the whole real line, that is, a centered
Gaussian process with covariance

1
EBIBH = 5(|z|2H + s =t —s)*), s,reR
Define for t > 0

1
sH = —(BH + BH).

2

Then S™ is a sub-fBm.

Proof Tt suffices to compute the covariance of S and to verify that it coincides
with the covariance of sub-fBm. g

See also Exercises 1.9 and 1.10 for other properties of subfractional Brownian
motion.

1.4 Bibliographical Notes

The study of fractional Brownian motion has a long history. As mentioned ear-
lier, this stochastic process was introduced in [102] and first analyzed in [117].
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The original motivation to analyze this process came from empirical studies car-
ried out by the hydrologist Hurst, published in [96], that attested the presence of
long-range dependence in hydrology. The last two decades has seen intensive de-
velopment with regard to the stochastic analysis of this process. Various types of
stochastic integrals with respect to fBm have been introduced and various stochas-
tic equations driven by this process have been considered. We refer to the mono-
graphs [31, 95, 121, 125, 136] and the references therein for a detailed exposition
of this theory. Simultaneously with the development of the stochastic analysis for
fBm, new fractional-type processes have been introduced and studied. Bifractional
Brownian motion was defined in [90] and first analyzed in [159]. Subsequently, var-
ious properties of this stochastic process were revealed in, among other references,
[8, 21, 26, 72, 77, 104, 109, 113, 177]. Sub-fractional Brownian motion first ap-
peared as a limit of branching processes in [33] and has since been studied in many
works, such as [32, 44, 182, 183, 186] and [151] among others. There exist other
self-similar processes related to fractional Brownian motion. We refer, for example,
to mixed fractional Brownian motion which has been used as a model in financial
models (see [46]) or to multifractional Brownian motion (see e.g. [11]). Several ex-
amples of Gaussian self-similar processes related to fractional Brownian motion are
presented in [32].

1.5 Exercises

Exercise 1.1 Let B” be a fBm. Prove that for each T > 0 the following conver-
gences hold in L2(£2).

n—1

1
Z|B(1+1)T Bg P50 ifp> I
i 0 n n

and
Z|B —BHP S ot ifp:i
(z+1)T % 5 H
and
‘B(H»I)T_ NS ifp<l
7 H
with p, =E|N (0, D)|?.

Exercise 1.2 ([90]) Prove that the right-hand side of (1.13) is a covariance function.
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Exercise 1.3 ([90], Proposition 2.3) Assume (B,K’H),Zo is a bi-fBm. For every H €
(0,1)and K € (0, 1],

H,K H,K
Bt - Bt()
tr—1

lim sup =400

8—>0te[t0 &,10+¢€]

with probability one for every ty. Deduce that the trajectories of the bi-fBm (and
hence those of the fBm) are not differentiable.

Exercise 1.4 ([21]) Let BH¥-X be a bi-fBm with H € (0, 1), K € (1,2) and HK €
(0, 1). Prove that for every s, ¢

21Ky — s PHK <g(BHK — BHK) <1 — K if0<H <

| =

and

_ 2 _ .
217K s PHE < g(BK — BEK) < 22K —gPHE i g >

| =

Exercise 1.5 ([21]) Let B-X be a bi-fBm with H € (0, 1), K € (1,2) and HK €
(0, 1). Prove that this process has short-memory if HK < % and it has long memory

: 1

Exercise 1.6 ([21]) Let Bf-X be a bi-fBm with H € (0,1), K € (1,2) and HK €
(0, 1). Prove that it is a semimartingale when 2HK = 1.

Exercise 1.7 Let B-X a bi-fBm. Prove that for each 7' > 0 the following conver-
gences hold in L2(£2).

1
Z|B(z+1)r_ ) if p>—
H
and
. 1
Z|B<z+nl)r_ p—>,0%t 1fp:§
and
1
Z|B<z+1>r— K17 5 o0 ifp<—
" H

with p, = E|N(0, 1)|?. Deduce that the bi-fBm is not a semimartingale if
2HK #1.

Exercise 1.8 For every K € (0,1] and H € (0, 1), the process B is not a
Markov process.
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Hint The argument is the same as in the fBm case. Recall that (see [155]) a Gaussian
process with covariance R is Markovian if and only if

R(s,u)R(t, 1) = R(s,t)R(t,u)

for every s <t <u. It is straightforward to check that BH-K does not satisfy this
condition.

Exercise 1.9 Let S” be a sub-fBm and B be a fBm. Denote by RS" and RB"
their covariance functions respectively. Prove that for every s, > 0

1
RS (1.5)> RB" (1,9 ifH <
and

1
RS (1,5) < RB" (1. 9) ifH > 2.

Exercise 1.10 Let S” be a sub-fBm. Prove that for each T > 0 the following con-
vergences hold in L?(£2).

. 1
Z|S(z+1)r P if p> o
and
n—1 :
Z‘S(H—])T S% LN p%T if p= E
i=0
and
|S(:+1)T P oo ifp< 1
H

wMumszmJﬂE

Exercise 1.11 (See [163]) Define fors <t andn > 1

K"(t,s)::n/s K([m] )du
s—1 n

where K is the kernel of the fractional Brownian motion (1.3) and put

[n1]
n

where [-] denotes the integer part. Prove that the disturbed random walk B™ con-
verges weakly, as n — 00, to the fractional Brownian motion in the Skorohod topol-

ogy.
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Exercise 1.12 Let H be the canonical Hilbert space associated to the fBm on [0, T'].
Show that

2 2 2H-1 2
||¢||’H§b[-1t ”¢||L2[O,T]'

Exercise 1.13 ([51]) Let H be the canonical Hilbert space associated to the fBm
with H > % Let f(x) =cos(x) and g(x) = sinx for x € R. Then foreverya, b € R,
a<b

b—a
Hfmww%=ayf dveos@ (b —a — v)
0
b—a
+ay cos(a—i—b)/ dvv*2sin(b —a — v)
0
and
2 bra 2H-2
||g1(a)b)||H=ocH/ dvcos(v)v" (b —a—v)
0
b—a
—ay cos(a+b)/ dvv2H_zsin(b—a—v).
0
Exercise 1.14 ([51]) For every a, b € R witha < b,
b b
/ / dudvsin(u — v)|u — v|2H_2 =0
a a

1
for every H > 5.

Exercise 1.15 ([14]) Letg(t) =sint,t € [0, T'] and denote by H (0, #) the canonical
space of the fBm on (0, ¢). Then show that

7|~ D,

5 _ (sintT — tsinT)% + (costT — cos T)?
”(p”H((),T) =CH e (1_2 — 1)2
where cy = I'(2H + 1) sin(m H)/(27).
Exercise 1.16 Let B, B2 pe two fractional Brownian motions with Hurst pa-
rameters Hj, H, respectively. We will assume that the self-similar parameters H;
and H; are both bigger than % We will also assume that the two fractional Brown-

ian motions can be expressed as Wiener integrals with respect to the same Wiener
process B as

H ' H—3
B, :c(Hl)/dBy/ (u—y), ‘du,
k 0 (1.22)

t _3
B" =c(H2)/RdBy/O W=y 2du

where the constants c(H), c(H,) are such that E[(BIHI)Z] = E[(BIHZ)Z] =1
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1. Prove that

Hi(2H; - 1)
H))? = ) 1.23
= e 2w m - D =

2. Lett > 5. Then show that
E[(8/" - B/")(B/" — B/")] = b(H1. Hy)lt — s

where

_ c(Hye(H) _ 1 _ 1
b(Hl,Hz)_ZH(zH_l)(,B(Z 2H, Hy 2>+ﬁ<2 2H, H, 2))

where c(H1), c(Hy) are given by (1.23).

Exercise 1.17 Another type of variation for a stochastic process has been defined
by Russo and Vallois in [158]. These variations are mainly used in the context of
stochastic calculus via regularization.

We will use the concept of a-strong variation: that is, we say that the continuous
process X has an «-variation (« > 0) if

ucp — lim — / | Xsre — Xs|%ds  exists. (1.24)

e—>0¢&

Here ucp stands for the uniform limit in probability. The limit is denoted by [ X ]];a).

Let B be a fBm. Prove that for every r € [0, T']
[B1” =0 if pH > 1

and

B1" =00 if pH <1.

Exercise 1.18 (See [159]) Let (BIH’K )ref0,7] be a bifractional Brownian motion
with parameters H € (0, 1) and K € (0, 1]. Then

[B7K] =0, ifa> ﬁ

and

1
BHK] =25k pygt ifa=—0,
1571, prurt TE=HK

where pyx =E|N|'/#K N being a standard normal random variable. Discuss the
case 2HK =1.



22 1 Fractional Brownian Motion and Related Processes

Exercise 1.19 ([19]) Consider the family of stochastic processes (1:).~0 defined
by

t
ne (1) :/ K(t,5)0.(s)ds (1.25)
0
where
1 N(S
Be(s) = — (="
&
(these are called the Stroock kernels) or
1 & s
Oe(s) = - I;ék 1[k—1,k[(8_2>

(these are called the Donsker kernels) where &, k > 1 are independent with zero
mean and variance one. Prove that the family 5, converges weakly in the space
Co(0, 1) (the space of continuous functions on [0, 1] vanishing at zero) to the fBm.

Exercise 1.20 For every ¢ > 0, H € (0,1), K € (1,2) with HK € (0,1) and ¢ €
[0, T'] define

2 (7 2
B K (1) = —/ K"Kt 5)sin(ON =" )ds
€ Jo

and

1+K

2 [ . 2
O —/ (1—e=")s™"5" cos(ON 7 )ds.
€ Jo
Then prove that the family of stochastic processes Y, given by
Ye(t) =aBHK 4 pxH-K

converges weakly in the space C[0, T'] (the space of continuous functions on [0, T'])
to the extended bi-fBm.

Exercise 1.21 Let XX be the process defined in Proposition 1.9. Prove that, as
h — oo

E[(X/5K —xP 5V = ra - kK "2KH2K (1 - K)P2RPHED(1 4 0(1)).

Exercise 1.22 Let BZ-K be a bi-fBm. Then show that

By — By " 120) =@ 2U7OLBIK 1 20) ash— oo,

where =@ means convergence of all finite dimensional distributions.
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Exercise 1.23 ([113]) Let us denote by

r0,n) =E[B]"* (BT — BIX)]

and for every a e N

raa+n) =E[(Bt — BF) (B — Biin)]: (1.26)

1. Show that for every n > 1

r(a,a+n) =:2"%(f,(n) + g)), (1.27)
where

fa) = (@+ D + @+n+ 1" — (@ + D + @ +n)*")*
— (@ + @+n+ )" 4 (@ + @4k

and for every n > 1

gm)=m+ 1)2HK +(n— I)ZHK —2n?HK,

2. Show that:
(i) The function g is, modulo a constant, the autocorrelation function of the

fractional noise with Hurst index H K . Indeed, for n > 1

) = 2K[ B/ (81K — B11%)].

(ii) g vanishesif 2HK =1.
(iii)
xH.K

fa(n) = _ZKC%E[(X;{JFII{ - Xf'K)(XﬁfH — Xatn )]

—. X (a,a+n)

for every a and n, where XX is given in Proposition 1.9.

3. Analyze the function f, to understand “how far” bifractional Brownian noise is
from “fractional Brownian noise”. In other words, how far is bifractional Brow-

nian motion from a process with stationary increments.
Concretely, show that for each n the following holds as a — oo

fan) =2H?K (K — Da>H#E=D (1 4 o(1)).

Conclude that lim,_, o f;(n) = 0 for each n.
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Exercise 1.24 ([113]) For a,n >0, let r(a, a + n) be given by (1.26). Then prove
that for large n

r(a,a+n)= 2_K[2HK(2HK — 1)n2HE-D
+HK(K — 1)((a + 12— aZH)n2(HK71)+(172H) 4. ]
Deduce that for every a € N we have

Zr(a,a—i—n):oo if2HK > 1

n>0
and

Zr(a,a+n)<oo if2HK <1.

n>0

Exercise 1.25 (See [44]) Let 0 < H < 1 and define
©° 3
xH =/ (1—-eo2""aw,
0

where (Wp)g>0 is a Wiener process. Let B be a fBm independent from W. Prove

that:
| HQH-1) _,; g
sH= |- ——— ~xH_.p
! 2re—2H)""! + 5
|HQH—1) 4
sH= | — ~xH,p
! 2r2—2H)""! + 5

Exercise 1.26 ([29]) Consider a fBm (B,H),Zo with H > % and let

1. If H < % the process

is a sub-fBm.
2. If H > % the process

is a sub-fBm.

Y, =at + B

with a € R. Define

NY .1
~ Zi,j:l ]Fi,j Y;

ay=N (1.28)
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Iftjzﬁ we let Y;; = Y; and

r;,;=Cov(BY, BY).
N N

1. Show that

v —a=N (1.29)

where the I I are the entries of the matrix 1"*1

2. Deduce from (1.29) that ay converges to a almost surely and in L?, p > 1.
(Actually ay is a consistent estimator for the drift parameter a.)



Chapter 2
Solutions to the Linear Stochastic Heat
and Wave Equation

In this chapter we analyze the basic properties of some self-similar Gaussian pro-
cesses that are solutions to stochastic partial differential equations with additive
Gaussian noise. We will see that some of these processes are closely related to the
fractional-type processes discussed in Chap. 1. The noise of the equation will be
defined in various ways: white (meaning that is behaves as a Brownian motion) or
corelared (“colored”) in time and/or in space. The general context is as follows:
consider the equation

Lu(t,x) = Au(t, x) + W(t, x) (2.1)
with 7 € [0, 7] and x € R? and with vanishing initial conditions. Here A is the
Laplacian on R?

d 2
0“u
Au = —
2

27
X

W is the noise of the equation and L is a first or second order operator with constant
coefficients. In our analysis, we will consider the heat equation and then

9
Lu(t, x) = a—l:(t,x), 1[0, T], x € R

or the wave equation and in this case

9%u d
Lu(t,x)= W(t,x), te[0,T], x eR".

Usually, the solution to (2.1) is defined through its mild form

'
u(t,x):/f G({t—s,x—y)dW(s,y)
0 JRI

where G is the solution of Lu — Au = 0 and the above integral is a Wiener in-
tegral with respect to W. This Wiener integral can be understood in the sense of

C.A. Tudor, Analysis of Variations for Self-similar Processes, 27
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Appendix C. Essentially the solution to (2.1) exists when this Wiener integral is
well-defined and this happens when the integrand G belongs to the Hilbert space
associated to the Gaussian noise W. In order to study the existence and the proper-
ties of the solution to (2.1), an important fact is the structure of the canonical Hilbert
spaces associated with the noise and this depends on the covariance structure of the
noise.

We denote by C5°(RYT) the space of infinitely differentiable functions on R?*!
with compact support, and S(R?) the Schwartz space of rapidly decreasing C>
functions on R and by S’(R¢) its dual. For ¢ € L' (R?), we let F¢ be the Fourier
transform of ¢:

Fot) = / g (x)dx.
]Rd

2.1 The Solution to the Stochastic Heat Equation
with Space-Time White Noise

We will first discuss the properties of the solution to the stochastic heat equation
with additive Gaussian noise that behaves as a Wiener process both in time and in
space.

2.1.1 The Noise

Let us first introduce the noise of the equation. Consider a centered Gaussian field
W ={W(t, A);t €[0,T], A € By(R?)} with covariance

EW(, AW (s, B)=(t ASAM(ANB), 1€[0,T], A € By(R?) (2.2)

where A denotes the Lebesgue measure. Also consider the stochastic partial differ-
ential equation
u 1

— =—Au+W, tel0,T], xeR?
ar 2 (2.3)

u@©,x)=0, xeR?,

where the noise W is defined by (2.2). The noise W is usually referred to as a space-
time white noise because it behaves as a Brownian motion both with respect to both
the time and the space variable.

The canonical Hilbert space associated with the Gaussian process W is defined
as the closure of the linear span generated by the indicator functions 1jg /x4, t €
[0,T], Ae B, (Rd ) with respect to the inner product

(110,1x 4> [0,51xBYH = (E AS)L(AN B).

In our case the space H is L2([0, T] x RY).
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2.1.2 The Solution

This mild solution is defined as

T
u(t,x):/ / Gt —s,x—y)W(ds,dy), te[O,T],xeRd 2.4)
0 R4

where the above integral is a Wiener integral with respect to the Gaussian process
W (see e.g. [13] for details) and G is the Green kernel of the heat equation given by

Q)2 exp(— 'x‘ ) ifr>0, x e R4

25
ifr<0,x eRY. (2.5)

G(t,x):{

The Wiener integral in (2.4) is well-defined whenever the function (s,y) —
G(t —s,x — y) belongs to L%([0, T] x RY). As we will see in the sequel, this is
not always the case and it depends on the spatial dimension d. Consequently the
process (u(t, x),t € [0, T], x € R), when it exists, is a centered Gaussian process.
We also need the following expression of the Fourier transform of the Green kernel

2
FG(, )(s)_exp<—ﬂ), t>0,&eR? (2.6)

where FG(t, -) denotes the Fourier transform of the function y — G(t, y).

Proposition 2.1 The solution (2.4) exists if and only if d = 1. Moreover, the covari-
ance of the solution (2.4) satisfies the following: for every x € R we have

E(u(t,x)u(s,x)):\/%(\/t+s—\/|t—s|), foreverys,t €[0,T]. (2.7)

Proof Fix x € R4, For every s,t € [0, T], using that for any ¢, { € S(RY),

/(p(X)Iﬁ(X)dX=(2ﬂ)*df Fo@)Fy(é)dé (2.8)
Rd Rd

we get
tAS
Eu(t, x)u(s, x) :/ du/ G({t—u,x —y)zdy
0 R4
= Q7)™ /S du /d dEFG({t —u,x —)E)FG(s —u,x —)(&)
0 R

=@n)™ /Sdu/ dgem10WIR gm0 lER (2.9)
0 R4

and then, if s <t

Eu(t,X)u(s,x)=(2n)‘d/Sdu(t+s—2u)—%[ dge 2160
0 R4
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§ d
= ()72 / du(t +s—2u)"2,
0

Take ¢t = s. Then
t
Eu(t,x)2=(2n)_d/2/ du(t —u)~?
0

and it is obvious that the integral above is finite if and only if d = 1. In that case,
from (2.9)

Eu(t, x)u(s, x) = 2m) "2 ((t +5)7 — (t — 5)?). 0

This fact establishes an interesting connection between the law of the solu-
tion (2.4) and the bifractional Brownian motion from Sect. 1.2.

Corollary 2.1 Let (u(t,x),t €[0,T],x € Rd) be given by (2.4). Then for every
xeR

1

(u(t,x),1 €[0, T]) =9 (x/EB,f’%,t e [0, T1)

1 1 . . . . . .
where B?'2 is a bifractional Brownian motion with parameters H = K = % and
c:=27K ﬁ Here =D means equivalence of finite dimensional distributions.

Proof The assertion follows from relation (2.7) and Definition 1.2. O

Remark 2.1 From (2.7), it follows that the stochastic process defined by (2.4) is
self-similar of order % with respect to the variable 7.

2.2 The Spatial Covariance

The restriction d = 1 for the existence of the solution with space-time white noise
is not convenient because we need to consider such models in higher dimensions.
This has led researchers in the last few decades to investigate other types of noise
that would allow such consideration of higher dimensions.

We begin by introducing the framework. Let 1 be a non-negative tempered mea-
sureon R?, ie. a non-negative measure which satisfies:

1 1
/ <T|€|2> w(d&) < oo, forsomel > 0.
]Rd

Since the integrand is non-increasing in /, we may assume that / > 1 is an integer.
Note that 1 + |£|% behaves as a constant near 0, and as |&|? at 0o, and hence (2.10)
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is equivalent to:

1
/ u(dé) <oo, and / ,u(d?;)—zz < oo, forsome integer/ > 1.
£l<1 HE &1

(2.10)
Let f:R? — R, be the Fourier transform of x in S'(R?), i.e.

[ reewn = [ Fowmae. voes).
R4 R4
Simple properties of the Fourier transform show that for any ¢, ¥ € S(R?),

//w(X)f(x—y)w(y)dxdy=(2ﬂ)*d/ Fo@&)Fy@E)pds). (2.11)
R4 JRd R4

2.3 The Solution to the Linear Heat Equation
with White-Colored Noise

2.3.1 The Noise

Consider the so-called white-colored noise, meaning a Gaussian process W =
{(W(,A),te[0,T],Ae Bb(Rd)} with zero mean and covariance

EW(t,A)W(t,B):(t/\s)//f(x—y)dxdy. 2.12)
AJB

The noise W behaves as a Brownian motion with respect to the time variable and it
has a correlated spatial covariance. Here the kernel f should be the Fourier trans-
form of a tempered non-negative measure ;. on R as described in the previous
paragraph.

Under this assumption the right-hand side of (2.12) is a covariance function.
There are several examples of such kernels f.

Example 2.1 The Riesz kernel of order o:
f@) = Ry(x) :=yaalx| ™, O0<a<d,
where yy. g =272 ((d — «)/2) /T («/2). In this case, u(d&) = |&|“dE.

Example 2.2 The Bessel kernel of order «:
o0 2
P = Buwy =y [ eI g, g,
0

where y, = (47)%/>I'(a/2). In this case, u(d€) = (1 + |£>)~*/?dE.
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Example 2.3 The Poisson kernel
F@) = Poa) =y (I +0?) T2 s,
where v/, =7~ @*D/21((d + 1) /2). In this case, p(d§) = o4 alEl gg
Example 2.4 The heat kernel
F@) = Gax) 1=y ge /00 g 50,

where ./ ; = (4m) 4/, In this case, u(d§) = ™™ ¥  ds.

With the Gaussian process W we can associated a canonical Hilbert space P. The
space P defined as the completion of D((0, T') x R?) (or the completion of &, the

linear space generated by the indicator functions 1o x4, t € [0,T], A C B(Rd))
with respect to the inner product

T
<W!f>7>=/ / / @, x) f(x —y)¥(t, y)dydxdt
0 R4 JRY

has been studied by several authors in connection with a Gaussian noise which is
white in time and colored in space. In particular this space may contain distributions.

2.3.2 The Solution

The solution is defined again by (2.4) with W given by (2.12). The necessary and
sufficient condition for (2.4) to exist has been proven in [59].

Proposition 2.2 The stochastic heat equation with white-colored noise given by
(2.12) admits a unique solution if and only if

1
/Rd TWM(G'%) < 0Q.

Proof Foreveryt € [0,T] and x € R4, using (2.6) and (2.11)
t
Eu(t, x)* = / du/ / Gt —u,x—y)G(t —u,x —y) f(y—y)dydy
0 RY JRA
t
- <2n>—d/ du /d W& FG(t —u,x — Y EFGT — 1,3 = (&)
0 R

t
=(2n’)_d/ du/ M(dg-)e—%(T—M)lé'lze—%(l—u)lélz
0 R4
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t
= (Zn)_d/ du/ ;L(dé)e_(’_“)lgl2
d

—Cm ! [ pder (1= ).

One can prove that

1
1+ &2

1
clim—s < s (l—e ) <y
"1+ g2 |§|2( )= e

with ¢y, cp; strictly positive constants that may be dependent on ¢. It can also
be checked that the Green kernel belongs to the space P and the desired result is
obtained. g

Remark 2.2 It has been proved in [59] that even in the non-linear case the stochastic
heat equation u; = 2Au + g(u)W (with standard assumptions on g) with white-
colored noise admits a unique solution if and only if

1
/ <1+|s|2>”“(d§)

Obviously, this condition is also meaningful in higher dimensions. For example
in the case of the Riesz or Bessel kernels, we have the following.

Corollary 2.2 Suppose that the spatial covariance is given by the Riesz kernel (Ex-

ample 2.1) or by the Bessel kernel (Example 2.2). Then the stochastic heat equation
with white-colored noise admits a unique solution if and only if

d<2+a.

This implies that one can consider every dimension d > 1.
It is possible to compute the covariance of the solution with respect to the time
variable; actually for fixed x € R, d # 2 and for every s <t we have

Eu(t, x)u(s, x)
tAS
=/ du/ / Gt —u,x—y)G(s—u,x =) f(y —y)dydy
0 Re JRd
= (277)_d/0A du /Rd n(d&)FG({t —u,x —)E)FG(s —u,x —-)(§)

N
=(2n)_d/ du/ (1(dg)e™ 2 (—WIER g=3 (=0l (2.13)
0 R4

For the Riesz kernel, this gives
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Proposition 2.3 Suppose we are in the case of the Riesz kernel f of order a (see
Example 2.1). Then for every x € R¢ and for every s, t € [0, T

Eu(t, x)u(s, x) = C((t Fo) T = s)‘d%‘“rl)

where

Co= |:(27T)_d /Rd /L(d%‘)e_%szZ_K]__ (2.14)
7

Proof Consider s < t. From (2.13), by the change of variables E=1+s —2ué

Eu(t, x)u(s, x) = 2m)~¢ /Sdu(wrs—2u)—%/du(ds)e—%'¥'2
0 R

= [ wane e
R -5 +1
s (49T = (=97 T, 0

As a consequence, in the case of the spatial covariance given by the Riesz kernel,
the solution of the heat equation with white noise in time coincides in distribution
with, modulo a constant, a bifractional Brownian motion.

Corollary 2.3 For fixed x € R?, the solution to the white-colored heat equation
coincides in distribution with

(COB!H’K)te[O,T]

where BH-X is a bifractional Brownian motion with parameters H = % and K =

1 — 5% and Cy is defined in (2.14).

Proof This follows from Proposition 2.3 and the expression of the covariance of the
bi-fBm in Definition 1.2. O

Remark 2.3 In the case « = 0 and d = 1 (corresponding to the space-time white
noise case) we retrieve the formula (2.7) because [ ,u(dé;‘)e_% 617 = 2.

Corollary 2.4 The solution of the heat equation with additive white-colored noise
and with the spatial covariance given by the Riesz kernel of order « is self-similar
of order %(1 - d%a).

Proof This is a consequence of Corollary 2.3 and of the self-similarity property of
the bi-fBm (Proposition 1.6). g
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Remark 2.4 Note that 1 — d%“ > 0 because d <o +2and 1 — d%"‘ < 1 because
a <d. When o =0 and d = 1 (the space-time white noise case), the self-similarity
order is %.

2.4 The Solution to the Fractional-White Heat Equation

In the sequel, the driving noise of the equation will behave as a fractional Brownian
motion with respect to its time variable.

2.4.1 The Noise

On a complete probability space (£2, F, P), we consider a zero-mean Gaussian
process WH = {(WH(t, A);t€[0,T], A e By (R9)} with covariance:

EWHt, AWH (s, B) = Ry (t, )MAN B) =: (Lj0.1x 4> Lpo.s1xB)3 (2.15)

where A is the Lebesgue measure. This noise is usually called “fractional-white”
because it behaves as a fBm in time and as a Wiener process (“white”) in space.

We will assume throughout that the Hurst parameter H is contained in the inter-
val (3, 1).

We introduce now the canonical Hilbert space associated to the noise. Let £
be the set of linear combinations of elementary functions 1o x4, € [0, T],
A € B,(R?), and H be the Hilbert space defined as the closure of £ with respect
to the inner product (-, -)7.

We have, for f, h € H smooth enough

T T
(fog)u=an / / dudv f dylu—vP 2 f (g ) (2.16)
0 0 R4

where oy = HQH — 1).
The map 1jo,sxa — W,H (A) is an isometry between £ and the Gaussian space
of W# which can be extended by density to 7. We denote this extension by:

T
</H—>W(<p)=/ f o(t, YWH dr, dx).
0 R4

The above integral is a Wiener integral with respect to the Gaussian process W
This Wiener integral can be expressed as a Wiener integral with respect to the space-
time white noise W which has a covariance given by (2.15). Actually, we will use
the following transfer formula (see [112]).
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Proposition 2.4 If f € H then

T _3
/ / f(S,y)dWH(S,y)=// (/ l(o,T)(u)f(M,X)(u—S)il 2dM>dW(s,y)
0 Jre R JRI \JR .

where W is a space-time white noise with covariance (2.2).
The representation (2.17) is obtained using the moving average expression of the
fractional Brownian motion (1.7). See also Sect. 3.1.3 in the next chapter. Notice that

a similar transfer formula can be written using the representation of the fractional
Brownian motion as a Wiener integral on a finite interval (see e.g. [136]).

2.4.2 The Solution
Let us consider the linear stochastic heat equation
1 > d
u,:EAu—i-WH, tel0, T, xeR (2.18)

with u(.,0) = 0, where (W#(z, X))sef0.7].xerd 18 @ centered Gaussian noise with
covariance (2.15). The solution of (2.18) can be written in mild form as

t
U(t,x):// G(t—s,x—y)WH(ds,dy), te[O,T],xe]Rd (2.19)
0 JRd

where the above integral is a Wiener integral with respect to the noise W# and G is
given by (2.5).

Theorem 2.1 The process (U(t, X)),c[0,7].xerd €Xists and satisfies

sup  E(U(t,x)?) <400
te[0,T],xeRd

ifand only ifd < 4H.

Proof We have, as in the case of white noise, using (2.16) and using the expression
of the Fourier transform of the Green kernel (2.6),

t t
E|U(t,x)|* = (2n)*daH/ / dudv|u—v|2”*2/ e 2P QU=
0 JO R4
t t d
= (27r)_d/2aH/ / dudvlu — v/ 1722t —u—v)"2
0 JO

t t
- (271)_d/2otH/ / dudvlu — v 2 +v)~5
0 JO
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and the last integral is finite if and only if 2H > %. 0

Remark 2.5 This implies that, in contrast to the white-noise case, we are allowed to
consider the spatial dimension d to be 1, 2 or 3.

Suppose that s, ¢ € [0, T'] and let
R(t,s) = E(U(t, x)U (s, x))
where x € R? is fixed. We will see that R does not depend on x.

Proposition 2.5 Fors,t €[0,T]
t s d
R(1,5) = ocH(zn)‘d/2/ f u—vPH72((t +5) — (u +v)) " 2dvdu.  (2.20)
0 Jo
Proof The following holds
t N
R(t,s) = (Zn)_dotH/ / dudvlu — vIZH_Z/ e_%‘s‘z(’“_”_”)
0 Jo R4
t ps d
= aH(Zn)*"/z/ f = o2 +5) = (u+v) 2dvdu.
0 Jo

oge . .. . d
Proposition 2.6 The process U is self-similar (with respect to t) of order H — 5.

Proof This is an immediate consequence of relation (2.20). Indeed, for every ¢ > 0,

ct cs d
R(ct,cs) = aH(Zn)_d/2/ / | — |22 ((ct + ¢s5) — (u +v)) " 2dvdu
0 0
=c2H_%R(t,s)

by the change of variables it = 2,0 = ¢. O

In this part we will focus our attention on the behavior of the increments of the
solution U (t, x) to (2.18) with respect to the variable . We will give sharp upper
and lower bounds for the L?-norm of this increment. We will assume in the sequel
that T = 1. Concretely, we prove the following result.

Theorem 2.2 There exists two strictly positive constants Cy, Co such that for any
t,s €10, 1] and for any x € R4

Cilt — s]PH=%2 <E|U(t,x) — Us, x)|* < Calt — 515 2.21)
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Proof By c,c(H) ... we will denote generic constants. We can write, for every x €
R? 5,1 €0, 1]

E|U(t,x) = Us, )|
=R(t,t) —2R(t,s)+ R(s, s)

=c(H) /S /dedu|u - UIZH_Z[(ZI —(u+ v))_
0 JO

.y
2

[N

—“2(C+9)—@+v) 2+ (25— (u+ v))_%]

t t
+/ / dvdulu — v[* 72 (2t — (u +v))~
N N

t N d
—zf du/ dvlu —vPH2[((t+5) — @+v) "2 — (2t — (w+v))~
K 0
=A+B-C.

[N

(ST

]

Since the term C is positive, we clearly have

E|U(t,x)— U(s,x)|* <A+ B.

The term B can easily be estimated. Indeed, by the change of variables u =
s—u,b=v—sandthenii =, 0 ="

t—s’
B=c(H)(t —s)*H5. (2.22)
Let us now consider the term A. By the change of variables it =5 —u, v =v —s
and then &t = % U= ﬁ we have

S S
A:f / dudu|u—v|2H—2[(2t—2s+u+u)—%’
0 JO
d d
—2(t—s+u+v)_7+(u—|—v)_7]
=(r—s)2H—%/H /7 dudvlu —v2H2[2 4 u+v)"*
0 0
_d _d
—(+u+v)" 2+ @+v)?]
-4 [T [ 2H-2 -4
<(t—ys) 2 dudv|u — v| [(2+u+v) 2
0 0
—Atu+v) T+ @+v) 7] (2.23)

Note that the integral [;° [ dudvlu — v|*T2[2 +u + V(U +utv) s+

d_ . . o . . ..
(u + v)~ 2] is finite: it is finite for u, v close to zero since 2H — % > ( and it is also
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finite for u, v close to infinity because
_d _d _d _d_y
[C+u+v) "2 —(A+u+v) 24+ @+v) 2] <cu+v) 2
(this can be seen by analyzing the asymptotic behavior of the function (2 + x)_% -
2(1 + x)’% + x’%). By (2.22) and (2.23) we obtain the right-hand side of (2.21).

Let us now consider the lower bound. Using the Wiener integral representation
(2.19) of the solution U (¢, x), we can write, for every x € RY

1
U(t,X)—U(S,y)Z/ / (Gt —a,x —yona
0 JRA

—G(s —a,x — Y o5 @)dW(s,y)

and by the transfer rule (2.17)
H-3
U(t,x)—U(s,y) = /Rﬁl;{ldW(a, y)(/RduG(t —u,x — ) lonw)w—a), *

- f duG(s — u, x — y) (0.5 ()t — a)f3>
R

where W is a space time white noise given by (2.2).
Now, by the isometry of the Brownian motion W we get

E‘U(t,x)—U(s,x)‘z=/R/I‘Rddady</RduG(t—u,x—y)l(o,,)(u)(u—a)f_%
H-3\?
—/duG(s—u,x—y)l(o,s)(u)(u—a)+ 2)
R

t _3
z/ / dady(/ duG(t—u,x—y)l(o’z)(u)(u—a)f 2
s JRd R

H-3\"
—/duG(s—u,x—y)l(o,s)(u)(u—a)+ 2)
R

t t ; 2
=/ da/ dy(/ duG(t—u,x—y)(u—a)H_i)
K d a

because the part on the interval (0, s) vanishes. By interchanging the order of inte-
gration,

E|U(t,x) = Us, )|

t ¢ pt
Z/ da/ dy/ / dvdu
s R4 a Ja

X Gt —u,x = u—a) 3G —v,x —(—a) 3
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t t
=/du/ dv/ dyG(t —u,x —y)G(t —v,x —y)
s s R4
v

un 3 3
x/ (u—a)H_f(v—a)H_fda.
)

We recall that (see e.g. [13]), for every x € R4

_d
/ dyG(t—u,x—y)G(t—v,x—y):c(2t—(u+v)) 2 (2.24)
R4
and, when v < u, by the change of variable z = /=7, we have

UAv 3 3 E ;
f da(u—a)f 2 (v — )72 = (u — 0?72 / 11— )Mz,
s 0

(2.25)
Therefore, by (2.24) and (2.25)

E|U(t,x)—Us, x)|

(W=—)A(u—s)

! ! _d (u—s)V(v—s) 3
2/ du/ dv(2t — (u +v)) 2|u—v|2H_2/ ZH_%(I—z)I_ZHdz
N N 0

t—s e
=/ dudv(u +v)~ % |u — o2 H=3(1 - g2y
0 0
2H-¢ bt 4 2H-2 e H-3 1-2H
=(t—5) *7/ / dudv(u+v)" 2 |u — v| 7/ 727721 —z) ~"dz
o Jo 0
—C(t—5)2H%,

where in the third and fourth lines we used successively the change of variables

u—s=iu,v—s="0vand = =i, = = 0. The proof of the lower bound follows

VAU
since the integral fol fol dudv(u + v)’%lu — y|2H-2 Joo zH’%(l — )2l gz s
clearly finite when H > % g

Remark 2.6 The above result implies that the process U is Holder continuous of or-
der H — % in time (this coincides with the self-similarity order, see Proposition 2.6).
This extends the case of the space-time white noise in dimension d = 1 (recall that
the solution of the heat equation with space-time time white noise is Holder con-
tinuous of order %). Note also that in the case d = 1 the upper bound has also been
obtained in [108] or [36].
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2.4.3 On the Law of the Solution

Consider the process U given by (2.19). Suppose that s <t and recall the notation
R(t,5) = E(U(t, x)U (s, x))

where x € R? is fixed. Also recall the formula (2.20)

t N
R(z,s)zaﬂ(zn)—%/ f |u—v|2H_2((t+s)—(u—i—v))_%dvdu
0 J0

withag = HQH — 1).

The purpose of this section is to analyze the covariance of the solution U (¢, x)
and to understand its relation with bifractional Brownian motion. Corollaries 2.1
and 2.3 say that, when the noise is white in time, the solution coincides in distribu-
tion with a bi-fBm. Proposition 2.2 shows that its increments have a similar behavior
as those of the bi-fBm. But we will see that the situation is different if the noise is
no longer white in time.

The following proposition gives a decomposition of the covariance function of
U(t,.) in the case d # 2 i.e. d = 1 or d = 3 since the solution exists for d < 4H.
The lines of the below proof will explain why the case d = 2 has to be excluded.

Proposition 2.7 Suppose d # 2. The covariance function R(t,s) can be decom-
posed as follows

R(t,s) = (2n)‘échd/3<2H -1, —g + 2)[@ +5)2H=5 ¢ — s)ZH*%]

+R"(t,5)

where Cy = ﬁ, B(x,y) is the Beta function defined for x,y > 0 by B(x,y) =
fol =11 = 1)¥~dt and

RP(t,5) = 2m) TanCy I:/SdaaZHz[((t +5)— a)_%H — (¢ —s) +a)‘%“]
0

- /S da(s —a)" T [t —a)* 2 + (1 + a)ZH—Z]}
0

Proof Fix t > s. By performing the change of variables ¥ —v=a and u +v=">
witha + b =2u € (0,2¢t) and b — a = 2v € (0, 2s) in (2.20), we get

p t Qt—a)A(2s+a) 4
R(z,s)z(zn)—fom/ |a|2H_2/ ((t +s) —b) " 2dbda
—S a

V(—a)

d 0 2s+a d
= (2n)2aH|: (—a)2H72/ ((t +s5) — b) 2dbda

—a
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t—s 2s+a d
+ / a*f =2 / ((t+s) —b) 2dbda
0 a

t 2t—a d
+/ a2H—2/ ((t—i—s)—b)_zdbda}.
r—s a

By performing the change of variables a — (—a) in the first summand, we get
d s 2s—a d
R(t,s) = (2m) Zay [/ a2H_2/ ((t +s) —b) 2dbda
0 a

t—s 25s+a 4
+ / a*f=2 / ((t +s) —b) 2dbda
0 a

t I 2t—a d
- —_p\ 2
+ /t a fa ((t+5)—b) dbda]. -

Remark 2.7 We can see why the case d = 2 must be treated separately in the latter

equation. The integral with respect to db involves logarithms and it cannot lead to
the covariance of the bifractional Brownian motion.

By explicitly computing the inner integrals, we obtain
S 4 e
R(t,s) = Q) tapCy [/ a*f =2 —((t +5) — b)iﬁl]i;is “da
0
= oHa —4 4 19b=2s+a
+ a [—((+5)—b) lpa da
0
! _d —2
+/ 212~ ((t +5) — b) ZH]Z;? ada:|
t—s
d S _d
= (Zﬂ)fflOtHCd [/ aZHfz((t +5)—a) g
0
Y ) —4+1
—/ a """ ((t—s)+a) 2 dai|
0
t—s _d
+01HCd|:f aZH_z((t—i—s)—a) 2" da
0
t—s _dyy
— / azH*z((t —5)— a) 2 da]
0

! d
+aHCd[/ a2H—2((t+s)—a)_7+lda
t—s

t i
—/ azH*z(a—(t—s))_§+ da]
1—s
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t+s d
=(27T)_%05Hcd|:f GZH_Z((I—FS)—a) 2 4a
0

" H—2 —441
—/ a“’'” ((t—s)—a) 2 da
0
+RV(1.5)
where
R (t,s)

s d
Z(ZN)_%WHCd[f aZH_Z((t+s)—a)_7+lda
0
P ooma —4+1
—/ a _((t—s)+a) 2" da
0

t t+s
—/ a2H—2(a—(t—s))_%+lda—/ a2H_2((t+s)—a)_g+lda].
t—s t 226

At this point, we perform the change of variable a % and we obtain

t+s _dy d 1 d
/ a*=2((t +5)—a) 2 da:(t+s)2H_7/ a?i2(1 —a) 2t da
0 0
d 2H-94
=B(2H — 1, =2 +2)+ 9%

and in the same way, with the change of variable a — -“-, we obtain

oo —d4 a4 (1 ona d iy
/ a 7((t—s)—a) 2 da=(t—ys) 77/ a2 —a) 2% da
0 0
d
=ﬁ<2H—1,—§+2>(r—s)2”‘5.
As a consequence, we obtain

R(t.5) = apQ2n)"1Cyp (2H—1, —§+2>[(I+S)ZH_% — (=) 3]+ RD 1, 5)

with Rid) given by (2.26). Let us further analyze the function denoted by R gd) (,s).
Note that for every s,¢ € [0, T']

d ()
QM) IR (1,5) = A(t,5) + B(t, )
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where

s d
A(t,s) =agCy |:/ a2H72((t +5) — a)77+]da
0

- fs aZH_z((t —5) ~|—a)_%+1da:|
0

and

1 d
B(t,s):aHCd[—/ aZHfz(a—(t—s))ffHda
—s

t+s d
[ ),
t

By the change of variables a — t = a, we can express B as

0
B(I,S)=OéHCd[— (a+t)2H—2(a+s)—%+1da

)

- /S(a + 02 (s — a)_%+lda:|
0

- _chd/ da(s —a)" [t — )2 4 (t + @) 2]
0

and the desired conclusion is obtained.

Let us point out that the constant Cy; is positive for d = 1 and negative for
d = 3. This partially explains why different decompositions holds in these two
cases. Thanks to the decomposition in Proposition 2.7, we have the following.

Theorem 2.3 Assume d = 1 and let U be the solution to the heat equation (2.18)

1 1
with fractional-white noise (2.15). Let B2*'=2 be a bifractional Brownian motion
with parameters H = % and K =2H — % Let (XIH),E[QT] be a centered Gaussian
process with covariance, for s,t € [0, T]

RXH(t,s) = Z%QH /S(s _a)zH—Z[(t ~|—a)% — —a)%]da
T 0

Wi

1 / * 2H-1 -1 -1
=H— | (s—a) t+a)y 24+ —a) 2|da, 227
V2w Jo [ ]
and let (Y,H )icl0.7] be a centered Gaussian process with covariance

RYH(t,s)zz%aH / (s =) [t + @22+ (1 — 2P )da
m Jo

N
ZH\/%/OA(S_Q)—%[(I+¢1)2H_I—(t—a)zH_l]da. (2.28)
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Suppose that U, X* and Y are independent. Then for every x € RY,

l—

1
(U@ x)+Y" 1e(0,T)) "L (CoB?? + X 1 €[0,T1),

where CS = J%—ﬂaHﬁ(ZH —1, —% +2).

Remark 2.8 As itis assumed that H > 1/2, the function RY" always remains posi-
tive.

Proof Let us first verify that RX" is a covariance function. Clearly, it is symmetric
and it can be written, for every s, t € [0, T], as

V2 RX" (1, 5)

SNt

:H/ (t/\s—a)2H71[((IVS)+a)7%+((tVs)—a) 7]
0

= H/ Loa@1ps @ As —a* T~ ((t +a)"2 A(s +a)"2)da
0

—|—H/ llo,tl(a)llo,xl(a)(t/\s—a)ZH_l((t—a)_%/\(s—a)_%)da
0

and both summands above are positive definite (the same argument is used in [32],
in the proof of Theorem 2.1). Similarly, the function RY" is a covariance. If d = 1,
we have Cy =2 and

_1 3 1 1 M
R(t,s) =20y (2m) 2B 2H — 1, 3 [+ =@ —9)2]+R (1, 5)
with
S
\/27TR§1)(Z‘, s) =2ay / (s — a)ZH_Z[(t +a)% —(t— a)%]da
0
N
—2ay / (s —a)? [t +a)* 2+ (t —a)*?]da
0
* 2H-1 -1 1
=H | - (t+a) 24+t —a) 2]da
0
N
— 20y / (s —a)2 [t + > 2+ (t —a)*"?]da
0
where we used integration by parts in the first integral. U

In the case d = 3 we have the following.
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Theorem 2.4 Assume d = 3. Let B221=3 pe a bifractional Brownian motion with
H= % and K =2H — % and let (Z,H),e[o,ﬂ be a centered Gaussian process with

covariance R?) (t,s). Then
(UGt.x) +CoB>2=3, 1 € [0, 7)) "2 (2.1 € [0. ).
with Cy defined as in Theorem 2.3.

Proof We have C3 = —2. In this case we can write
1
R(t,s) + ZaH,B(ZH -1, 5)[(t +5)2H5 - s)ZH—%] =RV @,s)
with
ENNG) _ * 2H-2 -1 -3
(2m)2 R (t,5) = —2ap (s—a) [(t+a) 2 —(t—a) 2]da
0

+2ay /S(S — )+ a2 4 (- a2,
0

Note that R§3) is a covariance function because it is the sum of two covariance
functions. O

Remark 2.9 Let us understand what happens with the decompositions in Theo-
rems 2.3 and 2.4 when H is close to % We focus on the case d = 1. The phe-
nomenon is interesting. We first notice that the process Y vanishes in this case.

The covariance of the process X becomes

RX%(t,s)z ((r+s)%—(z—s)%).

1
221

The constant Cg = \/%ozH,B(ZH -1, %) is not defined for H = % because of the

presence of 2H — 1 in the argument of the beta function. But the following hap-

pens: since 2o g 10, 1)) (1 — u)*H=2 is an approximation of unity, it follows that
agBRH — 1, %) converges to % as H tends to % Therefore C(2) becomes ﬁ

Therefore we retrieve the result established in [166] and recalled in relation (2.7). In
other words, in the fractional case H # % the solution “retains” half of the bifrac-

. . . 1L v
tional Brownian motion B2°2 while the other half “spreads” into two parts.
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2.5 The Solution to the Heat Equation with Fractional-Colored
Noise

2.5.1 The Noise

The next step is to consider a noise with correlation structure both in time and in
space. Consider the so-called fractional-colored noise, meaning a centered Gaussian
process wH = {WH(t, A);tel0,T],A € Bb(Rd)} with covariance:

E(W”(I,A)W”(s,B))=RH(t,s)/Afo(y—y’)dydy’

=:{110,/1x 4, L{0,s]x B) 1P (2.29)

where f is the spatial covariance kernel and Ry denotes the covariance of the frac-
tional Brownian motion (1.1). Recall that f is the Fourier of a tempered nonnegative
measure x on RY.

To this Gaussian process we will associate a canonical Hilbert space whose struc-
ture is important in obtaining the existence and the properties of the solution. Let
& be the set of linear combinations of elementary functions 1o x4, t € [0, T],
A € By(R?), and HP be the Hilbert space defined as the closure of £ with respect
to the inner product (-, -)gyp. (Alternatively, HP can be defined as the completion
of Cgo (RI+1) with respect to the inner product (-, -)3p; see [13].)

The map 1[o,sjx4 —> W(¢, A) is an isometry between £ and the Gaussian space
HY of W, which can be extended to % P. We denote this extension by:

T
> Wip) = / f @, x)W(dt,dx).
0 R4
We assume that H > 1/2. From (1.9) and (2.29), it follows that for any ¢, ¢ € £,

(o, ¥)nup

T T
—ap / f / f (1, )W (W, 9) (= )l — PP 2dxdydudv
0 0 R4 JRA

T T
— apm) /O /0 /R Folw, )OO FT@ @ — P! u(d8)dudv.

Moreover, we can interchange the order of the integrals dudv and u(d§), since
for indicator functions ¢ and v, the integrand is a product of a function of (u, v)
and a function of &. Hence, for ¢, ¥ € £, we have:

(@, V)up =anm)™

T T
X / / / Fou, YEFY @, )& u — v 2dudvu(dg).
R4 JO 0
(2.30)
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The space HP may contain distributions, but contains the space |HP| of mea-
surable functions ¢ : R x R — R such that

||<p|||2m>|:=aHf / / o ollp@, »|f =)
0 0 R4 JRA

x |u — v|* 2dxdydudv < co.

2.5.2 The Solution

Let us consider the equation (2.18) with the covariance of the noise W/ given
by (2.12) and recall that the solution can be written in the mild form

t
u(t,x):// G(t —u,x —y)WH(ds,dy), te[0,T],x R
0 JRA

‘We have the transfer formula

t t 3
u(t,x):/ /]Rd</ G(t—u,x—y)(u—a)H_i)dW(a,y) (2.31)

where W is a centered Gaussian process with covariance given by (2.12).
Relation (2.31) follows from relation (2.17) using the moving average represen-
tation of the fBm (1.7). See also Sect. 3.1.3.

