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Introduction

Let v be the standard normal measure and L?(R, B, v) be the space of functions f such
that E(f(N)?) < oo, where N ~ A(0,1). It is well known that the Hermite polynomials
can be used to form an orthonormal basis for L?(R, B, v). We can generalize and extend
this idea to the space of square integrable random variables, L?(2, F,P), which we will
decompose into orthogonal subspaces, known as the Wiener chaoses. In particular, for
every ' € L?(Q, F,P), we have the Wiener-Itd expansion

F= ZIq<fq)7

q=0

where 1,(f,) is in the gth Wiener chaos, but is also a Wiener-It6 integral. In fact, it turns
out that all elements of the Wiener chaos are such integrals.

Originally developed by Wiener [Wie38| and It6 [[t051], the concept of the Wiener
chaos allows us to use Gaussian analysis in the study of non-Gaussian phenomena. In
particular, the main topic of this text is limit theorems on the Wiener chaos. Unlike the
setting of the classical central limit theorem, we deal with the convergence of random
variables that are generally neither independent nor identically distributed. The limits
are Gaussian in some cases, but not always.

In 2005, Nualart and Peccati [NP05] proved a remarkable result which is now known as
the fourth moment theorem. Suppose that (I,(f,))n>1 is a sequence of random variables
on the gth Wiener chaos with E(I,(f,)?) — 1 as n — oo, Nualart and Peccati showed
that the convergence in distribution of (1,(f,))n>1 to a standard normal random variable
is equivalent to the fourth moment condition E(7,(f,)*) — 3 as n — oc.

Later, Nourdin and Peccati [NP09] provided an alternative proof by combining Malli-
avin calculus with Stein’s method, which has the advantage of being able to derive explicit
distance bounds and rates of convergence. Their idea for proving limit theorems can be
understood heuristically. Stein’s method is used to write the total variation distance
between a random variable F,, and a standard normal random variable N in terms of
differential operators

drv(Fy, N) = sup [E(f'(F,) — E(Ff(F))].
JECL(R)

Then this distance can be computed using formulas for Malliavin calculus and bounded.

Finally, F, < Nis proved by showing that the bound for drv(F,,, N) converges to 0.

The aim of this text is to develop the theory underlying the fourth moment theorem.
We will make the above argument rigorous. We also discuss some applications of this
theory to limit theorems for partial sum processes and parameter estimation for Hermite
processes.



2 INTRODUCTION

The first two chapters are used to develop the tools that we will use throughout the
text. In Chapter 1, the Wiener chaos is shown to be the subspaces in an orthogonal direct
sum decomposition of L?(Q2, F,P). We will show that the elements of the Wiener chaos
are Wiener-Ito integrals and derive some of their properties.

In Chapter 2, we introduce Malliavin calculus, an infinite-dimensional differential
calculus for functions of Gaussian processes. The three Malliavin operators, including a
derivative for random variables, are developed.

Chapter 3 introduces the total variation distance between probability measures. Stein’s
method and Malliavin calculus is combined to prove the fourth moment theorem in both
the univariate and multivariate context.

The final two chapters can be viewed as applications of the techniques and limit
theorems derived in the first three chapters. In Chapter 4, we study the limit of the
partial sum processes of (f(X,,))nez, where (X,,)nez is a stationary Gaussian process and
f R — R is a measurable function. It is well known that the limiting process must be
self-similar with stationary increments. Furthermore, the limit depends on the covariance
structure of the process (f(X,))nez. In the case where it exhibits short range dependence,
we use a corollary of the fourth moment theorem to give a modern proof of the Breuer-
Major theorem [BM83], showing that the limiting process is Brownian motion. But in
the case of long range dependence, the limit is a Hermite process, which is non-Gaussian.