Remark 2.10 The process W behaves as a Wiener process with respect to the time
variable and it has spatial covariance given by the Riesz kernel. In particular the
increments of W with respect to the time variable are independent, meaning that
W(t,x) — W(s, x) is independent.

We have

Theorem 2.5 The process (u(t, X)), c[0.7].xerd given by (2.31) exists and satisfies

sup E(u(t,x)2) < 400
te[0,T],xeR4

1 2H
/w(l +|§|2) Hdg) < oo.

Proof Note that g;x = G(¢t — -, x — -) is non-negative. Hence, g;, € HP if and only
if g;x € |HP|. This is equivalent to saying that J; := ||g,x|||27_[73| < oo forall t > 0.

if and only if
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Note that
t t ) )
J=an / f / / g U, Y)g1x (0, 2) £ — Dt — vPPH2dydzdudv
0 Jo JRrRd JRd

t t
— 1) ay / / / P, )6 Farew @M — v () dudv
— 2n) daH/ // FGt —u,)()

X FG(t — v, ) &) |u — v* 2 u(d€)dudv.

Using (2.6) and Fubini’s theorem (whose application is justified since the inte-
grand is non-negative), we obtain:

2 2
Ji=agQm)” df //exp< |§|) p(—%>|u—v|2H_2dudv,u(d§).

The existence of the solution follows from Proposition 2.8 below, which also
gives estimates for J; = E|u(z, x)|2. [l

Let H(0, ¢) denote the canonical Hilbert space of the fBm on the interval (0, ¢)

and let
t pt 2 2
B,(S):/ f exp(—ﬂ>exp<—ﬂ)|u—v|2H—2dudv.
o Jo 2 2

Proposition 2.8 Foranyt > 0,& e R?,

1 2H 1 2H 1 (2H 1 2
3t M)<1+|$|2> =B® =Cul “)(TW) ’

where C; = b3, (4H)*.

Proof Suppose that |£| < 1. Using the fact that ||(p||7_l(0 n = b2 2H - 1||(p|| (see

L2(0,1)
Exercise 1.12) for all ¢ € L2(0, t),e ™ <1 forany x >0, and 1 5 < 1+|€|2 if €] <1,

! 1 2H
Bi(§) = b%{IZH_lf exp(—ul&[*)du < b} < b%ZZHt2H< 2) .
0 1+ 18]

Suppose that |£| > 1. Using the fact that

2 2 2
”gp”’}-[((),t) = b[-[ ||(P||L1/H(0’t)
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for any ¢ € LYH(©, 1) (see Chap. 1), 1 —e ™ <1 for all x > 0, and
we obtain:

1 2 2H 2H 5
Bt(s)ﬁbi’[/o eXp(_%>d”} b2<|s|2> [I_CXP< ﬁz)]

< b? (4H)2H< ! )w.
1+1§)2

This proves the upper bound.
Next, we establish the lower bound. Suppose that ¢|£|? < 1. For any u € [0, t],
ulgl’ t|s\
2

Ii?l2 - 1+|£?|2 ’

Usmg the fact that e™ > 1 — x for all x > 0, we conclude that:

ulg|? ulgl? 1
- >1- -,V .
xp( > ) 22, u € |0,1]

Hence

2H 2 2H 1 2H 1 2

For the last inequality, we used the fact that 1 > T 5‘2

Suppose that 7|£]|? > 1. Using the change of variables u’ = u|&|2/2, v = v|€|?/2,
we obtain:

22H  prlEP/2 prlglr2 B
B (&) ZQHW\/\ / e W |u/ _ v/|2H 2du/dv/.
0 0

Since the integrand is non-negative,

22 _—
B() > a |§|4H/ / “e=|u — v/2H2dudv

2H 2 1 S TAA N ! *
jr— —u I ~ T 12
=2""e™ 340,112 |7 =2 (2) (1+|§|2> ’

—u2
where for the last inequality we used the fact that | EIZ e SIZ ,and |le ”H(O,l =

($)?H+2. This follows since e ™ > 1 —u > § for all u € [0, 1]. =

Corollary 2.5 For the covariance given by Riesz kernels (Example 2.1) and Bessel
kernels (Example 2.2) of order «, the solution exists if and only if

d <4H + «.
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Proof This follows from Theorem 2.5 using the fact that the integral

Y 1 2H
-/Rddéﬂé' (1+|§|2>

converges at zero if « < d and at infinity if « +4H > d. U

The covariance of the process can be written as (here x € R4 is fixed)

t s
Eu(t, x)u(s, y) =ocH(27r)_d/ / dudvlu — v)*12
0 JO

a—wlg®  _ s—v)g?
e 2

X/ u(d§)e 2
R4
withaoyg = HQH — 1).

The particular case of the Riesz kernel leads to some nice scaling properties.

(2.32)

Proposition 2.9 Assume f is the Riesz kernel from Example 2.1. Then

Eu(t,x)u(s,y):aH(zn)—d/ ,U«(dé)e_#
R4
t Ky »
Xf/dudv'”_”|2H72((t+s)—(u+v))7d7.
0 JO

Proof Tt suffices to make the change of variables € = /7 +5 — u — v& in (2.32). O
Proposition 2.10 When the spatial covariance is given by the Riesz kernel, the pro-
cess u is self-similar with parameter
d—«o

7

H —

Proof Taking into account the expression of the measure w in Example 2.1, for
every s, t

t s
R(t,s) = Eu(r, x)u(s, y) =aH(27t)_d/ / dudv|u — v|*12
0 JO

X/ dglg| e
R4

Let ¢ > 0. By the change of variables i = %, = £ in the integral dudv and then

_ g o
2 2.

e

by the change of variables & = /c£ in the integral d& we get

R(ct,cs):cZH_d%aR(t,s). Il

Let us analyze the behavior of the square mean of the increment of the solution
to (2.18), that is,

E’u(t,x) —u(s, y)|2.
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We will make the following assumption:
w(E)~clE|”%de, withO <o <d. (2.33)

This means that for every function % such that the below integrals are finite, there
exists two strictly positive constants ¢ and ¢’ such that

c// h(é)lél’“désf h(é)u(dé)fc/ hE)EdE.
Rd ]Rd ]Rd

Remark 2.11 The Riesz kernel and the Bessel kernel (with o < d) satisfy (2.33).

Theorem 2.6 Assume (2.33). There exists two strictly positive constants C1, Cy
such that for any t, s € [0, 1] and for any x € R?

Cilt — s~ <E|u(t, x) — u(s. x)|* < Calt — sPH= 5" (2.34)

Remark 2.12 In the case o = 0 (corresponding to fractional-white noise) we retrieve
the result in Theorem 2.2.

Proof We will first prove the upper bound. Take s <t,s,¢ € [0, 1].
2
E|u(t,x) — u(s,x)|
rort a—wiEl? vl
- aH(2n)_d/ / dudvlu — v|2H—2/ (e 8 e
d
—d 2H-2 Gowlel® _ e-ylel?
— 20y Q2mT)” dudv|u v| ,u(dé)e e 2
—d 2H—2 Gl G-uie?
+agRr)” dudv|u—v| ;L(d%‘)e e 2
—d 2H-2 _Gmwlg? _a—vle?
=ayg(2m) du dv|u—v| n(dé)e 2 e 2
s s R4

+anm) / du / " dvju — v2H2 / w(dg)
0 0 R4

) L () _ -l s-wlg? _ g _ s—v)E?
X(e 2 e 2 —2e 2 e 2 He 2 e 2 )

t s
+20tH(27r)7d/ du/ dv|u—v|2H*2
s 0

_a-wl? _e-vE? _a-wi? _ s-wlgP
xf ,u(dé)(e 2 e 2 —2e 2 e 2 )
Rd

= A(t,s) + B(t,s) + C(t,s).
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Let us first note that

t s
C(t,s)=2aH(2n)_d/ du/ dvlu —v)?H 2
K 0

) L () _ g2
X dée 2 (e 2 —e 2 )
Rd

is negative and therefore it can be neglected for the proof of the upper bound.
Concerning the first term above (denoted by A(t s)) we can write, by the change
of variables it =u — s, v =v — s and then i1 = V= and using (2.33)

te’

1,1
A(”s)ch‘H(ZW)_dlt—ﬂzH/ / dudvlu —v|*12
0 Jo
x/ deé|§|_"‘e—%(f—S)u\élze—%(t—s)umz
R4

and then, by the change of variables & = /7 — s& (meaning that & = /T — s& for
everyi =1,...,d) we obtain

d—a
A(t,s) <t — s~ ¢

with

1 pl
C():C(){H(zn)_d/ / dudv|u_v|2H—2/ d§|$|_ae_%u|§|ze_%”|s|2
0 Jo Rd

1ol »
=COlH(27T)_d/ / dudv|u—v|2H—2(u+u)—dT/ de|E| e8P,
0 Jo R4

Note that the integral above is finite since d < 4H + «.
It remains to analyze the term B(¢, s). Recall that

B(t,s)=aH(27r)_d/Sdu/de|u—v|2H_2/ du(€)
0 0 R4

_e-wig? _a-wlgP _ w2 ) _smwilE? _s-wlgP
X (e 2 e 2 —2e 2 e 2 +e 2 e 2 )
and with the change of variables it = =%, v = 3=7 and (2.33)

B(t,s) < capgm) 4t —s5)*H /sdufsdv|u—v|2”*2/ dejE|™
0 0 R4

(t—)+utv) g (t=5)(I+u+v)|&|? (t=s)(u+v) £

x (7 2 —2e” P +e” 2 )
and using E=.1—s¢

B(t,s) gcaH(zyr)—d(t—s)ZH—d%“fH du/H dv|u—v|2H—2/ dE|EI™
0 0 R4
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_ Ctutv)e? _ (ruto)g? _ wtv)g?
X (e 2 — 2 + 2 )
d oH—dze [ * 2H-2
<cagQm) 4t —ys) ‘T/ du/ dvlu —v|*"~ / dg|g|™
0 0 2%
_ Crutvg? _ (utv)E? _ wtv)g?
x(e P —2e 2 +e 7 )

Now, using the changes of variables E=Q+u+v)E E=(1+u+v)E and § =
(u + v)£& respectively, we can write (with Cy a generic positive constant)

2H- 4« o, [ oo 2H-2
B(t,s) <Cgx(t —ys) 2 dé|E| % 2 du dv|u — v|
R4 0 0

_d—a _d—a _d—a
x[Q+u+v)" 7 —2(0+u+v)" 2 +@+v)” 2 |
The integral [ [ dudvluvP? (2 +u+v)"7 — (1 +u+v)"7 + (u+v) "]
is finite: it is finite for u, v close to zero since 2H — % > 0 and it is also finite for
u, v close to infinitely because

[@+u+ V7 rutv)E et v)_%] <cu+v) 272

(this can be seen by analyzing the asymptotic behavior of the function (2 + x)’% -
2(1 + x)_% + x_% ). The proof of the lower bound follows the lines of the proof of
the lower bound in Theorem 2.2, using the transfer formula (2.31) and the lower
bound in (2.33). O

2.6 The Solution to the Wave Equation with White Noise in Time

The solutions to the linear wave equation with additive Gaussian noise constitute
another interesting class of self-similar processes. In contrast to the other examples
treated earlier in this monograph, they have the following interesting property: the
self-similarity order is not the same as the Holder regularity order. We first analyze
the case of noise white in time and then we will discuss the situation when the noise
behaves as a fractional Brownian motion with respect to the time variable.

2.6.1 The Equation

Consider the linear stochastic wave equation driven by a white-colored noise W.
That is,
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92 )
3—5(;,@ = Ault.x)+ W, x), 1€[0,T]. x €R?

u@0,x)=0, xeR? (2.35)
3
a—bt‘(o,x)zo, xeRY,

Here A is the Laplacian on R? and W = {W(t, A);t € [0, T], A € By(RY)} is a
centered Gaussian field with covariance

E(W(t,A)W(s,B)):(t/\s)//f(x—y)dxdy (2.36)
AJB

where f is the Fourier transform of a tempered measure x on R? (see Sect. 2.2).
This is the so-called white-colored noise defined in Sect. 2.3.

Let G be the fundamental solution of u;; — Au = 0. It is known that G (z, -) is
a distribution in S’(R?) with rapid decrease. The easiest way to define G is via its
Fourier transform

sin(z|&1)
13
for any & € Rd, t>0,d>1(seee.g. [173]). In particular,

FGi(t, () = . (2.37)

1 .
Gi(t,x) = 51{|x\<z}, ifd=1

1
Gl(t’x) =3

1
E—] ,
2w JE =

1
Gi(t,x) = cd;at, ifd =3,

ifd=2

where o; denotes the surface measure on the 3-dimensional sphere of radius 7.

2.6.2 The Solution

The solution of (2.35) is a square-integrable process u = (u(t,x);t € [0,T],x €
R?) defined by the Wiener integral representation with respect to the noise (2.36)

t
u(t,x):// Gi(t—s,x—y)W(ds,dy). (2.38)
0 JRd

The solution exists when the above integral is well-defined. As for the heat equa-
tion, it depends on the dimension d and on the spatial covariance of the noise. For
example, when the noise is white both in time and in space the solution exists if and
only if d = 1.
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The necessary and sufficient condition for the existence of the solution follows
from [59].

Theorem 2.7 The stochastic wave equation (2.35) admits a unique mild solution
(W, %))ej0,7),xere if and only if

1
/w(l n |§|2>“ (48) < oo 239

Remark 2.13 Recall that the same condition holds in the case of the heat equation
with white-colored noise (Proposition 2.2).

Remark 2.14 When f is the Riesz kernel, condition (2.39) is equivalent to
d<2+a.

When the noise is space-time white noise (corresponding to the case o = 0) the
solution exists if and only if d = 1.

Fix x € RY. Then the covariance of the solution u (viewed as a process with
respect to t) is

Eu(t, x)u(s, x)
INS
=(2n)_d/ du/ dy/ dy'Gi(t —u,x —y)Gi(t —u,x —y') f(y =)
0 R4 R4

tAS
=f0 dufRddeGﬂt—uw)(E)fGl(s—u,-)(if)u(dif)

where we used (2.11) and (2.37).

We will assume from now on that the spatial covariance of the noise W is given
by the Riesz kernel. We make the change of notation « = d — B in the expression
given in Example 2.1 and assume that the measure u is

du(§) =EI7*Pds  with B € (0, d).
In this case the kernel f is given by

f& = cﬁ,d|§|_’3 with g € (0, d). (2.40)

If f is as above, then
NS
Eu(t, x)u(s,x) = (2n)—d/ du
0

&~ Pag.

/ dt sin((r — w)|§]) sin((s — u)|§])
R €] 1€
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Proposition 2.11 Suppose f is defined by (2.40). Then the process (u(t,x),t > 0)
given by (2.38) is self-similar of order %

Proof Let ¢ > 0 and let R be the covariance of the process t — u(t, x). Then, with
a= (2n)_d, for every s, >0

Reet.os) —a fc'lAcs du/ i sin((ct — u)|§]) sin((cs — u)|&]) |-+ s

0 R 1§ &1
. tAs dM/ d sin((ct — cu)|&]) sin((cs — cu)|&|) -0 ds
0 R €] &1

=c>PR@,s)

where we made successively the change of variable it = % and £ =ct. g
The solution has the following time regularity (see [63, 64]).
Proposition 2.12 Assume that
Be(0,dN2). (2.41)

Letty, M > Qand fix x e [—-M, M 19. Then there exist positive constants c1, ¢y such
that for every s, t € [ty, T]

cilt — s|2_’5 < E‘u(t,x) — u(s,x)‘2 <ot — s|2_ﬁ.
Remark 2.15 Let us highlight an interesting fact: the order of self-similarity and
the order of Holder continuity do not coincide in this case. This is the first exam-

ple among the Gaussian processes discussed in this chapter when this phenomenon
occurs.

Proposition 2.12 implies the following Holder property for the solution to (2.35).
Corollary 2.6 Assume (2.41). Then for every x € R? the application
t— u(t,x)
is almost surely Holder continuous of order § € (0, #).

Proof This follows easily from Proposition 2.12 and from the fact that u is Gaus-
sian. O

Remark 2.16 The proof of Theorem 5.1 in [63] implies that the mapping r —

u(t, x) is not Holder continuous of order #
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2.7 The Stochastic Wave Equation with Linear
Fractional-Colored Noise

For an interval (a, b) C R, we define the restricted Fourier transform of a function
peLl(a,b):

b .
Fa,pe(T) :=/ e " o(x)dx = F(pligp)(T).

One can prove that F¢ € L2(R), for any ¢ € L'(R) N L2(R). By Plancharel’s
identity (2.8), for any ¢, ¢ € L' (R) N L?(R), we have:

/pr(X)lﬂ(X)dx=(ZH)_I/RFw(f)}"I/f(f)dS-

In particular, for any ¢, ¥ € Lz(a, b), we have:

b
/ ¢(x)1//(x)dx:(277)_1/]%-El,b(ﬁ(f)]:a,bl//(f)dé- (2.42)

2.7.1 The Equation
Consider the linear stochastic wave equation driven by a fractional colored noise W
with Hurst parameter H € (%, 1). That is

92 )
a—t;l(t,x) = Au(t,x)+ W, x), tel0,T].xcR?

u@0,x)=0, xeR? (2.43)

ou
—(0,x)=0, xeR%
a7 0, x) X

Here A is the Laplacian on R? and W = {W(r, A);t € [0, T], A € B,(R%)} is a
centered Gaussian field with covariance

E(W(t,A)W(s,B)):RH(t,s)f / f(x — y)dxdy (2.44)
AJB

where Ry is the covariance of the fractional Brownian motion (1.1) and f is the
Fourier transform of a tempered measure @ on R? (see Sect. 2.2).
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2.7.2 The Solution

The solution of (2.35) is a square-integrable process u = {u(t,x);t > 0,x € R4}
defined by:

t
u(t,x) :f / Gi(t—s,x—y)W(ds,dy). (2.45)
0 JRd

By definition, u(¢, x) exists if and only if the stochastic integral above is well-
defined, i.e. g :==G(t — -, x — ) € H'P (this space was introduced in Sect. 2.5).
In this case, E|u(r, x)|* = || g+ ||3,p-

We begin with an auxiliary result. To simplify the notation, we introduce the
following functions: for A > 0, T > 0, let

ft(A, T) =sintAt — Tsin Az, g+(A, T) =COSTAt — COs At. (2.46)

Lemma 2.1 Forany > > 0andt > 0,

)»3

c x </ ] [f20.0) + gk, D]dr <C
"T+22 7 Jp 2 =12 e = a2

where c;, Cy are some positive constants.

Proof Using Exercise 1.15, we have

1

2
@l ’

R0+ 8E 0 0] = | Foue(r)

where ¢(x) = sinx. Using Plancharel’s identity (2.42), we obtain:

1
/}Rm[ﬂz()\, 7) + g7 (A, 7)]dT

At

=/|fo,m<p(f)|2df=2ﬂ/ |sinx|?dx
R 0

ro ) 5 ! |sin As|?
=21 A [sinAs|“ds =2 A 3 ds.
0 o A

It now suffices to use the bound (see e.g. Lemma 6.1.2 of [161])

1 </f |sinks|2d s 1
C S e ——
22— ), a2 B Y O

We denote by N;(£) the H (0, t)-norm of u — FG1(u, -)(&), i.e.

t
Ni() = IO;%/O fot sin(ul&|) sin(v|€[)|u — v[*# 2dudv.
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We also recall that (see Exercise 1.12) there exists a constant by > 0 such that
2 2H 1
lel3 100 < bHIOI2 i, <D 01220, (2.47)
for any ¢ € L2(0,1).

Proposition 2.13 Foranyt > 0, € R?

H+1)/2
NL(E) < Cr f2HH2 R 2o <1

H+1/2
Nt(s)SCH,t(TW) , IflEl= 1

Proof (a) Suppose that |§] < 1. We use (2.47) and | sin x| < x for any x > 0. Hence,
1 ! !
N, (§) < b3, r2H 1 P / sin?(ulg|)du < by r*H ! / udu
0

H+1/2
— b2 1f < bz (2HA2HA1/2 1 o
33 14 |&|?

where for the last inequality we used the fact that 1< ﬁ if ] <1
(b) Suppose that |£| > 1. Using the change of variables u’ = u|&|, v' = v|&]|,

tlgl  ptl§l
N(§) = |§|2H+2/ / sin(u') sin(v') [u’ — |2H 2au'dv'

1 . 2
= £ [2H+2 “Sm(')”mo,ngp'

Using the expression of the H (0, #|£])-norm of sin(-) given in Exercise 1.15, we
obtain:

cn [ |r]7®7D

Ny (&) = PEY Mt [£2(1€l, 7) + g2 (€1, 7)]d. (2.48)

We split the integral into the regions |t| < 1/2 and |t| > 1/2, and we denote the two
integrals by Nt(l)(é) and Nt(z) &).
Since | f; (A, 7)] <14 |7] and |g; (A, T)| <2 for any A > 0, T > 0, we have:

|.[|—(2H—1)

Nz (S)SCHW—HHflT|<1/2m[(1+|I|) +4]d‘[

1 / —QH-1)
<CH—57 7 Clt]| ( dt
|E12HHT [z <12
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. cn I\N22H
T T1-H\?2 |€:|2H+1'

We used the fact that |&|2F+2 > |g|2H+1 if |£] > 1, and
(3/4)2[(3/2)2 +4]:=Cif [r] < 1/2.

Usmgthefactthatlrl @H=D < (Ly=CH-D if |7| > | Lemma 2.1, and the fact
that |£|2/(1 + |&|%) < 1, we obtain:

= rz)z[(l +lth? + 4l <

cH 1

1
N(z)(g) < mm/ﬁﬂ/z 2-1) [fz (|§| T) + & (|5| r)]

C
< 5 |§|2H+2/ el (L) + e (18] )]
ch @ 1 £

= 5-@H-D ¢ | 2PH+2 181 1+ |E12

< CH (2) 1
— 2—QH- 1) |€;|2H+1' J

Proposition 2.14

(a) IfI,(l) < oo fort =1, then fl$|<1 w(dé) < 0.
(b) Letl > 1 be the integer from (2.10) and m =21 — 2. For any t > 0,

wds) i\ ;@ i ;)
f§|>] |€:|2H+1 = Zb I;” + b, e Wm, (2.49)
where ay ;, by, ¢; are positive constants.

In particular, ifl,(z) < 00 for some t > 0, then f‘§|>1 |E|7CH+D 1 (dE) < oo.

Proof (a) Using the fact that sinx /x > sin 1 for all x € [0, 1], we have:

1 1
1{”:/ “(dg)/ / sin(ul€|) sin(v|€|)|u — v[*~2dudv
1<l 0 Jo

1§12

1 1
ZsinZI/ u(dé)/ / uvlu — v[*2dudv.
le|<1 0 Jo

(b) According to (2.48),

(df) —QH-1)
e [ [T e ) (e e o)

For any k € {—1,0,...,m}, let

1
I(k) = /|§|>1 W#@'é)
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By (2.10), 1(m) = [o\oy 1€17 24 p(d) < [y 1617 1(d§) < oo

We will prove that the integrals 7 (k) satisfy a certain recursive relation. By re-
verse induction, this will imply that all integrals I (k) with k € {—1,0,...,m} are
finite. For this, for k € {0, 1..., m}, we let

u(d§) 1
A= /|s|>1 § P2 /R @l (L 7) + (i o)lde. @5y

We consider separately the regions {|7| <2} and {|r| > 2} and we denote the
corresponding integrals by A} (k) and A/ (k). For the region {|t| < 2}, we use the
expression (2.50) of I,(z). Using the fact that |& |2 +2+k > |£12H+2 (since k > 0),
and |t|~®H =D > 2=CH=D if |7| <2, we obtain:

/ (d§) 1
= [ e [ el e o) + el o)

S2H-1 / ®(dE) |z|~CGH=D
&

lg1=1 1E12H+2 Jigj<a (12— 1)2

IA

[F2(151, T) + g2(I&1. T) Jde
21 L0 by 050,
CH

For the region {|t| > 2}, we use the fact | f;(A,7)| <14 |r| and |g; (X, T)| <2
forall A > 0, T > 0. Hence,

, n(d§) 1
A© = /IE>1 (& [2H+2+k /|r>2 (T2 —1)2 (7 (€], 7) + &7 (1€], T)Jde

u(dg) 1 2
< /|s>1 P /|r>z (12_1)2[(1+|r|) +4]dt = CI(k).
Hence, for any k € {0, 1, ..., m}

1
A, (k) < 221 1<2’ 1+ CIk).

Using Lemma 2.1, and the fact that

1+|§|2 >3 Lif |€] > 1, we obtain:

a0 j(dé) EF 1y,
A= /s R Ty 2 e

forall k € {0, 1, ..., m}. From the last two relations, we conclude that:

1 1
5c,“)l(k <2 P i), Vke{o.1,...,m}, (2.52)
CH

or equivalently, I (k — 1) < ap1® + bI(k), for all k € {0, 1, ..., m}. Relation
(2.49) follows by recursion. O
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Remark 2.17 In the previous argument, the recursion relation (2.52) uses the fact
that k is non-negative (see the estimate of A/ (k)). Therefore, the “last” index k for
which this relation remains true (counting downwards from m) is k = 0, leading us
to the conclusion that flélzl |E|7CH+D 1 (dE) < oo, if It(z) < o0.

Theorem 2.8 The stochastic wave equation (2.35) admits a unique mild solution
(u(t, X))1e0,7,xerd if and only if

1 H+}
/ﬂéd<1+|5|2> pdg) = oo 239

Proof To have that g;, € HP we need in particular to have I; < oo for all > 0
(see [14] for more details), where

t t
L=y / / / Faontt, ) Fgrn @ 0@ — v 2dudvop(de),
rRd Jo Jo

and Elu(r, x)|* = || g |3p = I Since Fgro(u,)(€) =S¥ FG1(t —u, ) (&),

t t
I=an /R , /O /0 FG 1w, ) FC @ 0@ — v 2 dudvop(ds).

Using (2.37), we obtain:

I, = H/Rd |(;|1§)/ / sin u|$| sin v|§|)| v|2H72dudv.

We split the integral p(d€) into two parts, corresponding to the regions {|£§]| < 1}
and {|£| > 1}. We denote the respective integrals by I,(l) and It(2). Since the inte-
grand is non-negative I; < oo if and only if I,(l) < oo and I,(Z) <00
The fact that condition (2.53) is sufficient for I; < oo follows by Proposi-

tion 2.13. The necessity follows by Proposition 2.14 (using Remark 2.18). U

Remark 2.18 Condition (2.53) is equivalent to

1
d d d
/msl“( £)<oo an /W ) < ox.

Corollary 2.7

(1) Let f(x)= ya,d|x|_(d_°‘) be the Riesz kernel of order « € (0,d). Then u(d€) =
|E17*dE and (2.53) is equivalent to o > d —2H — 1.

(i) Let f(x) = vy fooo w@=/2=1=w =X /4w) g, be the Bessel kernel of order
o > 0. Then u(d&) = (141&1%)~%? and (2.53) is equivalent toa > d —2H — 1.

The solution to the wave equation is also self-similar.
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Proposition 2.15 Fix x € R? and assume (2.53). Then the process (u(t,x),t > 0)
defined by (2.45) is self-similar of order

d—o

H+1-

Proof The covariance of u can be expressed as

t s
Eu(t,x)u(s,x):a(H)/ du/ dv|u—v|2H_2
0 0

sin((r — w)|§]) sin((s —v)[§])
1€ €]

This easily implies the conclusion by a standard change of variables. g

x | dg I
Rd

Remark 2.19 Note that the self-similarity index

d—o

H+1-
is positive under condition (2.53).
Assume in the sequel that the spatial covariance of the noise W is given by the

Riesz kernel under the form (2.40). Note that in this case condition (2.53) is equiv-
alent to

Be(0,dAQ2H+D)). (2.54)

Remark 2.20 Since H > % and so 2H + 1 € (2, 3), for dimension d = 1, 2 we have
B € (0,d) while for d > 3 we have 8 € (0,2H + 1).

Remark 2.21 As a consequence of Exercise 1.13 we deduce the following:

(i) For any x > 0 the quantity f(;c v =2 cos(v)(x — v)dv is positive (it is the sum

of two norms).
(ii) Foreverya,beR,a <b

b—a
1 flwn ||2 <20y dvcos(v)UZH_z(b—a—v).
(a,b) Il
0
(iii) Foreverya,beR,a <b
b—a
I £ Liap) I3, = 20t cos(a + b)/ dvv* =2 sin(b — a — v).
0

Proposition 2.16 Assume that

Be(2H —1,d A H +1)). (2.55)
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Letty, M > 0 and fix x € [-M, M]d. Then there exist positive constants c1, ¢ Such
that for every s, t € [ty, T]

_ 2 _
c1|t—s|2H‘H ﬁfE’u(t,x)—u(s,x)‘ 502|t—s|2H‘H B,

Proof Let h > 0 and let us estimate the L2(§2)-norm of the increment u (¢ + h, x) —
u(t, x). Splitting the interval [0, + k] into the intervals [0, ¢] and [¢, ¢ 4 A], and
using the inequality |a + b|* < 2(a* + b?%), we obtain:
2 2 2
Elu(t+h,x) —u@t,x)|" < 2{||(gr+nx — &) 1j0.1 ”HP + I gitnx e+nllp)
:2[ELi(h) + Ex()]. (2.56)

The first summand can be handled in the following way.

t t
Ev(h) = a 2) ™ /R ) /0 fo dvdvlu — v 2 F (g — g, )(E)

X F(&r4hx — &) (0, ) (&)

— ap(2r) / (d8)
]Rd

t t
xf / dudvlu — v [FGi(u+h, ) (&) — FGiu,)()]
0 JO

x FGi(v+h,)E) - FGi(v,-)(E)
t t
=ozH(27r)_d/ / dudvlu — v/ 21,
0 JO

where

I, — fRd,L(ds)[fGl(u +h,)E) — FG1(u, )(©)]

x [FGi(v+h,)(E) — FGi(v, ) ()]

_ (sin((u + h)|&]) — sin(u|&])) (sin((v + h)|&[) — sin(v|&]))
= | wu(d§) .
Re €] €]

Using trigonometric identities we obtain

t ot - hlE] 2
El,t(h)ZOlH/ / dudv|u—v|2H—2/ M(dg)sm( 22) cos<(2u+h)|$|)
070 R 13 2

<(2U+h)|§|>
cos[ —————

2
e d§ 2

=c-ay dudv|u—v|2H—2/ — > __sin(h|&|
/0 /0 Rrd |E|47A+2 (hig1)
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X cos((2u + h)|& |) cos((2v + h)|€|),
and by making the change of variables i = Qu + h)|&|, v = Qv + h)|&],

dé§ ‘ 2
Eyi(h)=c-an /Rd EjdAIATE sin(h|£])

t+h)|g] pQr+h)|E] oH—2
x/ / dudv|u — v|“” ~“cosucosv
hlg| hlg|

d§ . 2 2
ZC/RdWSI (R1E1) [ cosO) Lamier,remien O3 (2:57)
and using Exercise 1.13,

El (W) =c -« / d—gsin(h|:§|)2 x [/2t|s|cos(v)vm_2(2t|§| ~o)dv
Lty = H Rd |E[d—BT2HT2 0

21&|

+cos (20§ + 2] fo v (sin (21| — v))]

_ d& (h1EN > 21l 2H-2,
=c-ay Rd|‘§|d_ﬁWsm( 1E1)7 x | 2t]€] A cos(v)v v

2116
—sin(lg) 21T H — 1) sin(v)v?H ~2dy
) i) 0

218
+cos(2t|§|+2h|§|)f v 2 (sin(2¢]& | —v))] (2.58)
0

where we use integration by parts. By Remark 2.21, point (ii) we have the upper
bound

Ei;(h)<c-«a diésin(hlél)2
L) = H pd |E|d—BT2HT2

)2H—1

28|
x [2z|§|/ cos()v*H ~2dv — sin(2t|£() (2t ||
0

21|&|
+ (2H — 1)/ sin(v)UZH_zdv:|.
0

We will treat the three summands above separately. For the first one,

dé§ : 2 2l 2H-2
‘éd WS]H(’“&D 2t|$|‘/(; COS(U)U dv
2t/€]

d§ . 2 [ " 2H-2
A%d Wﬂ (1€1) /(; cos(v)v"*dv

_ ct’Hh2H+1—/S
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2E]

_ d& ) 2 W _
2H+1-p 2H—2
<crph /Rd A sin(|£]) ‘/o cos(v)v dv

< Ct’Hh2H+lfﬂ
using condition (2.54) and the fact that the integral fo cos(v)v dv is conver-

gent (this implies that the function x € [0, c0) — fox cos(v)v2H~2dv admits a limit
at infinity and is therefore bounded). On the other hand

4 _
/Rd WSin(hlél)zsin(zﬂf|)(2’|5')2H 1
d 2
— e3P /Rd W%Sinﬂa)zsin(—tf')
- de . . (2t]§]
=™ [ gsnti)sn( %)

: dg oo (€]
3-p s
o f|g|>1 g—ps (81 S‘“( h )

The second part over the region |&| > 1 is bounded by ch>~# simply by majorizing
sine by one. The second integral has a singularity for || close to zero. Using the
fact that sin(x) < x for all x > 0, we will bound it above by

_ dg | , (e
3-p _dg 2]
" /$|<1 |&|d—B+3 sin(&1) sm( , >
= c,h3*/3/ digl%lz sin<¥>
|

g<1 |E]97AF3
|d—/3+2H—1

< ¢ h?HH1=P f ds
le1<1 1§

2-2H 2H-1

. (ZII-’EI)
sin[ ——
h

where we bounded |sin(%)|2’”’ by ¢; (||~ 1)272H and |sin($)|2ﬂ’] by 1.
The last integral is finite since 8 > 2H — 1 (assumption (2.55)).
Finally

d§ . S 2H-2
-A;d Ww sm(hlél) /(‘) SIH(U)U dv
2]

_ dé . 2 [T _
_ 1,2H+2—-8 % 2H-2
=h /]Rd e sin(|€]) /() sin(v)v dv

28]

_ de s )
= ﬂ/ 1e[d—pr2a+2 S0 / sin(m)v2H 24y
g<1 [E]A2HT2 (I£1) i )
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2]

+ AR / sin(|€])° / " sin)v?H 2y
0

IE|>1 |E|d—ﬂ+2H+2
21l§]

d h
< p2H+2-p [ 45 He / Isin v|v?H 2dv
| 0

£l<1 |E|dﬂ‘}+2H+2

d&
+h2H+2—ﬂ/
=1 |E[9PT2HA2 [y

2]
h

sin(v)v12dv. (2.59)

Again using the fact that fooo sin(v)v2f ~2dv it is convergent it is easy to see that
the integral over the region |£| > 1 is bounded by ¢,h2+>=F _ For the integral over
|€] < 1 we make the change of variables v = ”é—h and we get

_ s (| (vl
3-8 vist
" /g|51 |§|d_ﬂ+1/0 sm( h )
_ d§ A (vlE]

_ 3-8 2510
=l /|s|§1 |§'|d_ﬂ+1/0 sm( h )

Scth2h+lfﬁ/ %’
jel<1 |§|4—AT2H=

v2H72dv

2-2H 2H—1

v2H—2dv

sin(ﬁ)
h

where we have made the same considerations as for the second summand in the
decomposition of E; ;(h). In this way, we obtain the upper bound for the summand
Eq,:(h) in (2.56)

Ey(h) < Ch*HHI=P, (2.60)
We now study the term E5(h) in (2.56) (the notation E>(h) instead of E ,(h)

is due to the fact that it does not depend on ¢, see below). Using successively the

change of variables & = 7, v = ; in the integral dudv and £ = h& in the integral

d&, the summand E»(h) can be written as

t+h  pt+h
Ez(h)=0m/ / / FGi(t+h—u,-)E)
Rd J¢ t

x FG1(t+h—v,)&E)|u —v|* 2dudvp(d§)

h ph
:aH/;@d “éd'f)/o /O sin(u[€) sin(v]€])[u — v|*# dudv
1 1
=aHh2H/ “l(;f)/ f sin(u|&|h) sin(v|&|h)|u — v[** “2dudv
R4 0 JO

1 1
:aHhZH”—ﬂ/ “(ds)/ f sin(u|&|) sin(v|€)|u — v[*# ~2dudv.
0 JO

R 512
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Let us use the following notation:

OH

1§

By Proposition 2.13 the term

t t
//sin(u|g|)sin(v|g|)|u—v|2”*2dudv, te[0,T].&£ eRY.
o (2.61)

Ni(§) =

1 1
Ni(§) = E—|”’2fo /0 sin(u[£() sin(v|& ) |u — v|*? ~2dudv

satisfies the inequality

| H+1/2
Nl(é)SCH<T|E|2) ,

with Cy a positive constant not depending on #. Consequently the term E;(h) is
bounded by

Ey(h) < Ch?H+2-F / ( !
ra \ 1+ £
and this is clearly finite due to (2.53). Relations (2.60) and (2.62) give the first part
of the conclusion.
Let us analyze now the lower bound of the increments of u (¢, x) with respect to
the variable t. Let h > 0, x € [— M, M]d and t € [tg, T] such that t + h € [tp, T'].
From the decomposition

H+}
) n(d§) (2.62)

2 2
E’M(t +h,x) —u(t, x)’ = H (8r+n.x — &) 1[0.1] HHP + 18e+hx Lt r+h) ||%.[73
+ 2((&r+hx = &) 10,01 Grrhox Lo+l 3yp

we immediately obtain, since the second summand on the right-hand side is positive,

Elu(t +h,x) —u(t. 0" = [ @rsnr — 8.0l
+ 2((8rthx — &) 110,01 Gt L4 )gyp
= Ey;(h) + E3,(h).
We can assume, without any loss of the generality, that t = % Let E, ! (h) :=E(h).
We first prove that
Ei(h) > ch?HF1=8 _ /p2H+2-p (2.63)

for h small enough. Recall that we have an exact expression for E1(h) (see (2.58)).
Indeed,

d§ .
Bt = /Rd |7 P22 sin(h[&1)° |cos() Ll nie 41 [ 34
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dé . 2
=ay /Rd Wsm(hm)

A+mgl pA+h)E] 2H—2
x/ / dudv|u — v| H=2cosucosv
hig| hg|

d§ .
:aH‘/]Rd WSIH(/’”&DQ

&1 rI&]
x/ / dudv cos(u + h|&[) cos(v + h|&])u — v|*F 2.
o Jo

By the trigonometric formula cos(x 4 y) = cos(x) cos(y) — sin(x) sin(y) we have
d§ . 2
Ei(h) = an /Rd e sin(h|£])

&l rIE]
X I:cos(h|$|)2/ / dudv cosucosv|u —1)|2H—2
o Jo
&1 &l
—25in(h|§|)cos(h|§|)/ / dudvsinu cosvlu — v 72
o Jo

&l pl&l
+ sin(h|§|)2/ / dudvsinu sinv|u — vle_z]
o Jo
=A+B+C.

We will neglect the first term since it is positive. We will bound the second term
above by ch?1+2=F Again using trigonometric identities, Exercise 1.14 (used at
the third line below), and the change of variables v = u — v we have

€l plgl
—251n(h|$|)cos(h|§|)/ f dudvsinu cosv|u — v|2H—2
0 0
€l rlgl
= —sin(hl£]) cos(h|§|)f f dudv(sin(u + v) + sin(u — v))[u — v|*7 =2
0 0
€l rlel
S sin(h|§|)cos(h|g|)f f dudv sin(u + v)|u — v|?# 2
0 0

l&|
= c-sin(h|&]) cos(hl£]) f v 72 (cos(2/€| — v) — cos(v))dv
0
and thus

B=c-ay /Rd m’;;% Sin(h|$|)2sin(h|§|)cos(h|§|)

€]
X / vzH—z(cos(2|é‘| — v) — cos(v))dv
0
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d
=—c-ay A{d W% sin(h|§|)scos(h|§|) sin(|€])
€]
x/ v 2sin(|&| — v)dv
0
_ 3 . 3 .
=—C-U0y /1;1 W Sln(l’l|§|) COS(h|§|) Sll’l(lgl)
€]
x/ v =2 (sin(|€]) cos(v) — cos(|&]) sin(v))dv
0
_ dé§ . 3 .
=—C- -0y i W Sln(l’l|€|) COS(/’l|€|) Sln(|§'|)
€]
X <sin(|§|)f0 vZH_zcos(v)dv—cos(|$|)/0
d§ : 3 .
=—c-ay -/S<1 |éld_ﬁwsm(hlﬂ) cos(h|€])sin(|£])
€]
X <sin(|§|)f0 v2H—2cos(v)dv—cos(|§|)/0
d§ . 3 .
—c-ay /|;>1Wsm(h|é|) cos(h|€)sin(J€])

&1
x (sin(|§|)/0 v2H-2c0s(v)dv—cos(|§|)/0

€]
p2H=2 sin(v)dv)

&1
p2H=2 sin(v)dv)

€]
p2H=2 sin(v)dv) .

Taking the absolute value we see that the part over the set |£| < 1 is bounded by ch?
simply by majorizing sin(|&|) by h|&|, cos(h|&]) sin(|€]) by one, and

&1 €]
sin(|f;‘|)/O vszzcos(v)dv—cosﬂEl)/o V22 gin(v)dv

by a constant. For the part over the region |£| > 1 we again bound the last expression
by a constant and we use the change of variables £ = h&. This part will by bounded
by

d
we /s>h Wlsin(w%os(lél) sin(|§1/5)]

_ d§ . 3
§h2H+2 ﬂ/Rd thm(ED |

< ch2H+2-8
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since the last integral is convergent at infinity by bounding sine by one and at zero
by bounding sin(x) by x and using the assumption 8 > 2H — 1. Therefore

B < ch*i+2-F, (2.64)

‘We now bound the summand C below. In this summand the H norm of the sine

function appears and this has been analyzed in [14]. We have, after the change of

variables it = %, 0 = &
ik Hk

1 1
C=ay A;d Iélj% sin(h|g|)4f0 /0 sin(ul£]) sin(v|€])|u — v|*2dudv

dé . 4 ! ! . . O 2H-2
ZaH/|g>1—|§|dﬂ+zsm(h|$|) /0 /0 s1n(u|.§|)sm(v|$|)|u v| dudv.

We will use the proof of Proposition 2.14. For & small, we will have that

C>apy /|s>1 Iéiﬁﬂ sin(h|§|)4#/01/01 sin(ul&|) sin(v|€])|u — vI*# ~2dudv
= ayh*H1=F /Wh M% sin(j&1)*
> ayh**1F /|é|zl W_?% sin((j¢1)*
=c-agh*f+1-# (2.65)

Relations (2.64) and (2.65) imply (2.63). Now, from relation (2.63), for every
to <s <t < T with s, t close enough

Ei(t—s)>c(t — §)2HAI=B _ (f — g)2HA2F > g(t — 5)2H+1-B

if |t — 5| < 5. To extend the above inequality to arbitrary values of [t — s|, we
proceed as in [64], proof of Proposition 4.1. Notice that the function g(z, s, x, y) :=
E|lu(t,x) — u(s, )c)|2 is positive and continuous with respect to all its arguments
and therefore it is bounded below on the set {(z, s, x, y) € [to, T1* x [-M, M1*%;
|t — s| > ¢} by a constant depending on ¢ > 0. Hence for | — s| > % it also holds
that

E\(t —s)>cilt —s*HH1F,
On the other hand, from (2.57) and (2.62) and the Cauchy-Schwarz inequality,
we obtain

E3(h) = ((@rhx — & .)10.01 &rhx Ltoh)) 3y p
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= H (&r+n,x — &) 10.1) ”7—[77 I gt-+nx Liet+m 1P
< ch 2H-;l—/3+2H-;2—,‘3'

Consequently,

2H+1-B | 2H+2-8
2 p)

E|u(t +h, x) —u(t, x)|* = CR*+1=F _C'h +

and this implies that for every s, € [tp, T] and x € [-M, M]d

1
C C\?
E|u(t, x) —u(s, »)|* > E|t—s|2H+1_ﬁ if|r —s| < <ﬁ> :

Similarly as above, the previous inequality can be extended to arbitrary values of
s,t€ln, T O

Proposition 2.16 implies the following Holder property for the solution to (2.35).

Corollary 2.8 Assume (2.55). Then for every x € R? the application

t—u(t,x)
is almost surely Holder continuous of order § € (0, L’zl —B ).

Proof This is consequence of the relations (2.57) and (2.62) in the proof of Propo-
sition 2.16 and of the fact that u is Gaussian. O

Let us make some remarks on the result in Proposition 2.16.

Remark 2.22

e Following the proof of Theorem 5.1 in [63] we can show that the mapping ¢ —

u(t, x) is not Holder continuous of order M

e When H is close to % we retrieve the regularity in time of the solution to the wave
equation with white noise in time (see [63, 64]).

2.8 Bibliographical Notes

The study of stochastic partial differential equations (SPDEs) driven by a Gaus-
sian noise which is white in time and has a non-trivial correlation structure in space
(called “color”) now constitutes a classical line of research. These equations repre-
sent an alternative to the standard SPDEs driven by a space-time white noise. A first
step in this direction was made in [60], where the authors identify the necessary and
sufficient conditions for the existence of the solution to the stochastic wave equa-
tion (in spatial dimension d = 2), in the space of real-valued stochastic processes.
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The fundamental reference in this area is Dalang’s seminal article [59], in which
the author gives the necessary and sufficient conditions under which various SPDEs
with a white-colored noise (e.g. the wave equation, the damped heat equation, the
heat equation) have a process solution, in arbitrary spatial dimension. The meth-
ods used in this article exploit the temporal martingale structure of the noise, and
cannot be applied when the noise is “colored” in time. Other related references are,
among others: [61, 120, 143, 190] and [62]. The development of stochastic calcu-
lus with respect to fractional Brownian motion naturally led to the study of SPDEs
driven by this Gaussian process. The motivation comes from the wide area of appli-
cations of fBm. We refer, among other references, to [84, 119, 139, 150] and [170]
for theoretical studies of SPDEs driven by fBm and to [51] or [140] for the sample
paths properties of the solution. To list only a few examples of the appearance of
fractional noises in practical situations, we mention [103] for biophysics, [25] for
financial time series, [66] for electrical engineering, and [42] for physics.

2.9 Exercises

Exercise 2.1 Let u be the solution of the heat equation with space-time white noise.
Show that there exist two positive constants C, C» such that for every s, ¢ € [0, T']

1 1
Cilt — 5|7 <E|u(t, x) —us, y)|* < Calt —s]2.
Study the variations of this process.
Hint Use the fact that u has the same law as a bi-fBm, modulo a constant.

Exercise 2.2 ([51]) Let u be the solution of the fractional-(Riesz) colored wave
equation. Let us denote by A the following metric on [0, T'] x R?

A, x); (s, 9)) =1t —s|PHHIF 4 |x — y2HH16, (2.66)

Fix M > 0 and assume (2.55). Prove that for every t,s € [f9, T] and x,y €
[—M, M]? there exist positive constants Cy, C> such that

CiA((t,x); (s, ) <E|u(t, x) — u(s, y)|2 < CA((t,x); (s, y)).

Exercise 2.3 ([13]) Consider the linear heat equation with white-colored noise
where the spatial covariance is given by the heat kernel (Example 2.4) or by the
Poisson kernel (Example 2.3). Give the necessary and sufficient conditions in terms
of d and « for the existence of the solution.

Exercise 2.4 Consider the linear heat equation with white-colored noise where the

spatial covariance is given by the Riesz or Bessel kernel. Prove that the solution is
Holder continuous with respect to time of order 0 < § < % — d%“.



2.9 Exercises 75

Exercise 2.5 Consider the Gaussian processes with covariances given by (2.27) and
(2.28) respectively. Prove that these processes are self-similar and give the self-
similarity order.

Exercise 2.6 Consider the heat equation with fractional-colored noise and spatial
covariance given by a kernel f. If f is the heat kernel of order «, or the Poisson
kernel of order «, then prove that the solution exists forany H > 1/2 and d > 1.

Exercise 2.7 Let f be the Riesz kernel of order « € (0, d), and set

|T|_(2H_1)

R (72 —1)?

h=ay [ dgiee [/ (1. 7) + §2(&l. 2) e

with f;, g; given by (2.46).

1. Show that
—QH-1) 00 (et o 2
T SINTAf — T SInAt
I; =2agcy | |2 3 (/ ( 5 ) A%
R (z=—1) 0 A
% (cos TAt — cosAr)?
+ ( ) A7),

0 12

where 0 =a+1—d+2H > 0.
2. If 6 < 1, show that the two integrals d\ can be expressed in terms of the covari-
ance functions of the odd and even parts of the fBm (see [70]).

Exercise 2.8 Consider f(x) = [T, (am; |x;|*"~2) with H; > 1/2 for all i =

1,....d.

1. Prove that f is the Fourier transform of the measure u(d¢) = ]_[le(cH,. X
|& |~ @Hi=D),

2. Prove that (2.53) is equivalent to Zflzl 2H; —1)>d—-2H — 1.

Hint This can be seen by using the change of variables to polar coordinates.
Exercise 2.9 Prove that the solutions to the heat and wave equation with white or

fractional noise in time and with white or colored noise in space are all continuous
with respect to the space variable.



Chapter 3
Non-Gaussian Self-similar Processes

An interesting class of self-similar processes can be defined as limits that appear in
the so-called Non-Central Limit Theorem (see e.g. [168] or [67]). We briefly recall
the context.

Let us recall the notion of Hermite rank. Derzlote by I;Im (x) the Hermite poly-
nomial of degree m given by H,,(x) = (—l)meXT d‘i—mme_% and let g be a function
on R such that E[g(&))] =0 and E[g(§0)2] < 00. Assume that g has the following
expansion in Hermite polynomials

g(x) =Y cHi(x)

=0
where ¢; = ll—!E[g(Eo)Hl (&0)]. The Hermite rank of g is defined by
k =min{/ | ¢; # 0}.

Since E[g(£0)] =0, we have k > 1.

Let g be a function of Hermite rank k and let (§,),cz be a stationary Gaussian
sequence with mean 0 and variance 1 which exhibits long range dependence in the
sense that the correlation function satisfies

H-2

r(n) :=E(Eofy) =n" F L(n)

where H € (%, 1), k> 1 and L is a slowly varying function at infinity (see e.g. [75]
for the definition). Then the following family of stochastic processes

[nt]

1
—7 28} (3.1)
j=1

converges as n — 00, in the sense of finite dimensional distributions, to a self-
similar stochastic process with stationary increments that lives in the kth Wiener
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chaos (as presented in Appendix C). This process is called the Hermite process
of order k. The class of Hermite processes includes fractional Brownian motion
which is the only Gaussian process in this class. Their practical aspects are striking:
they provide a wide class of processes from which to model long memory, self-
similarity, and Holder-regularity, allowing significant deviation from fBm and other
Gaussian processes. Since they are non-Gaussian and self-similar with stationary in-
crements, the Hermite processes can also be an input in models where self-similarity
is observed in empirical data which appears to be non-Gaussian. The need for non-
Gaussian self-similar processes in practice (for example in hydrology) is mentioned
in the paper [169] based on the study of stochastic modeling for river-flow time se-
ries in [107]. This chapter contains an analysis of the basic properties of the Hermite
process with a special focus on the Rosenblatt process which is, after fBm, the most
well known Hermite process.

3.1 The Hermite Process

3.1.1 Definition and Basic Properties

We will adopt the following definition of the Hermite process.

Definition 3.1 Let (B(?));cr be a Wiener process. The Hermite process (Z ’;{ ))r>0
of order k and with self-similarity index H € (%, 1) is defined as

tfk e
Zyo e [ (l_[<s—yi)+(2+ " )>deB(yl)"'dB(yk)a (32)
j=1

where x4 = max(x, 0). The above integral is a multiple integral of order k with
respect to the Brownian motion W (in the sense of Appendix C) and the constant
c(H, k) is a normalizing constant that ensures E(Z’;{ ) =1.

Remark 3.1 Throughout, a random variable which has the same law as Z’;[ (1) will
be called a Hermite random variable.

The most studied Hermite process is of course fractional Brownian motion
(which is obtained in (3.2) for k = 1; compare (3.2) with (1.7)) due to its large
range of applications. The process obtained in (3.2) for k = 2 is known as the Rosen-
blatt process. It was introduced by Rosenblatt in [157] and was given its name by
M. Taqqu in [167].

Let us first compute the covariance of the Hermite process and the constant
c¢(H, k) from (3.2).

We need the following lemma.
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Lemma 3.1 Fora+b < —1

UNv
/ w—y)*(w—y)dy=p(—1—a—b,b+ D)u—v[*T"+" (3.3)
—00
Proof Suppose u > v. Then use the change of variables z = 11;%;: O

In the sequel we will denote Z’I‘{ by Z*.

Proposition 3.1 The constant c(H, k) in (3.2) is given by

c(H,k)? = (
kKIHQH — 1)

Moreover, for every k > 1, the process ZZ satisfies, for every s,t > 0,
1
R(t,s) :=EZF(1)ZF(s) = 5(:”’ + 52— —s?H).

Proof By Fubini and the isometry of multiple Wiener-1to integrals, one has

R(t. ) = kle(H, k>2/ ftfsli[<u—yi)l(%+%
®\Jo Jo i}

-
x (v —yi)y dvdu |dy; - --dyk
trs k _(Ly1=-H
—wect? [ [ [ T %
0o Jo Jre| Y
/_
(L4 1-H
X(U—yi)+(2+ : )dy1-~dyki|dvdu

rops _(lyloH NSRRI A
:k!c(H,k)2/ / |:/ (u—y)Jr(2+ k )(U—y)+(2+ k )dy] dvdu.
0 JO R

Let B(p,q) = fol 27711 — 2)P~1dz, p,q > 0 be the beta function. By using the
identity (see (3.3))

/Rw ) = )iy = Bla, 1 — 2a)u — v
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we get

R(r,s)zk!cm,k)zﬁ(% 1=H 2H - 2)// = v Y dvdu

T
(___H 2H 2H=2 )k

3

=klc(H, k)Z'B (t2H + 52— — 5?7,

HQH — 1) 2

In order to obtain E(Zlﬁl ()% = 1, we will choose ¢(H, k) to be given by (3.4) and
we will have

1
R(t,s) = E(z”’ + 52— =", s,t>0.
O

Remark 3.2 Note that the covariance does not suffice to deduce the law of the pro-
cess, since the Hermite process is not Gaussian (except when k = 1).

As mentioned earlier, the Hermite process shares many of the properties of fBm.
Proposition 3.2 The process Z’I‘i given by (3.2) is H -self-similar.

Proof Let ¢ > 0. We will use the self-similarity property of the Wiener process. We
have

Z¥(ct) = c(H, k)/ / (l_[(s— s )>d5dB()’1)"'dB()’k)
" ~(3+152)
=cc(H,k)/k/ (]‘[ (cs—yi)y® F )dsdB(yl)-‘-dB(yk)
R JO \:
j:
= cc(H, k)/ f (]‘[(cs—cy,>+( I )dsdB(c“yl)---dB(c—lyk)

=CC_(7+7T)C(H, k)

/Rk/ (]ﬁ — i)y e )dsdB( vi)---dB(c™ )

=@ cc_(7+%)c_fc(H, k)

< / (1‘[@ Wi T)dulB(yl)~--dB<yk>
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ALY

Recall that =) denotes the equivalence of finite dimensional distributions. 0

Proposition 3.3 The increments of the process Z* are stationary.

Proof Tt follows immediately from (3.2) that for every h > O the processes
(ZK(t + h) — Z¥(t))s>0 and (Z*(t)),>0 coincide in law. O

Remark 3.3 From Propositions 3.2 and 3.3 one can deduce the expression of the
covariance of the Hermite process by using Proposition A.1.

Proposition 3.4 All moments of the Hermite process are finite and for every p > 1
E|Z*1)|" =E|ZF()|"*H
for everyt > 0.
Proof This is a consequence of Proposition 3.2. U
From the stationarity of increments and the self-similarity, it follows that
Proposition 3.5 Forany p > 1
E[|Z} ) - 2% |"] =E|ZF )"t — s1PH.

As a consequence the Hermite process has Holder continuous paths of order § with
0<d<H.

Proof To get the Holder continuity, one applies the Kolmogorov criterium (Propo-
sition A.2). O

Proposition 3.6 The Hermite process exhibits long-range dependence.

Proof This follows from Proposition A.2 because the self-similarity index is
H>1 g
2

We mention that different expressions of the exponent in (3.2) are used in the
literature, but we have chosen this one so that the order of similarity is equal to H.

3.1.2 Other Representations

One can express the Hermite process as a multiple integral with respect to a Wiener
process on a finite time interval. This representation uses the kernel K% of the
fractional Brownian motion (1.3).



82 3 Non-Gaussian Self-similar Processes

Theorem 3.1 Let H € (%, 1). Consider the process (Yt(q’H))te[o,T] with q > 1 given
by

‘ 1
y =d<H>/O /0 AWy, - d Wy,
t , ’
x(/ K",y K" (M»yq)d”>’ telo.11 35
V-V

where KH' is the usual kernel of the fractional Brownian motion (1.3), (W;)se[0,7]
is a Wiener process and

/ H—1 ’
H=1+—— <<= (2H' -2)q=2H-2. (3.6)
q
Then, if d(H) is such that E|Y1(‘1’H)|2 =1, the process (Ytq’H)te[o,T] has the same

finite dimensional distributions as the Hermite process (Z]1‘1 (t):efo,1] given by (3.2).

Proof See [148]. We will prove the result for the case k =2 in Sect. 3.2. O

Remark 3.4 There is an alternative way to define Zt(q’H) as a multiple integral with

respect to fractional Brownian motion. Some details can be found in [133]. Let B’
be a fractional Brownian motion with Hurst parameter H' given by (3.6) and denote

by I qB " the multiple integral of order ¢ with respect to this process. We define

H/
2 = c(1f" (o), 1€l0,1] (3.7)

where w; denotes the uniform measure on the diagonal D; of [0, t]7. The constant
c(H) is chosen so that the covariance of Z(@ is equal to %(IZH +52H | — g2H),

3.1.3 Wiener Integrals with Respect to the Hermite Process

In this section, we introduce Wiener integrals with respect to the Hermite process.
Consider a Hermite process given by (3.2).
Let us denote by £ the class of elementary functions on R of the form

n
fu) =Za11(,,,n+l](u), n<tie, R, I=1,...,n. (3.8)
=1

For f € £ as above, it is natural to define its Wiener integral with respect to the
Hermite process Z’;I by

n

/R FadZy ) =Y al(Zy ) — 25 w). (3.9)

=1
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In order to extend the definition (3.9) to a larger class of integrands, let us first make
some observations. By formula (3.2) we can write

Zk (1) = Ak I(110,1) (V15 -5 YA B(y1) - - - d B(y),

where by I we denote the mapping on the set of functions f : R — R to the set of
functions f : RF — R

~d+ 55t

k
I(f)(yl,---,yk)=C(H,k)/Rf(u)l_[(M—yi)+ du.
j=1

Note that for k = 1 this operator can be expressed in terms of fractional integrals
and derivatives (see [9, 147]). Thus the definition (3.9) can also be written in the
following form, due to the obvious linearity of /

/R FadZy ) =" al(Z5 () — 25 @)

=1

n
=3 [ Haaa) 1 30dBG) - dBOw
=1

=ka1(f)(y1,---,yk)dB(yl)“-dB(yk)- (3.10)
We now introduce the following space
H= {fﬁR—ﬂR‘Ak(l(f)(yl,..-,yk))zdyl-"d)’k<00}

endowed with the norm

1£13, =/Rk(1<f)<y1,...,yk))2dy1 - dy.

We have

k el
IIfII%=c(H,k)2[Rk</R/Rf(u)f(v)]E[l(u—yi)+(2+ )

—G

)
X (v—yi)t dvdu>dy1 < dyg

=c(H,k>2/ f f(u)f(v)(/ -y
RJR R
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—(4+ 128

k
X (v—y),° dy) dvdu

=H(2H—1)//f(u)f(v)|u—u|2H*2dvdu.

R JR

Hence

7-[={f:R—ﬂR{’//f(u)f(v)|u—v|2H—2dvdu<oo}

RJR

and

IIfII%[=H(2H—1)//f(u)f(v)lu—vle‘zdvdu-
RJR

Let us observe that the mapping
7o [ fawazlyw (3.11)

provides an isometry from £ to L%(£2). Indeed, for f of the form (3.8), we have

E[1(f)’] Z aia;B[(Zu(tiy1) — Zu())(Zu(tjt1) — Zu ()]
i,j=0
n—1
= Y aiaj(R(tip1,tj41) — RUtit1,1)) — R(ti, tj41) + R, 1))
i,j=0

lit1 Lj+1
Z ajajH(2H — 1)/ / 2H 2dvdu

i,j=0

n—1

Z aiaj (o015 Yaj 0 —IIfIIH
i,j=0

On the other hand, it has been proved in [147] that the set of elementary functions £
is dense in H. As a consequence the mapping (3.11) can be extended to an isometry
from H to L2(§2) and relation (3.10) still holds.

This extension will be called the Wiener integral with respect to the Hermite
process.

The space ‘H coincides with the canonical Hilbert space associated to the fBm
(see Sect. 1.1.3). Therefore the followings facts hold (see [147] or [136]):

e The elements of H may be not functions but distributions; it is therefore more
practical to work with subspaces of H that are sets of functions. Such a subspace
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is
|H| = {f:R—)R ‘ / / |f(u)|}f(v)||u — v 2dvdu < oo}
RJR
Then |H] is a strict subspace of H and we actually have the inclusions

LXR)NL'(R) C L7 (R) C |H| C H. (3.12)

e The space |H| is not complete with respect to the norm || - ||y but it is a Banach
space with respect to the norm

113, = / f @] £ )|l = v2H2dvdu.
RJR

e A spectral domain included in H can also be defined as
ﬁ:{feL%R)’f|f(x)|2|x|—2f’+1dx<oo}, (3.13)
R

where fdenotes the Fourier transform of f. We have again that H is a strict
subspace of H and the inclusion

LXR)NL'R)CLE®R) cHCH

holds. We define
-~ 2 _
171, = [ |Fen i+ a
R

e There are elements in | 7| that are not in H and vice versa.

3.2 A Particular Case: The Rosenblatt Process

In this section we will analyze some basic properties of the Rosenblatt process; in
particular we are interested in its representation as a stochastic integral on a finite
interval. As mentioned earlier, this process is obtained by taking k = 2 in the relation
(3.2), so

2—

! _2-H _2-H
Z2(t) = Z(t) = a(H) /R fR ( fo (s —yD5 2 (s—y)) 2 dS>dB(y1)dB(yz)

(3.14)
where (B(y), y € R) is a standard Brownian motion on R. The constant a(H) is
a positive normalizing constant and it is chosen so that E(Z (D?) = 1. Indeed, it

follows from (3.4) that
H g—1)2\"!
a(H)* = <’3(’7)) )
2HQH —1)
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Recall that the process (Z()):¢[o0,7] is self-similar of order H and it has stationary
increments; it admits a Holder continuous version of order § < H. Since H € (%, 1),
it follows that the process Z exhibits long-range dependence.

3.2.1 Stochastic Integral Representation on a Finite Interval

As in the fBm case, we would like to represent Z; as a stochastic integral with
respect to a Brownian motion with time interval [0, T]. Recall that a fBm with
H > % can be written as (relation (1.2))

t
Bﬁ:/ K9, 5)dW, (3.15)
0
with (W;, t € [0, T']) a standard Wiener process and
H iy [ H-3 H-]
K" (t,s)=cgys2™ /(u—s) “2u" " 2du
N

HQH-1) )%
BR-2H.H-%)" "

Note that to prove the representation (3.15) (at least in law) it suffices to see that
the right-hand side has the same covariance R as the fBm; otherwise, it can easily
be seen from the expression of the kernel K that the right-hand side of (3.15) is H-
self-similar with stationary increments and as a consequence it cannot be anything
else but a fractional Brownian motion with parameter H.

Since the Rosenblatt process is not Gaussian, the proof of a similar representation
to (3.15) in this case needs a supplementary argument. We will use the concept of
cumulants. The cumulants of a random variable X having all moments appear as the
coefficients in the Maclaurin series of g(¢) = log Ee’ Xt € R. The first cumulant ¢;
is the expectation of X while the second one is the variance of X. Generally, the nth
cumulant is given by g (0). The key fact is that for random variables in the second
Wiener chaos the cumulants characterizes the law.

Let us consider a multiple integral I>(f) with f € L?>(R?) symmetric. Then the

mth cumulant of the random variable I5( f) is given by (see [131] or [80])

where t > s and cg = (

en(B(f)) =27 (m — 1>1/Rm FOry2) £ y3)
X oo X fOm—t1s Ym) [ > y)AY1 - - dym. (3.16)

In fact we have the following
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Proposition 3.7 Let K be the kernel (1.4) and let (Z(t));c[0,7] be a Rosenblatt
process given by (3.14) with parameter H. Then it follows that

@ aKH’
26 = a(H) / / / - LS Y0, y2)due [dBOAB()
yivy2

(3.17)
where (By,t € [0, T]) is a Brownian motion,
H+1
=t (3.18)
2
and
1 H \?
d(H) = . (3.19)
H+1\22H-1)
Remark 3.5

(1) The constant d(H) is a normalizing constant, it has been chosen so that
E(Z()Z(s)) = 3?7 + 52 — |t — 5]*H). Indeed,

INS INS
E(Z(t)Z(s))=2d(H)2/0 /0 dyidy,

EI) aK! aK !
X (u, y1) (u, y2) (v, y1)
¥ u

VY2 YY1Vy2 du du
H/

(v, yz)dudv>

) t K Unv 8KH/ aKH, 2
=2d(H) dvdu (u,y1) (v, yDdyi
o Jo 0 ou ou

t N
=2d(H)*(H'(2H' ~ 1))’ / / ju— vl 2dvdu =R, ).
0 JO

(i1) It can be seen without difficulty that the process

t t t aKH/ aKH/
Z'(1) = d(H)/ f [/ 3 (u, y1) (u,yz)dui|dB(y1)dB(y2)
0 Jo LJyvy, Ou ou

defines an H -self-similar process. Indeed, for any ¢ > 0,

) ct pct ct aKH’ 8KH’
Z'(ct) = A » (u, y1) o (u, y2)du |dB(y1)d B(y2)
yivy2

H 8KH/
//[[w)z (cu, y1) (C”’YZ)Cd”}dB(yl)dB(yz)
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t t t aKH/ BKH/
=/ f [/ 5 (cu, cyr) (C’/hCYZ)CdM}dB(CYI)dB(CYZ)
0 Jo L/yvy, Ou du

/

and since B(cy) =@ ¢2 B(y) and 27 (cu, cy;) = ¢ ~3 2K (4 y,;) we ob-

tain Z(ct) =D cH Z ().

Proof Let us denote by Z'(¢) the right-hand side of (3.17). Consider by, ..., b, € R
and t1,...,t, € [0, T]. We need to show that the random variables

Y bz, Y bZ'w)
=1 =1

have the same distribution.

As mentioned above, the law of the multiple Wiener-Itd integral I>(f) is
uniquely determined by its cumulants (3.16).

We will show that, for every ¢,s € [0, T], the random variables Z; 4+ Z; and
Z; + Z; have the same law; the general case will follow by a similar calculation. It
follows that

Z; + Z; = Iz(ft,x)

where
t9KH aKH
Sfrs1, y2) = Ljo.a(y) 10,0 (y2) (u, y1)———(u, y2)du
yivy2 du du
) < oK
+ 10,511 110,51 (32) (u, y1) (u, y2)duv. (3.20)
vivy, ou du

Putting a,, := @2’"(1(H)m we have

cm(fs,1) =a(m)/Rm frsO1, y2) - fr.sOms yDAYL -+ - dym

Y < oKt
=a<m)/ dy1 -+ dym W y) . ya)duy
R y ou ou

1Vy2

) < aK !
+ (1, y1) (u1, y2)du;
yivy, 0 du

) < K
X </ (u2, y2) (u2, y3)dus
y ou Ju

2V y3

s 9k Akt
+ (u2, y2) (u2, y3)duy
yavys O ou

NEEE
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) < aKH’
X Wms ym) —— Wm, y1)dum
Y

mV Y1 au
s 9KH aKH’
+ 5 Wm, Y1) ——— W, ym)duy,
YymVY1 u

and by the classical Fubini theorem

en(fy.) = am) Z/ / duy -

tjeft,s}

Uy Aty 8KH/ BKH/
X (f ——(u1, 1) (um,y1)dy1>
0

ouy Oty
w1 AUy aKH’ aKH’
X (/ (u1,y2) (uz, yz)dy2>
0 8u1 3142
X e
Up—1\Um aKH aKH,
X/ — (Um, ym) (umv ym)de
0 Oum—1
t”l
=a(m) Z / / duy--
tjelt,s}
 luy — a2 luy —uz P — P (3.21)

with a’(m) =a(m)(H' QH' — 1))".
The computation of the cumulant of Z; 4 Z; is similar. Indeed, we can write, for
s,1€[0,T],

Z(1) + Z(s) = I2(&s.1)

where
13
8s.,t =a(H)</ (u— )’1)+2 (u— y2)+2 du +/ (u— yl)+ (Lt - ))2).1_2 du)
0
and the mth cumulant of the kernel g; ; is given by (here b(m) = @2’”61(H )™
t H=2 H=2
cm(gs,t) = b(m)/ dy1---dym (/ (1 —yD (ur—y2),* duy
Rm 0
s H=2 H=2
+/ (ur =y, (ur—y),’ dul)
0

t H-2
X (/ (w2 — y2)+ (uz —v3),° duy
0
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/ Wr— )i Wz =y duz)

H=2
(f (m — ym)+ (”m yl)+2 duy

H-2
X+/ (um — Ym)+ ( y1)+ dum)

—bm) Y / /tmdul

tje{t,s}

H-2

/(Ml —y1)+ (m Y1)+ dyl/(ul—y2)+ (w2 —y2) * dy

H=2
/(um 1— ym)+ ( m_ym)+2 dym.

Using identity (3.3) we get

lnl
cm(gs,»:b(m)ﬂ(2 —1> Z/ [ s,

tjeft,s}
2H'-2 2H'-2 2H'-2
X |uy — uz] luz — u3 e lum — (3.22)

and it remains to observe that a’(m) = b(m),B(ﬂ, H — 1) which implies that (3.21)
equals (3.22). O

We will conclude this section by proving that the Rosenblatt process possesses
a similar property to fBm, that is, it can be approximated by a sequence of semi-
martingales (in fact, since here we have H > %, by a sequence of bounded variation
processes). See also [10] for related results.

The basic observation is that, if one formally interchanges the stochastic and
Lebesgue integrals in (3.17), one gets

t u u aKH’ aKH’
2@y =" / ( / / ) yz)dB(}H)dB(yz))du
o \Jo Jo du ou

but the above expression cannot hold because the kernel M(u yl)alg: (u, y2)

does not belong to Lz([O T]2) since the partial derivative 2K~ (u y1) behaves on

the diagonal as (u — y1) 2 ol
Let us define, for every ¢ > 0,

. t pt t 8KH/ 8KH/
Z°(t) = d(H) (u+e y1) (u+e, y2)du
0 Jo Y1Vy2 ou ou
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x dB(y1)dB(y2)

t u uaKH, aKH’
=/</ / (u+¢,y1)
o \Jo Jo du 0

” (u+e,yz)dB(y1)dB(y2)>du
t
::/ As(u)du.
0

Since A, € L?([0, T] x £2) for every ¢ > 0 and it is adapted, it follows that the
process Z¢ is a semimartingale.

Proposition 3.8 For everyt € [0, T], Z¢(t) — Z(t) in L*(£2).

Proof We have
t t
Zg(t)—Z(t)=/0 /0 dB(y1dB(y2)

) < aKH
X (u+e,y1) (u+e¢,y2)
vy \ U du

aKH aKH’
- (Mv )’1) (uv y2) dl/i

ou ou

and

E|Z5(t) — Z@)|

topt t t
=2/ / dyldyzf f dvdu
0 Jo yivy2 Jyivys

H aKH/ P H' H’
><< 3 (u+e,y1) (u+e y2)— (u, y1) (u,yz)>

u u ou ou
aKH' aKH' aKH aKH
X (v+e,y1) (v+ey)— (v, y1) (v, ) ).
v v v v

. H' H' H' H
Clearly the quantity (25— (u + &, y) 25— (u + &, y2) — & (u, y) 2% (u, y»))

converges to zero as € — 0 for every u, y1, y» and the conclusion follows by the
dominated convergence theorem. g

/

Remark 3.6 Another representation in law of the Rosenblatt process can be
given as follows. Let W be a complex-valued Gaussian random measure on
R such that for Borel sets in R, A, B,A;, E[W(A)] = 0,E[W(A)W(B)] =
the Lebesgue measure of A N B, W(U'}-Zl Aj) = Z'}Zl W(A;) for mutually dis-
joint Ay, ..., A, and W(A) = W(—A).
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Let

Hp = {h : h is a complex-valued function on R, & (x)

= h(—x),/ h(x)?|x)1Pldx < oo}
R
with D =1 — H and for every ¢t > 0 define an integral operator A; by
lt(x y)—1
Arh(x) = C(D)f —y)h<y)|y|’)“dy, hetp. (3.23)

Then A; is a self-adjoint Hilbert-Schmidt operator (see [67]), all eigenvalues
dn(t),n=1,2,..., are real and satisfy } -o 2(1) < oo.
Then for every tl, oty >0,

(Zp), ..., Zp(ta)) =¥ (ZA (t)(e — 1), ZA (ta)(ey —1)

n=1 n=1

nln

where {€,} are i.i.d. N(0, 1) random variables.
The case d = 1 was shown in Proposition 2 of [67] while the case d > 1 can be
found in [115].

3.3 The Non-symmetric Rosenblatt Process

We will introduce here a variant of the Rosenblatt process called the non-symmetric
Rosenblatt process. As we will see in this section, this process is also H -self-similar
with stationary increments and it lives in the second Wiener chaos. This shows that
in the second Wiener chaos we can have many self-similar processes with stationary
increments. This does not happens in the first Wiener chaos, where fBm is the only
self-similar process with stationary increments.

Let Hy, H, € (0, 1) such that

H + H, > 1. (3.24)
Consider the stochastic process Y #1-12 = (Y,Hl ’HZ),EO given by, for every ¢ > 0,

Hy, Hp ' %_1 %_1
v/ = o(Hy, o) /R 2 /0 -y -y du)dBydb,, (25

where the integral above is a multiple Wiener-Itd stochastic integral of order 2.
Let us denote by f; the kernel of Y,H1 2 that s,

‘ " "
ft(yl,y2)=C(H1,H2)/0 u—y)y w—y); du (3.26)
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for every y1, y2 € R. The kernel f; is in general not symmetric with respect to the
variables y1, y, (except the case H; = Hj). We denote by f; its symmetrization

~ 1
Ji(y, ) = E(ft(yl’ y2) + fi(v2, y1)).

In this way, using the usual notation for multiple integrals, we can write Y,H"H2 =
I (f;) for every t > 0. Condition (3.24) ensures that the kernel f; belongs to
L2([0, 00)?) for every ¢ (this can be seen in the sequel of this section) and thus
the double integral in (3.25) is well-defined.

The constant ¢(H;, Hy) will be chosen so that E[Y 12] = 1. This constant, which

will be explicitly calculated later, plays an important role.

Proposition 3.9 Assume (3.24). Then the process (YtH"HZ),E[o,OO) is %(Hl + Hp)
self-similar and it has stationary increments.

Proof Let ¢ > 0. We have

ct
0

Hi,Hy LA L
Yo, " =c(Hi, Hy) - (u—y)y (w—y)? duldBydBy,
' m_ m_,
=C(H1,H2)Cf2(/ (cu—y)y (cu—y); du)afoldBy2
r2\Jo

! LA Lo
=c(H, H2)C/2 (/ (cu—cy1)y (cu—cyr)y du)achyldBCyz
R 0

d Hi+Hy

=c 2 Y[

T . d
where we have used the %—self—mmllanty of the Wiener process B. Here = means
equivalence of all finite dimensional distributions. It is obvious that the process

(v 152y has self-similarity since for every 4 > 0 and ¢ > 0 we have (Yt'jIFI;;H2

y[hHey & (y ety 0

Remark 3.7 The particular case H] = Hp = H corresponds to the Rosenblatt pro-
cess as defined in [67, 167]. We will call this process the symmetric Rosenblatt pro-
cess. The process Y 7112 with Hy # H, will be called the non-symmetric Rosenblatt
process. Also note that the self-similar parameter of ¥ #1-#2 is always contained in
the interval (%, 1).

We will now compute the renormalizing constant appearing in (3.25).
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Lemma 3.2 Assume Hj,Hy € (0,1) and (3.24). The normalizing constant
c(Hy, H>) appearing in the definition of Y 11-H2 in (3.25) is given by

C(Hy, Hy) ™ = ;@(1—%,&);&(1 Hz,H2>
HQH—1) 2 2

g M R
”( - ’7)*3( B ’7))

Remark 3.8 In the particular case H] = H» = H we have

where 2H = H; + H>.

2
c(H, H)™2:=c(H) = #50 _ E)
HQH - 1) 2

and it coincides with the constant (3.4) with k = 2.

Remark 3.9 Using again §(a, b) = F;azilﬂb) , the renormalizing constant C (Hy, H>)

can be expressed in terms of gamma functlons as follows:

H
e [m—Hl)F( By ra - myrdk)

HQ2H — 1) ra-4y ra-%)

. ra-mrdy ra-mrik )}
ra-14) ra -4

_ 1 rdhrdg)
HQH-Dra-2yra-1%2)

x (M= H)I(1— H) + T (1 - H)?).

We will prove in the next section that the processes ¥ 1-/2 given by (3.25) have
different laws depending upon the values of the self-similarity parameters H; and
H,. We will use the cumulants (3.16).

Remark 3.10 Recall that the law of a multiple integral of order two is completely
determined by its cumulants in the sense that, if two multiple integrals of order 2
have the same cumulants, then their distributions are the same (see [80]).

Let us compute the cumulants of the random variable /5 ( ft) with fixed 1> 0 and
f; given by (3.26). Using formula (3.16) and the expression of the kernel f, we get

em(D(f) =2"" m — D127 c(Hy, Ho)"

d LA L
X/ </ (ur—yDy (i—y)y dug
rm \Jo
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! LA Lo
+/(u1—y2)+ (ur =y du1>
0
t Hy Hy

H H_
X (/ (2 —y2)y (wa—y3) duy
0

! LR Lo
-I—/ (w2 —y2)y (w2 —y3)y duz)
0

X oo

! LI Lo
X (/ (-1 — ymfl)_q_ (Um—1— ym)+ du,_1
0

! LA Lo
+/ Wm—1—Ym) Um—1— Ym—1) dum—l)
-1 Lo
(/ (m — ym)+ (m — y1)+ dup

_1_1 ﬂ_l
+/ (Mm—)’1)+2 (um_ym)_q_2 dum>dy1"'de~
0
‘We can state the main result of this section.

Proposition 3.10 Let us consider the process (Y,HI’HZ),ZO given by (3.25). There
exist pairs (Hy, Hy), (H{, H}) € (0, 1?2 with Hy + Hy = H{+ H)=2H > 1 such
that (Hy, H>) 75 (H{, Hy) and for any t > 0, the laws of the random variables

H) .
YHI 2 and Y, 12 are different.

Proof 1t suffices to show that for fixed ¢ the two random variables Y,Hl’H2 and

YtHI’H2 have at least one different cumulant. The first two cumulants (that is, the
expectation and the variance) of these two random variables are the same since
Y H1-H2 j5 an H-self-similar process with stationary increments. Let us compute the
third cumulant.

Let us consider the case m = 3. Then, by changing the order of integration, we
get

c3(L(f)

; t ptopt H o H_
=C(H1,H2)///|:</(u1—y)+2 (uz —y)y d)’)
0o Jo Jo R
0 "
><</]R(u1—y)+2 (uz —y) 7 dy)
L H
><<A£(u2—y)+2 (uz —y)y dy)
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+ (uy — y)+ (us—y)+ dy (/(ul y)+ (uz—y)+ dy)

X (u2 — y)+ (u3 - y)+ dy

+{ | - y)Jr (uz—y)+ dy (/(m y)+ (uz—y)+ dy)

X (u2 — y)+ (M3 - y)+ dy

+ (ul—y)+ (us—y)+ y(/(ul—y)+ (Mz—)’)+ dy)

X (u2 — y)+ (u3 - y)+ dy

)
)
)
)
)
)
=38 = E ) ([0 -0 )
)
)
)
)
)
)
)

_I_

X (U2 — y)+ (bt3 - y)+ dy

X (u2 — y)+ (u3 - y)+ dy

2
([ aver =2 -2 <f(u1 WZ = F dy)

X (uz — y)Jr (uz - y)+ dy

([ aver =2 -2 </(u1 W2 = dy)

fA
(
fA
(
{!
(
(L
(
+( w-n7 "w-nd” y( -7 (Mz—y)j?ldy)
(/
(L
(/
fA
“(f

(uz — y)+ Yz — y)+ }dulduzdua

Therefore

t t t
a3(h(f)) = C(Hl,H2)3/ / / (g, 1o (w1, w2, u3) + gy, (U3, U2, u1)
o Jo Jo

+ fH, 1, (w1, u2,u3)
+ fH, 5, W1, uz, u3) + fuy B, (o, ur, u3) + fo 1 (U2, u3, uy)

+ fry i W3, ur,u2) + [y 5, (3, uz, uy) |durdusdus,
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where
LR Lo
gHy Hy (U1, U2, u3) = (/R(ul -y (u3—y)s dY)
o H
X (/R(Ml -y w—-y5 dY)
L H
x ( /R W -7 -7 dy)
and

LR LR
Soy Uy, uz,u3) = (A‘Q(“l =)y (u3—y) dy)

o, Ho
x </R(u1 -y (a—y)¢ dY>
m_, m_,
X <A;(M2 -7 w3—y); dy>~

Therefore, the function under the integral dudusdus is symmetric with respect to
the variables u1, u, u3. The integral fot fé fot duydu,dus is then equal to

3![ duidusdus.
uz<upy<ui,ui,uy,u3el0,z]

Furthermore, it follows from Lemma 3.1 that, for u3z < u3 < u

H + H Hz H|+H2,
gy, 1 ug, uz) = B 1 — ————=, = ) (u1 — u3) :
2 2
H1+H2 H] H1+H2 1
(1 —uz)
2
H1+H2 H1 Mty
X (ur —u3)~ 2

and

Hithy

H;
S, By (U1, uz, u3) =,3<1 — H, > )(Ml —u3)

H1+H2 _

Hy
xﬂ(l—Hz, 3 >(M1—M2)

H H, H H{+H
xﬂ(l—% 22)(u2—u3) 1+2 -1
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Thus we have

- H H, H H H, H
iy (132 (-5 2

H+H, H Hy+Hy, H
(-2 ) -3
- Bl B2

H +H, H
o232

_1 H1+H2 1
X (1 —ua) (w1 —up)~ 2
uz<up<ui,ui,uy, IME[O t]
X (up — u3) dulduzdug
H+H, H; H\+H, Hj
=3le(Hy, Ho)} (Bl 1 - ———, — - —, =
(Hy. Hy) (ﬁ( )15 )
28(1— 1. ) g(1-m, 12
x —Hi, — :
L 2>
Hy+ H, H Hi+H, H
-2 (-2 2
+ﬂ( 2 2)’3( 2 2))
Hitty

-1
X/ (Ml—u3) (ur—uz)~ 7
U3z <up<uy,u,u, u;e[O t]

X (uz—u3) ]dulduzdm

3 H H,
= 3lc(Hy, Ha) (ﬁ(l—H, 7)+;8<1—H, 7))
x <2,8<1 —Hl,—H1>ﬂ(1 —H, —Hz)
2 2
2 2

H-1 H-1
X / (w1 —u3)” ™ (1 —uz)
uz<up<uy,uy,uz,u3€l0,z]

X (Up — ug)H_ldulduzdu3
and using gamma integrals we get

e3s(hL(f)
=3lc(Hy, Hy)?

H;
(22 (£ (-)
(r(—2yra -2\ \ 2 2 2 2
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x 2r(1—H)I(1— H)+I'(1— H)?)

H-1
X/ (ur—u3)” " (w1 —uz
uz<up<ui,ui,up,u3€l0,r]

X (up — M3)H_ldu1duzdu3.

)Hfl

It is obvious, given the expression of the normalizing constant c(H1, H3), that there

exist (Hy, Hy) # (H{, Hy) with c3(12(fu,,m,)) # C3(12(fH1/,H2/)) (see also the fol-
lowing remark for a numerical example). U

Remark 3.11 Since the gamma function can be numerically calculated for any value
of the parameter (see for example http://www.efunda.com/math/gamma/findgamma.
cfm), the constant appearing in the expression of the third cumulant above can
also be numerically computed and it can be seen that it has different values
when (Hi, Hy) # (Hj, Hy) and H, + H, = H| + Hj. Take for example H; =
H, = 04 and H{ = 03,H) = 0.5. Then I'(0,4) = 2.21, I'(0.2) = 4.49,
r0.8)y=1.16, 1'(0.6) =1.48, '(0.3) =2.99, I'(0.5) =1.77, I'(0.15) = 6.22,
I'(0.25) =3.32, I'(0.75) = 1.22, I'(0.85) = 1.11 and this leads, after exact com-
putation, to different values for the cumulants.

Remark 3.12 There are other classes of self-similar processes with stationary incre-
ments in the second Wiener chaos. See Exercise 3.5.

3.4 Bibliographical Notes

Although defined during the 60s and 70s ([67, 157, 168]) due to their appearance
in the Non-Central Limit Theorem, the systematic analysis of Hermite processes
has only been developed during the last ten years, motivated by their nice prop-
erties (self-similarity, stationarity of the increments, long-range dependence). As
attested by the empirical data, these stochastic processes are well suited to appli-
cations featuring non-Gaussian long-range dependence. An example is provided in
[169], which uses an empirical study from [107], see also the bibliographical guide
[191]. Results on several aspects (stochastic integration, weak approximation, dis-
tributional properties, estimation) related to this class of stochastic processes can be
found in [6, 7, 30, 34, 45, 81, 112, 144, 148, 174, 188], among others. The non-
symmetric Rosenblatt process has been studied in [114].

3.5 Exercises

Exercise 3.1 ([171]) Define the following approximation for the Rosenblatt process

[nt] s &
Z // ( )ddff rel0,T] (3.27)

i,j=Li#j
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where F is the kernel of the Rosenblatt process in the representation (3.17)

KH H’
(u, yl) (u, y2)du.

F(t,y1,y2) = 10,1110, z]()’2)/

YiVy2

Prove that the family of stochastic processes (Z}');c[o,7] converges in the sense
of finite dimensional distributions to the Rosenblatt process (ZZH )iefo,7] (with self-
similarity index H =2H’ — 1). (Compare with Exercise 1.11.)

Remark 3.13 We eliminate the diagonal “i = j” because the Rosenblatt process is
defined as a double Wiener-Itd integral and as a consequence it has zero mean.
When the diagonal i = j is included in (3.27) then the limit is in general a double
Stratonovich integral (see [92] or [162]).

Exercise 3.2 Let (Z,(H))te[(),]] be a Rosenblatt process with self-similarity index
H e (%, 1). Then, for every s, t € [0, 1], prove that

E(z" — z) = c(H)lr — s (3.28)
where

u/|)2H/—2

C(H)= 8a(H)3d(H)3/ (lu—vl|u —u'||v— dudu'dv.  (3.29)
0,112

(Observe a significant difference from the Gaussian case: here this cubic mean is
not zero.)

Exercise 3.3 ([148]) Prove the following positive half-axis representation of the
Hermite process:

ck.H / / > st 3dB(y) - d B,
(0c0)k

Exercise 3.4 ([47, 112]) Let (Z (t)):er be a Hermite process of order k and let
£ € LO(R). Show that the following are true for almost all & and for every A, o > 0.

(1) For all ¢ > a, the integral fat eMd Z’;[ (1, w) exists in the Riemann-Stieltjes
sense and it is equal to

t
eMZ]I{_I(t, w) — e)‘aZ’;](a, ) — A/ Z’;_I(u, w)edu.
a

Moreover, the function ¢ +— f; eMd Z/I‘_I (u, w) is continuous.
(i) The unique continuous solution of the equation

t
yé(n:sm)—xf YE(s)ds + 0 Z (1, w), 1>0
0
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is given by

'
y‘%t):e“(f(w)—i—a/ e”dZZ(u,w)), t>0.
0

The above integral is a Wiener integral with respect to the Hermite process. In
particular, if £ = o fi)oo ek“dZ]I‘_I (u, w), then

'
y(t) = 0/ e_}‘(t_”)leI‘_I(u, w), t>0.
—0Q

(iii) Prove that y exhibits long-range dependence for H € (%, 1) and that, when
teR,N=1,2,...and s — 00, its covariance function behaves as

N 2n—1
E[)’(t))’(f +s)] = %oj Z A2 ( H (QH — j))SZH—Zn + 0(S2H—2N—2).
m=1 j=0

(3.30)

Exercise 3.5 ([157] and [122]) Consider «, 8 such that % <a< % and 0 < 2 —
200 — B < 1. Define for every t > 0 (B is a Brownian motion)

Xt=//</ (u—yl)la(u—m)laﬂul_ﬂ—|M—f|_ﬂ)d“>d3y1d3yz~
R JR\JO

1. Prove that the process X = (X;);>0 defined above is H -self-similar with station-
ary increments where H =2 — g — 2.

2. Prove that for suitable choices of «, 8, the law of the process X defined above is
different from the law of the process Y (3.25).



Chapter 4
Multiparameter Gaussian Processes

A two-parameter stochastic process is a stochastic process indexed by a time interval
which is a subset of R?. The most studied cases is two-parameter Brownian motion
(also called the Brownian sheet).

The stochastic analysis of two-parameter Brownian motion and more generally,
of two-parameter martingales, was mostly developed in the eighties. There are sev-
eral monographs (e.g. [69, 101]) that discuss various aspects of the multiparam-
eter martingales. Later, some classes of stochastic processes that are not (semi)-
martingales came to attention. One of them is the so-called fractional Brownian
sheet. In this part of the monograph we survey its basic properties, as well as those
of the two-parameter Hermite processes. We also generalize these processes to the
multiparameter case (i.e. where the number of time parameters is greater than 2).

4.1 The Anisotropic Fractional Brownian Sheet

Let us define the anisotropic fractional Brownian sheet.

Definition 4.1 A fractional Brownian sheet (W, ;ﬂ )(s.1)€[0,00)2 With Hurst indices

(a, B) € (0,1)? is a centered two-parameter Gaussian process whose covariance
function is given by

E(WSPWeE) = Ry (1, u)R (s, v)

= %(tz"‘ +u? — | — u|2°‘)%(s2’3 + o s — v|2ﬁ).

Recall that Ry, is the covariance function of the one-parameter fractional Brown-
ian motion (1.1). The process was introduced in [100] and then studied in [12].

Remark 4.1 The process W%# is called anisotropic because the covariance is de-
fined as the product of two-covariances of a one-parameter fBm. There exists an
isotropic fractional Brownian sheet, see Remark 4.3.

C.A. Tudor, Analysis of Variations for Self-similar Processes, 103
Probability and Its Applications, DOI 10.1007/978-3-319-00936-0_4,
© Springer International Publishing Switzerland 2013
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When o = 8 = % we obtain the Brownian sheet, which is a centered Gaussian
process (Ws 1)s.r>0 with covariance

EW W, =@ Au)(s Av)
for every s, t,u,v > 0.

Remark 4.2 The partial processes t — W,of ;’3 and s — W,Of ;ﬁ

tional Brownian motions (see Exercise 4.1).

are “weighted” frac-

4.1.1 Basic Properties

The basic properties of W®# are listed below.

Proposition 4.1 The process W*# is self-similar of order («, B) (in the sense of
Definition A.4 in Appendix A).

firoof From Definition A.4, we need to prove that for every &, k > 0, the process
WP defined by

(Wg)lﬂ)s,t = (hakﬁ W;z )x,t

s

has the same law as W*# . For every s,t,u,v > and k, k > 0 we have

EWS Wil = 2k Ew wit

‘k hok
=h2°’k2’3Ra i,ﬁ Rg 172
h h k k
= Ry(s, u)Rg(t, v)
—EWS web,

Since both W# and W%# are centered Gaussian processes, we obtain the equiva-
lence of their finite dimensional distributions. 0

Proposition 4.2 The process WP has stationary increments.

Proof Recall Definition A.5. It suffices to check that for every 4, k > 0 the process
(Wi = Wik = W+ Wil os,120)

has the same law as (Wff ’,’3 ,s,t > 0). To this end, it suffices to compute the covari-

ance of the first process and, using the fact that the fBm has stationary increments,
to conclude that it coincides with the covariance of WA O
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Proposition 4.3 The fractional Brownian sheet (Wsof ’lﬂ) s.1=0 admits a version WP
with continuous trajectories. Moreover, its paths are Holder continuous of order
(', B with o' < a and B’ < B in the sense that: for every w there exists a C,, > 0
such that for every s, s1,t, 1]
oo, B a B a,p
|Weil — — Wl + W

S[l s1,t |<Cws_51|a|t_tl|ﬁ

S1,1
Proof From the self-similarity and the stationarity of the increments of the frac-
tional Brownian sheet W®# _ it follows that for every p > 1
a.p a.p o.p apip _
E[Wh ik = Witar = Wi+ Wik [ = Cplh1P* kPP

with C}, > 0 depending only on p. Then it suffices to use the Kolmogorov continuity
criterium for two-parameter processes (see Theorem B.2). g

4.1.2 Stochastic Integral Representation

There exists a two-parameter version of the Wiener integral representation (1.2).
The fractional Brownian sheet with Hurst parameters «, 8 € (0, 1) and with time
parameters s, t € [0, T'] can be defined as (see [20])

Wy, _/ / K%(t,u)KP (s, v)dW,,, foreverys,te[0,T], (4.1)

where (W y)u,veo,7] is the Brownian sheet and the deterministic kernels K, Kg
are defined by (1.3). The stochastic integral in (4.1) is a Wiener integral with re-
spect to the Wiener sheet W. There also exists a moving average representation (see
formula (4.5) with k = 1). It is immediate that the process given by (4.1) is a frac-
tional Brownian sheet. Indeed, the isometry of the Wiener integral implies that for
all s, ¢, u, v

SAV
EW“ﬁWL‘j‘f —/ Ko(t,a)Ky(u, a)da/ Kg(s,b)Kg(v, b)db
= Ry (t,u)Rp (s, v)
by (1.5).
The canonical Hilbert Space H%# of the fractional Brownian sheet is the closure

of the linear space generated by the indicator functions on [0, T']* with respect to
the scalar product

(110,1x10,51> 1{0,u1x[0,0]) o8 = Ra(t, u)Rg(s, v).
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Fix o, B > % Notice that in this case, by tensorization of the scalar product in the
space H of the fBm, we have for every f, g € H*#

T T T T
(f. ) gges = c@)c(B) / / / / Fla, byg(m. m)la —mP*=
0 0 0 0
x |b —n**""dadbdmdn (4.2)

and c(o) = a(2a — 1). Define the operator K ;é on the space of step functions on
[0, T1? to L2([0, T]?) given by

(stfsf)(s’f)=/ / Flrr) =)= (', s)drdr’. (4.3)
t N

We have

(Ko3f Ka38) oy = (F 8)pes- @.4)
Indeed,

*2
(Kaipf Ko, ﬁg>L2([0 1)

=f / <f / fa, b) (a u) (b v)dadb)
(/ / g(m, n)
=/ f / / fla,b)g(m,n)
( arm bAn aKot aK
/ / (n v)dmdndudv)dadbdmdn
_ b d°R* azRﬂb
—fo /O /0 /0 fa, )g(m,n)aaam(a,m)aban(,n)
T T T T
— c(e)e() / / / / Fla.b)g(m. n)la — m|?*2
0 0 0 0

x |b—n**""dadbdmdn
= (f’ g)’Ha,ﬁ .

(m u) (n v)dmdn)dudv

Therefore, a function f : [0, TP > R belongs to HeB if and only if K*’zf is in
L2([0, T7%). This also implies the transfer formula

o,B _ %2
/IO-T]2 oo Wy = /[0 TP K, g f e, y)dWy y

where W is the Wiener process from (4.1).
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In the case when o < % and/or B < % we can also define a transfer operator K *2
but the expression is more complicated.

4.2 Two-Parameter Hermite Processes

Let (W(x,y),x,y € R) be a two-parameter Brownian motion. For k > 1 and
Hy, Hy € (%, 1) define, for s, > 0

Z:s :CH,k/ dW(x1,y1) - -dW (xk, yk)
(R2)k
1-H;

Cos —(5—1) ~(5—52)
X /da/ dbl_[(a—xj)Jr2 -yt ). @5)
0 0 ,
j=1

The above integral represents a multiple integral of order k with respect to the
Wiener sheet W. The constant cy x is given by

CH,k = CH{,kCH, .k

with ¢y, k., cH, k the constants from the integral representation of the Hermite pro-
cess (3.4). This constant guarantees that E(Zf,‘SH )2 =1.
The two-parameter Hermite process has the same covariance as the fractional
Brownian sheet with Hurst indices H;, H>.
Proposition 4.4 Forall s,t,u,v >0
k,H
EZ/" ZE 2 = Ry (t,u)Rp, (s, v)

with Ry, , Ry, given by (1.1).