In Chapter 5, we further explore the Hermite process, which turns out to be a Wiener-
[to integral and a generalization of fractional Brownian motion with Hurst parameter
H > 1/2 and the Rosenblatt process. In particular, following the work of Chronopoulou,
Tudor and Veins [CTV11, TV09], the limit of the leading term in the Wiener It6 expansion
for the quadratic variation is used to show that an estimator of the Hurst parameter of
a Hermite process converges to a Rosenblatt distribution.



Chapter 1

Wiener Chaos

In this chapter, we introduce the Wiener chaos which are orthogonal subspaces in the
decomposition of the space of square integrable random variables. This lays the foun-
dation for the theory developed in later sections. The elements of the Wiener chaos are
our primary object of study and we show that they coincide with Wiener-Ito integrals.
We also derive some useful properties of Wiener-Ito integrals and their connection with
Hermite polynomials.

The main references for this chapter are Nualart [Nua06], Nourdin and Peccati [NP12],
and Janson [Jan97].

1.1 Isonormal Gaussian Processes

Let H be a real separable Hilbert space.

Definition 1.1.1. A stochastic process W = (W (f))nes defined on the probability space
(2, G, P) is called an isonormal Gaussian process indexed by #, if W(f) are centered
Gaussian random variables and E(W (f)W (g)) = (f, g)y, for all f,g € H.

Isonormal Gaussian processes originated from the work of R.M. Dudley [Dud67] and
they are a generalization of Gaussian measures and allow us to bring Hilbert space tech-
niques into the theory. They will be useful in later sections, for example, in constructing
the Wiener-Ito integrals and defining Malliavin operators.

Let F = o(X) be the sigma field generated by W. We will denote the space of square
integrable random variables measurable with respect to F by L*(Q) := L*(Q2, F,P). An
isonormal Gaussian process W is a closed subspace of L*(£2). Since Gaussian processes
are determined by their mean and covariance functions, the random variables in W are
characterized by
E(W(f)) =

2
Var(W(f)) HfHH,
Cov(W(f),W(9)) = (f,9)s

for all f,g € H. Also, the linear map f +— W(f) is an isometry from H onto W.
The next proposition shows that given a real separable Hilbert space H, it is always
possible to construct an isonormal Gaussian process indexed by H.

Proposition 1.1.2. Let H be a real separable Hilbert space, then there exists an isonormal
Gaussian process indexed by H.



4 CHAPTER 1. WIENER CHAOS

Proof. Let (Z;)ien be a sequence of independent and identically distributed standard
Gaussian random variables on a probability space (€2,G,P) and let (e;);eny be an or-
thonormal basis for 1. We will show that W = (W(f)) e is an isonormal Gaussian
process indexed by H, where

=Y (fre)y Z

=0
Note that Parseval’s identity says > .-, (f;, el) = HfHH < o0. So for n > m, using
orthogonality, we have
n m 2 n
Sy Zi = ey Zif| = > (frey =0
=0 =0 H i=m+1

asn, m — co. Therefore, the partial sum sequence > (f, ;)4 Z; is Cauchy in L*(Q, G, P)

and W (f) is convergent.
By construction, W (f) is a centered Gaussian random variables for all f € H. Using
orthogonality, the covariance is

E(W(f)W(g)) = (ZZ Freia (9, € ZZ>

i=0 j=0

[ e o]

Z ga€1>

= ([, 9)%

for all f, g € H, where the last equality is a basic property of orthonormal bases. O

[en]

We now provide some examples of isonormal Gaussian processes.

Example 1.1.3. Consider the probability space (R, B(R),v), where v is the standard
Gaussian probability measure, defined for all A € B(R) by

1 e
A) :/Ame > dt. (1.1.1)

Let H = R and set (W(f))(z) = fx forall f € H. Then W = (W(f)) fe is an isonormal
Gaussian process with W (f) ~ N(0, f?) and Cov(W (f),W(g)) = fg.