Proof By the isometry of multiple integrals and using identity (3.3)

Ezﬁ”z’;;f =c,%7Hk!/RM dxi - -dxpdyy - - - dyg

' sk __l=m 1=
x(/ da/ db[J@a—xp; 2 2 -y 2 2 )>
0 0 .
j=1

“ VT ~(-5 ~(-52)
X /da// db’l_[(a’—xj)+2 2 (b’—yj)+2 2
0 0 .
j=1

t N u v
:c,%’Hk!/(; da/o dbfo da//(; dbv’
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_(l_ = ,_ﬂ
><</R(a—)c)+(2 2 )(a/—x)+( ))

_(L_1Hy _(_l=m Nk
X(/R(b_y)"‘z 2 (b’—y)+(2 7)

k k
:C/% KB 1_1—H1’2H1—2 l_l—Hz’ZHz—Z
H 2 k k 2 k k
/da/ db/ daf db'la —a'|?" 2 p - b/ PR
= Ry, (t,u)Ry, (s, v). O

Proposition 4.5 The process Z¥™-12 has stationary increments in the sense of
Definition A.5.

Proof From the representation (4.5) one can see that for every a, b > 0,

k,Hy,H
t+a,s+b

= CH,kf dW (x1,y1) - -dW (xk, Yi)
(R2)¥

t sk = il
x(/ da/ dbl_[(a—xj)+(2 k )(b—yj)_ir(2 k )>
0 0 .
j=1

=zkH. =

t,s

k,Hy,Hy
t,s+b

k,Hi,

Hy k, H1 Hy
Zt+u K + Z

Z -7

Proposition 4.6 The process Z'-H12 is self-similar in the sense of Definition A.4.

Proof For every hy, hy > 0, consider the process

Zk H,H — hthHZZk H1 Hz
hl h2

We want to show that it has the same law as ZK#1-72 We have

hthHZZk H1 H>
hy° h2

_ pHpt ch/ AW (x1, y1) - - dW (xe. y0)
(R2)k

" no K __l=m =
(/h da/th dbl_[(a—)(j)+(2 Py >>
j=1

:h{l'_lhgz_ch,k[ dW(x1, y1)---dW (xg, yi)
(R2)k
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t § k _(l_ﬂ) _(l_ﬂ)
X /da/ dbl_[(ahl—xj)+2 k (bh2—yj)+2 ¢
0 0 .
j=1
1—H,

1-H
_ =1y Hr—1y —kG =) kG =)
=hy hy” hy hz CH.k

x/ dW (xihy' yihy ') - dW (xehy ', yehy ?)
(R2)¢

t sk Cl_1=H (1=t
X</0 da/o dbn(“_xj)+(2 oy T )>
j=1

—@D ey / AW (x1, y1) -+ dW (x, i)
(R2)k

t s k ,(l,ﬂ) ,(l,ﬂ)
x /da/ db]Ja—xpy 2 7 -yt T
0 0 :
j=1

where in the last line we use the scaling property of the Brownian sheet. g

Proposition 4.7 The process Z*H1-12 qdmits a version with continuous trajecto-
ries. Moreover, its paths are Holder continuous of order (o', B') with o' < a and
B < B in the sense that: for every w there exists a C,, > 0 such that for every
S, 81,1, 11

k,Hy, H. k,Hy, H. k,Hy,H k,H|,H ! !
|zt et g gk Lt | < s — 5| — )P

Proof This is a consequence of Propositions 4.5, 4.6 and of the Kolmogorov conti-
nuity criterium (Theorem B.2). O

As for the fractional Brownian sheet, it is possible to define the two-parameter
Hermite process as a multiple integral with respect to the Wiener sheet on a finite
time interval. Let H{, H, € (%, 1), k > 1 and define

kH] i kal Hz/ / qul vt //qukvk

X</ dad Ky (a,u) Ky (a,uz)-- KH;(a,uk)>
UV--Vug

'
X (/ dbo KHé(b’ v1)01 KHZ/ (b,vp)---01 KHé(b’ vk)> 4.6)
v

1V Vg

with K/, i =1, 2 given by (1.4) and

w1421 ' =
=1+—— << (2H'-2)q=2H-2.
q
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k,Hy, H2)2

The constant by g, g, is chosen so that E(Y; 1. It can be proven that

the process (Yslf }H"HZ)S,,E[Q,T] has the same covariance as the process defined
through (4.5) and it is stationary increments of order (H;, H>) (in the sense of Def-
inition A.4). This implies that when k = 1 both (4.5) and (4.6) are fractional Brow-
nian sheets. For k = 2 one can show that the two representations (4.5) and (4.6)
have the same distribution by using the cumulants of a multiple integral of order
two (see (3.16)).

4.3 Multiparameter Hermite Processes

Throughout this section we use the following notation. Fix d € N\{0} and consider
multi-parametric processes indexed in R?. We shall use bold notation for multi-

indexed quantities, i.e., a = (a1, a2, ..., aq), ab = (a1by, azxbs, ..., aqgby), a/b =
(@1/br az/ba.....da/ba), _ [a.b] = [T{lai.bil. @by = [I{@.b.

b; .
Zie[O,N]ai = Z Z .. sz Qi iy.onrigs a? = ]_[?zlai ,and a < b if and only
ifay <by,ar < bz, e, ag < bg (analogously for the other inequalities).

Before introducing the Hermite sheet we briefly recall the fractional Brownian
sheet and the standard Brownian sheet.

The d-parametric anisotropic fractional Brownian sheet is the centered Gaussian
process {BtH ot = (1,...,19) € Rd} with Hurst multi-index H =
(Hy, ..., Hy) € (0, 1)‘1. It is equal to zero on the hyperplanes {t:7; =0}, 1 <i <d,
and its covariance function is given by

Ru(s.t) = E[BYB{]
d 21‘11 + t_zHi — |t — Si|2Hi

d .
=TT R Gsio 10 1‘[ : L@
i=1

This extends Definition 4.1 for d = 2.

Remark 4.3 There also exists an isotropic version of the fractional Brownian sheet
(see e.g. [5]). It is defined as a centered Gaussian process with covariance

1
EX®X () = (It + IsI* — 1t —sI*"),  t:s€[0, 00
where || - || denotes the Euclidian norm.
The d-parametric standard Brownian sheet is the Gaussian process {W;:t =

(t1,...,t3) € Rd} equal to zero on the hyperplanes {t: ¢, =0}, 1 <i <d, and with
covariance function given by

d d
R(s,t) =E[Ws, Wil =[] RGsi.t) =] [si A ti. (4.8)
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Letg > 1, g € Z and the Hurst multi-index H = (H1, H, ..., Hy) € (%, l)d. The
Hermite sheet of order q is given by

n
zho=cata) [ |
R4q JO
tq q _ 1— H] d
X/(; (H(Sl — )1, /)+( e ) (4 — Ya, /)+ )>
j=1

xdsqg---dsidW(yr1,...,ya,0) - dW(1,q, -, Yd.q)

t A ~(4+1H)
=C(H,Q)fRd.v/0 [[s—yps® * dsdWyn---dW(y,) (49
q il

where x4 = max(x, 0). For a better understanding of multiple stochastic integrals
we refer to [136]. As pointed out before, when g = 1, (4.9) is the fractional Brow-
nian sheet with Hurst multi-index H = (Hy, Hp, ..., Hy) € (%, l)d For g > 2 the

process Z} f (D) is not Gaussian and for g =2 we denomlnate it as the Rosenblatt
sheet.

Now let’s calculate the covariance Rzl (s, t) of the Hermite sheet. Using the isom-
etry of multiple Wiener-Itd integrals and Fubini’s theorem one obtains

Ri(s,t) =E[Z] () Z (V)]

2 s 2 ~(4+1H)
=Eic(H.q) fR fo [Ta—yp. " 7 dudWyn---dwy,)
q
j=1
t 4 —(J4+1=H)
<o [Ty avawn - aw)
R4 JO =1
5 5] sa 4 171-1,-)
— (W, ui — " dug - du
(H,q) Rdquo /O ]‘[]‘[u y,]>+ a---du

j=1li=1

151 tq q 71 l)
X/ / Hl—[(vl le)+ q dvg---dvy
0 0

j=1li=1

xdyy1-dya1--dyigdyag

|H1
— c(H, q>2/ / / H(ul A

4+ ﬂ)
X (V1 — Y1)y “ dyyy - dyrgdurdvy
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1q Sd q _(
X / f / H(ud = Yd,j)+
o Jo Jrai

_(l ﬂ)
x (g —va,)p

Hd

)

dyq,1---dyq qgdugdvg

but

1-H 1, 1-H

q 1
—(+1=t) ~+1=H)
/qu_[(“_xj)Jrz Tw—xpy T dadxg
j=1

=|:/R(u—x)jr( ERCE +_)} : (4.10)

SO

1 N ,(l+ﬂ) (+ﬂ q
R;{I<s,t>=c<H,q>2/ / [/(ul—ymz O e }duldvl
0 0 R

tq Sd —(l+ﬂ) _(L_’_l*Hd) q
X/ / [/ Wwa—yd)y " wa—ya)g o :| dugdvg.
o Jo L/r

Recalling that the Beta function 8(p, g) = fol 2?71 — )P~ dz, p, g > 0, satisfies
the following identity

/ -y w—yidy = Ba,2a — Dlu—v**! 4.11)
R

we see that

_ _ q
R;{I(st)—c(Hq)// < 1 HI»Z(qu l))

X |up — v1|2(H‘_1)du1dv1

1-H; 2(H;—1
// < d, (L; )> Nug —va* =D duydv,

, (1 1-H 2(H1—1) q 1
:C(qu) 13 P )
2 q q 2H\(2H; - 1)
~ ( 2H, +t2H1 _ |t1 —S1|2H1)

X oo

(1 1—Hy 2(Hd—1)>‘f 1
x B

2 9 ¢ 2H;(2Hg — 1)
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2H,
x (s3H 4 131 |ty — sq1?Ha).

So now we choose

1 _ 1=H 2(H;=D\q\ —1 1 _ 1=Hy 2(Hg=D\q.\ —1
C(H. g7 = B(3 —~ T ) B(3 T q )
7 H\2H, - 1) Hy;(2H; — 1)
(4.12)
and in this way we obtain E(Zf’{(t)z) =tH = tle‘ . dzH" and finally
1
Rll{l(s’t)_i( 2H, +t2H1 —If —Sl|2H1)"'( d+t2Hd |td_sd|2Hd)
li[ 27— |t — s 21
= ' 3
= [[Ru (si. 1) = Rucs. v). (4.13)

Remark 4.4 As mentioned at the beginning, from the previous development we see
that the covariance structure is the same for all ¢ > 1, hence it coincides with the
covariance of the fractional Brownian sheet.

We will next establish the basic properties of the Hermite sheet: self-similarity,
stationarity of the increments and Holder continuity.

The concept of self-similarity for multiparameter stochastic processes is intro-
duced in Definition A.6.

Proposition 4.8 The Hermite sheet is self-similar of order H= (Hy, ..., Hy).

Proof The scaling property of the Wiener sheet implies that for every 0 < ¢ =
(c1,...,¢cq) € R the processes (W (ct)¢>0) and (/€W ())¢>0 have the same finite
dimensional distributions. Therefore, if 1 =(1,...,1) € R4, using obvious changes
of variables in the integrals ds and d W,

Zhm = thj

1

—(i41=H
=c(H, )h“/ f]"[(s—y,)+2 T dsdW(y)) - dW(yy)

J+ 120

( q
=can! [ /]_[(——y,) dsdW (y1)--dW (y,)

(H, ¢)hH! /tﬁ syt
_. S_Yi
i Rdq il h h/,
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x dsdW(h~'y;)---dw(h'y,)
H-1 (l+ﬂ) t 1 *(%‘l’ﬂ)
=c(H,@h" Th"277 / /]_[(S—ym !
R4 JO =1

x dsdW(h™'y;)---dW(h™'y,)

1, 1-H t 4 —(lyloH,
—@ c(H, q)hH—lhq(2+ 7 )h—% / / H(S . y/)+(2 q
Rdq Jo ° ’
j=1
x dsdW(y1)---dW(y,)
=ZH(0)
where =@ means equivalence of finite dimensional distributions. U

Proposition 4.9 The Hermite sheet (Z4(t))i>0 has stationary increments (in the
sense of Definition A.7).

Proof Developing the increments of the process using the definition of the Hermite
sheet and using the change of variables s’ = s — h, it is immediate that for every
h>0heR’,

@ Azl

AZ [0.4]

q —
[h,h+t] =

for every t. g

Proposition 4.10 The trajectories of the Hermite sheet (Z9(t),t > 0) are Holder
continuous of any order § = (61, ...,8q) € [0, H] in the following sense: for every
w € 82, there exists a constant C,, > 0 such that for every s, t € R s, t>0,

q 8 S 8
’AZ[SJ]’ < Colty — 81| -+ |tg — s4]° = Cp [t —s[°.

Proof Using Cencov’s criteria (see [43]) and the fact that the process Z4 is almost
surely equal to O when #; = 0, it suffices to check that

E[AZL " < C(n—s1]--lta —sal) 7 (4.14)

for some p > 2 and y > 0. From the self-similarity and the stationarity of the incre-
ments of the process Z4, we have for every p > 2

E|AZL P =EI1Zy (1t =51+ lta — sal) ™

and this obviously implies (4.14). g
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4.4 Bibliographical Notes

Several two-parameter (or multiparameter) processes related to fractional Brownian
motion have been proposed in the literature. These include for example the frac-
tional Brownian field ([35, 110]), Lévy’s fractional Brownian field ([50]) and the
anisotropic fractional Brownian sheet ([12, 185]). Each process has been intensively
studied in the last few decades. Various aspects of these processes have been studied:
stochastic integration ([178, 179]), sample path properties [189], chaos expansion
and local times [71], stochastic equations ([76]), quadratic variations ([152—154])
etc., to cite only a few. The study of multiparameter non-Gaussian self-similar pro-
cesses, including the Hermite class, is incipient at the time of writing. We refer to
[40, 53], or [152].

4.5 Exercises

Exercise 4.1 Consider now the processes s — Wsof ’,ﬂ and t — Wf‘ ;ﬂ . These pro-
cesses are real fractional Brownian motions with the same law as t# W* and s* W#
respectively and with covariances

1
Ri(s1,82) = tzﬁi(sfa +53% — |51 — s2|2a)

and

L - 2
Ra(11,12) =s2“‘5(t1’3 +657 — |t — )

respectively.

Exercise 4.2 ([12]) Show that the fractional Brownian sheet (Wsof ’,ﬁ )s.r>0 admits a
continuous version with respect to («, §) € (0, 1)2.

Exercise 4.3 Find the constant C in Proposition 4.3.

Exercise 4.4 ([20]) Consider

t N 1
Ys(S,t)=/ / _2‘/‘xy(_1)N(X/8’y/£)d.xfy
0o Jo €

with N a Poisson process in the plane. Then y, converges weakly to the Brownian
sheet as ¢ — O (see [18]). Prove that the family of stochastic processes (X:)g~0
defined by

t K
1
Xg(s,t)zfo /0 Ka(s,u)K,g(t,v)g—za/_xy(—l)N(x/e’Y/E)dudv

with («, 8) € (0, 1)2, converges weakly to the fBs with parameters «, 8 in the space
Co([O, 1]2) (the space of continuous functions on [0, 177 vanishing at the origin).
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Exercise 4.5 Show that the two-parameter Hermite process has moments of every
order p > 2.

Exercise 4.6 Consider the process (Y, Sk ‘,H"HZ)ME[(),T] given by (4.6).

1. Find the constant by g, ,.
2. Prove that the covariance of the process (Y’ Sk ’,HI’HZ)& t€[0,7] 1s given by

k,Hy,Hy v\, k, Hy,H,
EYs,t ! ZYu,v b2 = RH] (l, M)RHZ(S7 v)

where Ry, , Ry, denotes the covariance of the fBm (1.1).

3. Prove that the process (Y, ;f’lH] ’Hz) s,1€[0,7] 1s self-similar of order (Hj, H>) (in the
sense of Definition A.4).

4. For k = 2 prove that the process Y*1-H2 has the same finite dimensional distri-
butions as the process (4.5).

Hint Use the cumulants and follow the lines of the proof of Proposition 3.7.

Exercise 4.7 ([52]) Consider the two-parameter fractional Ornstein-Uhlenbeck
process defined as the solution of the stochastic equation

t s
Xy = —9/ / X, dvdu+BSP,  (t,5)€[0,T1x [0, S]. (4.15)
0 JO

Here B*# denotes a fractional Brownian sheet with Hurst parameters «, 8 € (%, 1).
We also suppose that X 0= X; 0= X0 =0 for every ¢, s.

1. Show that (4.15) admits a unique strong solution which can be expressed as

T ¢S
Xi,s =/ / f(f,s,to,SO)dBZ,’,fo (4.16)
o Jo

where

(t —19)" (s — s0)"

o 4.17)

f(t.s.10.50) = 10.1(t0) 10,51 (s0) Y _(—=1)"0"

n>0

We will call the solution X to (4.15) the fractional Ornstein-Uhlenbeck sheet.
2. Let us consider the Bessel function of order O given, for every x € R, by

_1 n 2n
-

n>0

This Bessel function admits the integral representation, for every x € R

1 b
Jo(x) = p / cos(x sin p)dp.
0
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Prove that the kernel f (4.17) of the solution (X;s): se[0,7]1x[0,5] can be ex-
pressed as

f,s,u,v) = 11o,n@)1jo,51(0) Jo (2¢O (1 — u) (s —v))

1 T
= 1[0,,](u)1[0,s](v);/0 cos(2 Ot —u)(s —v) sin,o)d,o. (4.18)



Part 11
Variations of Self-similar Processes:
Central and Non-Central Limit Theorems



Chapter 5
First and Second Order Quadratic Variations.
Wavelet-Type Variations

Let (X;):c[0,7] be a stochastic process on a probability space (£2, F, P). We will
focus on the study of the quadratic variation statistic of the process X which is
defined by

N-1

VN (X) = (X, — Xp)? (5.1)

i=0
where 0 =1y < t] <--- <t, =T denotes a partition of the interval [0, T]. We
will discuss the asymptotic behavior, as N — 00, of the sequence Vy (X) in several
situations: when X is a fractional Brownian motion, a Rosenblatt process, a Hermite
process or the solution to a linear heat equation with fractional noise in time.

Generally, the quadratic variations play an important role, in various aspects, in
the analysis of a stochastic process. For example, in the case of Brownian motion,
the limit of the sequence (5.1) is an important element in the Itd stochastic cal-
culus with respect to Brownian motion. The same is true for martingales and also
for several processes which are not semi-martingales (fractional Brownian motion,
bifractional Brownian motion, etc.). Another field where the asymptotic behavior
of (5.1) is important is in estimation theory: for self-similar processes the quadratic
variations are used to construct consistent estimators for the self-similarity order.
Understanding the limit in distribution of the sequence Vy directly gives the asymp-
totic behavior of the associated estimators. For a complete presentation of various
estimators for the self-similarity index, see [28].

In this chapter our aim is to understand the limit in distribution of the sequence
(5.1) when the mesh of the partition tends to zero. We will treat several examples
of self-similar processes: fractional Brownian motion, the Rosenblatt process and
more generally, a Hermite process with arbitrary Hermite rank, and the solution
to a linear heat equation with fractional noise. We will also discuss other types
of variations: quadratic variations with high order increments (that is, where one
replaces the first order increment X;, ., — X, in (5.1) by the second order increment
X1,y — 2Xy; + Xy,_) or the variations based on wavelet expansion.

The techniques that we used to prove the asymptotic behavior in distribution of
the quadratic variations are based on the Malliavin calculus and multiple Wiener-1t6

C.A. Tudor, Analysis of Variations for Self-similar Processes, 121
Probability and Its Applications, DOI 10.1007/978-3-319-00936-0_5,
© Springer International Publishing Switzerland 2013
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integrals. We recall in this chapter the criteria, in terms of the Malliavin derivatives,
for a sequence of random variables to converge to the normal distribution. We will
use only the basic tools of the Malliavin calculus described in Appendix C, so we
believe that a reader who is not very familiar with it will nevertheless still be able to
follow the presentation.

5.1 Quadratic Variations of Fractional Brownian Motion

Let (BZH )ref0,1] be a fractional Brownian motion with time interval [0, 1] and Hurst
parameter H € (0,1). LetO =1 <#1--- <ty =1bea partition of the unit interval
[0, 1] such that t; = ﬁ fori =0,..., N and define, for N > 1,

Vy = o NZ_I[ (B, — Bi)? } (5.2)
N =— —_——— — .
N i=0 E(BfiH+1 - 351)2
Clearly,
2 _
E(Brﬁ_I — Btllq) = (tjit1 — t,‘)zH = N2
and thus
| V=l )
2H (pH H
VN:NZ[ (Bli+|_Bt1) _1]‘

i=0
The sequence (5.2) is usually called the centered quadratic variations statistic since
EVy =0 forevery N > 1. The aim is to find the limit in distribution of the sequence
Vy when N — oo.

5.1.1 Evaluation of the L>-Norm of the Quadratic Variations

We first analyze the asymptotic behavior of the sequence EV]\Z, as N — oo. We will
use the properties of multiple stochastic integrals listed in Appendix C.

Lemma 5.1 Let Vi be given by (5.2). Then

N
Vy =N2H—112(Z A; Q1 A,-) (5.3)

i=1
where
Ain = A =1G-1)/Ni/N] (5.4)

fori=1,...,N.Here I, denotes the multiple integral of order 2 with respect to the
fractional Brownian motion B .
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Proof The basic and trivial observation is that Bt{{ — Bz,-H_ =1 (A;) for 1 =
1, ..., N. The product formula of multiple integrals (see (C.4)) in our present case
yields

N
Vy = N1, (Z A; @1 Al-).

i=1

Then, by the isometry of multiple integrals (C.1), we get from (5.3)

N N
E|Vy|? :2N4H—2ZZ|(A,~,AJ~)H|2 (5.5)
i=1j=1

where 7 is the canonical Hilbert space of the fBm B := B. To calculate this
quantity, we observe that

(Ai, Aj)u =E[B(A)B(A))]

= 21(2

2H>
with B(A;))=Bi — Bi-1,i=1,...,n.

This expression is close to H(2H — 1)N‘2|(i — j)/N|2H—2, but we must take
care whether the series ), k*H =4 converges or diverges; this will depend on
whether H is less or greater than %.

2H

2H

i—J
N

i—j—1
N

i—j+1
N

Let
pr (k) = %(uc 1P ke — 127 =21k 1)
for every k € Z. Then, by Proposition 1.4,
i (k) ~kj 00 HQH — D[k 72. (5.6)
Recall that the symbol ~ means that both sides have the same limit as k — oo.
Proposition 5.1 If H < 3/4, then
ZJiirle[lﬁVle] =CLH

where

crn =2y pu(Ikl)’. (57)

keZ
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Proof We have, using the change of index i — j =k

N—1 ) N-—1 k+(N-1) 5
EVy?=2N"2> (ou(li—jl))"=2N"2 > > (ou(kl))
i,j=0 k=—(N-1) i=k

N—1 5
=2v"" Y pu(lk)
k=—(N—-1)

and then

NEV{ —— ciy = 2> (ou (1k1))*.
keZ

Note that the series ) ;. (pr (k)2 is convergent if and only if H < %, by (5.6). O

When H > % the series Y7, k|*=* does not converge and therefore EV3 will
have a different asymptotic behavior. Actually,

Proposition 5.2 If H > 3/4

lim E[[N>2Vy[*]=con
N—o00

with
cop:=2H*Q2H — 1)/(4H — 3). (5.8)
Proof In this case, we will instead compare the series in E[|VN|2] to an integral;

in the sum defining this quantity (5.5), the diagonal term corresponding to |i — j| =0
can be ignored. Indeed,

N
N4 N2 N 4y )y |* = N34

i=1
and this converges to zero when H > %. Thus, since
(i, Ay~ N72Hi — 22
for i, j large enough (i # j), we have that

. . \4H—4
l J

N
4—4H 2 282
N**HEVE ~2(HQH - 1))°N Z TN

ij=Li#j

1 1
— 2(HQH — 1))2f f Ix — y[*H~4dxdy.
N 0o Jo




5.1 Quadratic Variations of Fractional Brownian Motion

125

Notice that the integral fol fol |x — y|* ~*dxdy is finite when H > %. Consequently

N—o0

_ 4HQH-D)*
" (4H —3)(4H =2)

C2,H
with ¢z g given by (5.8).

In the case H = % we have the following renormalization of EV]%,.
Proposition 5.3 If H =3/4, let

¢\ y=(HQH - 1)’ =9/16

N 2
E| | V L
|: log N N] Nooo L

Proof 1In this case, we have from (5.5)

then

N—1
2 1 2
E(Vy)? = R 3@ — (k= 1) — (k+ 1))
k=0
1 N—-1 5
2H 2H 2H
=7 2k — k=1 — e+ 1))
k=0

and since 2k*H — (k — 1)*# — (k 4+ 1)*H behaves as (3/4)k~1/? we get

E(Vy)* ~ ¢} y(log N)/N.

Thus, limy .o E[| Fiy 2] = 1 where ¢} ,, =9/16 and

1

. N )
Fy=——] Vn.
N (c’LHlogN> N

5.1.2 The Malliavin Calculus and Stein’s Method
For H < %, let

_1 1
. 2 5
Fy:i=c; 3N Vy

1 X
lim E[|[N2"2H vy|*] = 4(HQH — 1)) / / (x — yy*i
0 Jo

(5.9)

(5.10)

(5.11)

(5.12)
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where Vi and c; g are defined by (5.2) and (5.7) respectively. From Proposition 5.1
it follows that

EFf —Nooo L.

We prove that Fy converges in law to the standard normal law and we give the
rate of convergence. Our approach is based on the now classical Stein’s method
combined with the Malliavin calculus. The reader is referred to Appendix C for the
basic tools of the Malliavin calculus.

Let us recall the context. Let (§2, F, P) be a probability space and (W;);>0 a one-
dimensional Brownian motion on this space. Let F' be a random variable defined on
£2 which is differentiable in the sense of the Malliavin calculus. Then, using the
so-called Stein method introduced by Nourdin and Peccati in [127] (see also [128]
and [129]), it is possible to measure the distance between the law of F and the
standard normal law N (0, 1). This distance, denoted by d, can be defined in several
ways, for example as the Kolmogorov distance, the Wasserstein distance, the total
variation distance or as the Fortet-Mourier distance.

Concretely, let X, Y be two random variables. The distance between the law of
X and the law of Y is usually defined by (here L£(F) denotes the law of F)

d(L(X), L(Y)) = suE|Eh(X) —Er(Y)|
he

where A is a suitable class of functions.
For example, if A is the set of indicator functions

1(*00,2] ’ z€ R
we obtain the Kolmogorov distance

di (L(X), L(Y)) =sup| P(X <2) — P(Y <2)|.
zeR

If A is the set of 15 with B a Borel set, one has the total variation distance

drv (LX), L(Y)) = sup |P(X € B)— P(Y € B)|.
BeB(R)

It
A={h; Ikl < 1)

(]l - Iz is the Lipschitz norm) one has the Wasserstein distance.

Other examples of distances between the distributions of random variables are
the Fortet-Mourier and Kantorovich distances.

One can give a bound for the distance between the law of a random variable and
the standard normal law in terms of the Malliavin derivatives. More precisely we
have,

d(L(F),N(0,1)) < c\/E(l —(DF,D(-L)"'F (5.13)

2
>L2([0,1])) :
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Here D denotes the Malliavin derivative with respect to W, and L is the generator
of the Ornstein-Uhlenbeck semigroup defined in Appendix C. When the underlying
Gaussian process is an arbitrary isonormal process X then the space L([0, 1]) has
to be replaced by the Hilbert space H associated to X. The constant c¢ is equal to
1 in the case where d is the Kolmogorov distance as well as in the case where d
is the Wasserstein distance, ¢ = 2 for the case where d is the total variation dis-
tance and ¢ = 4 in the case where d is the Fortet-Mourier distance. See also [126,
Appendix C].

In the case when the random variable F in (5.13) belongs to a Wiener chaos of
fixed order, we have the following result from [127] (see also the recent book [126]).
In the sequel d will denote any of the distances defined above.

Theorem 5.1 Let 1,(f) be a multiple integral of order q > 1 with respect to an
isonormal process X . Then

1

d(L(1,(f)). N©. D) < cg[E(| DI, (N[5, — 4)*]*

Here D is the Malliavin derivative with respect to X and H is the canonical Hilbert
space associated to X .

We will also use the following result (see Theorem 4 in [137] and also [138]),
known as the Fourth Moment Theorem.

Theorem 5.2 Fix n >2 and let (Fi,k > 1), Fy = L,(fi) (with fi € HO" for every
k > 1) be a sequence of square integrable random variables in the nth Wiener chaos
of an isonormal process X such that E[F, ,{2] — 1 as k — oo. Then the following are
equivalent:

(1) The sequence (Fi)i>0 converges in distribution to the normal law N (0, 1).
(i) One has E[F,?] — 3 as k — oo.
(iii) Forall 1 <1 <n — 1 it holds that limy_ || fx Qi fillye2a-n =0.
(iv) ||DFk||%_L — nin L2(£2) as k — oo, where D is the Malliavin derivative with
respect to X.

Criterion (iv) is due to [137]; we will refer to it as the Nualart—Ortiz-Latorre
criterion. It shows that the bound in Theorem 5.1 is “sharp” in the case of multiple
stochastic integrals.

There also exists a multidimensional version of Theorem 5.2. This exhibits an
interesting and useful result: for a vector of multiple stochastic integrals the con-
vergence in distribution to the normal law of each component of the vector implies
the convergence in distribution to the (multivariate) normal law of the vector. This
result was proved in [142].

Theorem 5.3 For everyn > 1, let

F,=(F),....F%)

n
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where for every i =1, ..., d the random variable F,‘l is a multiple integral of order
qi > 1. Assume that

lim EFF] =C;
n—o0
forevery 1 <i, j <n.Assume that C = (C; j)1<i,j<d IS a Symmetric non-negative
definite matrix. Then the following are equivalent:
(i) The sequence (F,),>1 converges in distribution to the d-dimensional normal
law N (0, C).
(ii) For every 1 <i <d the sequence (F)),>1 converges in law to the normal law
N(O, C; ;).

5.1.3 The Central Limit Theorem of the Quadratic Variations
Jor H < %

Clearly Theorem 5.1 applies to Fy given by (5.12) since it is a multiple integral of
order 2. We will use

Lemma 5.2 With A; given by (5.4) and if H € (0,3/4),

2H

2H

i~
N

i—j—1
N

i—j+1
N

2H>

(Ai,Aj)H:2_1<2

as N — 0o, we have

N i i’
3 3 3 (A Al A A (Ar: Ap)adA: Apdar = o(N7Y).

i,i'=1j=1j"=1

Proof As a general rule that we will exemplify below, we have the following: if
i=i"ori=i"+1 theterm (A;; A;y)y will give a contribution of order NIW while

s 12H-2
if [i —i’| > 2 the same term will have a contribution less that cst.%N -2,

Using this rule, although several cases appear, the main term will be obtained when
all indices are separated by a distance of at least two.

We can deal with the diagonal terms first. With i =i’ and j = j’, the correspond-
ing contribution is of order

N 2
N~ ( > (A A,»)H|> =N =0(N7*).

ij=1

It is trivial to check that the terms with i =i’ and j = j’ & 1, as well as the terms
with i =i’ 41 and j = j’ & 1, again yield the order N~!. By changing the roles of
the indices, we also treat all terms of the type |i —i’| <2 and |j —i| < 2.
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Now for the hyperplane terms withi =i’ and |j — j'| > 2, |j —i| > 2, | —i| > 2,
we can use the relations of the form

- T 2H-2
(A Ajlu <22MHQH = DN |G = /N[

also holding for the pairs (i, j') and (j, j), to obtain that the corresponding contri-
bution is of the order

N

> > N=HN| i — jy/N[PI2

i=11j—j"1=2;]j—i|=2;|j'—i]>2

< | =) /NP G =0 NP

N
=N 3 N3G = /NP - ) NPT

i=L1j=j' 1221 =i122;1j'=i1=2
x| (7= ) /N

=N = 0o(N7)

where we used the fact that the last summation above converges as a Riemann sum
to the finite integral /1[0’1]3 [(x — y)(x — 2)(y — 2)|*~2dxdydz, and then the fact
that H < 3/4. For the hyperplanes term of the form i =i’ & 1 and |j — j'| > 2,
lj—il>=2,|j —i|>2,0r|i—i'>2,]i —j|>2,and |j — j’| > 2, the calculation
is identical.

Lastly, and similarly to the case just treated, when all indices are distant by at
least 2 units, we can again use the upper bound N ~2|(i — j)/N|* =2 for (A;; Ajyn
and the other three pairs, obtaining a contribution of the form

Z Jli— i [PH2 2
N
limi! 221 j— (220 j—i]22:] ' —i|22 N N
. . 2H-2 . 12H=2
i—j j—
N N
— 2H-2
=N~* |(x —X)x - —2)(y— Z)| " dx'dxdydz;

[0,114

since H < 3/4, we have 8H — 6 < 0, and the above also tends to O albeit more
slowly than the other terms. d

Theorem 5.4 Assume H < % and let Fy be given by (5.12). Then as N — o0, the
sequence (Fy)n converges in distribution to the standard normal law. Moreover

d(L(Fy), N0, 1)) < N3, (5.14)
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Proof Using Theorem 5.1 one needs to show that || D Fy ||%_[ converges in L>(£2) to
n = 2 and to understand the rate of convergence to this limit.
We will see that this only works for H < 3/4. Using the rule

DyL(f) =201 (f (1))

when f is symmetric, we have

N
DV =2N71 Y A () 1A,
i=l

Hence

N
IDVNIF, =4N*72 3" L(ADTI(A) (A Aj)n (5.15)
i,j=1

and therefore

N
E[IDVyIE] = 4N*"2 3" [(Ai: Ay
i,j=1

We note immediately from (5.5) and Proposition 5.1 that
E[I DV 1l3,] = 2E[Vi].

and from the results of the previous section, limy_, » E[|| D Fy ”%—L] =2
Thus it now suffices to show that

IDFyII3, —E[IDFNI3,] +E[IDFyI3,] —

converges to 0 in L%(£2).
A simple use of the product formula for multiple integrals gives

N
IDVNI3, — E[IDVyI5,] =4N*"72 > " (A Aj)ua(Ai @ Aj)
i,j=1
and thus
2
E[IDFyI3, —E[IIDFNI3,]]
= (1, H)—2N2(4N4H 2’4

« Z ZZ Ais Ay (Ais Aj) (A Aju(Ajs Ay

i,i’'=1j=1j'=1
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Since 1/2 < H < 3/4, by Lemma 5.2, the conclusion is that

2
E[IIDFy |3, — E[IDFnI3]]
is asymptotically equivalent to a constant multiple of N8/ —6
to zero for H < %.
On the other hand, the rate of convergence to zero of

and thus it converges

E[IDVy3,] —2=2EFy -2
is of order less than N*//=3 (the reader may consult the proof of Theorem 6.2). [J

The convergence to a Gaussian distribution also holds in the limit case H = %.

Proposition 5.4 Let Fy be given by (5.11). Then, as N — 0o, (Fy)n converges in
law to the standard normal distribution N (0, 1). Moreover

d(L(Fy), N0, 1) <c

1
JIogN'

Proof This case is treated similarly to the previous one. We record the following for
later use. As N — oo

N
~ -1 _
E[IDFyII3,] = logN(Cll’H) ANYIZ2 N (AL AN — 2. (5.16)
ij=1
For the rate of convergence in the base H = %, we refer to [39]. O

Note that Theorem 5.4 and Proposition 5.4 are particular cases of the more gen-
eral results stated in Theorem 6.1.

5.1.4 The Non-Central Limit of the Quadratic Variations
Jor H > %

We assume here that H > 3/4. In this case, using the scaling
Fy = N22H N

one checks that
IDFy I3, — EIDFy I3,

does not converge to 0. Therefore, the Nualart—Ortiz-Latorre characterization (The-
orem 5.2) says that the limit of Fy is not Gaussian. But we can also prove directly
that the limit is not Gaussian. Indeed, we have
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Theorem 5.5 If H € (3/4, 1), let ¢y be defined by (5.8). Then

Fy =/ N4 Jc) g Vy (5.17)

converges in L?(82) to a standard Rosenblatt random variable with (self-similarity)
parameter Hy =2H — 1; this random variable is equal to by is equal to (see (3.17))

(4H —3)1/? I akH aKH
HOQQH = 1))1/2 //01 </ (u, s) (u r)du)dW(r)dW(s) (5.18)

where W is the standard Brownian motion used in the representation B; =
(K@, ) (1.2).

Proof In order to find the limit of Fy, let us return to the definition of this quantity
in terms of the Wiener process W such that

t
B, =/ KB (t,5)dW(s)
0

(see Chap. 1, (1.2)). We then note that Fx can be written as
v =D(fy)

where I, is the double Wiener integral operator with respect to W, and fy =

NC;,ZZ l-Nzl A; ® A; where

- i+1 i
Ai(s) = 1[Oyi+N1](s)KH< v ,s) -~ 1[0’;\']](S)KH<W, s>. (5.19)
Lemma 5.3 below shows that fx converges in L2([O 1]2) to ¢, g l/szH ! Where
L%H !'is the function
1 H H
0K 0K
(r,s) — L%H_l(r,s) :=/ (u s) (u, r)du. (5.20)
rvs

Now define the random variable Y := d(Ho) (L%H _1) where

d(Ho) = (Ho+1)""(2(2Hy — 1)/ Ho) '/

= @4H -3)"2QH - 1) /(21 =5 )"

This Y is a standard Rosenblatt random variable with parameter Hy = 2H — 1,
as can be seen for instance in Sect. 3.2. By the isometry property for stochastic
integrals,

E[|Fy —Y[*]=|fn - o l/zL%H_l |’iZ([o,1]2)’
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which, by the convergence of Lemma 5.3, proves that Fy converges to the Rosen-

blatt random variable ¥ = ¢; ZZIZ(LZH Yin L2(0). O

Lemma 5.3 With H € (3/4, 1), and

. 1
Ai(s) =1 121)(s )KH< ; ,s) Lo . (s)KH<N s>

we have that Ly(r,s) := N ZINZI Ai(r)/ii(s) converges in Lz([O, 1]2) to the func-
tion

L aKkH aKH
(r,s) — L%H_l(r,s) :=/ —(u,s) (u,r)du.
u u

rvs

Proof Ai (s) can be rewritten as

A,-(s):1[0’1“(s)([(1'1<i‘]:1’s>_ ( )) 1

+
—1 KH H
=N 1[0’%]@) i) +1;1 L) 1K

2I~

)

where & = &;(s) depends on s but is nonetheless in the interval [i/N,
(i + 1)/N]. The product A,-(r)ﬁi(s) yields square-type terms with B;(s)B;(r)
and C;(s)C;(r), and a cross-product term. This last term is treated like the term
involving C;(s)C;(r), and we leave it to the reader. Now, using the fact that
K(t,s) <c(t/s)H12(t — 5)H=1/2 we write

2Nc*1/QZC, ($)Ci(r)

// drds
[0,11° i=1

N N
<4N202H/f[0 . drdsy Y A ()L ()

i=1 j=1
§ P\ H12 i+1 H—1/2N2_4H
Ns Nr

N N
<4N>*Ho / / didu Y N2
[0,112

i=1 j=1

1\ 172 1\ A1/
(o)
l J

<8N2 4H ;}-[

=: Bi(s) + Ci(s)

2
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Since H > 1/2, this proves that the portion of D*Fy corresponding to C; tends to
0 in L%([0, 1]%). For the dominant term, we calculate

2Ne; Z B;(r)Bi(s) — 2¢; " L(r, )
i=1

21[0 i (r\/s)

1 H H
oK oK
—/ —(u, s) (u,r)du|.
- au ou

N

71/2

AKH
(El() r)— W (& (), 9)

This converges to 0 pointwise as a limit of Riemann sums. At this point we can
conclude that the sequence Ly (y1, y2) converges (in probability for instance) to
L%H _1(y1, o) for every yi, y2 € [0, 1]. Our desired result will follow if we prove
that the sequence (Ly)y>1 is a Cauchy sequence in L2([0, 1]2). We have

1Ly = Lyl 20 1y

o () ()
B () )

i,j=0

N—-1M-1

()

(o (5) -5 Go))]
and we have already seen that
v (oo () - () (o (5 - ()]

converges to the constant H>(2H — 1)/(H — 3/4).
‘We now consider the sum

N—-1M-1

WSS () () () (2]
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—MNEMf i+l_ﬂ2H+i_L2H_ i+1
B L £ N M N M N M
i=0 j=0
i 1P
N M '

For any two-variable function g such that ai—%y(x, y) exists and belongs to

LZ([O, 1]2) it can easily be shown (by a Riemann sum argument) that
N—1M-1

i+1 j+1 i i+1 j i j+1\?
MN —’— _7_ - 7_ - _’—
ZZ[8< N M >+g(N M> g( N M) S\Nm

i=0 j=0

can be written as

i+l

+~ and b; located between 4 and %1 and conse-

with a; located between ZN and
quently it converges to

1 1
(2HQ2H - 1))2[ / Ix — y[*"=*dxdy = H*QH — 1)/(H —3/4) = 2.1
0 JO
with ¢, g defined by (5.8). O

To obtain the error bound in the Non-Central Limit Theorem (for H > %) we will
use a criterium proved in [65]. This criterium applies to the total variation distance.
Recall that the total variation distance between the probability distributions of two
real-valued random variables X and Y is defined by

dn(L(X), L(Y)) = sup |P(Y € A) — P(X € A)| (5.21)
AeB(R)

where B(R) denotes the class of Borel sets of R. We have the following result (see
[65]) on the total variation distance between elements of a fixed Wiener chaos.

Theorem 5.6 Fix an integer ¢ > 2 and let f € H®9\{0}. Then, for any sequence

{faln=1 C H® converging to f, there exists a constant ¢, ¢, depending only on q
and f, such that

drv(Iq(fn), Iq(f)) < Cq,f”fn _ f”’l]—igq

Using Theorem 5.6, the rate of convergence in the Non-Central Limit Theorem
is as follows.
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Theorem 5.7 For H > %,
drv(L(Fy), Z) < eNi H,

Proof See Theorem 1.2 in [39]. O

5.1.5 Multidimensional Convergence of the 2-Variations

This section is devoted to the study of the vectorial convergence of the 2-variations
statistics. We will restrict ourselves to the case H < % in which the limit of the
components are Gaussian random variables. Our strategy is based on Theorem 5.3.

Define the following filters constructed from the filter a = {1, —1}:
a'={1,-1), d’={1,-2,1}, a*={1,0,0,-1},
a"=(1,0,0,...,—1}

where M is an integer and at each step p, the vector a” has p — 1 zeros. Note that
forevery p=1,..., M, the filter a” is a p + 1 dimensional vector.
Consider the statistics based on the above filters (1 < p < M)

N iy _ B(i=Ly)2
Vea?) = — ! Z[ (BGy) — BOR) _1]
N=p+ 1 ZLEB(y) - BOF)?

_ ! LA )N (2 - 1
=y (a(§) 1]

i=

| p\ 2
-— (2 L(Aiy® A;
N—p+1(N) < 2(Aip ® Aip)

<

where

Aip=1 I<p<M,p<i=<N.

iy
%50

We have the following vectorial limit theorem.

Theorem 5.8 Let B be a fBm with H € (0,3/4) andlet M > 1. For 1 <p,q <M
define

1
= S (KPP k= p P = k= P — ke + g PH)?

CpgH
b (pg)*H =

/ Cp—
—l—cp’q’H, and Cp H:=Cpp H
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[2H _ p2H _2H 2
2(pg)*H

_ Up—q

. /
with CogH= and

Fy(a) = \/ﬁc;’lH Vn(2,ap). (5.22)

Then the vector (FN (al), vooy Fn(@™y) converges, as N — 0o, to a Gaussian vec-
tor with covariance matrix C = C; j where Cp 4 = 20,7

/Cp.HCq.H
IfH = %, define

. 1 3
dp.g.H = Wﬁ’

- N
FN(ap) = llogNdp’%2VN(2,a”).

Then the vector (Fy(al), ..., Fy(a™)) converges, as N — 00, to a Gaussian vec-
p.q.H

Vdp.udg

Proof Let us estimate the covariance of two such statistics

and dp,[-] = dp,p,H,

and

tor with covariance matrix D = D; j where D), ; =

E[Vn(2,a”)VN(2,a7)]

N4H 1 N N
W —p+DIN—g+1) (pq)ZszZ(Ai,p ®Aip,Ajg ®Aj ) HoH
i=p j=q
N4H ) N N .
(N—p+ DN —g+1) (pg)*H l:Z:,”Z:;]( ip ®Ajq)y

The next step is to compute the scalar product

(Aip ® Ay = (1,

2|~
-
=
1
.
3

i—p
N

Assume that p > g. We need to estimate the sum

>3

i=pj=q

. . 2H
L=
N

i—j—p+tgq
N

i—j—p
N

+

'ZH ‘ZH
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-1 N
IP

= xam 2 2 (i =P +li—j—p+aP”
J=qi=p

. . . . 2
—li—j=pP" —li—j+q*")
1 N N
+ a2 2 (i =i i == p gl
j=pi=p

. . 2H . . 2H\2 ’
_|l_.]_p| _|l_.]+q| ) +Cp,q)H

) N N—j )
=~ (kP + 1k = p+ g =tk = pP*" — 1k +qP") + ¢, 4y
J=p k=1
» I >
= xai D (N —k=p) (kP + 1k = p+qP — k= pP" =k +4*")
k=1
o Nzp A 2
/
= Nan Z(N—k—p)k g<;> +¢,q.H
k=1

where

) =1+ (1—(p—qx)" == p0* — (1 +g0)*".

By the asymptotic behavior of the function g near zero, we obtain for large k
! 2HQ2H — 1) !
8 X rq 2
We distinguish again the cases H < % and k = % and we conclude that

E[VN(Z,a/’)VN(Z, aq)] ~No0 cp,q’H%, for H < %

and

log N 3
% forH:Z

E[Vy (2.07) Vi (2.0%)] ~x e dpg i

where the constants ¢, 4, g and dp 4, g are defined in the statement of the theorem.
The conclusion then follows from Proposition 5.3. O

5.2 Quadratic Variations of the Rosenblatt Process

Our observed process is a Rosenblatt process (Z(t));¢[o,1] with self-similarity pa-
rameter H € (%, 1). Recall from Sect. 3.2 that this centered process is self-similar
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with stationary increments, and lives in the second Wiener chaos. Its covariance is
identical to that of fractional Brownian motion. Our goal is to study the asymp-
totic behavior of its quadratic variations. The classical techniques (e.g, those from
[67, 167], or [168]) do not work well for this process. Therefore, the use of the
Malliavin calculus and multiple stochastic integrals is of interest.

We will use the representation of the Rosenblatt process on a finite interval given
in Sect. 3.2. The Rosenblatt process can be represented as follows (see (3.17)): for
every t € [0, 1]

ZH () = Z@)

t t t
=d(H) / / [ f WK u, ypa K (u, yz)du}dW(yl)dW(yz)
0 JO y1Vy2

where (W (¢),t € [0, 1]) is some standard Brownian motion, K H' is the standard
kernel of fractional Brownian motion (see (1.4)), H' = % and the constant d(H)
is defined by (3.19).

For every t € [0, 1] we will denote the kernel of the Rosenblatt process with
respect to W by

LEG1, y2) = L1, y2)

t
= d(H) [ f K" .y K (. yz)du]l[o,,]zm, w). (523)
y

1Vy2
In other words, in particular, for every ¢
Z(t) = DL(L:()

where I denotes the multiple integral of order 2 introduced in Appendix C.
Consider now the 2-variations (or the quadratic variations) given by

N

iZ Z() —2Z(FH)?*
N = E(Z(4) — Z(5H)?

() A ] e

The first step is to decompose in chaos the random variable Vy (5.24).

N =

Proposition 5.5 For every N,

N
Vy =N 2(14(141' ®A)+4hL(A; ®1A)) =Tu+T
i=1
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where, fori =1, ..., N and for y1, y» € [0, 1]

Ay, y) = LZ 1. y2) — Lf% 1. y2) (5.25)
and L™ is defined by (5.23).

Proof The product formula for multiple Wiener-1t integrals (C.4) yields

L(f)?=L(f® f)+4L(f @1 f)+20o(f @2 f).

With A; defined by (5.25) we can thus write

() (7)) -

=1L(A;, @A) +4L(A; @1 A;) +21H(A; ®2 A;)

and this implies that the 2-variation decomposes into a 4th chaos term and a 2nd
chaos term:

N
Vy = N#H70Y (1A ® A) +4DL(Ai @1 A)) =Ty + T, .
i=1

A detailed study of the two terms above will shed light on some interesting facts:
if H< % the term T4 continues to exhibit “normal” behavior (when renormalized,
it converges in law to a Gaussian distribution), while the term 7>, which turns out
to be dominant, never converges to a Gaussian law. One can say that the second
Wiener chaos portion is “ill-behaved”’; however, once it is subtracted, one obtains a
sequence converging to N (0, 1) (for H € (%, %)), which has an impact for statistical
applications.

5.2.1 Evaluation of the L*-Norm

We now analyze the asymptotic behavior of the sequence EV]%,. From Proposi-
tion 5.5, one needs to evaluate the two terms 7 and T4 appearing in the chaos
expansion of Vy.

The Term in the Second Wiener Chaos Let us evaluate the mean square of the
second term

N
Tp:=N*H143 " LA @1 A)).

i=1



5.2 Quadratic Variations of the Rosenblatt Process 141

Proposition 5.6 Let a(H),d(H) be given by (5.27) and (3.19) respectively. Then

1
lim E[TZ|N?>"2 = 64a(H)?d(H)* — — ) =16d(H)*:=c3 .
Jim E[7:] A dH 1~ 2m 7 =c3n

Proof We use the notation I; = (%, %] fori =1,..., N.The contraction A; ®1 A;
is given by

1
(A: ®1 AN (1, ¥2) =/0 ;e y1) A (x, y2)dx

1
= d(H)z/0 dx 1[0’%]()11 Vx)l[oyﬁ](yz V X)

[lv; H/ H/
X <f K™ (u,x)01 K™ (u, y)du — 1[()?%]()’1 VX)
X

V1

i—1

T ’ ’
x/ WK™ (u,x)n kK" (u,yl)du>
xVy1

lﬁ H/ H/
X </ K™ (v, )01 K™ (v, y2)dv — 11y i1,(y2 V x)
xVy2 TN

i—1

< [V e k" w00k o, yz)dv>. (5.26)

xVy2
With
a(H):=H'(2H'—1)=H(H +1)/2 (5.27)
note the following fact (see [136], Chap. 5):

UNV
/ K™ .y K (v, y)dy = a(HD)lu — o272 (5.28)
0

in fact, this relation can be easily derived from [y"* K*'(z,u) K™’ (s, u)du =
R (¢, s) (relation (1.5)), and will be used repeatedly in the sequel.

To use this relation, we first expand the product in the expression for the con-
traction in (5.26), taking care to keep track of the indicator functions. The resulting
initial expression for (A; ®1 A;)(y1, y2) contains four terms, which are all of the
following form:

1
Cap = d(H)Z/ dx1i9,a1(y1 vV x) 110, (y2 V X)
0

a
x/ WK™ (u, x)01K (u, y1)du
u

=y1Vx

b
x/ WK (v,x)0 K™ (v, yo)dv.
v

=y2Vx
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Here in order to use Fubini’s theorem, bringing the integral over x inside, we first
note that x < u A v while u € [y1, a] and v € [y2, b]. Also note that the conditions
x <wu and u <a imply x <a, and thus 104)(y1 V x) can be replaced, after Fubini,
by 1[0,41(y1). Therefore, using (5.28), the above expression equals

a b
Cap = d(H)*110.a1x10.61 V1, yz)/ K (u, yl)duf KT (v, y2)dv
v y

2

UNV , ,
x/ KT (u,x)0 K (v, x)dx
0

= d(H)*1{0,a1x[0,5) (V1. 2)

a b
x/ / B KM G,y KM (v, o)l — vPH' dudv
u=y1 Ju=y,

a b
=d(H)* / / K u, y)I K (v, y2)|lu — v* 2dudv.
u=y; Ju=y,

The last inequality above comes from the fact that the indicator functions in yi, y2
are redundant: they can be pulled back into the integral over dudv and therein, the
functions 81KH/ (u, y1) and 31KH/(U, y2) are, by definition, as functions of y; and
y2, supported by smaller intervals than [0, a] and [0, b], namely [0, ] and [0, v]
respectively.

Now, the contraction (A; ®1 A;)(y1, ¥2) equals Ci/ni/n + Ci—1)/N,(i-1)/N —
Ci—1y/n,i/N — Ci/N,(i—1)/n- Therefore, from the last expression above,

(A; ®1 A1, ¥2)

_ a(H)d(H)2</ ! du/N dva K,y KM (v, yo)|u — v2H' 2
1 y2
i—1

¥ 5 , , ,
—/ du [T avar K" . y)a K (v, yo)lu — v 2
Y1 »2

i—1 i
N N ’ ’ /
—/ du/ dvin K™, yn)d K (v, ya)u — o2
Y1 2

i—1

i—1 i—1
+/ ! du/ ! dvalKH’(u,yl)alK”’(u,yz)m—u|2H’—2>. (5.29)
y »

1

Since the integrands in the above four integrals are identical, we can simplify the
above formula, grouping the first two terms, for instance, to obtain an integral of v
over I; = (i &] , %], with integration over u in [yq, ,i;]. The same operation on the
last two terms gives the negative of the same integral over v, with integration over u
in [y1, %]. Then grouping these two resulting terms yields a single term, which is

an integral for (u, v) over I; x I;. We obtain the following final expression for our
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contraction:
2
(Ai ®1 Ai)(y1,y2) =a(H)d(H)

< / / 0K () K™ (v, yo)lu — v P2 2dudov.
1,'X1,'

(5.30)
Now, since the integrands in the double Wiener integrals defining 7> are sym-
metric, we get

N
2 4H -2
E[77] = N*"7216-20 Y (Ai @1 Ai, Aj ®1 Aj) 20,11
ij=1

To evaluate the inner product of the two contractions, we first use Fubini’s the-
orem with expression (5.30); by doing so, one must realize that the support of
WK (u, y1) is {# > y1}, which then makes the upper endpoint 1 for the integration
in y; redundant; similar remarks hold with «’, v, v/, and y,. In other words, we have

(Ai ®1 Ai, Aj ®1 Aj) 120,172

1l
=a(H)2d(H)4/ / dyldyQ////du’dv/dudv|u—v|2H72
o Jo L JnJ J

’ /|2H/—2

X |u' = K w, yna KM (v, y)a KT (', y1)a 1 KH (v, y2)

= a(H)*d(H)* / f f / ju— P2 =o' P 2w’ dvdu
L I JIJI

unu'
x/ NKT (u, yDa KT (', y1)dy
0

vAY
X / KT (0, y)H KT (v, y2)dys
0

=antaent [ [ [ [ oo
L Ji i

2H’—2|v 2H'-2

x lu—u'| - du'dv'dvdu (5.31)

where we used the expression (5.28) in the last step. Therefore we have immediately

N
E[77] = N*"232a(H) d(HY* Y /1 /I fl /I d'dv dvdu
[ B

ij=1

s i — v 2H 2| — o P P — o PR (5.32)
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By Lemma 5.4 below, we conclude that

lim E[77]N?72H 64a(H)2d(H)4< — i) =16d(H)* :=c3.5.

N—>o00 2H—1 2H
(5.33)
O
Lemma 5.4 Forall H > 1/2, with [; = (‘5L L, (i =1,...,N)
li N2H //// p|2H 2 /|2H
X ]u —u’} _2|v — v’|2H 2 du'dv'dvdu
2a(H) (= ! (5.34)
= Zd - . .
2H—1 2H

Proof We make the change of variables

with dit = Ndu and we proceed similarly for the other variables u’, v, v’. For the
integral we need to calculate:

////|u—UIZH/_2|L/—v/izH/_2|u—u/|2H/_2|v—v/|2H/_2du’dv/dvdu
Lt i
N4H/ff/dudvdu’dv|u PH =2y P2

x\u—u +1i— |H 2|v—v +i— |2H/ 2,
where we used the fact that 8H — 8 = 4H — 4. This needs to be summed over
Z,N j=1; the sum can be divided into two parts: a diagonal part containing the terms
i = j and a non-diagonal part containing the terms i # j. As in the calculations con-
tained in the previous sections, one can see that the non-diagonal part is dominant.
Indeed, the diagonal part of (5.34) is equal to

! __ !__
N_ZHZ/ dudvdu'dv’lu—v|2H/_2|u’—v’|2H 2|u—u’|2H 2
0,174

X |v — v’|2H/_2
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- NHH/ dudvdu'dv'|u — v 2| — v/ [P
[o.17*

« ’Lt _ u/‘ZH’—Q‘U . U/IZH/_Z

and this tends to zero because H > %

Therefore the behavior of the quantity in the statement of the lemma will be given
by that of

2 1 1,1 pl
— dudvdu’dv’
w2l

e e e R e e R e
5 NN=ioof o1l g o
= N2H dudvdu'd
NZH;,;/O/(;/O/(; udvdu'dv
= o2 o P2 kPR R
2 N 1l oplopl o
ZW;(N—k)/O/O/O/()dudvdudv
e T e e e S (e
Note that
(- , ,
i 2N =Bl —u k[ — v kP
k=1
IN ENlu—u k2H’—2 vk 2H' -2
=Nk§(l_ﬁ> N TN N tw

Because the terms of the form (u — u’)/N are negligible in comparison with k/N
for all but the smallest k’s, the above expression is asymptotically equivalent to the
Riemann sum approximation of the Riemann integral

1
/ (1—x)x*'4dx = 1/2H — 1) — 1/(2H)
0

where 2H’ — 2 = H — 1. The lemma follows. O
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The Term in the Fourth Wiener Chaos Now for the L2-norm of the term de-
noted by

N
= N71Y 1A A,
i=1
by the isometry formula for multiple stochastic integrals, and using a correction
term to account for the fact that the integrand in 74 is non-symmetric, we have

N
E[T7]=8N*"*"2 3 " (A ® Ais A; ® Aj) 120,114
i,j=1
N
+ 4N4H72 Z 4<Al ®1 A], A] ®] Ai>L2([0,]]2) =: 72,0 + 7:1’1.
i,j=1
We separate the calculation of the two terms 71 ¢ and 741 above. We will see that
these two terms are of exactly the same magnitude, so both calculations have to be

performed precisely.
The first term 74 o can be written as

N
Tao=8N*"2 3" (A, Aj) 2011
ij=1

|2
We calculate each individual scalar product (A;, Aj) 20, 112) as
(Ais Aj)r2qop) = / f Ai(y1, y2)Aj (1, y2)dyidyr
0 Jo
1 pl
—a? [ [ andwat g onv
0 0 NN

% H/ H/
x(/ oK .y K G, y2)du — g 1 01V 32)
y

1Vy2

% ! !
/ KM, ya KM, yz)du)

vy

alKH’w, K @ y2)dv =1 i1 1V y2)

X
N
S—
< \

N / 7
KT, yna K7 (v, yz)dv>
yivyn

i

AV 2
—d(H)2/N[_ dudv[/ 81KH/(u,y1)81KH/(v,yl)dy1:| .
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Here (5.28) yields

<Ai,A,»>Lz([O,1]2)=d(H)2a(H>2// u — v 2dudv
l; J1j

where again we have used the notation [; = (%, %] fori =1,..., N. We finally
obtain

dH2a(H) 1 |i—j P li—j+1P" |i—j—1
(Ai, Aj) 2012 = HQH-1) 2 2 N Y, TN

(5.35)
where, more precisely, d(H)*>a(H)>(H(2H — 1))~! = 2. In particular, with some
positive constants ¢ g, ¢2, g, and 0/1,  using the proofs of Propositions 5.1, 5.2 and
5.3, we get, asymptotically for large N,

3
lim NTqo=c1.g, 1/2<H <-—, (5.36)
N—oo ’ ’ 4
3
lim N** T o=coy, H>>, (5.37)
N—oo ’ ’ 4
lim Tao=c), =16, H= 3 (5.38)
N—oo log N $0=CLE = T4 ’

The second term 74 1 can be dealt with by obtaining an expression for
(Ai ®1 A], A] ®1 Ai>L2([0’]]2)

in the same way as the expression obtained in (5.31). We get

N
Taa =16N"M"2 3" (A; @1 Aji Aj ®1 Ai) 20,1

ij=1
N 1 1,1 pl
= 16d(H)*a(H)*'N > / / / / dydzdy'd?
~— Jo Jo Jo Jo
i,j=1
x|y —z4i— P2y =2 +i—j" 2
ly =y +i— i Ple— i i

Now similarly to the proof of Lemma 5.4, we find the following three asymptotic
behaviors for the term 741 (here t1 g, 72, g, T2, g are positive constants):

o if He (%, %), then rl_}{N’]ZL] converges to 1;
o if H> %, then T2_11L1N4_4H7:1,1 converges to 1;
o if H= % then T;}i(N/ log N)T4,1 converges to 1.
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Combining these results for 741 with those for 74 in lines (5.36), (5.37)
and (5.38), we obtain the asymptotics of E[T42] as N — oo:

13
lim NE[T?] = . ifHe(=, =),
Jim NE[TE] = evn, it H e (2 4)

3
lim N**HE[T?] = . ifHe(=>,1
N1—r>noo [ 4] €2.H ! 4
N 3
lim ——E[T3] = if H="
NgnoologN [Ti]=esm i 4

where

el,g :=1/2)c1,m+11,H, e n = (1/2)co,p+12,H, e3H :=C3H+T3H.

(5.39)

Taking into account the estimates (5.36), (5.37), (5.38), with c¢3 g in (5.33), we

see that E[T42] is always of smaller order than E[TZZ]; therefore the mean-square
behavior of Vi is given by that of the term 7> only.

Theorem 5.9 For every H > 1/2

1 2
lim E[(Nl—HVN > ] =1. (5.40)
N—o00 /C3 H

5.2.2 The Limit of the Quadratic Variations of the Rosenblatt
Process

In this subsection we study the asymptotic behavior of the term denoted by 7> which
appears in the decomposition of V. Recall that this is the dominant term, given by

N
T, =4N*""'] (Z(Al- ®1 A»)

i=1

and, with . /c3 g =4d(H) given in (5.33), we showed that

. _ — 2
Jim B[V T ] = 1

With Ty := NI_HTQC;ZZ, one can show thatin L2(£2), imy_ oo || DTN ”%2([0 =
2 + ¢ where c is a strictly positive constant. As a consequence the Nualart-Ortiz cri-
terium (Theorem 5.2, point iv.) cannot be used. However, it is straightforward to
find the limit of 7>, and thus of Vi, in L?(£2) in this case. We have the following

result.
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Theorem 5.10 Forall H € (1/2, 1), the normalized 2-variation N'~H Vy /(4d (H))
converges in LZ(.Q) to the Rosenblatt random variable Z(1). Note that this is the
actual observed value of the Rosenblatt process at time 1.

Proof Since we have already proved that N'=H Ty converges to 0 in L?(£2), it is
sufficient to prove that N'=#T,/(4d(H)) — Z(1) converges to 0 in L2(£2). Since
T, is a second-chaos random variable, i.e. is of the form I>(fy) where fy is a
symmetric function in L2([O, 1]2), it suffices to prove that

Nl—H
4d(H)

N

converges to L1 in L2([0, 11%), where L; is given by (5.23). From (5.30) we get
NG, y2) = 4Nl a(H)d (H)?

N

x ) (// lu — v 20, KM (u, ya K (v, yz)dudv>-
X I; xI;
i=1 L

(5.41)

‘We now show that % fn converges pointwise, for yi, ys € [0, 1], to the ker-
nel of the Rosenblatt random variable. On the interval I; x I;, we may replace the
evaluation of 9; K" and 9, K#" at u and v by setting u = v =i /N. We then get that
fn(y1, y2) is asymptotically equivalent to

N
AN a(H)A(H)? Y Vipnzy vy K /Ny K /N, 32)

i=1

x ff dudvlu — v|*H' 2
[iX[i

N
_ 1 - -
= 4ANTTHAH? S D ANz KGN DK /N, 32)
i=1
where we used the identity fflixli dudvlu — v/*'=2 = q(H)"IN72H =

a(H)_lN_H_l. Therefore we can write for every yip, y2 € (0, 1)2, by invoking a
Riemann sum approximation,

1-H

lim
N—oo 4d(H)

NG, y2)
1 N
. H /. H /.
— d(H) ngnmﬁz;limzmzam (i/N,yDO KT /N, y2)
1=

1
=d<H)/ KT (u, y)d1 KH (u, y2)du = Li(y1,y2).
y

1Vy2
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To finish the proof, it suffices to check that the sequence N'~# fy is Cauchy in

L2([0, 1]2). This can be checked by a straightforward calculation. Indeed, one has,
with C(H) a positive constant not depending on M and N,

- _ 2
|N'"H fy — M HfM”LZ([O»l]Z)

N
eI

2H'-2

x |u — u’|2H _2|v — v’| du'dv'dudv
Mk ch
2H o 2H'-2( g2H'=2
+C(H)M Z/ﬂ /ﬂ /ﬂ /ﬂ lu — vl | —v']
i,j=1""M M M M
X ’u — u"ZH _2}11 — v/|2H 2w’ dv'dudv
N h
—2C(H)M1_HN1_HM2H_1N2H_1ZZ///_ f du'dv'dudv
i1 o g S

2H -2 J12H =2 2H' -2
e — P2 .

X |u—v|2H’72|u’—v’| —| (5.42)

The first two terms have already been studied in Lemma 5.4. We have shown that

N
D B I T M
=

J12H' =2 2H'-2
IR

X lu—u - du'dv'dudv

converges to (a(H )2H (2H — 1))~L. Thus each of the first two terms in (5.42) con-
verge to C(H) times that same constant as M, N go to infinity. By the change of
variables already used several times i = (1 — lN)N , the last term in (5.42) is equal

to

N M
l ! !
C(H)(MN)! 77 (NM)*H' =2 § § :/[O . dudvdu'dv'|lu — v|*' 2

2
N i=1 j=1
. yeH—2|u w j =20y j 2H'-2
x |u = —_———— - — 4 _L
N M N M N M N M
N M
C(H / _
= LX:Z/ dudvdu'dv'|u — v)*¥ _2|u/—v/|2H 2
N ST o
= ]_
u u 4 i J 2H=2) 0y . i j 2H' =2
X —_—— — —_—— — —_—— — —_—— —
M N M M
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For large i, j the term  — “M/ is negligible in comparison with lﬁ - ﬁ and it can be

ignored. Therefore, the last term in (5.42) is equivalent to a Riemann sum than tends
as M, N — oo to the constant (fol fol lu — v|?H' "2dudv)? fol fol [x — y|2@H'=D)
This is precisely equal to 2(a(H)>H (2H — 1)), i.e. the limit of the sum of the first
two terms in (5.42). Since the last term has a leading negative sign, the announced
Cauchy convergence is established, completing the proof of the theorem. d

Remark 5.1 One can show that the variations Vy (5.24) converge to zero almost
surely as N goes to infinity. Indeed, the results in this section already show that Vi
converges to 0 in Lz(.Q), and thus in probability, as N — 00; to obtain almost sure

convergence we only need to use an argument in [172] based on the Borel-Cantelli
lemma.

5.2.3 Normality of the 4th Chaos Term T4 when H < 3/4

The calculations for 7 above prove that limy_, o E[G%V] =1 for H < 3/4 where
ey, g is given in (5.39) and

N
Gy = \/NNZHle[#M(ZAi ®A,~). (5.43)
i=1

Similarly, for H = %, we showed that limy _, o E[G%V] =1 where e3 g is given in

(5.39) and
N N
Gy = /—N2H—le3_}{l4<ZAi ®A,->. (5.44)
log N P

Using the criterion of Nualart and Ortiz-Latorre (Part (iv) in Theorem 5.2), we prove
the following asymptotic normality for Gy and Gy.

Theorem 5.11 IfH € (1/2,3/4), then Gy given by (5.43) converges in distribution
as

lim Gy =N(0,1). (5.45)
N—o00
If H =3/4 then Gy given by (5.44) converges in distribution as

lim Gy =N, 1). (5.46)
N—o0

Proof See [181]. [l
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5.3 Quadratic Variations of the Hermite Process

5.3.1 Chaos Expansion and Evaluation of the L*-Norm

Let Z@H) be a Hermite process of order g with self-similarity parameter H €
(%, 1) as defined by (3.5) using the kernel Ky (1.4). Define the centered quadratic
variation statistic

1+]

N—1 (Z(‘I JH) Z(lfi,H))Z
:_Z[ NN _1]'
E[(Z 1" -z )2
N

(5.47)

1+1

Also for H € (1/2,1), and ¢ € N\ {0}, we define a constant which will recur
throughout:

HQH — 1))!/2 H—1

(H( ) H/=1+!. (5.48)

D= G e — s 2 q

We prove that, under suitable normalization, this sequence converges in L2(£2) to a
Rosenblatt random variable.

Taking into account the results in Sects. 5.1 and 5.2, this shows that fBm is the
only Hermite process for which there exists a range of parameters allowing nor-
mal convergence of the quadratic variations, while for all other Hermite processes,
convergence to a second chaos random variable is universal. Our proofs are again
based on chaos expansions into multiple Wiener integrals and the Malliavin calcu-
lus. The main line of the proof is as follows: since the variable Zt(q’H) is an element
of the gth Wiener chaos, the product formula for multiple integrals (C.4) implies
that the statistics V can be decomposed into a sum of multiple integrals from or-
der 2 to order 2g. The dominant term in this decomposition, which gives the final
renormalization order N®>=2#)/4_is the term which is a double Wiener integral,
and one proves it always converges to a Rosenblatt random variable; all other terms
are of much lower orders, which is why the only remaining term, after renormal-
ization, converges to a second chaos random variable. The difference with the fBm
case comes from the limit of the term of order 2, which in that case is sometimes
Gaussian and sometimes Rosenblatt-distributed, depending on the value of H.

Since E(Z E(J{IH) Z 4. H))2 N~2H | the centered quadratic variation statistic

Vi of the Hermlte process can be written as
2H-1 (q.H) (g.H)\2 —2H
=N § z@ zg ) =N

Let I; .= [L ﬂ] In preparation for calculating the variance of Vy we will find

an explicit expansion of V in Wiener chaos. We have Z ELH) -7 (l_q H) I, (fin)
N N
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where we denoted by fi n(y1, ..., yq) the kernel of g variables
i+l
N H’ H'
Ly, ixt; (V1 V-V yg)d(H, q) K™ (u, y1)--- 01 K™ (u, yg)du
o VIV Vg
d(H, oK oK™ d
Lo, i 01V Viygd(H, ) K™ (u, y1) -+~ 01 K™ (u, yg)du.
Y1V qu

Using the product formula for multiple integrals (C.4), we obtain

q 2
Lo (fi) g (fin) = Z“(Z) Lg-2(fin ® fin)
=0

where f ®; g denotes the /-contraction of the functions f and g given by (C.5). Let
us compute these contractions; for / = g we have

H JH)N\2 _
(fin ®q fin) = q fins fin) 120,14 = E[(Zf‘il) Z@Y? = N2

N

In the following the notation 91 K (¢, s) will be used for o KH (t,s). For [ =0 we
have

<ﬁ,N ®0 ﬁ,N)(ylv-"yquly--'7Zq> = (fi,N®fi,N)(ylv-~Yq,Z1, "-an)
=finO1, . Y fin (@, 2g)

while for 1 <k <qg —1

(fi,N @k fin) D1y Yg—ks 215 -+ s Zg—k)
=d(H,q)* doy -+ -dog | 1 1%
(H,q) /[o,l]k ak( i+1,q—kVit+1k

X/IV dudi K (u,y)--- 01 K(u, yg—1)01 K, o) --- 01 K(u, ag)

i+1.k

—lly’q klfl’k /I” dualK(u,yl)~--81K(u,yq_k)81K(u,a1)~--81K(u,ak)>

ik
Zi
<lz+l q— k11+] k
i+l

N
X/ dvo1K(v,z1) - 01K (v, 24—k)01 K (v, 1) - - 01 K (v, )
I

i1k

. klft’k/ dv31K(v,Zl)"'31K(v,zq—k)31K(v,Ol1)-~~31K(v,0tk))
I

ik
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where lf’k denotes the indicator function 1[0 i (x;) with x being y, z, or «, and
’ ' N

Ifk denotes the interval [x; V --- Vx4 Vay--- Vg i/N], with x being y or z.
By interchanging the order of the integration we get

(fi.N ®k fiN) (V15 Yg—ks Z1s -+ -+ Zg—k)

i+l
N
=d(H, Q)z{ I[O,M]quk(yiy Zi) / dud\ K (u, y1)--- 01K u, yg—k)
N NV Vyg—k

% UAV k
X dvalK(v,zl)u-alK(v,zqk)(/ 81K(u,a)81K(v,oz)dot>
Zlv~~~qu,k 0
%
- 1[0,%]4%(yi)l[(),%]qfk(zi)/ - dudi K, y1) - 01K (u, yg—i)
YIV-VYg—k

% UAV k
Xf dvE)]K(v,Zl)-~~81K(U,Zq_k)</ 81K(u,a)81K(v,oe)dot)
1V VZg ok 0

=~

g s 00 s @) [ dudy K, y1) - 01K (i, Yq—0)

Y1Ve-Vyg—k

i+l k

N UAV
X/ dvalK(v,zl)---31K(v,zq_k)</ 81K(u,a)81K(v,a)da>
21V Vag—k 0

2

+ 1[0,%]q*k(yi)l[o’%]qfk(zi)/ dudi K (u, y1)--- 01K (u, yg—1)

VIV VYg—k

¥
xf dvd K (v,z1) - 01 K (v, zg—k)
4

1V Vzg—k

UAV k
X (/ 81K(u,a)81K(v,a)da> }
0

and since

UNvV
/ N K (u, )31 K (v, 0)da = a(H')|u — v*# 2
0
witha(H") = H'(2H' — 1), we obtain

(fi.n ®k fiN) (V15 - Yg—ksZ1s -+ -+ Zg—k)

=d(H,q)%a(H")"
%
X {IIO’HNl]qk(Yi)lloyiJrl\]l]qk(Zi)/. dudi K (u, y1)--- 01K u, yg—r)
VIV -Vyg—k
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i+1
T /
x dvd K (v,21) - 01 K (v, zg—k)|u — v|@H 2k
ZIV”'Vquk
%
- 1[0,%”_,(@1-)1[0%](;4(zi)f dud K (u, y1) - 01 K (1, yg—1)
Y1V Vyg—k

i

N !
X/ dvalK(v’Zl)"‘a]K(U,quk)w—v|(2H -2k
Ve VZg—k

=~

- 1[0,%]q—k(yi)l[()’%]qfk(zi)/ dudi K (u, y1)--- 01K (u, yg—k)

Y1V VYg—k
i+l

N /
xf Qv K (v, 21) 31 K (v, 290l — o] 1D
2V g

=~

+ 1[0,#]qfk(yi)l[o,%]qfk(zi)/ dud K (u, y1)--- 01K (u, yg—k)
Y1V VYg—k
N :
x/ dvd K (v,21) - 01 K (v, zg—i) lu — v|*H —2>’<}. (5.49)
21V VZg—k
As a consequence, we can write
Proposition 5.7
VN =Toy +c2g2T2g2+---+csTy+ 2T (5.50)
where
2
(1
Cog—2k ‘= k.<k> (5.51)
are the combinatorial constants from the product formula for 0 <k <q — 1, and
N—-1
Trg—2k := N2 Dy ok (Z fi.n ®k sz) , (5.52)
i=0

where the integrands in the last formula above are given explicitly in (5.49).

This Wiener chaos decomposition of Vy allows us to find Vy’s precise order of
magnitude via its variance’s asymptotics.

Proposition 5.8 With

4d(H,q)*(H'(QH' —1))%

- (4H' —3)@AH' = 2)[2H —2)(q — D) + 11P[(H' — D(g — 1) + 1]*
(5.53)

C1,H
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we have

lim Ele=! NC-2HD2,~2y27 — 1.
e [cl,H %) N]

Proof We only need to estimate the L?-norm of each term appearing in the chaos
decomposition (5.50) of Vy, since these terms are orthogonal in L?. We can write,
forO<k<gqg-—1,

N—1 5112
E[T3, ] = N*72(2q —20)! (Z fi,N ®k fi,N)
i=0 Lz([O, 1]2q—2k)
N-1
= N*¥"202q = 2000 Y (fin®fin. £in®rfiN) 120,170
i,j=0

where (g)° = g and f; y®y fi.y denotes the symmetrization of the function
fi.n ®k fi.n. We will consider first the term 7, obtained for k = g — 1. In this case,
the kernel Z,N: 51 fi,n ®¢—1 fi,n is symmetric and we can avoid its symmetrization.

Therefore
N—1 2

D fin @1 fin

i=0

E[T}] = 2N 2

L2([0,11%)
N-1

= 2INHH 2 Z (fi.n ®g—1 fiNs fi.n ®g—1 fj.N)12(0.112)-
i,j=0

We compute now the scalar product in the above expression. By using Fubini’s
theorem, we end up with the following easier expression

(fin ®g—1 fiN, [i.N ®g—1 fiN) 120,112

:a(H/)qu(H’q)‘l/‘/‘//|u_v|(2H’72)(q—1)|u/_v/|(2H72)(q—])
L JJi

i2H/—2 |2H/—2

x |u—u’ o= dv'du'dvdu.
Using the change of variables y = (u — %)N and similarly for the other variables,
we now obtain

E[77] = 2d(H, ¢)*(H'(2H' — 1)) N* -2 N—4 N~ @H'-22

N-1 .1 o1 p1 pl ,
y Z / / / / dydzdy'dz'|y _Z|(2H’72)(q71)|y/ _ Z/|(2H -2)(g—1)
o Jo Jo Jo

i,j=0

j|(2H’—2) |Z i j|(2H’—2).

x|y—y+i-



5.3 Quadratic Variations of the Hermite Process 157

This can be viewed as the sum of a diagonal part (i = j) and a non-diagonal part
(i # j), where the non-diagonal part is dominant, as the reader will readily check.
Therefore, the behavior of E[Tzz] will be given by

E[7}] := 21d(H, ¢)*(H'(2H — 1)) N2

1 1 1 1 /
X Z/ / / [ dydzdy/dz/(b) _ z||y/ _Z/|)(2H —2)(g—1)
i~;v0 Jo Jo Jo

x|y =y +i—jlla =2 +i—j)*"?

— 21d(H,q)*(H'(2H' — 1)) N~22

N—-2N—i

1 1 1 1 |
X Z Z/O '/‘0 /0 A ddedy/dZ/(ly _Z||yl _ Z/|)(2H -2)(g—1)

=0 £=2
x(ly=y +t—1]|s =2 +e—1])*"?

= 21d(H,q)*(H'(2H — 1)) N2

N 1 pl pl pl
x Y (N—C+1) / / / / dydzdy'dz
ZZ:; o Jo Jo JO

x (ly —zl|y' — z/’)(ZH/_z)("_l)
x(ly =y +e—1llz =2 +e -1,
Note that
1 Y , ,
WZ(N—Z+1)|y—y’+E— 1|CH D)y g1 OH D
=2
=2 g P2

N N

N
1o 1 —1\|y—y £-1
_ yeer-n L |-
NZ; N )TN "W

Using a Riemann sum approximation argument we conclude that

4d(H,q)*(H'(QH' — 1))% x N2QH'-2)

/27
B[] (4H' =3)(4H' = 2)[(QH' =2)(g — )+ DP[(H' = (g = 1) + 11>

Therefore, it follows that
o Rl o VIR (5.54)

with ¢1 g as in (5.53).
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Let us now study the term Ty,...,T», given by (5.52). Here the function
Z,N: 61 fi.n ®k fi,n is no longer symmetric but we will show that the behavior of
its L?-norm is dominated by E[T22]. Since for any square integrable function g one
has |gll;2 < llgll 2, we have for k =0,...,qg —2

N-1 2
1 2 4H-2 ~
2q — Qk)!E[TZQ—Zk] =N Z JiN®k fi,N
1 ’ i=0 L2([0,1]24—2k)

N-1 2

< NN fin @ fin
i=0 L2([0,1]29-2k)
N-1

= N2 Z (fi.N ®k fin, fi.N ®k [j.N)L20.120-2%)
i.j=0

(5.55)

and proceeding as above, with ey 4 1 := (2q — 2k)!/(H'(2H' — 1))*d(H, q)*, we
can write

N—1
E[T22qf2k] = eH,q,k]V“Hi2 Z /I /; d)’leI/I ‘/IA dy;dz“yl —Zl|(2H 2k
[ Jt

i,j=0
o |)’i _ Z/1|(2H’—2)k|y1 — Y, |(2H’—2)(q—k)|zl _Z |(2H’—2)(q—k)

and using a change of variables as before,

N—-1
X Z/ 4dydzdy/dz/(|y—Z||y’_z/|)(2H—2)k
i, j=00:1]

J|RH DBy

<y —y i j|H Db

(2q — 2k)'d(H, g)* N@H' 22420
- a (H/)—Zq N2

N
2 = 2H'-2)k
=\ dydzdy'dz (|y — z||y = 2'|)"

X6=2< < N ))/[‘0,1]4 ydzdy'dz |y —zl|y" = 2'[)

| 1 (2H'-2)(q—k)
([ )

z—z’+£—
N N

N N (5.56)
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Since off a diagonal term (again of lower order), the terms %Z/ are dominated by
% for large I/, N it follows that, for 1 <k <q — 1

E[Cq_flk,HN(z_ZH/)(zq_zk) T22q—2k] =0(1) (5.57)

when N — o0, with

1
okt = 2(/0 (1 —x)x@H 2)<2‘12k>dx>a(H’)2(2q —2k)\d(H, g)%a(H')™.

(5.58)
It is obvious that the dominant term in the decomposition of Vy is the term in
the chaos of order 2. [The case k = 0 is in the same situation for H > % and for

H e (%, %) the term T3, obtained for k = 0 has to be renormalized by N; in any
case it is dominated by the term 7>]. More specifically we have for any k < g — 2,

BT )= 0w A (55

Combining this with the orthogonality of chaos integrals, we immediately get that,
up to terms that tend to 0, N22Hyy and N272H'T, have the same norm in L2(£2).
This completes the proof of the proposition. d

Summarizing the spirit of the proof of Proposition 5.8, to understand the behavior
of the renormalized sequence Vy it suffices to study the limit of the term

N-1

L <N2H—1N(2—2H/) Z fin ®q1 le> (5.60)
i=0

with

(fi,Nn ®g—1 fi,N)(¥,2)

=d(H, 61)2a(H/)q_1 (1[0’%]()/ Vz)

X [ / dvdud K (u, y)91 K (v, z)|u — U|(2H’*2)(q*1)
LV

i+1

T /
) &;](y)lzi(z)/ / dvdud K (u, )91 K (v, 2)ju — v *H=2@=D
’ I Jz

29

it

N /
F 101 @ [ [ dvdudnK sk .2l o] O
' y I;

i+1 i+1
N N /
+ 1,01 (2) / f dvdud K (u, y)d1 K (v, 2)|u — v|?H —W—“).
y z
(5.61)
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We will see in the proof of the next theorem that, of the contribution of the four terms
on the right-hand side of (5.61), only the first one does not tend to O in L2(£2).
Hence the following notation will be useful: sz will denote the integrand of the
contribution to (5.60) corresponding to that first term, and r, will be the remainder
of the integrand in (5.60). In other words,

N-1

fZN +ry= NZH—IN(Z—ZH’) Z fin ®y-1 fin (5.62)
i=0

and

_ _2H' -1
sz(y,Z) = N2H IN(2 2H )d(H,q)za(H/)q

N-1

XD Lo, 1V V2)

0

i=
xf/dvdualK(u,y)BlK(v,z)lu—vl(ZH/_z)(q_l). (5.63)
I VI

Theorem 5.12 The sequence given by (5.60) converges in L2(£2) as N — 00 fo the
constant c}/ 12{ times a standard Rosenblatt random variable Ziz’zH = with self-
similarity parameter 2H' — 1 and H' is given by (3.6). Consequently, we also have

that ¢, Z2N(2—2H’)62—1 Vn converges in L*(2) as N — oo to the same Rosenblatt
random variable.

Proof The first statement of the theorem is that N2—2H T converges to

1/2 5@2,2H'—1)
ci'nZ

in L2(£2). From (5.60) it follows that 75 is a second-chaos random variable, with
kernel

N-1
N2HEN " (fin ®g-1 fin)

i=0
(see the expression in (5.61)), so we only need to prove this kernel converges in
L2([O, 1]2). The first observation is that 7> (y, z) defined in (5.62) converges to zero
in L2([0, 1]%) as N — oo. The crucial fact is that the intervals I;, which are disjoint,
appear in the expression of this term and this implies that the non-diagonal terms
vanish when we take the square norm of the sum; in fact it can easily be seen that the
norm in L? of r corresponds to the diagonal part in the evaluation in ET22 which is
clearly dominated by the non-diagonal part, so this result comes as no surprise. The
proof follows the lines of Sect. 5.2. This shows N@-2H) T, is the sum of Iz(fZN) and
a term which tends to 0 in L?(£2). Our next step is thus simply to calculate the limit
in L2(2), if any, of Ip( sz ) where fZN has been defined in (5.63). By the isometry
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property (C.1), limits of second-chaos r.v.’s in L?(£2) are equivalent to limits of
their symmetric kernels in L2([0, 1]2). Note that fZN is symmetric. Therefore, it
is sufficient to prove that fZN converges to the kernel of the Rosenblatt process at
time 1. We have by definition

Ny, = (H'(2H —1)) 9 Vd(H, ¢) >N N2
N—-1
X Z/ / lu — v @H D@Dy kH (4 o K7 (0, 2).
i—0 Y1 i

Thus for every y, z,

_1 _ _ 7
N—1
x Z/ lu —v|@H 2Dy kB yyo, K (v, 2)dudv
i=0 1; JI;

_ d(H,q)z(H’(ZH/ _ ]))(Q*l)N2H71N272H’

N—-1
y Z/ /  — v|CH D=
i=0 V1 /i

x (K u, )91 K7 (v,2) — 91 KT (i /N, 2001 K™ (i /N, 2))dudv

+d(H,q)2(H’(2H’ . 1))(61*1)N2H—1N2—2H’
x Z/ / lu —v|@H DDy k5 /N o, K" (i /N, 2)dudv
i=0 /1 i

=AY, 0+ AY (v, 2).

As in the proof of Theorem 5.10, one can show that E[||A11V||iz([0 1]2)] -0

as N — oo. Regarding the second term Aév (v, 2), the summand is zero if i /N <
y V z, therefore we get that sz is equivalent to

N—1
NZH_INZ_ZH,d(H,q)z(H/(ZH/ _ 1))(q—1) Z/ / lu — v|(21-1’—2)(q—1)
i=0 i Ji

x W K7 (i /N, v)o1 K7 (i /N, 2)dudv

_ (H’(ZH/ _ 1))(q7])d(H, q)zNzﬂlezsz’

N—1
x Y KT /N )OI KT (i /N, D) yvzcisn / lu — | 24D audy
i=0 i I
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= (H'H = 1) [(eH =2)(g =D+ 1)((H = 1) =D+ 1]
N2H-1)Q-2H' g N

X —— Z 0K /N )W KT (/N D)l yvzciin
i=0
. d(H,q)* (H'(2H' —1))@=b
T dQH —2,2) (QH' —=2)(g — )+ D((H' — (g — D)+ 1)
N-—1
x d(2H =2, 2)N~" Y 0,k (i /N ) K™ (i /N. D)1 yvzcisn.
i=0

The sequence d(2H' —2,2)N ' SN Vo  KH (i /N, y)& 1 K P (i /N, 2) 1yyz<ijn is
a Riemann sum that converges pointwise on [0, 1]? to the kernel of the Rosenblatt
process Z*1 "=1.2 at time 1. To obtain the convergence in L2([0, 1]%) we will apply
the dominated convergence theorem. Indeed,

2

Zalk” /N, »)B K™ /N, 2)lyvzcisn| dydz

2

N—1 1
1 ’ r,
=32 Z /0 WK /N, )IWKT GIN, ) 1y<injyndy

i,j=0

N-1
1
= > [E[AZi/NAZ;
i,j=0

where AZ;y is the difference Z (%) —Z (%) for a Rosenblatt process Z. We now
show that the above sum is always <« N2, which proves that the last expression,
with the N ~2 factor, is bounded. In fact for H; =2H’ — 1

N-1

2
Y [BIAZynAZjN]|
i.j=0
_’f P-4 1 j— 13 )i e
_4. N N N
i,j=0
N~ 4H; N—1 ' )
T4 Dol AP g = = 1P 20— P
i,j=0
—4H,; N-1 )
STLAN 3 IR e 1P 2P

e=—N+1
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The function g(¢) = [£ + 1> + |¢ — 1]2H1 — 2]¢|*"1 behaves like H{(2H; — 1)
|€|>11=2 for large £. We need to separate the cases of convergence and divergence
of the series > > | g(O)|%. Tt is divergent as soon as Hj > 3/4, or equivalently
H' >17/8,in Wthh case we get for some constant ¢ not dependent on N,

N-—1
> BIAZinAZjNI[ < eNTHIFIHIT 2 (N2 N2,
i,j=0

The series Z lg(0)|? is convergent if H' < 7/8, in which case we get

N-—1

2 _
Z|E[AZ,’/NAZJ'/N]| <cN 4H +1
i j=0

For this to be <« N2, we simply need —4H; + 1 <2,i.e. H' > 5/8. However, since
g >2and H > 1/2 we always have H' > 3/4. Therefore in all cases, the sequence
A/2V (v, 2) is bounded in L?([0, 11%) and in this way we obtain the L2-convergence
to the kernel of a Rosenblatt process of order 1. The first statement of the theorem
is proved. In order to show that c, -l 2N 2-2H' )c Vn converges in L%(£2) to the
same Rosenblatt random variable as the normahzed version of the quantity in (5.60),
it is sufficient to show that, after normalization by N>~ 2H' “each of the remaining
terms in the chaos expansion (5.50) of Vy converge to zero in L2(2), i.e. that
NC=2H)Ty, o converges to zero in L?(£2), forall 1 <k < g — 1. From (5.59) we
have

E[Nz(z 2H' )Tzq 2k]

which is all that is needed, concluding the proof of the theorem. g

0 (N—2(2—2H’)2(q—k—1))

5.3.2 The Reproduction Property for Hermite Processes

We also study the limits of the other terms in the decomposition (Proposition 5.7)
of Vi, (5.47) those of order higher than 2, and we notice interesting facts: all these
terms, except the term of highest order 2¢, have limits which are Hermite random
variables of various orders and self-similarity parameters. We call this the reproduc-
tion property for Hermite processes, because from one Hermite process of order ¢,
one can reconstruct other Hermite processes of all lower orders. The exception to
this rule is that the normalized term of highest order 2g converges to a Hermite r.v.
of order 2¢q if H > 3/4, but converges to Gaussian limit if H € (1/2,3/4].

Theorem 5.13
e forevery H € (%, 1) and for every k=1, ...,q — 2 we have

lim N@2H0G=Rp, o = 7 7202 Qa=20H DD iy 12(0) (5.64)

N—oo
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where 7Z(24=2kQq=20H" =D+ donotes a Hermite random variable with self-
similarity parameter (2q — 2k)(H' — 1) + 1 and zj.g = d(H, q)*a(H")* x
(H' = Dk+D7'QH -+ DL

e Moreover, if H € (%, 1) then

lim N2 2T, = 220200 i 12(2). (5.65)

N—oo

5.4 Quadratic Variations of the Solution to the Stochastic Heat
Equation

We analyze here the quadratic variations of the Gaussian process (u(t,x),t €
[0, T], x € RY) given by the solution (2.31) to the linear stochastic heat equation
driven by a fractional-colored noise (meaning a centered Gaussian process with co-
variance (2.29)). We will assume that the spatial covariance is given by the Riesz
kernel from Example 2.1. In this case, the covariance of the process u has been com-
puted in Proposition 2.9. In particular, it follows that this covariance does not depend
on x € R?. Therefore we will consider a centered Gaussian process (Ut)refo,1] with
covariance

13 N do
R(t,s)=d(cx,H)/ / lu— v 2((t +5) = (u+v))” ? dvdu  (5.66)
0 JO

with 0 < d, <d and dy <4H and
—d o k2
d(a,H) =ap(2m) dg|§| e 2.
R4
Weputdy, =d — a.
Define the centered quadratic variations of the process U

N-1

Vn = Z [(Ufm - Uti)2 - E(Uli+| - Uti)z]' (5.67)
i=0

We study the limit behavior of this sequence as N — oo. This will give the be-

havior of the associated estimators for the parameter H. Other works on statistical

inference for fractional equations with the Malliavin calculus include [94, 180].
Since

Ufi+1 -U; = I]U(l(liafiJrl))

(IV denotes the multiple integral with respect to U; in the sequel we will simply
denote it by 7,,) we can express the sequence Vy as a multiple integral of order 2

N-—1
— ®2
V= Iz( l(h‘JH—I))
i=0

by the product formula (C.4).
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5.4.1 The L*-Norm of the Sequence Vy

LetO0=1 <t <--- <t, =1 be a partition of the unit interval [0, 1] with t; = ﬁ
fori =0,..., N. We have, using the isometry of multiple stochastic integrals (C.1)

| ®2
EVy =2 Z o i)
i,j=0

N—-1

2
=203 Qs L)
i,j=0

Here (-, -)yy := (-, ) denotes the scalar product in the canonical Hilbert space U/
associated with the process U which is defined as the closure of the set of indicator
functions (1jo,¢, t € [0, T']) with respect to the scalar product

(L1011, L10.s1) = R(, 5)
where R(z, s) is given by (5.66). Then

d(o, H) ™ (i Ljtien)

e 5 i1 41 -
/duf dvlu — 2’H<N A (u+v)>
P g
—/ du/ dv|u—v|2H2< —I—L—(u—i—v))
N
do
. . _dg
/duf dv|u—v|2H <' LIt (u+v))
N
dy

/duf dvlu — 2H 2( +——(u~|—v))_7.

By the change of variables it = uN, v = vN we get

d(a, H)7] (l(l‘i,tH—l)’ l(fj»tj-H))
de i+1 Jj+1 _do
=N_2H+T[/ du/ dvlu — v 2+ 14+ j+1— (u+v) 2
0 0
i+1 Jj 2H 2 dy
—/ duf dv|u —v| _(i—i-l—i—j—(u—i—v)) 2
0 0

i Jj+1 dy
—/ du[ dvlu — v 2+ j+1— (@+v) 2
0 0



166 5 First and Second Order Quadratic Variations. Wavelet-Type Variations

i j dy
+f du/ dv|u—v|2H—2(i+j—(u+v))‘7}
0 0

=N—2H+d7°‘[A(i’j) + B(i, j) + C(, )]

where

j+1 o
A(, ])—/ du/] dvlu —oPH2(i 4 j 42— @+0v) 2 (5.68)

B(, ])_f du/ dvlu —v)?H 2
dy

X[(i+j+2—(u+v))_7a—(i+j+1_(”+v))_T]

i j+1
+/ du/ dvlu —v|?H 2
0 J

x[(i+j+2—(u+v))‘3 (i+j+1—@+v)" ](569)

and
i / 2H-2 ~%
C(i,j):/ du/ dolu — v [(i+j+2— (u+v) 2
0 0
_da. _da
—2(i+j+1—@+v) > +(i+j—@+v) ] (570)
Therefore
N-1
EVY = 2d(a, H*N~*H+4 N [AG, j)+ B, ) + €. )]
i,j=0
N-1
= 2d(a, H*N =% 3 " [AG, )* + B, )+ C G, j)?
i,j=0

+ 24, B, j) +2A4;C(, j) +2B; ;jC(, j)]
i=2d(a, H)*(Tin + Tov + Tsn + Tay + Tsn + To ). (5.71)

We will evaluate the asymptotic behavior, as N — oo, of the six terms above. Ac-
tually, it happens that the six summands that appear in the decomposition of EVI\Q,
are all of the same magnitude. There is no negligible part that can be ignored in the
estimation of EVAZ,.

The following renormalization result holds.

Theorem 5.14 For H < 3, andfori=1,...,6

N4H—du—1 ]}’N N Klg]
N—o0
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3 P
and for H > 3 andi=1,...,6

N>%T; y —— K
N—o0

with K; 1, K; 2 strictly positive constants, i =1, ..., 6. Consequently, for H < 43_1’

6
NH1—da=1gy2 —— 2, H)* Y Kiy =K
i=1
and for H > %,

6
N?>~%EV} —— 2@, H)? Z Ko :=Ko>.
i=1

5.4.2 Limit Behavior of the Quadratic Variations

Suppose first that H < 7. Let us denote by Vi the sequence
N—-1 2
- U, , — U,
vN=z[—‘ |
i=0 E(Ul‘,'_H - Ut,')

Using the behavior of the increments of the process U (Theorem 2.6) and Theo-
rem 5.14, we notice that E(—= 7N V)2 converges to a constant. This suggests that Vi

converges to a Gaussian distribution.
We will prove this claim in the sequel. Our approach is based on the Stein method
(Theorem 5.1). Let
_1 "
Fy =K, N -%-1yy (5.72)

where the constant K is defined in Theorem 5.14. From Theorem 5.14 it follows
that

EF%: — 1.
NN

Theorem 5.15 For H < %

d(Fy, N(0, 1)) ——0.
—00

Proof We start by computing the Malliavin derivative of Fy and then we evaluate
its norm. We have, for every s

N-—1
DyFy =2K, =3 y2H-% -} Z na,
i=0

ixt)) i) (s)
N N

iitl
N’N
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and
IDFN 1720 1y = 4K, N
N-1
X Z h(l i )11(1(/ /+1))( (4. Ly 1(#%1)&2([0,1])-
i,j=0
Therefore

d(Fy, N, 1))’
N-1 ’
8H —2dy—2 P i j L
SCNH E[Z(l(lﬁ’H—l)’l(# IT))LZ [0,1] 12(1%%)®1(%’]—4N—1)):|

+ (EFf —1).