Example 1.1.4. Consider the isonormal Gaussian process W indexed by H = L*(R, B(R),

where p is the Lebesgue measure. For all ¢ > 0, let B, :== W (1jy4). Then we have

E((Btl - BSl)(Btz - BS2)) = <1[S1,t1]> 1[82,t2}>7{ = M([Slﬂtl] N [52? t2]) =0

for all 0 < s; < t; < s9 < to. Thus, (B;):>o has independent increments.
We also have

Var(B,) = |[1oa 5, = t

This implies that (B;);>o has stationary increments as By — By ~ N(0,t — s), for all
0 < s < t. Furthermore, E((B,— B;)*) = 3(t—s)?, s0 (B;);>0 also satisfies the Kolmogorov
continuity criterion, implying that there exists an almost surely continuous version of B;.
Finally, By = 0 almost surely. So there is a version of (B;);>o that is Brownian motion.

1),
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1.2 Hermite Polynomials

In this section, we will introduce the Hermite polynomials, which will play a key role
throughout the rest of this thesis.

Definition 1.2.1. Let ¢ € N. The ¢gth Hermite polynomial is defined as

o) = (1 (5 ) T (<5 ).

for xr € R. We set Hy = 1.

The first few Hermite polynomials are

Hi(x) ==,
HQ(QZ) = $2 — 1,
Hs(z) = 2° — 3z.

The following lemma represents Hermite polynomials as the coefficient of a generating
function, which will be useful to prove further results about these polynomials.

Lemma 1.2.2. For all x,t € R, we have

£ — 1
exp (ta: — 5) = Z — Hy(x).

q=0 T

Proof. Since exp (—(z — t)?/2) is a symmetric function of ¢ and =,

o oy
ot4 2 ox4 2 ’

for all ,¢+ € R. Thus, the Taylor series expansion of exp((z — t)?/2) as a function of ¢
can be written as

o (57) -5 o (57)

q=0
. 07 22

_ Y1\ _z

= q!( 1) ot exp( 2).

Now multiplying both sides by exp(x?/2) and using the definition of the Hermite poly-
nomial gives the desired result. O]

t=0

We now give some basic properties of Hermite polynomials.
Proposition 1.2.3. Let p,q € N and H, be the qth Hermite polynomial.

(i) The sequence (H,/\/q!)4en is an orthonormal basis for L*(R, B(R),v), where v is
the standard Gaussian measure defined in (1.1.1).
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(ii) All functions f € L*(R, B(R),v) have an orthogonal expansion given by

[= Z athp
q=0

_ / " (@) Hy() do(z).

(i4) For all ¢ > 1, we have H,(r) = qHy1(x).

where

() For all ¢ > 1, we have Hyq(v) = xH,(x) — qH,—1 (7).

(v) Let X, Y ~ N(0,1) with covariance E(XY) = p, then

BUH, (X)Hy () = {0, Lo

Proof. (i) Using Lemma 1.2.2, we have

exp <<s + ) — 52;t2) _ i 28y () Hy ().

|
p,q=0 Pq

Now integrating both sides with respect to v gives

Sptq / H,(2)H,(2) dv(z).

ola!
Py OPQ

By comparing the coefficients of st on both sides, we have (H,, H,) L2RBR)Y) = = 0 when
p # ¢, otherwise (H,, H )LQ(R BR)w) = p!?. This proves that (H,/v/q!)4en is an orthonor-
mal set.

It remains to show that the span (H,/v/q!)en is dense in L?(R, B(R), v). Since H, is
a polynomial of degree g, the span {Hy, ..., H,} =span{l,z,..., 2%}, so this reduces to
showing that the span of (z%),¢y is dense in L*(R, B(R), v), which is true (see Proposition
1.1.5 in [NP12]). Therefore, (H,/v/q!)4en is an orthonormal basis for L*(R, B(R), v).

(ii) This is an immediate corollary of (i).