We will first analyze the convergence of the multiple integral in the second Wiener
chaos. We have, with ¢ denoting a generic strictly positive constant,

N—-1 2
E[Z <1(lﬁ’%)’1(ﬁ JT))LZ ()1 12(1(1 ]+1 ® ﬁ JT))}

i,j=0
N—-1
=2 ) Qe Lg oy eqoap U g ey Ly i )iz
i,j,i’,j'=0
i @150 g ® Ly o))
N—-1
=c Qi sty L )iz, 1])(1(% '/ﬁ')’1<%/’j/1¢1)>1‘2([0’1])
i,j,i’,j'=0
X gy L 2o g sty Ly v dezgony-

One can show that

which equals N_2H+d7a(A(i, Jj) + B(@i,j) + C(, j)) (these terms are given by
dy

(5.68), (5.69) and (5.70)), “behaves” for large i, j as N’2H+7|i — j|2H’2 and

similar results hold for the other factors above. Thus
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N—1 2
8H—2dy—2 o o o o
N E[.ZO“UN,%)’1%,%))Lz(m’lbh(l%%)®1(#%)]
i,j=
N—-1
SCN_Z Z }l./_j/‘2H—2’i _i/’2H—2|j _J./|2H—2
i,j,i’,j’=0
e 1 Nol S TN i — 2
< CNBH=6 __ L r=J1
= N4,,Z ( N ) ( N )
i,j,i’,j’=0

. . 2H-2 . . 2H-2
(=N L=
N N

<CNBH-6 /[0 " lu — v 2 |u — v’|2H72|u - L/|2H72|v - v’|2H72.

On the other hand from Theorem 5.14 we have that EF 1%, — 1 = N_ 00 0. This con-
cludes the proof of the theorem. g

When H > %, the quadratic variations of the solution to the fractional-colored
heat equation satisfy a non-central limit theorem.

Theorem 5.16 Suppose H > % The renormalized quadratic variation Vy =

_1 J
K, INI=2 Vn, with K, defined in Theorem 5.14, converges in distribution, as
N — 00, to a Rosenblatt random variable.

Proof See Exercise 5.11 for the main lines of the proof. U

We refer to [149] and [166] for related results on the stochastic heat equation
with time-space white noise.

5.5 Estimators for the Self-similarity Parameter

In this part we construct estimators for the self-similarity exponent of a Hermite pro-
cess based on the discrete observations of the driving process at times 0, %, R
It is known that the asymptotic behavior of the statistics Vy (5.2) is related to the
asymptotic properties of a class of estimators for the Hurst parameter H. This is
mentioned for instance in [57].

We recall how this is set up. Suppose that the observed process X is a Hermite

process; it may be Gaussian (fractional Brownian motion) or non-Gaussian (the
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Rosenblatt process or even a higher order Hermite process). Let

SNZ%g<X<%)—x<i;1))2. (5.73)

Recall that E[Sy]= N—21. By estimating E[Sy] by Sy we can construct the esti-
mator

. log S
= BN (5.74)
2log N

To prove that this is a strongly consistent estimator for H, we begin by writing

1+ Vy=SyN?H
where Vy is the original 2-variation, and thus
log(1 4 Vy) =logSy +2H log N
= —2(Hy — H)logN.

One can show that V converges almost surely to O (this can be done by using
the Borel-Cantelli lemma and the hypercontractivity property of multiple stochastic
integrals (2.33)), and thus log(1 + Vx) = V(1 + o(1)) where o(1) converges to 0
almost surely as N — oo. Hence we obtain

Vn =2(H — Hy)(log N)(1 + o(1)). (5.75)
Relation (5.75) means that Vi ’s behavior immediately gives the behavior of H N —
H.

Specifically, we can now state our convergence results in the Gaussian case.

Theorem 5.17 Suppose that H > % and assume that the observed process is a fBm
with Hurst parameter H. Then strong consistency holds for Hy, i.e. almost surely,

lim Hy=H (5.76)
N—o0

and

e ifH € (%, %), then, in distribution as N — 00,
V'Nlog(N) 2 (Hy — H) — N(0, 1);
— N — 3 5
NGEW
e ifH e (%, 1), then, in distribution as N — 00,
N22H 1og(N)L(ﬁN —H)—>Z
€2, H

where Z is the law of a standard Rosenblatt random variable (see (5.18));
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e ifH= %, then, in distribution as N — 00,

2
\/C/I,H

The constants ¢1,fq,C2.H, c’1 y are those from Sect. 5.1.

(Hy — H) — N(0, 1).

v/ Nlog N

Proof This follows from Theorems 5.4, 5.5 and Proposition 5.4. O

See also Exercises 5.5 and 5.6.

5.6 Quadratic Variation with Higher Order Increments

In its simplest form, the kth power variation statistic of a process (X; : ¢ € [0, 1]),
calculated using N data points, is defined as the following quantity (the absolute
value of the increment may be used in the definition for non-even powers):

1 N—1 (X%—X%)k

There exists a direct connection between the behavior of the variations and the
convergence of an estimator for the self-similarity order based on these variations
(see Sect. 5.5 and also [28, 57, 68, 181]): if the renormalized variation satisfies
a central limit theorem then so does the estimator, a desirable fact for statistical
purposes.

We have seen in Sect. 5.2 that the quadratic variations of the Rosenblatt process
Z (the Vy above with k = 2), exhibit the following facts: the normalized sequence
N'=Hyy satisfies a Non-Central Limit Theorem, it converges in the mean square
to the Rosenblatt random variable Z (1) (the value of the process Z at time 1); from
this, we can construct an estimator for H whose behavior is still non-normal. The
same result is also obtained in the case of estimators based on the wavelet coeffi-
cients (see the next Chap. 5.7). In the simpler case of fBm, this situation still occurs
when H > 3/4 (Sect. 5.1). For statistical applications, a situation in which asymp-
totic normality holds might be preferable. To achieve this we will use “longer fil-
ters” (i.e., we replace the increments X = X i by the second-order increments
Xit1 —2X i + Xi-1), or higher order increments for instance. We will see that
thiév approach leads to a Gaussian limit for the variations of fBm without any re-
striction on the Hurst parameter H. But in the case of the Rosenblatt method the
asymptotic behavior of the quadratic variations based on longer filters is still non-
normal.
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5.6.1 Longer Filters

By a “filter” we mean the following:

Definition 5.1 A filter o of length £ € N and order p e N\ 0 is an (£ + 1)-
dimensional vector @ = {a, a1, ..., a¢} such that

4
Zaqqrzo, forO<r<p-1,reZ
q=0

¢
D agq” #0
g=0

with the convention 0° = 1.

If we associate such a filter &« with the fbm or to the Rosenblatt process (both
denoted by Z below) we get the filtered process V¢ according to the following
scheme:

; 4 .
1 1 — .
Va<ﬁ) = Zan< Nq)» fori=¢,...,N—1. (5.78)
q=0

Some examples are the following:

(2)-o() ()

This is a filter of length 1 and order 1.
2. Fora ={1,-2,1}

i i i—1 i—2
()= (w) 25 (5)
N N N N
This is a filter of length 2 and order 2.

3. More generally, longer filters produced by finite-differencing are such that the
coefficients of the filter « are the binomial coefficients with alternating signs.
Therefore, borrowing the notation V from time series analysis, VZ(i/N) =
Z(i/N) — Z((i — 1)/N), we define V/ = VVJ/~! and we may write the jth-
order finite-difference-filtered process as follows

~(3)-al)

1. Fora = {1, -1}
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From Now on We Assume the Filter Order Is Strictly Greater than 1 (p > 2)
For such a filter « the quadratic variation statistic is defined as

N-1 iN2
1 Vi s
. Z[' <Ni>|2_1}
N -t ZLEVe)l

Using the_deﬁnition of a filter, we can compute the covariance of the filtered
process V().

Proposition 5.9 Consider the sequence (5.78) and let
) i i+j
) =E[ VY =)V —]]|.
i e (5)v ()]

_2H l )
Z agarlj+q—r*H. (5.79)
q,r=0

Then

7 () =—

Proof We have for every j

= ve(5 ) (5]

32 w2525

q,r=0
NS 2H 2H 2H
= —— D g (li —gP i+ j =P —1j+q—rPH)
q,r=0
N—2H L '
= =5 > agelj+q—r”
q,r=0
NS 2H 2H
+ > ager(li =g + i+ j — ).

q,r=0
Since the term Y% _ oy (Ji —q|*H +i + j —r|*#) vanishes we get that (5.79). [J
q,r=0>q>r q J g . .
Therefore, we can rewrite the variation statistic as follows

1 ETIveEn)?
W =N¢ Z[ 7%(0) _1}

i=t
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2N2H -1n—1 . 2
(g mesn—rr) [ (5)f 0]
q.,r=0 i=t
oN2H i\
= c(HH(N ) i;g[ Y <ﬁ) _””(O)}’
where
c(Hy== Y araylg —r|*". (5.80)

q,r=0

The next lemma is informative, and will be useful in the sequel.
Lemma 5.5 c¢(H) is positive for all H € (0, 1]. Also, c(0) =0

Proof For H < 1, we may rewrite c(H) by using the representation of the function
lg — | viathe fBm B¥ and its covariance function Ry given in (1.1). Indeed we
have

c(H) = Zaraq [(B"(q) - B (n)*]

q,r=0

14

=— > @ag(Ru(q.@) + Ru(r.r) = 2Ry (q.1))
q,r=0

4 14 14
= —2(205(1) (ZarRH(r»r)> +2 Z araqRH(qJ')
q=0

r=0 q,r=0

¢ ¢ 2
=042 Z O!rOlqRH(C]a”)ZE|:<ZO‘qBH(Q)> :| >0
q=0

q,r=0

where in the second-to-last line we used the filter property which implies
2220 ay =0, and the last inequality follows from the fact that 2220 ochH (9)
is Gaussian and non-constant. When H = 1, the same argument as above holds be-
cause the Gaussian process X such that X (0) =0 and E[(X (r) — X(s))2] =|t— s|2
is evidently equal in law to X () =t N where N is a fixed standard normal r.v. The
assertion that ¢(0) = 0 comes from the filter property. g
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5.6.2 The Case of Fractional Brownian Motion

Let Z be a fBm. Observe that we can write the filter ed process as an integral be-
longing to the first Wiener chaos: since for every ¢ we have Z(t) = I1(L,(-)) with L
given by (1.4)

. 12 . 4
«(L)-y —q 3

where
4
Ci:= Z(qu;_Tq. (5.81)

Proposition 5.10 With C; as in (5.81), the variation statistic Vy is given by

N
VW= — L(CH|” = 7%
N = NS )ZH 1(CH[* = 78 0)]
2N2H N—1
=—— N L(CRCH).
C(H)(N—K) ; 2( i ® l)
Then
Proposition 5.11
E[VNVy]? — c1(H)
with
00 V4 2
ci(H)=2c(H) Y | > agorlk+q—r*” (5.82)
k=11q,r=0

and c(H) is defined by (5.80).

Proof

) 2N2H 2N-1
EVg =2 — CiCi,C;C;
N (c(H)(N—l)) i}Z_( i®Ci,Cj®Cj)

2N N2
2<c<H)(N — l)) Z: € Ci)
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with

(Ci» Cj)L2([(),1])

14 2H

_a(H)2d(H)? wallizal™ . j=rP Ji—itg—r"
_H(2H—1)qr_0qr N N N
4 2H . 2H . . 2H
1 i—gq j—r j—i+q-—r
Zizaq“r[ N +‘ N _' N

J—r

)+ (e T )

Xe:aa i_j+q_r2H}
_ e
q,r=0 N
1 ¢ i—j+q—r2H
=—§Zaqa,# =% — j).
q,r=0

The last equality holds since Zézo a, = 0 by the filter definition. Therefore, we
have

N—1 5
Y NG Ciagoap|

ij=t
N—1] ¢ . 20 |2
1 i—j+q—r
4 Z qdr N
i,j=Llq,r=0
]NqN;zié k+q—r2H
=- Qg0
4 i=t k=01q,r=0 N
N—4H ¢ ) 2
=—N-t-1 Z agarlg —
q,r=0
_IN— 2
| NoIN-2) ¢ ktq—r|H
+ Z Z gy N
i=t k=11q,r=0
2
NN —£—1) 1= : ktq—r|
_ 2
= c(H) 7 +3 ;(N—k—Z) q;oo{qo{r —
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N=2| ¢ 2
(N—1-— I)N_4H N—4H+1
=c(H)? 1 1 Z Z aqar|k+q—r|2H
k=0lq,r=0
N—4H N=2| ¢ 2
-2 Z Zaqar|k+q—r|2H
k=0 lg,r=0
N—4H N=2 ¢ 2
i Zk Z aqar|k+q—r|2H .
k=0 lq,r=0

At this point we need the next lemma to estimate the behavior of the above quantity.
This lemma is the key point which implies the fact that the longer variation statis-
tics has, in the case when the observed process is the fractional Brownian motion,
a Gaussian limit without any restriction on H (this was first noticed in [85]).

Lemma 5.6 Forall H € (0, 1), we have that

M) Y02 1m0 gk +q — 22 < +o0; and
() > po kl Zf;’rzoozqarlk +q—rP)? < +o0.

Proof of (i) Let f(x) = Zg’r:O ager(1+ (g — r)x)2# | so the summand can be
written as

4
1
> agarlk+q—r*H =k2Hf<%>.
q,r=0

Using a Taylor expansion at xo = 0 for the function f(x) we get that

(1+(q—r)x) " ~142H(G—r)x+---
L 2HQH 1) QH—n+1)

n!

(g —r)"x".
For small x we observe that the function f(x) is asymptotically equivalent to
2HQH —1)---(2H — (p — D))x??,

where p is the order of the filter. Therefore, the general term of the series is equiva-
lent to

(2H)2(2H — 1)2 .. (2H —(p— 1))2](4[—17417'

Therefore forall H < p — % the series converges to a constant depending only on H.
Due to our choice for the order of the filter p > 2, we obtain the desired result.
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Proof of (ii) Similarly as before, we can write the general term of the series as

2 1 2
2H

~ (2H)*(2H — 1)2...(21.1 —(p— 1))2]{41174;771.

£
k Z agorlk+q —r|2H
q,r=0

Therefore for all H < p the series converges to a constant depending only on H. [
This concludes the proof of Proposition 5.11. 0

Theorem 5.18 Let
Gy =ci(H) 2V/NVy (5.83)
with ci(H) from (5.82). For all H € (1/2,1) Gy as defined above converges in

distribution to the standard normal law.

Proof Since

DGy = CN2H+2 Z (€l
we get

2 2
E(IDGyI* —2)" =E(IDGyII* —EIIDGN|?)” +E[DGy|* -2

N—-1
2
x> (Ci.C){Cir. Cp){Ci, Ci)(C). Cj) +2EVE —2.
i,j,i,j=l

The series Z 1 _[(Ci, Ci)(Cir, Cj){Ci, Cy)(Cj, C;) can be written as N—8H
multiplied by a convergent series, therefore the first summand above is of or-
der N=2. We have previously proved that the difference 2EV1%, — 2 converges to
Zero. O

5.6.3 The Case of the Rosenblatt Process

To ensure asymptotic normality in the case of the Rosenblatt process, it was shown
in Sect. 5.2 (Exercise 5.3) that one may perform a compensation of the non-normal
component of the quadratic variation. In fact, this is possible only in the case of the
Rosenblatt process; it is not possible for higher-order Hermite processes, and is not
possible for fBm with H > 3/4 (recall that the case of fBm with H < 3/4 does not
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require any compensation). The compensation technique for the Rosenblatt process
yields asymptotic variances which are difficult to calculate and may be very high.

The question then arises to find out whether using longer filters for the Rosenblatt
process might yield asymptotically normal estimators, and/or might result in low
asymptotic variances.

Let Z be a Rosenblatt process with Z(¢) = I5(L;) and L given by (5.23). Using
the product formula (C.4) for multiple stochastic integrals now results in the Wiener
chaos expansion of Vy.

Proposition 5.12 With C; as in (5.81), the variation statistic Vy is given by

2NH N—-1 5 3
YW= e l); [|LCH] — 7% ©0)]

o N2H |:N 1 N—1
L(Ci®C)+4 Z L(C; ® Ci):|
= ¢(H)(N —0) = oy

=Ty + 17, (5.84)

where Ty is a term belonging to the 4th Wiener chaos and T a term living in the
2nd Wiener chaos.

Evaluation of the L2-Norm In order to determine the convergence of Vy, us-
ing the orthogonality of the integrals belonging in different chaos, we will study
each term separately. This section begins by calculating the second moments of 75
and Ty.

We use an alternative expression for the filtered process. More specifically,
putting b, := Zfzo o, we rewrite C; as follows, forany i =¢,..., N — 1:

14
Cio:=C; = ZaqL,‘qu
q=0

= OtO(Lﬁ —Li 1)+(Ol()+0[1)(Lz 1 —L%)
+-~-+(a0+~--+0te—1)(Lf—%—1) —L%)
¢

Zb (Lizg-n = Lizy). (5.85)

=0

Recall that the filter properties imply Zﬁ:o ag=0and oy = — Zf;;%) oy
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The Term in the Second Wiener Chaos By Proposition 5.12, we can express
E(T7) as:

2
N A & . .
E(13) = i —E i§=ej L(Ci & C))

264N+
= AN > (G ®1Ci Cj @1 C)p2op)-
ij=t

Proposition 5.13 We have
lim E[|N'""#1)*] =con,
N—o00

where

_ 64 2H — 1
H = (H) (H(H n 1)2>

¢ 2
x { Y bgbe[l1+g =P 1 — g+ P =21 — 1P} (5.86)
q,r=0

Proof We start by computing the contraction term C; ®; C;:

1
(€ &1 CH (3, y2) =/ CiGx, y)Ci(x, y2)dx
0

4 1
=> bqbr/(; (L,;(qun (o, y1) = Lizg (x, y1))

1—q
N
q,r=0

x (Lizg=n (¥, y2) = Lizy (x, y2))dx

¢ i—[z{]+lAi7[rV+l
_ 2 . .
=d(H)* ) bqbr1[0’,7?1]())1)1[0)%]()72)/O dx
q,r=0
i7%+1 BKH/ 8KH/
<\ [ (u, x) (u, y1)du
i—q ou u

N
i—r+l

v 9KH aKH
X —(vv-x) (Ua )’Z)dv
i dv av

4

= d(H)> Y bybrlg imgs1 (D izt (32)
q,r=0
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Kt Kt
x[ / dudv (u, y1) (v, y2)dudv
: ou ou

UAV BKH/ aKH/
X / dx (u, x) (v, x)
0 ou v

14

= a(H)d(H)? ) bybr 1y igen (v 1 i1, (32)
q,r=0

L aKkH K
x/ / dudvlu — v|* 2 (u, y1) (v, y2)dudv,
) u ov

where I;, = (5, li;’v“ ].

Now, the inner product computes as

(Ci ®1 Ci, Cj @1 Cj) oy
¢

1 1
=a(Hd(H)* Y by brbgby, / / dyidy,
0 Jo

q1,r1,92,r2=0
/ / f f dudvd'dv'|u — v 2 |u’ — '[P
ligy Miry gy iy
K o K ) 2K o) dudvaua’
X u, v, u, v, udvdu'dv
™ =@y ") »2

4
=a(H)’d(H)* Y by brbyby,
q1,71,q2,r2=0

b1,

1112

unu' BKH aKH’ .
9 9 d
x (/0 oy — (', y1) y1)

VAV 8KH’ BKH/
/
9 9 d
x </0 o D= (v, »2) yz)
J4

=a(H)'d(H)* Y by by by,by, / / / / dudvdu'dv'
’fl J<12 frz

q1.71,92,r2=0

J2H -
/ dudvdu'dv'|u — v/’ z‘u V|
]rz

s i — o2 2| — o P PRy — P
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We make the following change of variables

ﬁ:(u—l_ql)N
N

and the second moment of 75 becomes

E(T2) = 128 (H)*d(H)* N*H
c(H)? (N —0)?

N-1 12
X by, by by, b / / f / dudvdu'dv’
Z Z 9171 PqaYry oy Iy I, i,

i,j=tq1,r1,92,r2=0 iry ¥ ligy ¥ Liry
_ 2H'—2 2H'-2 2H'—2
x |u—v|*H z}u’—v’} lu—u'| lv— ']
N-1 ¢
128a(H)*d(H)* N*H 1
= <2 2. babnbybn

c(H)? (N —£)2 NANBH'=8 £
i,j=Lq1,r1,92,r2=0

X / dudvdu'dv'|lu —v —q1 + r1|2H/72|u/ -V =g+ I’Z}ZH -
[0,174
. 2H'-2 . 2H'-2
x|lu—u'+i—j—qi+aq] lv—v'+i—j—ri+nr|

N-—1 4
128c(H)*d(H)* 1
= C(H)2 (N _ £)2 Z Z bqlbrlbqurZ

i,j=tq1,r1,92,r2=0

X / dudvdu'dv'|lu —v —q1 + r1|2H/*2|u/ -V —q@+ V2|2H -
[0,11*

x(u—u'+i-j—q +q2|2H/_2|v—U/+i —Jj—n +r2|2H/_2)-

Let cst. = %. We study first the diagonal terms of the above double sum
N—t—-1 ¢
E(T5_gipe) = CSt.———— bgybrbg,b / dudvdu'dv’
( 2 dlag) (N — f)z o rl%:rz:() q171r17q2%r2 0.1

- 2H' 2
xlu—v—qr+n* 2 —v' — g+ 1

> |u—u/—q1 +q2|2H/_2|v—v/—r1+r2|2H/_2.

‘We conclude that

E(T22—diag) = O(N_l)'
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Let us now consider the non-diagonal terms

14
2
E(Tz—off) = 2cst. Z by, br, by, by,
q1,71,92,72=0

X f dudvdu'dv'lu —v — g1 +r IZH/_2|M' -V —q+n A2
[0, 174

N—1
1 . 2H' -2
m( 2 fumuitizizatal

i\ j=C,is

x|v—v/+i—j—r1+r2|2H/_2>. (5.87)

Observe that the term (5.87) can be calculated as follows:

N-1
I . B
(N —0)? 2 =i +i—j— g o —v i [
i j=tit]
N—1N—i /
ZZ|”_”/+k—611+6]2|2H72|v—v’+k—r1+r2|
i=t k=1

_ 1
S (N=0?

2H'-2

N—1
1 r_
== Z(N—k— Dju—u'+k—q +q2|2H ?
k=t
xv—v'+k—r —|—r2|2H/_2

N—-1

/ N k+1
=N 1-—
(N—z)zkz( N )

=L

/ 2H'-2
u—u kK q—q

N N N

,_
v—v’ k r—nr 2H =2

“I'N TN TN

We may now use a Riemann sum approximation and the fact that 4H’ — 4 =2H —
2 > —1. Since /£ is fixed and g1 and ¢, are less than ¢, we get that the term in (5.87)
is asymptotically equivalent to

(e

’_
2H2k

2H -2 1
=/ A —x)x*712dx + o(1)
N 0

= YHQH-D D +o(1).
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We conclude that

E(T3) +o(N*72)

cst.N2H -2 ¢
“HQH-D > bybrbg,br,
q1,71,92,12=0

X / dudvdi'dv'\u —v —q1 + P2 = — g2+ 1T
(0,174

Using the fact that

/ |u—v—q+r|2H/_2dudv
[0,112

1

= smam e =g P =20 =]

the proposition follows. g

The Term in the Fourth Wiener Chaos In this paragraph we estimate the sec-
ond moment of T4, the fourth chaos term appearing in the decomposition of the
variation V. Here the function Z,N: }l(Ci ® C;) is no longer symmetric and we
need to symmetrize this kernel to calculate 74’s second moment. In other words, by
Proposition 5.12, we have that

s ANHH = ?
E(T;) = mE[<§ L(Ci ® Ci)) }

N-1
43 (CIRC, CiRC)) 12011
i,j=t

4N4H
~ c(H)X(N — 0)?

where C;®C; := CT@TE,». Thus, we can use the following combinatorial formula:
If f and g are two symmetric functions in L2([0, 11%), then

AR, g®g)Lz([o,1]4) =2V f® f.g ® &) 210,17

+ Q2D ®18.8®1 fr2q0.1p)-

This implies

) 4NHH N 3
E(T4) = m‘“ _;Z<Ci®Ci7 Cj®Cj)L2([O,1]4)

AN4H =

= N0 3 (G ® Ci. Ci® Ci oy
i,j=0C
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4N =
PP

=T4,1) + 14,02

The next proposition shows that the two terms 73 (1) and Ty (2) have the same order
of magnitude, with only the normalizing constant being different.

Proposition 5.14 Recall the constant c(H) defined in (5.80). Let

oo £
THi=Y . Y. bybgbyby / dudvdu'dv’

4
k=t q1,q2,r1,r1=0 [0,1]

x[lu—v+k—gqi+r IZH/_2|1/ —v+k—q +r2‘2H/_2
x|lu—u'+k—q +q2|2HL2|v -V +k—r +r2|2HL2]
and
N Zg’r:O agarlk+q — r|2H
pp (k) == ()
Then we have the following asymptotic variance for /N Ty:
00
Jim E[VNTiP] =erp = 4!(1 + gyp;;(k)F) +TH. (5.88)

The proof is left as an exercise (Exercise 5.14). Observe that in the Wiener
chaos decomposition of Vy the leading term is the term in the second Wiener chaos
(i.e. T») since it is of order N¥~1, while Ty is of the smaller order N /2. We note
that, in contrast to the case of filters of length 1 and power 1, the barrier H = 3/4
no longer appears in the estimate of the magnitude of 74. Thus, the asymptotic be-
havior of Vy is determined by the behavior of 75. In other words, the previous three
propositions imply the following.

Theorem 5.19 Forall H € (1/2, 1) we have that
lim E[[N'"#Vy["]=con,
N—o0

where ¢, f is defined in (5.86).

5.6.4 The Asymptotic Distribution of the Quadratic Variations

For the asymptotic distribution of the variation statistic we have the following propo-
sition.
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Theorem 5.20 For all H € (1/2,1), both %Tz and the normalized quadratic
NI-H '

NG Vn converge in L?(82) to the Rosenblatt random variable Z(1).

variation

Proof The strategy for proving this theorem is simple. First of all Proposition 5.14
implies immediately that N I-HT, converges to zero in L%(£2). Thus if we can prove
the theorem’s statement about 73, the statement about Vy will follow immediately
from Proposition 5.12.

Next, to show %Tz converges to the random variable Z(1) in L2(.Q), recall

that 73 is a second-chaos random variable of the form I>(fxy), where fy(y1, y2)
is a symmetric function in L2([0, 17%), and that this double Wiener-Ito integral is
with respect to the Brownian motion W used to define Z(1), i.e. that Z(1) = Io(L1)
where L is the kernel of the Rosenblatt process at time 1, as defined in (5.23).
Therefore, by the isometry property of Wiener-Itd integrals (see (C.1)), it is neces-

sary and sufficient to show that % fn converges in Lz([O, 1]2) to L. This can
be proved as in Theorem 5.10. 0

5.7 Wavelet-Type Quadratic Variations

There are different types of variations of stochastic processes that are used in statis-
tics. One of these is the wavelet-type variation. The context is as follows. Let
¥ : R — R be a continuous function with support included in the interval [0, 1]
(called the “mother wavelet”). Assume that there exists an integer Q > 1 such that

/tpw(t)dtzo for p=0,1,...,0—1 (5.89)
R
and

/:%(z)dt;éO.

R

We will call the integer Q > 1 the number of vanishing moments. For a stochastic
process (X;)reqo0,n] and for a “scale” a € N* we define its wavelet coefficient by

00 1
da,i)= S W L Xdt =+a | ¥ (x)Xasindx (5.90)
Va)-s' \a 0 (e

fori=1,2,..., N, with N, :=[N/a] — 1. Let us set
d(a,i)

da,iy=——""—
(Ed?(a,i))2
and
1 Ja
V(@) =~ Z(d2(a, i) —1). (5.91)

4 =1
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The wavelet analysis consists in studying the behavior of the sequence Vy (a) when
N — oo. Butif X is respectively a stationary long memory or a self-similar second-
order process, Ed?(a, i) is a power-law function of a with, respectively, an exponent
2H — 1 (when a — oo) or 2H + 1. Therefore, if Viy(a) is proved to converge to 0O,
a log-log-regression of N%, ZlN:“] d*(a j»1) onto a; will provide an estimator of H
(with an appropriate choice of (a;) ;). Hence, the asymptotic behavior of Vy (a) will
completely give the behavior of the estimator. For examples of the applications of
wavelets to parameter identification the reader is referred, among other references,
to [2, 4, 15-17,79, 123, 124] and [3].

Our purpose is to develop a wavelet-based analysis of fBm and the Rosenblatt
process using multiple Wiener-Itd integrals.

5.7.1 Wavelet-Type Variations of Fractional Brownian Motion

A Presentation Using Chaos Expansion = We will assume in this part that X =
BH is a fBm with Hurst parameter H € (0, 1). Recall also that the fBm (B,H),e[o,N]
with Hurst parameter H € (0, 1) can be written as (Chap. 1)

t
B,H=/ K@, $)dw,, te[0,N]
0

where (W;, t € [0, N]) is a standard Wiener process and for s < ¢ and H > %, KH
is the kernel given by (1.4).

In this case it is trivial to decompose in chaos the wavelet coefficient d(a, i). By
the stochastic Fubini theorem we can write

1 1 a(x+i)
d(a,i) =JE/ w(x)B,f{x+i)dx=J5/ w(x)dx(/ dB,f’)
0 0 0

1 a(x—+i)
=a [ wdx [T K (a4 D a)d W = 1 (i)
0 0

where 1 denotes the multiple integral of order one (actually, the Wiener integral
with respect to W) and

1
foi @)= lpaarn@va f - JYOK ate+0), u)dx. (5.92)

Lemma 5.7 Foralla>0andi €N,

E(d*(a.i)) = | fail3 = a*"+'Cy (H)

1 1
with Cy (H) :=—% / / Yy ()| —x'[PMdxdx. (5.93)
0 JO
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Using the product formula (C.4)

L(H1(e) =NL(f®g) +(f &n

(here and in the sequel # denotes the space L>([0, N])) and we get

Ny I ®_2 L 2
Vi (a) = LZ( Z(fa,, )+ ||f ”H _ 1) 212( ,i,a))

N, P (Ed(a,i))?
where
1 N
(@) . —2H-1 -1 ®2
Na ‘=a Cy(H) _Na ;_1 fa’i. (5.94)

A Multidimensional Central Limit Theorem Satisfied by (Vy(a;))1<i<m
When the observed process is the fBm with H < 3/4, the statistics Vy(a) sat-
isfy a Central Limit Theorem. Since EI22(f) = Z!Hf”%-t we have for (a;)1<i<m a
family of integers such that a; =ia fori =1,...,m and a € N*,

Cov(Vn(ap), Vn(ag))

N 7
—2H-1
=2!(pgd?) Cy(H)™ 2 ap],ff’zj .
Naq
—2H—
=2(pqa?) 'Cy(H)~ 2N ~ ZZ Fapis fag.iV3i-
9 j=1j'=1

Lemma5.8 [fQ > 1 and H € (0,1) orif Q = 1 and H € (0, 3/4),

N :
— Cov(Vn(ap), Vn(ag)) — €i(p,q, H) with
a N—o00

1
(0= g D <c,,,<H> [ [vewt) o

|px—qx +kdpq| dxdx) ,
where d,, = GCD(p, q).

Proof We have

(fap,jy faq,j/>7-l
=E(d(ap, j)d(ay. "))
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1 1t
_E(pqa2)l/2a2H‘/0 /0 I/I(X)lﬁ(x/)’px —qx’+pj —qj’|2dedx’

(5.96)
and from a Taylor expansion and using property (5.89) satisfied by ¢,
; J\AH—4
apojo Fag i3 = paa*f20(1+ | pj —qj')* ¢
Naj Na,
4H—4
— [ Cov(Vi(ap). Vivtap)| < C 1 S S 01+ |pi—ai ).
aq j=1j=1

Using Lemma 5.8 we can prove the following limit theorem.

Theorem 5.21 Let Vy(a) be defined by (5.91)and L1(H) = (€1(p,q, H))1<p,g<m-
Thenif Q > 1and H € (0,1) orif Q =1 and H € (0,3/4), for all a > 0,

<\/§VN(ia)) —2—»1\0,,(0, Li(H)).
a l<i<m N—0©

Proof See [15]. O

Remark 5.2 To go from the one-dimensional limit theorem to the multidimensional
one, one can use Lemma 5.8 and Theorem 5.3.

A Non-Central Limit Theorem Satisfied by Vy(a) Suppose now Q =1 and
H > 5 . We obtain the following non-central limit theorem for the wavelet coeffi-

cient of the fBm with H > > Deﬁne

2 - 172 (11 2
2H*(2H 1)) o xlﬁ(x)dx)' 597

()= < 4H -3 Cy (H)

Then,
Theorem 5.22 For fBm, if Q =1 and % < H < 1 then

¢y NGV (@) — 2377,

where Z%H =1 is a Rosenblatt random variable with self-similarity index 2H — 1
given by (3.17).

Proof With f;,“) defined as in (5.94), we can write

N2y (@) = N2 L ().
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But using the expression of f, ; provided in (5.92),

Ng

1 1
Z Lo.a+01D1[0.a6+11(¥2)

a?HCy(H) E

/ / Y ()Y (2)
L _ivoJ(Z2-ivo

x K (a(x +i), y1) K" (a(z +1), y2)dxdz.

IE,a) 1, y2) =

To show that the sequence £, (H )N 2-2H L(fy (a)) converges in law to the Rosen-
blatt random variable Z2# 1 1t suffices to show that its cumulants converge to the
cumulants of Z12H ~! (recall that the law of a multiple integral of order 2 is given by
the cumulants). The k-cumulant of a random variable I5( f) in the second Wiener
chaos can be computed by (3.16) and thus

(NG (1))

— NCH-2k -k Z /

[T ir=1 [0, 11
X /[0 o dx1dzy - dxpdzy (x )Y ()Y ()Y (z2) - - Y () ¥ (zk)

x K™ (aCxy +i1), y1) K7 (a(zi +i1), y2)

x K (a(x2+i2), y2) K" (a(z2 +i2), y3)

X e

x K™ (a(xr—1 + ik=1), ye—1) K" (alzk +ix), yi)

x KH (a(x + i), yi) K (a(zx + i), 1)
Using Fubini’s theorem and the fact that

a(x+i)Aa(x’+j)
/ K (a(x+i), yi)) K (a(x"+j), y1)dyr = 2" (a(x +i), a(x' +j))
0

we get

(N n(1y")
— N@H=2k 2Hk K
a

Z f dxidz - dxed 2l GO @)Y (2P () -+ b (20)

2k
Si=1 10.1]
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x ZH(z1 + i1, 0 + i) 2 (20 + in, x3 + 13)
X oo

x ZH(zi 1+ i1, + i) 27 (zp 4 i, x1 4 1)
_ NQH-Dk2HE

Na
X Z /[01]2kdxldzl"'dxdekW(xl)W(Zl)w(XZ)I/I(Z2)"'w(xk)W(Zk)

ileip=1

x [lz1 = x2+ i1 —ial - |22 — x3 +i2 — i3]

X oo
. : .. 2H
X|zk—1 — Xk 4 ik—1 — ikl - |2k — x1 +ix — i1]
Na
2H-2)k 2Hk rx7—k . . . . . . N\2H
= NPHDRGEHEN KN (i — g - -+ - Jig—1 — k] - lix — i1 )

* /[o 12 dxidzy - -dxpdziy ()Y (21) Y (2) ¥ (z2) -+ - ¥ () Y (2x)

2H 2H
sy (e
i1— 12 ir — i1
~ Na(2H_2)ka2HkH2k(2H _ 1)2kNa—k

Na

. . L N2H-2
x Z (liv = dal - - - lig—1 = ix] - lix — 1)

X /[‘0 - dxidzy - -dxpdzy (x) ¥ ()Y ()Y (z2)

X oo

XY ()W (zk)x121 -+ - X2k

where we used the fact that the integral of the mother wavelet vanishes and a Tay-
lor expansion of second order of the function (1 + x)?#. As a consequence, by a
Riemann sum argument it is clear that the cumulant of £, ! (H)N 3_2H L(f li,a)) con-
verges to

]2H72

[lx1 = xal - oo - oem1 — x| - |k — x| dxy---dxg
[011]2k

which represents the k cumulant of the Rosenblatt random variable
(see [167, 174]). O

Z%H—l
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In the case of the statistics based on the variations of fBm, in the case H €
(B, —B1 )

(3/4, 1) the statistic % vaz 51 —=m"— — 1, renormalized by a constant times

N2-2H converges in L%(£2) to a Rosenblatt random variable at time 1 (see

Sect. 5.1). In the wavelet world, the above result gives only convergence in law. The

following question is then natural: can we get L convergence for the renormalized

statistics Viy(a)? The answer is negative (see Exercise 5.17).

5.7.2 Wavelet Variations in the Rosenblatt Case

Chaotic Expansion of the Wavelet Variation @ We study in this section the
wavelet-based statistics Vy given by (5.91) in the situation when the observed pro-
cess is the Rosenblatt process. Throughout this section, we assume that Z7 is a
Rosenblatt process with self-similarity order H given by the right-hand side of
(3.17). In this case, the wavelet coefficient can be written as

1
d(a,i)= ﬁf V() Zh o idx
0

1 a(x+i) a(x+i)
=Ja fo wx)dx( /0 /0 Lﬂx+,-)(y1,yz)dwyldwyz>

= 1(8a.i (. "))
with
8a,i V1, ¥2) == du~/al{o ai+11(Y)10,aG+1)1(72)

1 a(x+i) , ,
x/ . dxl/f(x)(/ K", ypo k" (u,yz)du>.
- y

AR5 %
7 1Vy2

(5.98)

The product formula for multiple stochastic integrals (C.4) gives
L(f)2(g) = I1(f ® g +4L(f ®18) +2(f, &) 1210 N72

if f,g € L*([0, N1?) are two symmetric functions and the contraction f ®; g is
defined by

N
(f ®1g)(y1,)’2)=/0 FOy1,x)g(y2, x)dx.

Thus, we obtain

d*(a,i) = 14(g57) + 412(8a,i ®1 8a.)) +218ai 17 210 vy
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and noting that, since the covariance of the Rosenblatt process is the same as the
covariance of the fractional Brownian motion, we will also have

E(d*(a, 1) = E(1(8a.))” = 2lI8a.i |22 v =@+ Cy (H).

Therefore, we obtain the following decomposition for the statistic Vi (a):

N,
1 a
vN(a):a—M—lcw(H)—lN—[} L(s5; +4§ 12<ga,®1ga,)]=Tz+T4
4Li=1 i=1

_2H— — Ng
T :=a 2H 1C¢(H) 1Ni‘,2i:l 1 (ga,i ®1 8a.i)

with
— — — Nq
Ty :=a2H=1Cy (H) lNLaZi=1I4(g%)'

(5.99)

To understand the limit of the sequence Vyy we need to regard the two terms above
(note that similar terms appear in the decomposition of the variation statistics of
the Rosenblatt process, see [181]). In essence, the following will happen: the term
T4 which lives in the fourth Wiener chaos retains some characteristics of the fBm
case (since it has to be renormalized by /N, except in the case Q = 1 where the
normalization is Ng_ZH for H > %) and its limit will be Gaussian (except for Q =1
and H > %). Unfortunately, this apparent good behavior does not affect the limit of
Vi which is non-normal. The same phenomenon occurs for the limit behavior of
the quadratic variations of the Rosenblatt process, see Sect. 5.2.

Now, let us study the asymptotic behavior of the term ET42. From (5.99), we have

Ty = la(gy")

where
Ng

o 1
g =a-1Cy (H) IE %7, (5.100)
i=1

and thus, by the isometry of multiple stochastic integrals,

N,
o ag s I &
ET; =41Cy (H) *a*# 2m Z<g§,)i2’g§j§)L2[0,N]4

a g j=1
Ny
=41Cy (H) a2 — Z (8ais ) 200 N
aiq,j=1

But,

(8a.i~ 8a.j) L2[0.NT? ——E(d(a i)d(a, j))

and we obtain the same behavior (up to a multiplicative constant) as in the case of
fractional Brownian motion. That is, using (5.95) and the proof of Theorem 5.22,
we will have
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Proposition 5.15 If O > land H e (3, 1) orif Q=1and H € (}, 3), then

N
—E(T7) -y 36:(1,1, H) (5.101)
a

and,if Q =1and H € (%, 1), then

N 4—4H
<Z> E(T7) =y 30:(H). (5.102)

The constants £(1, 1, H) and £,(H) are given by (5.95), (5.97) respectively.
Asymptotic Behavior of the Term 7,  Recall that we have
(a)
T, =hL(hy)

with
1 1 e
(a)
I =4 ST, ) N, 2 Zgal®lgaz- (5.103)
We compute the contraction g,; ®1 g4.;- We have

(8a,i ®1 8a,i) V1, ¥2)
Nq
Z/ 8a,i(V1,2)8a,i (02, 2)dz
0

= adp;110.a+1 V1) 1[0.aGi+11(72)

a(i+1) 1 a(x+i) , ,
x/ dzU dxlﬁ(x)(/ WK™ (u, yno kK (u,z)duﬂ
0 %71’ y1VvVz
1 a(x'+i) , ,
[ ([ e )|
. y2vz

1 1
= ady 10,46+ 10, a(l+1)](yz)[/l dxyr(x) dx"y(x')
i

——l

a(x+i) pa(x’ +1) unu'
/ / (u, yl,u/,yz)dudu// M(u,z,u/,z)dz]
y2 0

where M (u, y1,u', y2) := 1 K (u, y0)O KH (', y2) and H' = (H + 1)/2. Now,
we have already seen that [y K7 (t,2)K* (s,2)dz = Z" (1,5) with ZH(1,s)
given in (1.1) and therefore

unu ’
/ M(u,z,u',2)dz = H'(2H —1)|u—u' [P 2. (5.104)
0
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(In fact, this relation can easily be derived from f”Av KH (u, yl)KH,(v, ydyr =

R¥'(u, v), and will be used repeatedly in the sequel.) Thus putting oy := H'QH' —
1) = H(H + 1)/2 and since ¢ is [0, 1]-supported, we obtain

(8a.i ®18a.) V1, ¥2) = adiar 10,4+ (YD 1[0.aG+1)1(V2)

1 1
X / f dxdx"yr (x)y (x)
(AL —ivo J (22 -i)vo

a(x+i) pax’ +1) ,
/ / — u/|2H _2M(u, yi, u, yz)dudu/.
V1 y2

By direct computation, it is possible to evaluate the expectation of T22. Itis as follows

4 54
aydy

N22HET2 5\ 32
a >V HQH - )CY(H)

2
X (/ w(x)lﬂ(x’)xx’|ux — x| _dedx’dudv> = C%z(H).
[0. 1
(5.105)

We shall not prove this estimate here because 1t is a consequence of the follow-
ing proposition which shows that the sequence C, (H )N, 1=H T, (and therefore the

sequence Vy(a)) converges in L%(2) to a Rosenblatt random variable with self-
similarity index H.

Proposition 5.16 Let (Z),>0 be a Rosenblatt process with self-similarity index
H e (%, 1) and let T, be the sequence given by (5.99) and computed from (Z;H)t20~

Then, for any Q > 1 and H € ( %, 1), there exists a Rosenblatt random variable Z f'l
with self-similarity order H such that

C;zl(H)N;—HTz — zh
where Cr, is given by (5.105).

Proof This proof follows the lines of the proof of Theorem 5.22. With T, = I, (hg\?))
in mind, as in the proof of Theorem 5.22, a direct proof that the cumulants of the

sequence N, al’H I (h}g) ) converge to those of the Rosenblatt process can be given.
Indeed, by combining formula (3.16), the proof of Theorem 5.22 and the estimation
of the square mean of 7 we will obtain

ee(Ny ™" 1 (n)))

_ oy NEO-H) Z / 4k1'[¢(xj)1p X)W )Y () dxjdxdz;dz

i1,enig=1
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k

/_
X /[0,1]4’< dujdu’jdvjdv}jl:[]ﬂujxj — vjx}| . |M;~Zj — U}ZH)ZH 2
k 2H' -2
x [ Ly = izy iy =] - ooy = iy + ik =i )™
j=1

with the convention ix4 :=i1. The key fact is that the sequence

k _ n—k
Sy, =Ng

/ ; ; / ol . I
Z 1_[ lwjxj —ufzj+ij—ijprl-lvjx; —vizs ik —ijp1l 2H'=2
Na

Lik=1j=1

converges as a Riemann sum (for fixed x,,x Zj, z JUj, V), u/j, v}) to, modulo a
constant, the integral

2H'-2
/ dxp--dx(lx1 — xa| - [xg = x3] - -+ - g — x1])
[0,1]%
which is the cumulant of Z f{ . O

We will finally state our main result on the convergence of the wavelet statistic
constructed from a Rosenblatt process. Its proof is a consequence of (5.101) and
Proposition 5.16.

Theorem 5.23 Let (ZtH )i>0 be a Rosenblatt process. Then, for any Q > 1 and H €
(%, 1), there exists a Rosenblatt random variable Z f{ with self-similarity order H
such that

C;zl(H)Nal_H Vi(a) — zh
where Cr, is given by (5.105).

It is also possible to give a multidimensional counterpart of Theorem 5.23 in the
case when the scale a is the vector (ai)i<j<m-

Theorem 5.24 Let Vi (a) be the wavelet variation statistic of the Rosenblatt pro-
cess. Then for every Q > 1 and H € (%, 1)

N 1-H
— VN(ai)) zH .. zH
(%) B A O

where Z 11-1 j is a Rosenblatt random variable for every j =1,...,m and

Cp.q.H

Bzl z{l = P27
.4
VCp.p.HCq.q.H
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with

| oy dy Moot JRH-2 2
Cpq.H=32(pg)~ 3 W(x)l/f(x )xx ’ux — VX dxdx'dudv

Cy (H) \Jjo,134
bt 2H-2
X </ / Ipx —gy|™" "~ dydx).
0 JO

Proof Since for every Ap, ..., Ay € R the linear combination Z;’;l Aj(%)l_H X

Vn(aj) behaves as a multiple integral of order two and it is possible to compute
its cumulants by using the formula (3.16) and to show that they converge to the
corresponding cumulants of the Rosenblatt vector. 0

It is possible and instructive to study the behavior of the term 74 in the cases
O>1and H € (%, I)or Q=1and H € (%, %). It can be already seen from its
asymptotic variance that it is very close to the Gaussian case. Actually this term
converges in law to a Gaussian random variable (see Exercise 5.19). This fact does
not influence the limit of the statistic Vy but we find that it is interesting from a
theoretical point of view.

5.8 Bibliographical Notes

In martingale theory, the quadratic variations play a crucial role. The construction
of the Itd integral is based in a significant measure on this object. For self-similar
processes, the original motivation to study the quadratic variations is rather closely
related to statistics and to the construction of consistent and asymptotically normal
estimators for the self-similarity parameter. This research direction has an old his-
tory. We refer to the monographs [28, 68, 75, 160]. Some important papers that first
derived the limit of the long range dependent time series are [41, 67, 82, 167, 168].

The motivation to study the quadratic variations based on higher order increments
comes from Theorem 5.4 which shows that in the case of fractional Brownian mo-
tion the asymptotic normality of the quadratic variation statistic depends on whether
the index H is smaller or greater than % and this fact is not very convenient for prac-
tical purposes (confidence intervals, simulation etc.). The asymptotic normality of
the second order quadratic variations for every H € (0, 1) was first noticed in [85]
and [97]. The method was then applied to other Gaussian processes and sequences.
Other references related to the study of higher order variations are [27, 57, 58] in
the Gaussian case, and [49] in the non-Gaussian case. See also [22-24] for limit
theorems for the power variations of fBm and related processes. The wavelet esti-
mator is an alternative approach to the estimator based on quadratic variations. To
study self-similar and long range phenomena in data (that is, to put in light their
presence and to estimate the relevant parameters) wavelet transforms have proved
to be tools of particular interest. There also exists a slightly different approach,
based on discrete wavelet transforms and applied to stationary sequences instead
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of continuous time stochastic processes. We refer, among other references, to [2—
4, 54-56, 123, 124, 156, 187]. This research has had a strong impulse in recent
years since the publication of the papers [138] and [138] (see also [137]) which
brought new tools, based on the Malliavin calculus and multiple stochastic inte-
grals, and found important applications to limit theorems and statistics. Later, the
paper [127] by Nourdin and Peccati on Stein’s method combined with the Malliavin
calculus provided an elegant method to find the rate of convergence in the Central
Limit Theorem. A series of papers, by several authors, then followed, with various
extensions of the Stein method. We refer, among a long list, to [132] for the multidi-
mensional Stein method, to [130] or [105] for the approximation of other probability
distributions, to [135] for a density formula in terms of the Malliavin derivatives, to
[38] and [175] for applications to Cramer’s theorem, [93] for applications to local
times etc. See also the monographs [118, 125, 126] and [141].

5.9 Exercises

Exercise 5.1 Consider the sequences given by (5.43) and (5.44). Prove that these
sequences converge in law, as N — 00, to the standard normal law.

Hint Use Theorem 5.1 in order to prove that the distance between these sequences
and the standard normal law tends to zero as n — oo.

Exercise 5.2 ([48]) Prove Theorem 5.13.

Exercise 5.3 ([181]) Let

fi.g =32d(H)*a(H)? Zsz—ZFG) (5.106)

k=1 k
where the function F is defined by

F(x)= / dudvdu'dv'|(u —u')x + I‘ZH,_Q
[0,114

X [a(H)2(|u —vlfu’ = V|[(v—v)x + 1|)2H/_2
)2H’—2 2H'-2

(5.107)

—2a(H)(Ju —vl|(v —u')x + 1] + |(u—u)x + 1]

Let (Z(),t € [0, 1]) be a Rosenblatt process with self-similarity parameter H €
(1/2,2/3) and let previous notations for constants prevail. Prove that the following
convergence occurs in distribution:

N NG
lim L[VN _ %2(1)} =N, 1)
N—oo Jer,u + f1.H N
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where Vi is given by (5.24) and the constants a(H),d(H), e1,u, f1,H,C3,H are
those in Sect. 5.2.

Exercise 5.4 Consider the notation from Sect. 5.1.5. Define, for p =1, ..., M, the
sequence Fn(aP) = by uN 2-2H vy, (2, aP) where by, u is a suitable normalizing
constant such that E(F N (a?))? converges to 1 as N — oo. Then show that for
H > Z the vector (Fy(al), ..., Fy(a™)) converges, as N — 00, in Lz(.Q) to the
vector (Z371(1), ..., Z3F~ 1(1)) with Z2H=1(1) (p =1, ..., M) Rosenblat ran-
dom variables with self-similarity index 2H — 1. Give the covariance matrix of the
limit.

Exercise 5.5 Suppose that H > —, X = Z (the Rosenblatt process with self-
similarity parameter H) in (5.73) and consider the estimator (5.74). Then, strong
consistency holds for Hy, i.e. almost surely,

lim Hy = H. (5.108)

N—oo

In addition, prove that we have the following convergence in L(£2):
1-H
2d(H) log(N) (Hy — H) = Z(1), (5.109)
where Z(1) is the Rosenblatt process at time 1.

Exercise 5.6 (see [48]) Study the asymptotic behavior of the estimator (5.74) when
X is the Hermite process.

Exercise 5.7 (see [1]) Let %, i=0,..., N be a partition of the unit interval [0, 1]
and let

N—1
vy =S (N2HKg(BH-K _ pH-KY2 g i
N ;( ( % i ) (i l))

where B”-K is a bi-fBm with K € (0, 1], H € (0, 1) and
0G, j) =2"K[(G+ D + G+ DH)E = (G + )2 4 j2H)¥
_ (l-ZH +(j+ 1)2H)K + (l-ZH +j2H)K +27K+1,0(i —j)]
with p given by p(r) = 3 (Ir + 12K 4 |r — 1]2HK — 21 2HK),

1. Assume 0 < HK < %. Show that

Var Vy
— C1
N N

where ¢ is a positive constant.
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2. Assume HK = %. Prove that

Var Vy
—
NlogN N
where c; is a positive constant.
3. Define
~ V
Vy=— .
Var Vy

Show that for any HK < %, the sequence Vy converges in distribution as
N — 00 to the standard normal law.

4. Give a bound for the Kolmogorov distance between the law of Vi and the stan-
dard normal law.

Exercise 5.8 ([184]) Let S” be a sub-fBm and define

N—-1

2
Vo = INE(SEG ) (st 5]
1. Define
~ _ VN
Vv = Var Vy

Show that for any H < %, the sequence Vyy converges in distribution as N — oo
to the standard normal law.

2. Give a bound for the Kolmogorov distance between the law of Vi and the stan-
dard normal law.

Exercise 5.9 ([114]) Define, for every N > 2, > 0, the sequence

[Nf]—1 (Bflll - BLHI)(Bizl - B:_Hz)
VN(t) = |: - y 7 v a 1:| (5110)
2 Lol ~aalt —a
N N N N

1. Show that, in the case Hy = H, = H € (%, 1), the (renormalized) sequence
(VN (t))r>0 converges, as N — 00, in the sense of finite dimensional distribu-
tions, to a symmetric Rosenblatt process with self-similarity parameter 2H — 1.

2. Show that, after suitable normalization, the sequence (5.110) converges in the
sense of finite dimensional distributions to the non-symmetric Rosenblatt process
Y H1-12 given by (3.25).
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Exercise 5.10 ([114]) Let us define, for every t > 0

[Nt]—1
- H H H. H.
Wy(r)=N'"21 Z [(B — B )8 (B — B;) — o] (G.111)
i=0
_ H, _ pH Hy pH . C .. .
where co = E[(B; )} — B; " )g(B;,; — B; *)] and where g is a deterministic function

with Hermite rank equal to one which has a finite expansion into Hermite polyno-
mials of the form

M
g(x) =Y cgHy(x) (5.112)
g=1

where M > 1 and H, denotes the nth Hermite polynomial

_ 1\ 2 n 2
Hn(x)z(nl') exp(%)jxn (exp(—%)), xeR. (5.113)

Consider two fractional Brownian motions B! and B2 given by (1.22) with
H\+ H, =2H > % Let g : R — R be a deterministic function given by (5.112)
such that for every g > 2

QH, —2)(q—1) < —1. (5.114)

Prove that the sequence of stochastic processes (Wy (t));>0 converges in the
sense of finite dimensional distributions as N — oo to the process cic(Hj, Hz)_l
c(Hy)c(Ha)b(Hy, Hy)~ 'Y Hi-H2 with Y H1-H2 defined in (3.25).

Notice that assumption (5.114) excludes the existence of terms with ¢ = 2 in the
expansion of g.

Exercise 5.11 ([172]) Consider the Gaussian process (u(f,x),t € [0,T],x € RY)
given by the solution (2.31) to the linear stochastic heat equation driven by a
fractional-white noise.

1. Express u(t, x) as a Wiener integral with respect to the Brownian sheet.

2. Express the cumulants of the random variable (5.67) using the formula for the
cumulants of a random variable in the second Wiener chaos (see (3.16)).

3. Prove Theorem 5.16.

Exercise 5.12 ([49]) Consider the quadratic variation statistic for a filter & of order
p based on the observations of our Rosenblatt process Z:

N /¢ 2
1 i—q
Sy :NZ<§ :oqu< v )) : (5.115)

i=¢ \qg=0

1. Prove that E[Sy] = —# Zg,mo ag0rlq — rI?H = ¢(H) where c(H) is as

defined in (5.80).
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2. Consider the following non-linear equation for fixed N:

13
3 agonlg — = Sy(2.0) =0. (5.116)
q,r=0

N—2x
2

Show that there exists a non-random value Ny depending only on « such that if
N > Ny, (5.116) has exactly one solution in (1/2, 1).
Define the estimator ﬁN of H to be the unique solution of (5.116).
Prove that for any H € (1/2, 1), almost surely, limy_, o N2H Sy =c(H)/2.
4. Prove that strong consistency holds for Hy,ie.

»

lim Hy=H, a.s.
N—o0

5. Prove that for any H € (%, 1), we have

lim 2¢, j”N'~H (Ay — H)log N = Z(1)

N—o0o

in L2(R2), where Z(1) is a Rosenblatt random variable (c2,m is given by (5.86)).
Exercise 5.13 ([49]) Compute
d(Gn,N(0, 1)) (5.117)
where G y is defined by (5.83).
Exercise 5.14 Prove Proposition 5.14.

Exercise 5.15 Let c; m be the constant (5.88) and 74 from (5.84). Show that the
sequence

VN
Gy =—T1y
Cl,H

converges in distribution, as N — 00, to a standard normal random variable.
Exercise 5.16 Prove Theorem 5.21 using the Malliavin calculus.

Hint Use Theorem 5.1 in order to show that every component of the vector con-
verges in distribution to the normal law. Then use Theorem 5.3 to obtain the conver-

gence of the vector.

Exercise 5.17 Suppose Q =1and H > %. Consider the sequence Vi (a) (5.91) and
let fa(a) be the kernel of Vi (a).
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1. Show that the term f’ ,i,a) can be written as
1 1
,57) 1, ) =

a?HCy(H) N,
N(l

X Z 1[0,a(i+l)](y1)1[0,a(i+1)](y2)<I[O,ai](y1)1[0,ai](y2)
i=1

X fol/OlddeIKf(X)lﬂ(Z)KH(a(x+i),y1)KH(a(z+i),y2)
+ 10.ait (YD Lai.a(1+i (v2)
x/01f;_idxdzw(x)w(z)K”(a(x+i),y1)KH(a(z+i),yz)
+ 110.ai1(¥2) Hai.a(14i)1 (V1)

1 1
X/yl '/0 dxdzy ()Y (K" (a(x +i), y1) K" (a(z +1), 2)
1 1
+ Liai,a(1+01 (YD Lai,a(14i)1(2) ﬁl '/yz ‘dxdzlﬁ(x)lp(z)KH

X (a(x +1i), yl)KH(a(Z +1i), yg))

(a,2) (a,3) (a,4)

= Y5 )+ 592 Gy + £8P 01, y2) + £8P 1, ).

2. Show that the terms Ng_ZHf]E,a’z), Na2_2Hf,f,a’3) and Ng—zyf}EJaA) converge to
zero in L2([0, 00)?) as N, — o0.

3. Show that £ 1(H )Na2_2H flfja’l) is equivalent (in the sense that it has the same
pointwise limit) to N!1=2# L?VH ~! where L?VH ~! is the kernel of the Rosenblatt
process with self-similarity index 2H — 1,

t
L (1, y2) = du lo.n () 1.0 (32) K™ , y)o K™ (u, yo)du,
e (5.118)

with K the standard kernel defined in (1.4) and H' = T+1

4. Deduce that €;'(H)N22HVy(a) is equivalent to N'72H(L2H~1) =
N'=2H 7 IQVH R/ %H ~! where the equivalence is asymptotically in law.

5. Prove that the sequence N !~2# ZZZVH ~!is not Cauchy in L?.

6. Deduce that Vy(a) (renormalized) does not converge in L? to the Rosenblatt
random variable with index 2H — 1 given by (3.17).

Exercise 5.18 Prove the limit (5.105).
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Exercise 5.19 Use the notation in Sect. 5.7. Denote by Cr, (H) the positive constant
such that

C7,(H) =3¢(1, 1, H),

where £(p, g, H) is defined in (5.95).
Suppose that Z#! is a Rosenblatt process with self-similarity order H. Suppose
that 0 >1lorQ=1and H € (%, %). Then prove that

VNaTy —n N(0, CF, (H)).

Exercise 5.20 Use the notation in Sect. 5.7. Use the argument of Exercise 5.17 to
show that in the Rosenblatt case Vy (a) (5.91) (renormalized) does not converge in
L? to the Rosenblatt random variable with index H.



Chapter 6
Hermite Variations for Self-similar Processes

The quadratic variation of a stochastic process (X;);¢[0,7] defined by the expres-
sion (5.1) involves the square of the increments (X, — X ,i)2 along a partition
O0=1t9y<t <---<t, =T of the time interval [0, T]. It can be generalized to p-
variations, with p > 2, meaning that the power two in (5.1) is replaced by a power
p > 2. A variant of the p-variation is the so called Hermite variation of order p.

This is usually defined as v, (X) = Z;:ol Hp( X Xy

v E(Xy,, =X, )?

Hermite polynomial of order p. To employ the method based on multiple stochastic
integrals and the Malliavin calculus, it is often more convenient to study the Hermite
variations of order p instead of the p-variations.

) where H), denotes the

6.1 Hermite Variations of Fractional Brownian Motion

Consider a fBm (BZH )refo,1] With H € (0, 1) and define its Hermite variations of
order g by

n—1
V=) Hy(n" (Bisr — By)) (6.1)
k=0 n n
(in the sequel we will omit the superscript H for B) where H, is the Hermite poly-

nomial of degree ¢ > 1 given by (5.113).
The behavior of the sequence V), (6.1) is as follows.

Theorem 6.1 Let g > 2 be an integer and let (B;);>0 be a fractional Brownian
motion with Hurst parameter H € (0, 1). Then, with some explicit positive constants
Cl,q,H»C2,q,H»C3,q,H depending only on q and H, we have:

@) IfO<H<1—%then

Vn Law
—— ——— N(0, 1). 6.2
cron i T 0, 1) (6.2)
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() Wy
Moreover, if Z,)” := candE
1 1
ﬁv H € (09 2]
sup|P(Z" > x) — P(zV > x)| <c g nf 7, He[%,%:;)
xeR 1
ntf=aty He[355,1- 4.
(6.3)
(myw—ﬁ<H<1mn
V, 2
d = (6.4)

Cz’q’Hnl_‘l(l—H) n—oo

where Z is a Hermite random variable given by (3.2). Moreover, if Z,(,z) =

Vi
T then

1
sup‘P(Z,(lz) >x)—P(Z(2) >x)’ §cn1_5_H. (6.5)
xeR
MDUH<1—ﬁMM
Vu Law
N(,1). 6.6
c3,q,.H/nlogn n—o0 ©.1) 66)
Moreover, ifZ,(,3) = %HV%, then
sup|P(Z(3) > x) - P(Z(3) > x)| <c ! .
xeR ! — Jlogn

The proof of point (i) and (iii) is based on Stein’s method combined with the
Malliavin calculus. Notice that, since

Hy (0 (B = B)) = Hy (1071 50))) = ot 1,15, )

the Hermite variation (6.1) can be expressed as a multiple integral of order ¢ and
then one can apply Theorem 5.1 in order to obtain a bound for the distance between
the law of the renormalized sequence V,, and the standard normal law. To prove
point (ii), one can apply Theorem 5.6. We will not give the details (the reader may
consult [126] for a detailed study of the Hermite variations of the fBm) but the proof
of Theorem 6.1 can be obtained by following the lines of Theorems 6.2 and 6.3 for
moving average processes in the next section. Notice that Theorem 6.1 covers the
results in Sect. 5.1. for the quadratic variations of fractional Brownian motion (by
letting g = 2).
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6.2 Hermite Variations of the Moving Average Process

We will consider a long memory moving average sequence defined by

Xn:ZaiSnfiv nez

i>1

where the innovations ¢; are centered i.i.d. random variables having at least fi-
nite second moments and the moving averages a; are of the form a; = i P L(i)
with € (%, 1) and L slowly varying towards infinity. The covariance function
p(m) = E(XoX,,) behaves as Cﬂm_zﬁ“‘1 when m — oo and consequently is not
summable since § < 1. Therefore X, is usually called a long memory or “long-
range dependence” moving average. The long memory moving average processes
considered in this part cover the model known as the fractional ARIMA process
(cf. [83, 89]), which has motivated considerable interest in applied areas such as
econometrics and hydrology (see, e.g., [87, 111]).

Note that the autocorrelation function of the sequence X,, behaves when m goes
to infinity as the autocorrelation of the fractional Brownian motion with Hurst pa-
rameter H = % — B.

Let K be a deterministic function which has Hermite rank g and satisfies
E(K2(X,)) < oo and define

N

Sn =) [K(X)) —E(K(X,))]. (6.7)

n=1

Then it has been proven in [88] (see also [192]) that, with c{ (B, q), c2(B, g) being
positive constants depending only on ¢ and §: (a) if ¢ > ﬁ, then the sequence

c1(B, q)\/%SN converges in law to a standard normal random variable; and (b) if

q < 2/5%1, then the sequence c» (8, q)Nﬂq’%’]SN converges in law to a Hermite
random variable of order g. We will prove this result by using the Stein’s method
and the Malliavin calculus and we will compute the rate of the convergence of the
sequence Sy toward its limit.

In order to apply the techniques based on the Malliavin calculus and multiple
Wiener-It6 integrals, we will restrict our focus to the following situation: the inno-
vations ¢&; are chosen to be the increments of a Brownian motion W on the real line
while the function K is a Hermite polynomial of order g. In this case the random
variable X, is a Wiener integral with respect to W, and H,(X,) can be expressed
as a multiple Wiener-It6 stochastic integral of order ¢ with respect to W.

Here, we will focus on the sequence Sy (6.7) where

o
X, = Z(X,’(Wn_i —Wu_ic1), (6.8)
i=1
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with o; € R, o; = ci P, B e (%, 1) and Z;’il aiz = 1. The autocorrelation function
of X, is given by (see Exercise 6.3)

o
p(m) =) titticeim- (6.9)
i=1
Note that X, can also be written as (7, is the multiple integral with respect to W)

oo oo
Xp = Zai(Wn—i—l —Whi) = Zaill(l[n—i—l,m'])

i=1

=1 (Zail[ml,m]> =11 (fa)- (6.10)

i=1

fil
As K = H,;, we have
N N
Sy =Y [Hy(Xn) —E(Hy (X)) = Y [Hy (11 (f) — E(Hy (L (£))]-
n=l1 n=1

We know that, if [| f|l3 = 1, we have H,(I1(f)) = %Iq(f@f). In this part H will
be L2(R). Furthermore, we have

”fn”%-[ (fus fudn <Zatl[n —i— 1m]72ar [n—r— 1nr]>

= Z aittr (Ap—i—1,n—i1s Ln—r—1,0r1) 2

i,r=1

It is easily verified that if i >r < n—i<n—r—lori<r&n—r<
n—i—1, we have [n —i —l,n—ilN[n—r —1,n—r] =0 and thus
(1[n—i—1,n—i], 1[n—r—1,n—r]>’H = 0. It follows that

o o0
2 2 2 2
IfallFy =D e Mp—icia-nllfy =Y of =1.
i=1 i=1

Thanks to this result, Sy can be represented as

N N

Sy = _[Hy(Ii(f) —E(Hy (1 (f))] = qi Y U (£7) =B (£7))]

n=1 " n=1

1 & o 1 Ve
S L3 = ()
n=1

n=1
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6.2.1 Berry-Esséen Bounds for the Central Limit Theorem

We will first focus on the case where ¢ > (28 — 1)~!, i.e. the Central Limit Theo-
rem. Let Zy = ﬁSN where oy g is given by

+o00
oi=0; 5= Z (Za,al+|m> =q! > pi(m). 6.11)

m=—00 m=—00

The following result gives the Berry-Esséen bounds in the Central Limit Theorem.

Theorem 6.2 Under the condition ¢ > (2 — 1)_1, ZN converges in law towards
Z ~N(0, 1). Moreover, there exists a constant Cg, depending uniquely on B, such
that, for any N > 1,

P ifpe (5]

441
[P(Zy<2)-P(Z=<2z)|=C N
su
p N = B N% B ifﬂe[zqq—_z’l)-

zeR

Remark 6.1

(a) The same result, modulo a change of the constant, holds for other distances
between the laws of random variables (e.g. total variations distance, Wasserstein
etc. See Theorem 5.1).

(b) Actually, the condition 8 € (%, zqq—_z] reads 8 € (ﬁ + %, 2;’—_2] since g >

B —1~L
Proof To apply Theorem 5.1, we need to evaluate the quantity
_ 2
E((1-q7'IDZNI3,)).
We will start by computing ||[DZy ||%{. We have the following lemma.

Lemma 6.1 The following result on || DZy |3 holds.

q—1
—||DZN||H—1—ZA (N) -1
r=0

where

f _1\2 N
Ar<1\'>=:;]'v ("r 1) 3 b (FETTTRLET I i 5

k=1
(6.12)
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Proof We have

N N
1 ®q q ®q—1
DZy =D I, ( f; = 1,
N <O‘ ,—N ~ q( n )) o ,—N ~ q l( n )fn

and

2 N
IDZN I3, = GZ—N S Lo (BTNl (2 ) i fiowe (6.13)
k=1

The multiplication formula between multiple stochastic integrals gives us that

L1 (FET DN g (£
q-! qg-—1 2 Qq¢q—1-r~ ,Qq—1-r
(1) e B e

By substituting this into (6.13), we obtain

2 q-1 2 N
q -1 —l-ry —1-r
IDZNl3 = —5 D r! (‘1 ) ) 3 by (ST e V5
r=| k,l=1
and the conclusion follows easily. U

By using Lemma 6.1 and the fact that E(/,,, I,) = 0 if m # n, we can now evaluate
E((1—g~"|DZy3)?). We have

q—2
_ 2 2
E((L—¢7'IDZNI)) = ZE(AE(N)) +E(A;m1(N)—1)". (6.14)
r=0
We need to evaluate the behavior of those two terms as N — 00, but first, recall that
the «; are of the form «; =i ~# with B € (1/2,1). We will use the notation a, ~ b,

meaning that a, and b, have the same limit as n — oo and a, < b, meaning that
sup,>1lanl/1by| < oo. Below is a useful lemma we will use throughout.

Lemma 6.2

1. We have

p(n) ~ CCﬂl’l_Zﬁ—H

withcg = [y P(y+ DPdy=B2B—1,1-p).
2. Forany a € R, we have

n—1
Zka§1+na+l.
k=1
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3. Ifa € (—o0, —1), we have
o0
Zk(x < n05+1-
k=n

Proof Points 2. and 3. follow from [127], Lemma 4.3. We will only prove the
first point of the lemma. We know that p(n) = Zf’il B+ |n|)_ﬂ behaves as
fooo x 7P (x 4+ |n|)"Pdx and the following holds

00 00 —B
/ x—ﬂ(x+|n|)’ﬁdx=/ “Pin|” ﬂ( +1> dx
0 0 ||

28+1 *©
= Inl” ﬂ*/o y P 1Py

cp

Thus,

o]

,o(n)NZi_ﬁ(i+|n|)_ﬁNCﬂn_zﬂH. O
i=1

We will start the evaluation of (6.14) with the term E(A,_1(N) — 1)2. Note that
we have E(A;—1(N) — 1)2 (Ag—1(N) — l)2 because A, 1(N) — 1 is determinis-
tic. We can write

N
q!
As_1(N)—1 =<
g—1(N) — Z: (fir f1)5,
Note that we have
o0
o fidp =Y eittigyiy = p( —k).
i=1

Hence

q N 00 9q
Agi(N) = 1= =2 37 (Z%%-ﬁ-ll—kl) —1
00 q
Zaiai+|l—k|> —N0’2>

k
+00 00 q
— Ng! (Zaiai+m|> ) (6.15)
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Observe that

XN: (i O‘i+|l—k|>q

(S (S

k>1

i(i“l’“iﬂl—kl)qWLi i (i“iai+z—k|>q~

I=1 k=I+1 \i=1

>

Let m =1 — k. We obtain

k,I=1 \i=1

i§<2“z“z+lm)q + i i (Z%m»«u)

3

k=1 m=0 I=1 m=—N+I
N—1N—m N-+m

55 (Soin) ¢ 55 (Swn)
m=0 k=1 m=—(N—1) =1 \i=l1
N-—1 —1 o) q
S m>(zala,+|ml) 5 <N+m><za,-ai+.m)
m=0 i=1 m=—(N—-1) i=1

N-—1 00 q N-—1 00 q
m=—(N—1) \i=1 m=0 \i=I

Substituting this into (6.15), we get

N—1 e’}
Aq_luv)—l:%cv > (Zaia,-m) - N Z <Za,al+|m>
i=1

m=—(N-—1) m=—o0

i=1

o]

:UZ;V<— Z(Z“!O‘tﬂm) N;(Z“"“Hl"')q

m=—00

i=1
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q 00 [} q N-1 00 q
_N<—2N Z (Zaiai+|m> —2Zm(2aiai+m|> )
m=N \i=1 m=0 i=1

By noticing that the condition ¢ > (28 — 1)~! is equivalent to —g(28 — 1) < —1,
we can apply Lemma 6.2 to get

N-1
Ag_1(N)—1< Zm q@2p=1 4 N— 1Zm q(2B—1D+1
m=N m=0

< NTIRBDH y NI(] 4 NIB-D42)
and finally
Ag—1(N) =1 < N71 4 N9720PF1,
Thus, we obtain a bound on (A,_1(N) — 1) = E(A,_1(N) — 1)2,
E(Ag1(N) —1)* < N2 4 N972F | N20—44P+2, (6.16)

Let us now treat the second term of (6.14), i.e. Zf;g E(A%(N )). Here we can as-
sume that » < g — 2 is fixed. We have

2 _ g’r’* (g—1 - 1l
E(AZ(N)) =E Do i S s i)

rYs)
a N 4 i,k =1
1 —1- 1 -
x Izqufzr(fm r®f,®q r)lzqufzr(fm r®f®q r))

N
=cr N> Y (o S i 1057

i,j,k,l=1
Qq—1-rx ,®q—1—-r Rq—1-r~ ,Qq—1-r
x (fi ®f  f; ®f; Jpye20-2—2

> ) cthg.a v, v.8)Branys(N)

a,v>0 y,6=>0
a+v=g—r—1 y+5=g—r—1

where

Br,a,u,y,S(N)

N
=N oo 25 i £ i £ Fes F05 Ui £V s 0y

ij.ki=1

=

=N Y pk=D" ol =) pk =iy pk = ) pd — i) pll ~ )’
i,j,k,I=1
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When «,v,y and ¢ are fixed, we can decompose the sum Z,N k=1 which appears
in By o,1,y,56(N) just above, as follows:

MR OIEDIED IRD SPEY (D IR WD 3

i=j=k=l Ni=j=k i=j=l i=l=k j=k=I i=jk=l i=k,j=l i=lj=k
I#i ki J#i i#j k#i j#i j#

+(Z+Z+Z+Z+Z+Z>+Z.

i=j kA =k, jAi i=l kA j=kkAi j=LkAi k=lk#i ijkl
KALIF#i jALkAL kj,ji kAL I kLIF#i ket j, i i kAl

We will have to evaluate each of these fifteen sums separately. Before that, we will
give a useful lemma that we will be using regularly throughout.

Lemma 6.3 For any o € R, we have

n
> |i—j|a—2|l—1|a<n2]

i#j=1 i,j=0

Proof The following upper bounds prove this lemma

> j—o|l_j|a ‘Z; 1O(n—m)m - an 0m an_lo a+l
. 1 = . .
n— l a+l
§1+'Z +1 =2
O
J= J H

Let us return to our sums and begin by treating the first one. The first sum can be

rewritten as

N2 ple=D" ol — ) ptk— i) ok — j) ol —i) p — j)°
i=j=k=I
N
— N—ZZp(O)2f+2+(l+U+}/+5 — N—ZN f N_l.

i=1
For the second sum, we have

N2 pk=D" o= ) ptk =) ptk— )’ ol —i) pd = j)°

i=j=k
I#i

— N—2 Z ,O(l _l-)r+l+y+8 — N—zzp(l _ l)q
i=j=k i#l
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At this point, we will use Lemma 6.2 and then Lemma 6.3 to write

N2 plk =0 pl = otk —i)* ok — ) pl =) p = j)°
i=j=k
10

N N-1
< N2 Z || —]9C28+D < NI Zlq(—2ﬂ+l) < N—l(l +N—2ﬁq+q+l)
i#l=1 =1
< N~' 4 NPt

For the third sum, we are in exactly the same case, therefore we obtain the same
bound N~ + N—2P4t4_ The fourth sum can be handled as follows

N72Y 0 pk =" ol = ) otk =) ptk = ) o =) pll = j)°

i=k=I
J#i
— N2 Z o(i _j)r+1+u+5 < N—zzli _j|(r+l+v+8)(*zﬂ+1)’
i=k=I J#i
J#i

Note thatr + 14+ v +§ > 1, so we get

N2 ple=D"pl = ) ot = i) ptk = ) p = i) pd = j)°

i=k=I
J#
N—-1
i =1

<N~ NT2BHT

For the fifth sum, we are in exactly the same case and we obtain the same bound
N~—! 4+ N=28+1 For the sixth sum, we can proceed as follows

N2 ek =D ol = )tk =) ptk = ) o =) pl = j)°

i=j,k=l
ki
— N—2 Zp(k _ i)a+v+y+8 — N—2 Zp(k _ l-)2q—2r—2'
k#i ki

Recalling thatr <g —2 < 2(q —r — 1) > 2, we obtain

N7 370 ple=0" ol = ) ptke =)otk — )" ol —i) p = j)°

i=j k=l
ki
N—-1
ki ki k=1

<N~ 4 N2,
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We obtain the same bound, N~! + N=*#+2_for the seventh and eighth sums. For
the ninth sum, we have to deal with the following quantity:

N2 pk=1 o — )y pte—i)*ptk— )" p = i) p = j)°
i=j,k#i
kAL

=N o= ptk =0T o — iyt

ki
k#l1#i

For )" keti > observe that it can be decomposed into
kel I

DAY HEDY DY+ (6.17)
k>l>i k>i>l I>i>k i>l>k i>k>Il

For the first of the above sums, we can write

N2 ptk=1 ot =)= p — iyt~

k>1>i

5 N—2 Z (k _ l)(r+1)(_2/3+1)(k — i)(q—r—l)(—2ﬁ+1) (l _ i)(q—r—l)(—2ﬁ+1)

k>1>i
<N~ Z (k —DA2BED(q — jy@—r=DE2B4D gincek —i >k —1
k>1>i
= N2 Z Z(k — 1426+ Z(l — j)la—r=DH(=2p+D)
k I<k i<l
<NTEY S = DICPEON = i) since g —r — 121
k I<k i<l
N k-1 -1
ﬁ N—2 Z Z(k _ l)q(—2ﬁ+l) Z(Z _ i)_2'6+1.
k=1 I=1 i=1

Note that Y~} (k — [)7C26+D = Y47 1ja(=26+D and that Y121 — i)~2+! =
Zf;% i~2f+1 We can also bound the terms Z;:ll 19=2B+D (resp. Zf;% P28
from above by YV 1192641 (resp. SV 1i=2A+1) Tt follows that

N2 k=D ot =iy p =)

k>1>i

N—-1 N—-1

<N—2 i Z J4(=2B+1D) Z -2+

k=1 I=1 i=1
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N-1 N-1
<N-! Z [4(=2+1) Z ;2641
=1 i=1

< NN 1+ N72Paratl)(1 4 N72PH2)

< N“U g N2 N2Bata N 28026842
Since —28+1 <0, —28g +qg <0and —28g —28 + 2 < 0, it is easy to check that
—2Bq —2B+4+2<—-2Bg+qg <28+ 1.
Consequently,

N2 Z o(k —l)r+1p(k _ i)q—r—lp(l —idr < N N2

k>1>i

We obtain exactly the same bound N~ + N ~2#+1 for the other terms of the decom-
position (6.17) as well as for the tenth, eleventh, twelfth, thirteenth and fourteenth
sums by applying the same method.
This leaves us with the last (fifteenth) sum. We can decompose ) ijkl as fol-
i#j#kAl

D (6.18)

k>l>i>j k>I>j>i

lows

For the first term, we have

N7 ptk=D o= etk =D otk = )" pU =) p(l — j)°

k>I>i> ]
< N2 Z (k — 1)4(—2ﬁ+1)(i _ j)(r+1)(—2/3+1)(l _ l-)(q—r—l)(—2f3+1)
k>l>i>j
_ N_ZZZ(k _ l)q(—2ﬁ+1) Z(Z _ l-)(q—r—l)(—2ﬁ+1) Z(,- _ j)(r+1)(—2ﬁ+1)
K I<k i<l j<i
N-1 N—-1 N—1

< N1 Y 2D D25 D264
I=1 i=1 j=1

< N—l(l +N—2/3q+q+l)(1 +N(q—r—l)(—2ﬁ+l)+l)(1 +N(r+1)(—2ﬁ+l)+l)
< N—l(l +N—2ﬂq+q+l)

> (1 + NTTDE28+D+] + N9(=28+D)—(r+D(=2+1)+1 + N‘f(*zﬂ“)“)
< Nﬁl(l +N72ﬁq+q+1)

X (1 + N72B+2 f NT2B42 Nq(_2ﬂ+l)+2) sincer+1,g—r—1>1
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< N_l(l + N2B+2 Nq(—2/3+l)+2)

=< N~ N—2B+1 4 N9(=2B+D+1

We find the same bound N~ + N=28+1 4 N9(=2B+D+1 for the other terms of the
decomposition (6.18).
Finally, by combining all these bounds, we find that

max 1E(Af) < N2+ NaC2BHD+T
r=1,...q—

and we obtain
1 2
E((—IIDZNH%{ - 1) ) < N7HHL 4 Na2PEDHL
q

which allow us to complete the proof. g

Remark 6.2

1. When g =2, ﬁ =1, so the second line of Theorem 6.2 vanishes. If g > 2,
. . 1
both lines exist and zqq—_z ] T2
2. When ¢ < (28 — 1)~!, the sequence Zy does not converge in law towards
N (0, 1). It converges (with another normalization) to a Hermite random vari-
able.
3. The results in the above theorem are consistent with those found in [127], The-

orem 4.1. Indeed, in [127] one works with ¥, = Blﬁrl — BH instead of X,,

where B is a fractional Brownian motion. Note that the covariance function
o' (m) =E(YyY,,) of Y behaves as m?H=2 while, as follows from Lemma 6.2,
the covariance of X behaves as m~>#*1. Thus 8 corresponds to % — H. It can
be seen that Theorem 6.2 is in concordance with Theorem 6.1 (or Theorem 4.1

in [127]).

6.2.2 Error Bounds in the Non-Central Limit Theorem

We will now turn our attention to the case where g < (28 — 1)1, where we will
use the total variation distance instead of the Kolmogorov distance because that is
the distance which appears in Theorem 5.6.

We will use the scaling property of Brownian motion to introduce a new sequence
Uy that has the same law as Sy . Recall that Sy is defined by

N 0
Sy = ZHq (Zai(wn—i - Wn—i—l))-
n=1 i=1
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Let Uy be defined by

N 00
Uv=> H, (ZaiN%(WnNi ~ Waci )).
n=1 i=1

Based on the scaling property, Uy has the same law as Sy for every fixed N. We
will show that

h, Nﬂ‘f_’ sy — z@
N—+o00

where Z@ is a Hermite random variable of order ¢ (it is actually the value at time
1 of the Hermite process of order g with self-similarity index

q
- — 1
> qB +

defined in (3.2)). Let us first prove the following renormalization result.
Lemma 6.4 Let

2073
h, = .
P gl (—2Bg +q+1)(—28+q +2)

(6.19)

Then

—1 A7Bg—2%—1 2
E(h, NP4 1sy)” — 1.

Proof Define fy =Y3_; /£". Since Sy = 4 1,(fn) we have

1
E(h, yNPI=3 7 5y)? = h 2 — N2Pi=a-2 Z (In — m])?
’ (ghH it
1
=h -2 N2B9—q— 2Np(0)q
9B (q1)
1 N
+2h; 2 —N?Pa1=a=2 o(n —m)
qﬁ( ') n,m§;n>m
1 N
-2 2Bq—q—2 — o\
thﬁ(q')zN > pn—m)

n.m=ln>m

where for the last equivalence we notlce that the diagonal term A 7. ﬁ @ ,) N?Pa—4=2

Np(0)7 converges to zero since g < m. Therefore, by using the change of indices
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n —m = k we can write

E(h, kNPI=3-15y)? = %(;')Nzﬂ" -2 Z (In —m])?

n,m=1

1
~2h7% — N2Pa—a- 22(1\/ k) pk)?

qﬁ( ) —
q N
g
~op2 P N2Ba—q-2 (N —k)k~ 2Bq+q
qﬁ( D) ];

because, according to Lemma 6.2, p(k) behaves as Cﬂk_zﬁ“ when k goes to oo.
Consequently,

4 —2Bq+q
1 pBa-4-1g,)2 op-2 B L kK
E(hq’ﬁN 2718y) 2h, s T 1 ~v )\
k=1

and this converges to 1 as N — oo because % 2,1(\/:1(1 — %)(%)_zﬂ”q converges
to

1
(=2Bg+q+ D (-2Bg+q+2)

1
/ (1 —x)x2Patagy =
0

Let Zy be defined here by

N 00
Zy = NPI=5-1yy = NPI=5-1 > H, (Za,-Ni(WnT,- ~ Wi )).

n=1 i=1

We also know that /7! Zy —> Z9D in law (because Uy has the same law
a.p N—+o0

as Sy), with Z@ given by (3.2). Let us give a proper representation of Zy as an
element of the gth-chaos. We have

N ]

_4_ Z Z 1

ZN = Nﬁl] 2 ! Hq( (YINZ(W% —Wnlt\']l))
n=1 i=1

N 0
— NBa—§-1 3 1 .
=N 2 ZHq(I](NZZall[n—}(]—l’%]>>
n=1 i=1
Yo P 1
— nBa—4-1 — 2 . . .
= N 2 Zq!1q<(N2 Zall[nl(/lv’l[\/l]> )
n=1 i=1

1 N [/ o ®q
—1 E E
= ;Iq (N’f}q ( al'l[n}{]l’nTi]> )
n=1 \i=1
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N
1
1, (mw Zg;?q)
n=1

8N

with g, = Y02 ilju—i—1 a-i and gy = NPTV o1 € HOO. We will see
N N

that h;’%Z ~ converges towards Z(4 in L2(£2), or equivalently that {%h;% ENIN>1

converges in LZ(R®9) = H® to the kernel

1
gOr)=hh [ auw w620
Yy

1V Vg

(which is the kernel of the Hermite random variable, see (3.2)) by computing the
following L2-norm
2) 1
q!
q:

We will now study ||lgy — g ”%—L‘@q and establish the rate of convergence of this quan-
tity.

2
'hq pEN — &

B(l,zy -~ 20) =

1o
I\ —h -1 .

Proposition 6.1 We have

[

In particular the sequence h;% % gn converges in L*(R®?) as N — o0 to the kernel
of the Hermite process g (6.20).

2
1

4.6 18N T8 = O(NPama7h),

e

Proof We have

— N2Ba-2

g 1384 (8ns 8K)%,

q
-1 k=iy (u)du)

i=1 j=1

00 nN;l q
(Zaiai+nk| /;471 du)
i=1 N

N 00 4q
— N2Ba—q—2 Z <Z (i+1In—kl)~ ) (6.21)

n,k=1

— N2Ba-2

N
2
k=
N
— N2Ba-2 Z (/ ZZalaj (2=l nei (u)l
k=1
N
>
k=
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In addition, based on the definition of the Hermite process (3.2) (with self-similarity
order 4 — B+ 1 and with the notation d(g, 8) = ¢(% — B+ 1,¢) in (3.4)), we have

d(q. B)*qlIgll3 e = 1.

Let us now compute the scalar product (gy, g)%] where g is given by (6.20). We
have

(gN’ g>H®‘1

N
=d(g, NPT (e, g)yye

n=1

Nl q
= NS (e [ w071 w01y
n=1

i>1
N N Lk 5 q
_ Bg—1 . v ) )
=d(q,B)N 21;/",\,‘ (2%/]1%(“ O l(njlvl’nN,](y)dy> du.
n= = 1>

We will now perform the change of variables u’ = (u — %)N and y =
(y— %)N (renaming the variables u and y), obtaining

(gn. 8)nes =d(q, BNPITIN—I7!

SR () )

n=1k=1 i>1 +
N N—1 NN
o k—n-+i
~d(g. HINPI zzz(zai<T)+ )
n=1 k=1 “i>1

where we used the fact that, when N — oo, the quantity “>

by eliminating the diagonal term as above,

is negligible. Hence,

q
(N, §)pea ~ d(q, HNPFII2 7 (Zai(i+k—n)_’5)

k.n=1l;k>n “i>1

q
+d(qg. pNPa—=2 N (Zai(i+k—n)_’3>

k.n=1;k<n “i>n—k

and by using the change of indices k — n =/ in the first summand above and
n — k =1 in the second summand we observe that
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N q
(gn 8)peq ~d(g, INPIT72 Y (N — l)(Ziﬁ (i + M)

=1 i>1

N q
+d(q,ﬂ)N2ﬁq“1‘ZZ(N—l)(Zi—ﬂ(i—l)—ﬂ> . (622

=1 i>l

By summarizing the above estimates (6.21) and (6.22), we establish that

| 2
hl—gn—g
q,ﬂq! 2o
~ N2B 1 _ B B
N2Pa—a~ |:2hqﬂ( ')ZNZ( k)(z;l (i+k)~ )
1>

—2d(q, B)h, ,NZ(N k)(Zz Bli+k)~ ﬁ)

i>1

—~2d(q, B)hy Z(N k)(Zz Pli— k)~ ﬁ)

i>k

1

d(q.B)*q!

To obtain the conclusion, it suffices to check that the sequence

q
ay :=2h, ﬂ(qv)Z N Z( _k)(zi_ﬁ(i +k)_ﬁ)

i>1

—2d(q,ﬂ)hq 'NZ(N k)(Zl Pli+k)~ ﬁ)

i>1
5 i LSS (b i) Lyt
—2d(q, B) q,ﬂ;ﬁkzw— ) ijz (=0~ ) + N
=1 i>

is uniformly bounded by a constant with respect to N. Since d(q, ,B)hl;}3 = 1 “ih, 4 2/3,
i i P+ k)P ~ k=Pt and

Yittli—F=YiFi+k)’

i~k i>1
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(by the change of notation i — k = j), the sequence ay can be written as

1 1
ay ~ — (—(—mq +q+1)(=2pq +q+2)~
q: N

N

X Y (N —kyk~2Pata NZB‘”‘”‘).
k=1

It is easy to check that

1
N72Paratl = N=2Paratl(—28g + g + 1) (=29 + g +2) / (1 —x)x—>Patady
0

1 N
= (-2$q+q+ D24 +q + D /0 (N — y)y2Pi+agy

(by the change of variables x N = y). Thus,
1 &k
glay ~ ey Yo [ av(v -y - (v ok )
k—1
k=1

N
< Z/kkl a’y\y‘zﬁq” — k—2ﬁq+q|
k=175~

N o ok
1 _ _
n NZ/,( 1dy|y 2Patatl _ =20t
k=1"""

N N
1
S (k _ 1)—2/‘5q+q _ k—2ﬁq+q + _ k—2/3q+q+l _ (k _ 1)—2/3q+q+1
k§: 1:( )+ k§: lﬁ( )

and elementary computations show that the terms in the last line above are of order
N—Zﬂq +g+1 .

O

As a consequence of Proposition 6.1 and of Theorem 5.6, we obtain
Theorem 6.3 Let g < 2/3]—_1 and let Sy be given by (6.7).
dry (hy yNPI~E 1Sy, @) < Colg, pNPI=97!

where Z'D is a Hermite random variable with self-similarity index H = % —gB+1
given by (3.2), hy g is given by (6.19) and Co(q, B) is a positive constant.
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6.3 Hsu-Robbins and Spitzer’s Theorems for Fractional
Brownian Motion

A famous result by Hsu and Robbins [91] says that if X, X5,... is a sequence
of independent identically distributed random variables with zero mean and finite
variance and S, := X + --- + X,;, then

ZP(|S,,| >8n) < 0

n>1

for every ¢ > 0. Later, Erdos ([73, 74]) showed that the converse implication also
holds, namely if the above series is finite for every € > 0 and X, X, ... are inde-
pendent and identically distributed, then EX| =0 and EX % < 00. Since then, many
authors have extended this result in several directions.

Spitzer showed in [165] that

Z%P(|Sn| > &n) < 00

n>1

for every ¢ > 0 if and only if EX| =0 and E|X{| < co. Spitzer’s theorem has also
been the object of various generalizations and variants. One of the problems related
to Hsu-Robbins’ and Spitzer’s theorems is to find the precise asymptotic as ¢ — 0
of the quantities ), .| P(|Sy| > en) and ) - %P(|Sn| > ¢n). Heyde [86] showed
that

lim 2 " P(ISy| > en) =EX} (6.23)

n>1

whenever EX| =0 and EX% < 00.

Our purpose is to prove Hsu-Robbins’ and Spitzer’s theorems for sequences of
correlated random variables, related to the increments of fractional Brownian mo-
tion, in the spirit of [86]. This gives a better picture of the convergences in The-
orem 6.1. Concretely, we will study the behavior of the tail probabilities of the
sequence (6.1). Recall that the sequence V;, behaves as follows (see Theorem 6.1):
if0<H<1-— ﬁ, a central limit theorem holds for the renormalized sequence

Vi
7 con-

1 oo 2
Z,(,)zLﬁwh1le1f1—ﬁ<H<l,thesequenceZ,(q)zw

Cl,q.H
verges in L2(£2) to a Hermite random variable of order ¢.
We note that the techniques generally used in the literature to prove the Hsu-
Robbins and Spitzer’s results are strongly related to the independence of the ran-
dom variables X1, X, .... In our case the variables are correlated. Indeed, for any

k,1 > 1we have E(Hy (By+1 — Bx)Hy (Bi41 — B) = (ﬁpH (k — ) where the cor-

relation function is pp (k) = 5 ((k + D> + (k — 1)2# —2k>#) which is not equal to
zero unless H = % (which is the case for standard Brownian motion). We use new
techniques based on the estimates for the multiple Wiener-1t6 integrals obtained in



226 6 Hermite Variations for Self-similar Processes

Theorem 5.1 and Theorem 5.6. Concretely, we study the behavior as ¢ — 0 of the
quantities

1 1 n
Z;P(Vn >sn)=Z;P(Z,(1 ) > ¢l g nEVN) (6.24)
n>1 n>1

and

Y PVi=eny=) P(2{">ci, ye/n) (6.25)
n>1 n>1

ifO<H<1—%andof

1 o1 1 _ Ca(l—
Z ;P(Vn > gn?24( H)) = Z ;P(Z,(lz) > czyé’Henl q(l H)) (6.26)

n>1 n>1
and
Z P(Vn > snz_zq(l_H)) = Z P(Z,(lz) > cié’Hsnl_q(l_H)) (6.27)
n=1 n>1

if 1 — ﬁ < H < 1. The basic idea in the proofs is that, if we replace Z,(ll) and Z,(,z)
by their limits (standard normal random variable or Hermite random variable) in the
above expressions, the behavior as ¢ — 0 can be obtained by standard calculations.
Then we need to estimate the difference between the tail probabilities of Z,(,l), Z,(,z)
and the tail probabilities of their limits. To this end, we will use the estimates ob-
tained in Theorems 5.1 and 5.6 via the Malliavin calculus and we will be able to
prove that this difference converges to zero in all cases.

6.3.1 Spitzer’s Theorem

We set
Vn Z(z) _ Vn
Cclg.HVI " e pntme-H)

with the constants ¢ ¢4 g, 2.4, 5 from Theorem 6.1.
For every ¢ > 0 let

(6.28)

fl(s):Z%P(Vn > en):Z%P(Z,(ll) >c1—,;‘Hs\/E) (6.29)

n>1 n>1
and
1 —2¢(1— 1 -1 1—q(1—H)
fEe)=Y —P(Vy>en?200=DY_N"_p(zD 5 ¢ en'=4( .
> it I

(6.30)
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Remark 6.3 Ttis natural to consider the tail probability of order n>~2¢1=#) in (6.30)
because the L2-norm of the sequence V,, is in this case of order nl—a(-H)

We are interested in studying the behavior of f;(¢) (i =1,2) as ¢ — 0. For a
given random variable X, we set @x(z) =1 —- P(X <z) + P(X < —2).

The first lemma gives the asymptotics of the functions f;(¢) as ¢ — 0 when Z,(,i)
are replaced by their limits.

Lemma 6.5 Let c > 0.

() Let ZW be a standard normal random variable. Then

Z (Dz(l)(CS\/—) —>2

— log ce
(i) Let Z® be a Hermite random variable of order q given by (3.2). Then, for any
integer g > 1

1
—logce

1
e=0 1—q(1—H)

1
Z D0 (CSnl q(l_H))
1"
Proof We can write (see [164])

1 1
Z @, (ce/n) = / ;‘sz(%ﬁ)dx—i‘l’yn(&?)

n>1

- /1 P1<x)d[ o (ce /X )}

with Py(x) =[x] —x + % Clearly as ¢ — 0, 10g8
bounded function and regarding the last term it is also trivial to observe that

D, (ce) — 0 because P, is a

1

—logce

/1 Pl(x)d|: ¢z(1)(68\/_)]

1 © 1
= (—/] P](x)( @Z(1>(cef)dx

—logce

1 11 ,
+cs§x 2 ;@Z(l)(sﬁ))dx> E) 0

since @, and (D/Z(l) are bounded. Therefore the asymptotics of the function fi(e)
as ¢ — 0 will be given by floo %@Z(l) (ce+/x)dx. By making the change of variables
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ce/x =y, we get

lim

1 1
—452(1)(6‘8\/_)611)6 = 11
e—0 —logce Jy

! 2/00105 »)d
-0 —logce Jo.e ¥ zOAVAY

&

=1im 2@, (ce) =2
e—0

Let us consider now the case of the Hermite random variable. We will have as
above

1
lim —® 0 (cen!~11-H)
e—0 —logce ’; n Z(z)( )

. 1 | l—q(1—H)
= lim — D50 (csx q )dx
e—~0—logce \J; x

—/Oo Pl(x)d|: @Z(z)(CE)Cl q(lH))]).
1

By making the change of variables cex! =41 ~#) = y we will obtain

o

li —P 1=q(1=H)\ 4

sl—%—logcs,/l X Z(z)(ch ) *
— im cp (v)d
s—>0—logce1—q(1—H) Z@y)4y

1
=lim ——& =
T a—m PO =T T

where we used the fact that @, (y) < y2E|Z®|? and so limy_, o logy®@ ;0 (¥)
=0.

It remains to show that #gcg floo P (x)d[%@z(z) (cex'~10~=H))] converges to
zero as ¢ tends to 0. This is equal to

o0
m / Pl(x)ce(l—q(l—H))x q(1—H)— 1¢/ (chl q(1— H))d
¢ —logce Jy

e g(1—H) 00 y % , _ 1
et [ (2) Yoy oy
- ce
1 o0 1 l—q(ll—H) ,
Sc—log&‘/ P E (pz(Z)(y)dy
ce

which clearly tends to zero since Pj is bounded and [

q)/Za) (ndy=1. O

The next result estimates the limit of the difference between the functions f;(¢)
given by (6.29), (6.30) and the sequence in Lemma 6.5
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Proposition 6.2 Let g > 2 and ¢ > 0.

i) IfH<1- ﬁ, let Z,(ll) be given by (6.28) and let ZV be a standard normal
random variable. Then

! [Zn (|Z(1)|>cs\/—) Z (\Z(1)|>csf)i| i

—logce
g n>1 n>]

(ii) Let Z® be a Hermite random variable of order qg>2and H>1— i Then

1

—logce

|:Z lP(|Z,(l2)’ > cen'74(1~H)
n>1 n

- Z ‘Z(z)| > cen! 79U H))i| — 0.

e—0
n>1

Proof Let us start with point (i). Assume H < 1 — i. We can write

S P20 > eovn) = 0 P(|20] > cevi)

nzl n>1

-y %[P(zf,“ > ce/n) — P(20) > cey/n)]

n>1

Y[ P2 < o) - P20 <o)

n>1

< 22 —sup|P(Z{" > x) — P(zV > x)|.

n>1 "t xeR

Using point (i) of Theorem 6.1 we obtain

Z —sup|P(Z{" > x) — P(zV > x)|

n>1 n xeR
1 1
2zt wn H e (0, 5] 6.31)
_ 2q—3
<c anlnH 2’ HG[; ZZ 2)
_g—1 2g—3
Yo nd T Helzl5,1- 50

and the last sums are finite (for the last one we use H < 1 — i). The conclusion
follows.
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Concerning point (ii) (the case H > 1 — %), by point (ii) in Theorem 6.1 (rela-
tion (6.5)) we have

Z %P(|Z,52)| > csnl_q(l_m) — Z %P(|Z(2)| > csnl_q(l_H)) < chfﬁfH

n>1 n>1 n>1

and the above series is convergent because H > 1 — ﬁ. 0

We now state Spitzer’s theorem for variations of fractional Brownian motion.

Theorem 6.4 Let f1, f2 be given by (6.29), (6.30) and the constants c| 4.1, C2,q,H
be those from Theorem 6.1.

) 1f0<H<1—ﬁthen

fi(e)=2

lim ——
e—0 log(C] Hyg €)

(ii)1f1>H>1—ﬁthen

lim —— fz(a) =—
e=>0log(c y ) 1—¢q(1—-H)
Proof This is a consequence of Lemma 6.5 and Proposition 6.2. g

Remark 6.4 Concermng the case H =1 — 2 , note that the correct normalization

of V, (6.1)is (logn)f
not directly applicable to this case.

Because of the appearance of the term logn our approach is

6.3.2 The Hsu-Robbins Theorem

In this section we prove a version of the Hsu-Robbins theorem for variations of
fractional Brownian motion. Concretely, for every ¢ > 0 we let

gie)=Y P(|Val > en) (6.32)
n>1
if H<1- 5 and
g2(e) =) _P(|Vy| > en?>2401=1) (6.33)

n>1
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if H>1-— % and we estimate the behavior of the functions g;(¢) as ¢ — 0. Note
that we can write

gie) =Y P(|Z"] > ci} ye/n),

n>1

()= Z P(|Zflz)| > cz_’;’Hsnl_q(l_H))

n>1

with Z", Z{? given by (6.28).
We decompose it as: for H < 1 — ﬁ

g1(e) = Z P(|Z(1)| > c;;)He\/ﬁ)

n>1

+ 2 [P(Z0] > ei g wevn) = P12V = iy yev/n)]

n>1

andforH>1—ﬁ

g2(8) = Z P(|Z(2)| > scz_yii’Hnlfq“*H))

n>1
+ Z[P(|Z,(12)| > C;;’Hgnlfq(lfm) _ P(|Z<2)| - cz—’(ll’Hgnlfq(lfH))]'
n>1

We start again by consider the situation when the Z,(f) are replaced by their limits.

Lemma 6.6

(i) Let ZW be a standard normal random variable. Then

sli_I)I})(CS)zz:PﬂZ(l)‘ > cev/n) = 1.

n>1

(ii) Let Z® be a Hermite random variable with H > 1 — ﬁ Then

e 5 P17 con401-1) =7 e,

n>1

Proof Part (i) is a consequence of the result of Heyde [86]. Indeed take X; ~
N(0, 1) in (6.23). Concerning part (ii) we can write
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1
lim (ce) T=¢(=H) (] cen!—2(—H)
8_)0( ) Z 20 ( )

n>1

1 o0
= lim (ce) =a0=M [/ T (2 S V"
e—0 1

_/Oo Pl(x)d[(pzw(CSXI_‘/U—H))]}
1

= lin})(A(s) + B(¢))

with Pi(x) =[x] —x + % Moreover

1 o0
A(e) (ce)ikq(l—m/ @0 (cex' 711 dx
1

1 foo(p (y)y Fa0=H) a m1lg
= @ (y)y == y.
1—q(1—H) Jo. *

2

1
Since @) (y) <y~ we have @) (y)y -90- —_, ; 0 and therefore

o0

1 1
A(e) = =Pz (ce)(ce) a1 —/ P70, (y)y =M dy

ce

1
where the first terms tends to zero and the second to E|Z ()| T™=40=#) | The proof that
the term B(¢) converges to zero is similar to the proof of Lemma 6.6, point (ii). [

Remark 6.5 The Hermite random variable has moments of all orders (in particular
the moment of order % exists) since it is the value at time 1 of a self-similar
process with self-similarity.

Proposition 6.3

(i) Let H <1 — % and let Z,(,l) be given by (6.28). Let also Z"V be a standard
normal random variable. Then

ey’ Y[P( 2| > o) — (2] > cev/a)] —> 0.

n>1

(i1) Let H > 1 — ﬁ and let Z,(,z) be given by (6.28). Let Z@ be a Hermite random

variable. Then
(ce) a0 Y [P(|1Z] > cen'~a=)
n>1

— P(|Z(2)| > csnl_q(l_H))] —0.

e—0
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Remark 6.6 Note that the bounds (6.3) and (6.5) do not help here because the series
that appear after their use are not convergent.

Proof Case H <1 — i We have, for some 8 > 0 to be chosen later,

eZZ[P(}Z,(lW > ce/n) — P(}Z(l)| > cex/n)|

n>1

=2 Z |Z(1)| > cs\/_) (|Z(1)| > csﬁ)]

&2 Z ]Z(l)| > ce/n) — (|Z(l)] > ce/n)|

n>[e—F]
=11(e) + Ji(e).

Consider first the situation when H € (0, %]. Let us choose a real number 8 such
that 2 < 8 < 4. By using (6.3),

[e*]
2 _1 2 _B
Ii(e) <ce E n2<cec?—0
] e—0
n=

since B < 4. Next, by using the bound for the tail probabilities of multiple integrals
and since E|Z,(,l) |2 converges to 1 as n — 0o

2
Ji(e) = &2 Z P(Z,(,l) > cey/n) <ce™? Z exp(%)q

n>[eA] n>[e=F]

1 2
<e? > exp((—en"F/n)7)
n>[e=h]
which converges to zero for g > 2. The same argument shows that &2 Zn>[87ﬂ]
P(ZW > ce/n) converges to zero.

The case when H € (2 %Z g) can be obtained by taking 2 < 8 < l (which is
-3

possible since H < 1) while in the case H € (23 5 1 — i) we have to choose
2<pB <

(Wthh is possible because H <1 — 5~ ‘)

Case H > 1 — Z' We have, for some suitable g > 0

¢ TR0 Z[P(|Z,(12)| > cen'"1U=H) — p(|Z2P)| > cen'711-1)]

n>1

N = Z (122] > cen!=10-1)) — p(|2®| > cen'a0-1)]
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+ematm Y [P(|1Z2] > cen =100 — p(|Z2O)] > con!10-H)]

n=[e=A]

i=1h(e) + Jo(e).

Choose TLH) <B< ) (again, this is always possible when

1
(1—q(1-H)Q2-H—5;
H >1—5.!). Then

! (=B)2—-H-72)

I(e) <cel-40-M g 2’ —— 0

e—0

eenl—a(—H)\ 7
h(e) <c Z exp<<L> )

2 1
n>[e=F] (E|Zr(1 )|2)2

and by (C.6)

_1 2
<c Z exp(cn 5n1_’1(1_H))‘1 —0.
e—0
n>[e=F] O

We state the main result of this section which is a consequence of Lemma 6.6
and Proposition 6.3.

Theorem 6.5 Let g > 2 and let ¢1 4. 1, c2,4,H be the constants from Theorem 6.1.
Let ZW be a standard normal random variable, Z® a Hermite random variable of
order g > 2 and let g1, gy be given by (6.32) and (6.33). Then

i) If0O<H<1- ﬁ we have (CI;’He)zgl(s) =0 1 =E@2ZM)2,

1 1
(i) If1— % < H < 1, we have (c;; 5 &) T gy (e) — o0 E| ZP) | T=a0=10

Remark 6.7 In the case H = % we retrieve the result (6.23) of [86]. The case

g =1 is trivial, because in this case, since V, = B, and EVn2 = n2H | we obtain
the following (by applying Lemma 6.5 and 6.6 with g = 1)

1 1 1
— —P(|Vn|>£n2H)—>—
10g8n>1n e—0 H

and

2 P(IVal > en®) 5.0 E|Z<1>|#

n>1

6.4 Hermite Variations of the Fractional Brownian Sheet

Let (Wff ’,’3 )s.r>0 be an anisotropic fractional Brownian sheet with Hurst parameter
(a, B) € (0, 1)? given in Definition 4.1. The reader should refer to Sect. 4.1 for its
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basic properties. We introduce a two-parameter counterpart of the sequence (6.1).
Actually, we will define the Hermite variations of order ¢ > 1 of the fractional
Brownian sheet by

N—1M—
= Z (VeMP(WED Ly =Wl — WD W), (6.34)
i=0 j= N> M N M N M N°'M
where H, is the Hermite polynomial of order ¢. Note that the self-similarity and the
stationarity of the increments of the fractional Brownian sheet (Propositions 4.1 and
4.2) imply that

a,B a,B a.p a.f 2 -2 -2
E(WEY o =W =Wy + WP ) =N M,
N N N oM N M

which explains the appearance of the factor N*M# in (6.34): with this factor the
random variable N"‘Mﬁ(W — W“ b weP ; Tt W?’ﬂj) has L2-norm
N

+1 ) i AL r+l A
™ ™ M
equal to 1.

We will use the notation

;a1 4 a1
Ai = L,l+ and A, j= i Li =Ai x AJ,
N N N N M M

fori € {0,...,N—1}, je€{0,...,M — 1}. In principle Ai = Ai'"") depends on N
but we will omit the superscript N to simplify the notation. With this notation we
can write

o, B a,B a,p a,p
W W -wil o+ we s =h(; j
D

=11(1ai, ;) = HAaixaj)-

Here, and in the sequel, I, indicates the multiple integral of order n > 1 with re-
spect to the fractional Brownian sheet W*#. Since for any deterministic function
h € H*P (H*P represents the canonical Hilbert space associated with the fractional
Brownian sheet, see Sect. 4.1) with norm one we have

1
H, (11 (h)) = alq(h&l)v

we derive

VNM—— N“"Mﬁql 1®lq ).

2; ety )
We want to study the limit of the (suitably normalized) sequence Vy a as
N, M — oo. Since this normalization depends on the choice of o and 8, we will

normalize it with a function ¢ (o, 8, N, M).
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Let us define

Vo = —(p(a B.N, M)ZZI 1®l_‘1L T M]). (6.35)
i1 j=1 N°N MM

By arenormalization of the sequence Vi s we understand a function ¢(a, 8, N, M)

fulfilling the property E\~/]\2, M N Moo 1.

It turns out that the limit of the sequence VN, M 1is either Gaussian, or a Her-
mite random variable, which is the value at time (1, 1) of a two-parameter Hermite
process.

In the case when VN, M converges to a Gaussian random variable, our proof will
be based on Stein’s bound given in Theorem 5.1. Throughout d will denote one of
the distances mentioned in Theorem 5.1. We will also assume that g > 2 because for
q =1 we have H; = x and then Vy_j is Gaussian; this case is trivial. As in the pre-
vious chapters, our argumentation has the following structure. We first compute the
Malliavin derivative (with respect to the fractional Brownian sheet weB) DVN, M
and we compute its norm in the space H*#. We will get

DVy.y = 1),¢<a B.N. M)ZZL, |

i=1j=1
and
N—-1 M-1

1
=G nE@ s N M) x S S (Laiy O Laij Oy ges

i,i’=0j,j'=0

)
IDVN,ml7ap

x g1 (1315 ) 11 (1377).

The product formula for multiple integrals (C.4) reads

0 0315 = S 0.1 e

®q—1—p 5 4®q—1—p
X[24—2—2P(1A11 ®1A1 ! )’

where C(f = (q;l) forq >2,p<q—1and f®g denotes the symmetrization
of the function f ® g. Hence, we have

- 1 2
IDVN mllgas = @ —p W BN D)

(g

N—-1 M-1 g-1

x Z Z Z(lm,j('),lAi’,j/(')ﬁtJr%]ﬂp!

i,i'=0j,j'=0 p=0

x (Cq 1) Iy 217(162?/1 p®16§7 ,1 p)'



6.4 Hermite Variations of the Fractional Brownian Sheet 237

Let us isolate the term p = ¢ — 1 in the above expression. In this case 2g — 2 —
2p =0 and this term gives the expectation of || DV ”3{% 'E

- 1 2
IDVN Mg = (q_—l)!z(w(a,ﬁ,N,M)) (6.36)
N—1 M—1 g2 .
Z > Z1A,-,,-<-),1Ai/,,-/<->)§’;.ﬂp!(cq ) hg-2-2p
'=0,j'=0p=0
1- 1-
x (1af; @137 ")
1 5 N—-1 M-1
+ oy (P BN D) DD NI INHION ICH10) I
q ’ i,i'=0j,j'=0
=T +T. (6.37)

The term 7> is a deterministic term which is equal to E|| DVN, M ||%_[a1 e

With the correct choice of normalization we will show that 75 converges to g as
N, M goes to infinity and 77 converges to zero in the L? sense. Using Theorem 5.1
we will prove the convergence to a standard normal random variable of \7N, m and
we give bounds for the speed of convergence. The distinction between the two cases
(when the limit is normal and when the limit is non-Gaussian) will be made by the
term T7: it converges to zero if ¢ <1 — ﬁ orf<1-— i, while for o, 8 > 1 — E
this term converges to a constant.

Let us first discuss the normalization ¢(«, 8, N, M) and the convergence of 75.
Given two sequences of real numbers (a,),>1 and (b,),>1, recall that we write

ay b, for sup,, | IZ”{ < 00.

Lemma 6.7 Let y in (0, 1) and g be an integer with q > 2. We set
1
W@y=5W+4F%+u—uW—2mWy z€eZ.

We have:
(DUO<y<1—%JMn

N-1

; 2yq—1 q9 _—
Jim NOTUR DA dai)g, = D ry @7 =tsy,
i,i’=0 rez
and N9~ 0N (i ain)gy, — 5y | ANTH 4 N2y =20

ﬁDUy:l—EJMn

N—1

. —1 p72g—2

Jim Tog(N) ™' N2 ‘Zo(lm,lm’)(q]{y=2(
1,1'=

(2g - D=\ _
Y
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and|10g(N) IN2=2 N (ais 1ai)E,, — 1| Slog(N) 7L
@Gii) Ify >1— Z’ then

N-1

: - y1Qy — 1)1
lim N%472 (Api, Ip02, = =Ky,
N=ee iiZ=:o T (rg—q+D@yg—2q+ 1)
and |[N%4~ 22”_ (Aais 1ai)3,, — 10y | S N2T17274

Proof The first two claims can be found respectively in [127, p. 102] and [39,
pp. 491-492]. For the third part we define fy := N7~! ZN 11;@,? sy Then fn

is a Cauchy sequence in (H?)®¢ with limit f and ||f||(HV)®q = k. For the rate of
convergence we have

1N ey yea = 1F Weryea = WfN = Gy ea + 2000 = £o e
<IN = F ez + 208 = Fggryed 1 1Ty -
(HY) (HY) (HY)

The reader should refer to [39, Proposition 3.1] for the details and to get that the
order is O (N?4~172v4) (a direct argument as in the proof of the next lemma can be
also employed). O

We also state the following estimates which have been obtained respectively in
[127, pp. 102, 104] and in [39, pp. 491-492].

Lemma 6.8 Ler y in (0,1). We let q, p,a,b be integers such that: g > 2, p €
{0,...,g —2}anda+b=qg —1— p. We have:

0 If0<y<1—%,then

N-—1
_ +1 +1 b
N2 N (ai 1)y aks Loy (Lais ak)yy (Lair Tak sy
i,i’ k,k'=0

x (Mairs ak)sy (Mairs 1ok )ssn
AN~ N2 NPraT2atL
.. 1
() Ify=1- 2% then

N-1

1 1
D (Mai dain)hy aks Ta) 5 (Lais 1ak)y (Lairs Law sy
i,i’k,k'=0

N4q—4
log(N)?

< (1air, a5y (Lairs 1ak )y
Jlog(N) ™!
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1
@Gi) Ify >1-— 2% then

N—-1
— 1 1
N4 (an dar) 5y ek Tae) 5 (Lais 1ae)ys Qairs Lar) g
i,i’,k,k'=0
X (1 airs lAk)'@ S UNTS N
1.

Proof The first point is proved in [127, pp. 102, 105]. Point (ii) is proved in [39,
pp- 491-492]. The proofs follows the lines of Sect. 6.2. The last case can be treated
in the following way. The quantity (1a;, 1a;/)7» is equivalent to a constant times
N~2Y|i —i’|*’~2 and the sum appearing in (iii) is then equivalent to

Nia—4 y—4rq NZ_I ]i _ l.,|(2y—2)([7+1)’k _ k/’(2y—2)(p+1)
ii’ k,k'=0

x i — k|(2y—2)a|l~/ _ k/|(2y—2)b|l-/ _ k|(2y—2)6|i _ k/|(2)/—2)d

— N IS N72q(2y72)|i _ i/|(2y—2)(p+l)|k _ k/|(2y—2>(p+1>
ii’ k,k'=0
X |i — k|(2y—2)a‘i/ _ k/’(ZV—2)h|l-/ _ k|(2}/—2)6|i _ k/|(27/—2)d

for N large enough and this is a Riemann sum which converges to a constant. [

N.M

Lemma 6.9 Let T be as in (6.37). Then g~ ' T» = 1 for the following choices

of ¢:

(1) ole. f. N, M) = \%Nwil/zMW*l/z, f0<a,B<1-— ﬁ and ¢\ T —
1 <N~ 4 N2ae=2q+1 | pp=1 4 pg2aB—2q+1,

@) g, f, N, M) = [N M9 log M) ™12, if 0 <o < 1= p=1—L
and ¢~ 'T» —1 AN~ 4 N2ae—2q+1 4 (logM)*l;

(3) oo, B, N, M) = \/%Nq_l(logN)—l/zMQ—l(logM)—l/z, fa=p=1- %
and g~'T» — 1< (log N)~! + (log M)~ !;

@ gle.p.N. M) = \/%Naq_l/qu_l, f0<a<l1-— %’ B>1-— % and
q—1T2 —-1d N~ 4 N—2q0+2q—1 +M—2q/3+261—1;

©) ¢l f, N, M) = %Nq_l(IOgN)_l/qu_l, f0<a=1-— ﬁ’ B>1-— ﬁ
and g~'T, — 1< (log N)~! + M—24b+2a—1,
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©) g, B, N,M)= /-1 SN Lppa—1 ifa>1—2—,ﬁ>1 —andq I, —
1< N —2qa+2q—1 + M 2qﬂ+2q 1’
where s., L. and k. are as defined in Lemma 6.7.
Proof Using the properties of the scalar product in Hilbert spaces we have
1 N—1 M-1
Ty= ——— (¢ B.N. M)’ x DY (1A O ai O s

—1)
(g D! i,i’=0j,j’=0

1
= (q - ((/)(ot B. N, M) <Z 1Ai (), lAi’('))z.ta)

i,i’=0
M—1
x ( PIRIINION INZC)H )

J.J'=0

The result then follows from Lemma 6.7. O

Remark 6.8 As mentioned above, T» = E|| DVN, M |l34e.p . On the other hand, we also
have

qTr ZEV]%,,M.

Indeed, this is true because for every multiple integral F' = I,(f), it holds that
EF?= qE||DF||§{a,,3.

6.4.1 The Central Limit Case

We will prove that for every «, 8 € (0, D2\ (1 - iq 11— ﬁ)z a Central Limit The-

orem holds, where VN, m was defined in (6.35). Using Stein’s method we also give
the Berry-Esséen bounds for this convergence. The reader may compare the below
result with Theorem 6.1.

Theorem 6.6 (Central Limits) Let VN, m be defined by (6.35). For every (a, B) €
(0, 1)2, we denote by Ca,p @ generic positive constant which depends on a, B, g and
on the distance d and which is independent of N and M. We have:

M o<, B<1-— i, then VN,M converges in law to a standard normal rv. N

with normalization ¢o(a, B, N, M) = /ﬁN“"‘l/zM“q_l/z. In addition

d(Vy. s N) < cq pV/N=1 4 N2¢=2 4 N22g=2q+1 4 pg—1 4 y2B=2 4 M2Bg—2q+1,

Q) If0<a<1-—- i and B=1— ﬁ, then VN,M converges in law to a stan-

dard normal rv. N with normalization ¢(a, 8, N, M) = /&N‘w_qu_1
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(log M)~'/2. In addition

d(Vn.u, N) < ca,ﬁ\/N_l + N2a=2 4 N2aq=2q+1 4 (Jog M)~ L.

Q3) Ifbotha=p=1-— ﬁ then VN, M converges in law to a standard normal r.v. N'

with normalization (o, B, N, M) = /%NW1 (log N)~12 M9~ log M)~1/2.
In addition

d(VN,M,N) < Ca,,a\/logN*1 +logM—1.

@ fa<l1-— and B>1—5_,then VN M converges in law to a standard normal

rv. N with normallzanon (p(a, B, N, M) = /me 12pa=1 | In addition

d(Vn., N) < cqpy/ N=1+ N22=2 4 N2Ba=2a+1 4 pg2Ba=2+1,

O fa=1-— 2 and B >1— 2—, then VN M converges in law to a standard normal

rv. N with normalization ¢(a, B, N, M) = /qu 1(logN) 12pma-1 In
addition

d(Vy.u.N) < Ca,ﬁ\/log(N)_l + M2Ba—2q+1,
Proof Recall that
”D‘;N,M”'ZHaﬂ =:T1+ T,

where the summands 77 and 7, are given as in (6.37). We apply Lemma 6.9 to see
that 1 — ¢~ 75 converges to zero as N, M goes to infinity.

Let us show that 77 converges to zero in L?(£2). We use the orthogonality of the
iterated integrals to compute

N-1

(@ p.N. M) Z
ko k

i’

ET} =

M -

Z Z Py’
1.0,6'=0 p=0

x (C2_ ) 1ai 0, 1A,-/,,,~f(-));’;,ﬂmk,e(o, 1Ak/,y<-));’;,1,g

x B[220y (1315 P@liﬁ?‘f”)bﬁw(1?2;“”@1?@‘/*")]

ﬁ(*"(“ﬂ”) Z Z ZW

i,i’k,k'=0j,j’,£,0'=0 p=0

1
(q — 1)!4(

ii =0j

Y (/0 k(| INHTOR VWRTO)hart) IWRTON INRI0 ) ot

®q1p ®q1p ®q—1-p 5 1®q—1-p
x (2g =2 =2p)1,]; TP &1,] DA el V3o
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Now, let us discuss the tensorized terms. We use the fact that

®q—1-p 54®q—1-p ®q—1-p =5 1 Qq—1—p
<1Ai,j ®1Ai/,j’ ’lAk,K ®1Ak‘€/ )?—La-ﬂ

b
= Z (Lai s Yak,e)g g0 Laijs Lok 0)9as
a+b=g—1—p;c+d=g—1—p

d
X (Lair,jrs Lak,0Yqgop Lait js YAk 0)5pup

= > (Lais 1a)3e (Lajs Laedys
a+b=q—1—p;c+d=g—1—p

x (1, 1Ak’>177.[ot (1), 1AK’>177_L;3 (Lairs 1) e (Lajrs Iae)ys

x (Lair oo (Laj Lae)g s

(we recall that 14; := 1[ i+l ]). Therefore we finally have
N

=

1 =
ETY = (ot .V, M>)4I§(C£1)4<p!>2

x > an(p,a,a,b,c,d)by(p, B, a,b,c,d),
a+b=q—1-p;ct+d=q—1-p

with

N-1
an(p,a,a,bye,d) =Y (Iais Iak)ge (1ais 1ar g
i,i',k,k'=0

 (Lait, 1ak)5ga (Lairs Lar) 3o
X (Lai, 1Ai’)§.[+al (1ak, lAk’)g_,ngl

and by (p, B, a, b, c,d) similarly defined. We apply Lemma 6.8 to the terms ay and
by to conclude the convergence of T to zero. Hence, E[(1 —¢ ™! || DVy i ”%.[a,ﬁ)z] =

g 2E[|T1|*1+ (1 — ¢~ 'T»)? which converges to zero for @ < 1 — ﬁ orp<1-—si.

2q
The bounds on the rate of convergence are given by Lemmas 6.8 and 6.9. Using
Theorem 5.1, the conclusion of the theorem follows. O

The fact that the term 77 converges to zero is the essential difference between the
situations treated in the above theorem and the non-central limit case proved in the
next section.
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6.4.2 The Non-Central Limit Theorem

We will assume throughout this section that the Hurst parameters «, 8 satisfy

1
1 , 1——.
>o, B> 2

We will study the limit of the sequence VN, M given by the formula (6.35) with the
renormalization factor ¢ from Lemma 6.9, point (6). Let us denote by hy u the
kernel of the random variable Viy 3y which is an element of the gth Wiener chaos,
i.e.

N—1M-1
hyy = —(p(oz B, N, M) 1®,‘f ,

We will prove that (Ay )N m>1 is a Cauchy sequence in the Hilbert space
(H*P)®4 . Using relation (4.2), we obtain

(hn.Ms hN M) (gepya

1 !/ !/
= W(p(aa ﬂvNa M)(p(avﬁsN 7M)

N—1N'—1 i+l i'+1

o q
X (a(Za — 1))q Z Z </ // lu — v|2"‘_2dudv>
i=0 i'=0 \Y W v
Tyt :
(,3(2,3 — 1) Z Z (/ f_, lu — vlzﬁ_zdudv>
j=0 j=1 Vi Yir

and this converges to (see also [39] or [181])

Cg(d,ﬂ)%(d@(x—l)) (B2 —1)? //|u 0|24 dydv

1 pl
X [ f lu — v| %24 qydv,
0 Jo

where ¢z («, B) =

/3

or@ ﬁ)i(a(za —1D)Y(B@2B — 1)) :
’ q!2 (¢g —q+1D)Qug —2g+1)

1 1
“Ba-q+D2Bg—2q+1) q
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It follows that the sequence /s is Cauchy in the Hilbert space (H*#)®4 and
as N, M — oo it has a limit in (H%#)®¢ denoted by ;'?). In the same way, the
sequence

[(N=Dt][(M=1)s]

hm(t,s) = —¢(aﬂNM) Z Z 15

il I+l
v Xl w

ZI‘

is Cauchy in (H*#)® for every fixed s, ¢ and it has a limit in this Hilbert space

which will be denoted by ,u(q) Notice that ©@ = @ (1,1) and that £ is a
normalized uniform measure on the set ([0, ¢] x [0, s])?.

Definition 6.1 We define the Hermite sheet process of order ¢ and with Hurst pa-
rameters «, B € (0, 1), denoted by (Zt(f]s))s,te[o,l], by

WP .= 7O — 1, (1)), vs,1e10,1].
The previous computations lead to the following theorem.

Theorem 6.7 Let \ﬂ/N, M be given by (6.35) with the function ¢ defined in Lemma 6.9,
point (6). Consider the Hermite sheet introduced in Definition 6.1. Then for g > 2

lim E[|Vyy —ZI*]=
N,M— oo
where Z .= ZY,’]).

PVOOf Note that %EH‘;N,M - Z|2] = ”hN,M”%fHa,ﬂ)@)q + ”/‘L(q)"?g_[oc.ﬁ)@q -
2(hn .M, M(Q))(Ha,/s)@q. The computations at the beginning of this section complete
the proof. g

Remark 6.9 As we will see below, the Hermite sheet from Definition 6.1 has the
same properties as the process defined in Sect. 4.2. These two processes should
coincide in the sense of finite dimensional distributions but a proof has not been
provided. For the one-parameter case, such a result has been proven in [148].

Let us prove below some basic properties of the Hermite sheet.

Proposition 6.4 Let us consider the Hermite sheet (Zs(f],))s,,e[o, 1] from Defini-
tion 6.1. We have the following:

(a) The covariance of the Hermite sheet is given by
EZ(q)Z(q) R R
uo = Ryga—1)+1(5, W Ry(p—1)+1(, v).

Consequently, it has the same covariance as the fractional Brownian sheet with
Hurst parameters g(a — 1) + 1 and g(B — 1) + 1.
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(b) The Hermite process is self-similarin the following sense: for every c,d > 0, the
process

Z(q) (Z(q))cs,dt

has the same law as cq("‘_l)Hd‘](ﬁ_l)HZg,).
(c) The Hermite process has stationary increments in the sense of Definition A.S.
(d) The paths are Hélder continuous of order (o,B') with 0 < o
<aand0 < B < B.

Proof Let f be an arbitrary function in (%*#)®4. It follows that

<hN,M(l‘, s), f>(7.[a,ﬂ)®q

[(N=Dt] [(M—1)s]

1
1/2 1 1 ®
oo NS S U i o

[ L L
N N M M
=a(@)?a(B)ic(a, B)~ 1/2 N‘I Tpa=!

[((N=Ds] [(M—1)s]
X Z Z \/[\0 I d-xl"'dquyl"'dyqf((xlvyl)v-“v(xquq))
q

i=0 j=0

g/

]qdal---daqf[_  db---db,

i+1 JoJ+l
o 1

N

q
2002 2-2
jax = xi2* 7 [ T 1be — e
k=1

N l t S
M= w@)a(B) e a, /3)_1/2—/ da/ dbf dx, - -dx,dy, - dy,
q' Jo 0 [0.1724

2~

=

~
I
MR

q q
< F(Gr oy Ggy)) [ [la = P2 ] 1o = w72

k=1 k=1

(q

By applying the above formula for f =, ) » and using the fact that

E(Z(q)z(q)) q! (ngt)’ Mfﬁ?))ma pyor>

we prove assertion (a).
Concerning (b), let us denote by

[((N=Dt][(M-D]s

HNMas)——w(aﬂNM)Z > (7
NN

i=0 Jj=0

z
=

Ix[

<~
i
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We know that
N,M—
Hen am(t,s) ——— 7\%) (6.38)
in L2(£2) for every s, r € [0, 1]. But

o (a, B2 [(N=D)t] [(M—1)s] .
B h= 7 La®
N () = N == () = go JZ:(:) o g )
1
HN M(t S)M—)Z(q). (639)

= (o1—0=aq(g)I=(0—-Pxy

Point (b) then follows easily from (6.38) and (6.39).

Point (c) is a consequence of the fact that the fractional Brownian sheet has sta-
tionary increments in the sense of Definition A.5 while point (d) can easily be proved
by using the Kolmogorov continuity criterion together with points (b) and (c) above
(see also Sect. 4, pp. 35-36 in [12]).

O

6.5 Bibliographical Notes

The Hermite variations, although related to the historical limit theorems by [41, 67,
82, 167, 168], started to be systematically studied after the publications of the papers
[137, 138, 142] and [127]. This is because the Hermite polynomials fit well into the
Malliavin calculus context. Some important references on the Hermite variations for
fractional Brownian motion are [127, 133, 134]. These variations have in turn been
applied to other Gaussian processes (bifractional Brownian motion, subfractional
Brownian motion, moving averages [1, 37, 182] etc.) or to multiparameter processes
([40, 152]). The Hsu-Robbins and Spitzer theorems for fBm are proven in [176].

6.6 Exercises

Exercise 6.1 Find the constants ¢ 4,5, 2,4, 1, €3,q,# in Theorem 6.1.
Exercise 6.2 Prove point (iii) in Theorem 6.1.

Exercise 6.3 The process (Z;);c7 is said to be a white noise with zero mean and
variance o2, written

(Z)) ~WN(0,07),
if and only if {Z,;} has zero mean and covariance function y (h) = E(Z;1,Z;), h €
N, defined by
2 .
o ifh=0
v = {o if i #£0.
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If {Z,} ~ WN(0, 0?) then we say that {X;} is a moving average (MA(c0)) of
{Z,} if there exists a sequence {1y} with Z?io || < oo such that

o
thzl/szf*j’ t=0,+1,42,.... (6.40)
j=0

Prove that the (MA(00)) process defined by (6.40) is stationary with mean zero
and covariance function

y(®R) =0 Vv (6.41)
Jj=0

Exercise 6.4 ([127]) Give the rate of the convergences in Theorem 6.1.

Hint Follow the proofs in Sect. 6.2.

Exercise 6.5 ([78]) Let (Z,(H))te[(),]] be a Rosenblatt process with self-similarity
index H € (%, 1) and define its cubic variation by

N=1, (Z%) — z(Dy3
i

i+l

1 i+l
3N _ N _
VAN = .§0<—E(Z(.Hl)—Z(.H))3 1). (6.42)
i= it i
N

Let L be the kernel of the Rosenblatt process

LI, y2) == Li(y1, y2)

t H' H'
=d(H)l[O,t]()’l)l[(),z](yZ)/ (u, y1) (u, y2)du
yivy, ou ou
with
 OHA+1 1 H \Z
H :=— and d(H):=
2 H4+1\22H —-1)

and with K the standard kernel defined in (1.4) appearing in the Wiener integral
representation of the fBm. For=1,..., N set

fin=L8 L.
N

N

1. Prove that for any symmetric function f € L2([O, 1]2),

L) =I((f®) ® f) +8L((f&f) ®1 f) +4L((f ®1 ) ® f)
+120L((f& 1) @2 f) +16L((f ®1 ) ®1 f)
+2(f Pzqoapy 2O +8((F @1 1) 2o
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2.

Lol

Deduce that
(Iz(fi,zv))3 =8(fi,n ®1 fin) ®2 fin + 12(gi,N) +41a(hi N)
+ I6((fin®fin) ® fin) (6.43)
with
gin =21finl72fin + 12(fin® fin) ®2 fin + 16(fin ®1 fin) ®1 fin
(6.44)
and
hin =2(fin®fin) ®1 fin + fin ® (fin ®1 fin) = hi% +hiy. (6.45)
Prove that g; y € L*([0, 11*) and h; y € L([0, 1]%).

Deduce the Wiener chaos expansion of (6.42).

. Prove that

E(N'""HV3N)? —— C(H) (6.46)

N—o0
where C(H) := C(H)®Cy(H) with
Co(H) = (9+36C"(H)HQ2H — 1)+ 144[C'(H)H(2H — 1)]")
and

C'(H) :/ \ v — v2|2H/_2|U2 — v3|2H/_2dv1dv2dv3.
[0,1]

Prove that the renormalized cubic variation statistics based on the Rosen-
blatt process N'=H V3N with V3V given by (6.42) converges in L2(£2)
as N — oo to the Rosenblatt random variable D(H )Z{H) where D(H) =
C(H)™'(3+24d(H)*a(H)*C'(H)).

Exercise 6.6 Consider the sequences (6.7) where

o0
Xy = oi(Wyri = Wai_1),
i=1

with W a Brownian motion on the whole real line, o; € R, o; = ci™P, B e (%, 1)
and ) 2, a? = 1. Recall that under the condition ¢ > (28 — 1)~!, Zy converges in
law towards Z ~ AN (0, 1) and the rate of convergence is given in Theorem 6.2.

Define

1
fie) =3 S P(ISx|>eN)

N>1

and
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ZIOEDY %P(mm > gNTHatat),

N>1
Prove that when g > 2;6;—1’
slio—lo 2o & =2
and when g < 2ﬂ+1 then
1
"o (s) fate) = 1+4-pq

Hint Follow the proof of Theorem 6.2.

Exercise 6.7 Let the notation in Exercise 6.6 prevail and define

gi(e)=Y_ P(ISy|>eN)

N>1

and

g(e) = Z P(|Sy| > eN—2Patat2),
N>1

Prove that when g > 2;—_1 >
hn})( e)’g1(e) =1 =E(Z?)

and when g < 2/3;—1 then

1 N S
i 2) 7 gate) = B[ 20T

e—0

Exercise 6.8 ([40]) Let VN, m be given by (6.35) with the function ¢ defined in
Lemma 6.9, point (6). Show that

2g—1-2ga 2g—1-2g8
M 2

~ q
dry(VNm,Z) <cN =
where dry denotes the total variation distance.
Hint Use Theorem 5.6.

Exercise 6.9 Prove that for ¢ = 2 the process defined in Definition 6.1 coincides
with the Hermite process of order ¢ = 2 and self-similarity index (g(o — 1) +
1,q(B — 1) + 1) (recall Definition A.4).

Hint Use formula (3.16).



Appendix A
Self-similar Processes with Self-similarity:
Basic Properties

The first paper to give a rigorous mathematical analysis of self-similar processes
is [106]. There are several monographs (see e.g. [75, 160]) that the reader can con-
sult in order to build a more complete picture of self-similarity and related topics.

A.1 One-Parameter Self-similar Processes
Let us define the concept of self-similarity.

Definition A.1 A stochastic process (X;);>o is called self-similar if there exists a
real number H > 0 such that for any ¢ > 0 the processes (X;);>0 and (cHX,),Z()
have the same finite dimensional distributions.

Remark A.1 A self-similar process satisfies Xy = 0 almost surely.

Definition A.2 A stochastic process (X);>0 is said to be with stationary increments
if for any A > O the distribution of the process

(Xt4n — Xn)e=0

does not depend on k.

The self-similar processes with stationary increments all have the same covari-
ance.

Theorem A.1 Let (X;);>0 be a non-trivial H-self-similar process with stationary
increments such that EX % < 00. Then

1
EX, X, = 5EX%(;ZH + 52— | —5?H).
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Proof Lets <t. Writing
1
X, X, = E(th + X2 - (X: — X)?)

we get
1
EX, X, = E(X’Z + X2 -EX7Z))
1
= EEx%(zz” + 52— —s?H). O

Functions of the moments of a self-similar process with stationary increments
can yield information concerning the self-similarity index.

Proposition A.1 Let (X;);>0 be a non-trivial H-self-similar process with station-
ary increments. Then

(1) IfE|X | <oo,then 0 < H < 1.
(i) IfE|X1| <oocand H =1 then

X),‘:[Xl a.s.
(iii) IfE|X(|% < o0 for some a < 1 then H < é

Proposition A.2 Let (X;);>0 be a non-trivial H-self-similar process with station-
ary increments such that EX% < 00. Define, for any integer n > 1

r(n) =E(X1(Xns1 — Xn)).
Then,ifH#%,asn—)OO
r(n) ~ HQH — Hn*2EX?,

Proof From Proposition A.1,

r(n) = %EX%((n + D+ (n— 1) —2n?H)

and it suffices to study the asymptotic behavior of the sequence on the right-hand
side above when n — oo. O

Remark A.2 1f H = § then r(n) =0 for any n > 1.

Definition A.3 We say that a process X exhibits long-range dependence (or it is a
long-memory process) if
IR

n>0

where r(n) = E(X| — X0)(Xn4+1 — X5). Otherwise, if
Y <o
n>0

we say that X is a short-memory process.
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From Proposition A.2 and Definition A.3 we conclude that if (X;);>¢ is a non-
trivial H -self-similar process with stationary increments and with EX % < oo then

X is with long-range dependence for H > % and with short-memory if H < %

A.2 Multiparameter Self-similar Processes

We first introduce the concept of self-similarity and stationary increments for two-
parameters processes.

Definition A.4 A two-parameter stochastic process (X ;L)(S”)ET’ T C R2, is self-
similar with order (e, ) if for any £, k > 0 the process (X, /)(s,.)er defined as
X1 o= h”‘kﬂX%,i, (s,0)eT

has the same finite dimensional distributions as the process X.

Definition A.5 A process (X, ;)(s,r)er With I C R2 s said to be stationary if for

every integer n > 1 and (s;, ;) € 1,1, j =1, ..., n, the distribution of the random
vector

(Xsts1,0401> Xstsp,t4t2> - -+ » Xstsy, t41,)
does not depends on (s, t), where s, >0, (s +s;,t +t;))el,i=1,...,n.

We will say that a two-parameter stochastic process (X, ;) s ;er2 has stationary
increments if for every &, k > 0 the process

(Xrqnstk — Xo sk — Xegns + Xz,s)(s,t)e]R2

is stationary.

So, a two-parameter stochastic process has stationary increments if its rectan-
gular increments are stationary. The concept can be extended to multiparameter
stochastic processes.

Definition A.6 A stochastic process (X¢)ter, Where T C R4, is called self-similar
with self-similarity grder a=(a,...,aq) > 0if forany h = (hy,..., hg) > 0 the
stochastic process (Xt)ter given by
Xe=h"Xe=h" - h%'X 1y y
L I
has the same law as the process X.

Let us recall the notion of the increment of a d-parameter process X on a rect-

angle [s,t] C RY, s = (51,...,8q0),t=(t1,...,1t3), with s < t. This increment is
denoted by AX|s ¢ and it is given by
AXisg= Y (D2 Xy, (A1)

ref0,1)4
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When d = 1 one obtains AX[s¢ = X; — X while for d =2 one gets AX[s ¢ =
Xt],tz - th,sz - XS],tz + X‘Yl,sz-

Definition A.7 A process (X¢, t e R9) has stationary increments if for every h > 0,
h € R? the stochastic processes (AX[o,¢,t € R4) and (AXntt) t € R9) have the
same finite dimensional distributions.



Appendix B
The Kolmogorov Continuity Theorem

This result is used to obtain the continuity of sample paths of stochastic processes.

Theorem B.1 Consider a stochastic process (X;);er where T C R is a compact
set. Suppose that there exist constants p,C > 0 and B > 1 such that for every
s,teT

E|X; — X,|? <C|t — s|P.
Then X has a continuous modification X. Moreover forevery) <y <

E( |)~(t_is|>p
sup — | <oo.

s,teT;s#t [t —s|¥

=1
p

In particular X admits a modification which is Holder continuous of any order
a e (0,221,
p

There exists a two-parameter version of the Kolmogorov continuity theorem (see
e.g. [12]).

Theorem B.2 Let (X )s.ceT be a two-parameter process, vanishing on the axis,
with T a compact subset of R. Suppose that there exist constants C, p > 0 and
x,y > 1 such that

E|Xs+h,t+k - Xs+h,t - Xs,t—&—k + Xs,tlp < Chxky

forevery h,k >0 and for every s,t € T suchthats+h,t+k € T.Then X admits a
continuous modlﬁcanon X. Moreover X has Holder continuous paths of any orders
x' €0, % ]) y' € (0, y—1) in the followzng sense: for every w € §2, there exists a

C, > Osuch thatforeveryas t,s',t'eT
| Xs,t (@) = Xs,0(@) = X1 (@) + Xy o (@)] = Colt —1'|[s =]
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Appendix C
Multiple Wiener Integrals and Malliavin
Derivatives

Here we describe the elements from the Malliavin calculus that we need in the
monograph. As mentioned, we give only a flavor of the Malliavin calculus, the basic
tools necessary to follow the exposition in Part II of the monograph. Consider a
real separable Hilbert space H and (B(¢), ¢ € H) an isonormal Gaussian process
on a probability space (£2, A, P), which is a centered Gaussian family of random
variables such that E(B(¢)B(¥)) = (¢, ). Denote by I,, the multiple stochastic
integrals with respect to B (see [136]). This I, is actually an isometry between
the Hilbert space H®"(symmetric tensor product) equipped with the scaled norm
\/L; Il - ll¢en and the Wiener chaos of order n which is defined as the closed linear
span of the random variables H,(B(¢)) where ¢ € H, |l¢|ly = 1 and H, is the
Hermite polynomial of degree n > 1

_1\n 2 n 2
H,(x) = ( nl‘) exp(%)din (exp(—%)), x eR.

The isometry of multiple integrals can be written as: for m, n positive integers,

E(I.(f)In(9) =n!{f, §)yen ifm=n,
E(L()1n(9) =0 ifm#n.

(C.1)

We also have

I, (f ) =1, n(f )
where f denotes the symmetrization of f defined by fxi, ..., xp) =
11 Loes, L Go)y, o Xam).
We recall that any square integrable random variable which is measurable with
respect to the o -algebra generated by B can be expanded into an orthogonal sum of
multiple stochastic integrals

F=Y"IL(f) (C2)
n>0
where f, € HO" are (uniquely determined) symmetric functions and Iy(fp) =

E[F].
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Let L be the Ornstein-Uhlenbeck operator

LF == nly(fx)

n>0

where F' is given by (C.2) such that Zzozl n2n|| fu ||%{®,l < 00.
For p > 1 and o € R we introduce the Sobolev-Watanabe space D*? as the
closure of the set of polynomial random variables with respect to the norm

1Fllap = (1 = DF)E] o,

where I represents the identity. We denote by D the Malliavin derivative operator
that acts on smooth functions of the form F = g(B(¢y), ..., B(p,)) (g is a smooth
function with compact supportand ¢; e H,i =1,...,n)

n
9
i=1

The operator D is continuous from D*? into D17 (7{). What is important for the
reader of this monograph is how the Malliavin derivative acts on the Wiener chaos.
Actually, if F = I,(f) with f € H®" then

DoF =nl 1 (f(.e) (C3)

for every o > 0, where - represents n — 1 variables. Also, the pseudo-inverse of L
satisfies (—L) 7' I, (f) = L1, (f) if n > 1.

We will need the general formula for calculating products of Wiener chaos in-
tegrals of any orders p,q for any symmetric integrands f € H®? and g € H®Y;
itis

pAg
L) = r! (’: ) (Z)1p+q_2r(f ®r 8) (C4)

r=0

as given for instance in [136, Proposition 1.1.3]; for example, if H is the space
L%([0, TT"), then the contraction f ®, g is the element of H®P+t4=2") defined by

(f ®( g)(sl9 e 9S}1—€7t17 e 7tm—€)

= f(slv"'vsn—{fsuli"'iul)
[0,T]m+”’2€

xg(tl,...,tm_g,ul,...,ug)dul-~-dug. (C.5)

We will need the following bound for the tail probabilities of multiple Wiener-Itd
integrals (see [116], Theorem 4.1)

P(|In(f)‘>u)§cexp<<_7w>;> (C.6)

forallu > 0,n > 1, with o = || f |l .20, 1})-
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