(ili) Using Lemma 1.2.2 and differentiating with respect to x, we have

o0

> o

|
q0q

. t2 =
H o(T) =texp (ta: - E) = Zqu_l(x).

q=1
The result follows by applying the derivative 07/0t? at t = 0 to both sides.
(iv) Using Lemma 1.2.2 and differentiating with respect to ¢, we have

o0

t° t
Z H ii(z) = (z —t)exp <tac — 5) = Z —xH

0 q=0 q=1

[e.9]

The result follows by applying the derivative 07/0t? at t = 0 to both sides.
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(v) The moment generating function for (X,Y) is E(esXt1) = (8 +205141%)/2  Uging
this fact we have

2 12 2 42
E <€Xp (SX — %) exp (tY - 5)) = exp <_5 ;L ) B(esX+Y)

=> S . (1.2.1)

On the other hand, using Lemma 1.2.2

E (exp <3X - %) exp (tY - —)) Z Z ZPZ X)H,(Y)). (1.2.2)

p=0 ¢=0

Now applying the derivative 9P77/(9sP0t?) at s =t = 0 to (1.2.1) and (1.2.2) gives
the desired result. O

We will also state the following obvious fact because it will be used a few times in the
following sections.

Lemma 1.2.4. For all ¢ € N, there exists constants ¢, € R, r =0,...,q such that

q
x? = E o H
r=0

Proof. Starting with the ¢th Hermite polynomial, H,, we can subtract c,_1H,_1, for some
¢q-1 € R to cancel the 297! term, and so on. O

1.3 Wiener Chaos Decomposition

We refer the reader to Appendix B for properties of direct sums and tensor products of
Hilbert spaces, which will be used throughout this section.

We saw in the previous section that Hermite polynomials can be used to construct an
orthonormal basis for L?(R, B(R),v) and that every f € L*(R, B(R),v) has an orthog-
onal expansion in Hermite polynomials. Our aim in introducing the Wiener chaos is to
generalize and extend this idea to the space of square integrable random variables L?(€2).

Recall that # is a real separable Hilbert space and W = (W (f))ex is an isonormal
Gaussian process indexed by H.

Definition 1.3.1. Let ¢ € N. The ¢gth Wiener chaos of W, denoted by H,, is the
closed subspace of L?(Q) spanned by {H, (W (f))|f € H,||fll;; = 1}. We set Ho =R

The elements of the Wiener chaos and their properties will be the main object of study.
The concept of the Wiener chaos was originally introduced using polynomial chaos by
Wiener [Wie38] to study statistical mechanics, who also provided the first proof of the
Wiener chaos decomposition in the below theorem. A modern proof of this result can
be found in Nourdin [NP12]. The proceeding theorem expresses L?(§2) as an orthogonal
direct sum of Hilbert spaces, the definition of this concept can be found in Section B.3.
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Theorem 1.3.2 (Wiener Chaos Decomposition). The space L*(2) has the orthogonal
direct sum decomposition

L*(Q) = é?—[q.

q=0

Proof. By Proposition 1.2.3 (v), H, is orthogonal to H, for all p # ¢. Now recalling
Definition B.3.1, it remains to show that the span of { H,(W(f))|q € N, f € H,| f|l,, = 1}
is dense in L?(2).

Suppose that F' € L*(Q) such that E(FH,(W(f))) = 0 for all ¢ € N, f € H with
| fll;; = 1, then by Proposition B.2.2, it suffices to prove that F' = 0 almost surely.

We can write 7 as a linear combination of Hermite polynomials, so E(FW (f)?) =0
for all ¢ € N, f € H with || f||;, = 1, which implies that

E(Fe™Y)) =0 (1.3.1)

for all f € H. Now fix n > 1, let eq,...,e, be elements from an orthonormal basis of
H, and let F, be the o-field generated by W (e;) for j < n. Using the law of iterated
expectation, followed by the linearity of f — W(f) and (1.3.1), we have

E( (F | Fp) exp(ZtWej>) (Fexp(ZtWej>):O (1.3.2)

for all t1,...,t, € R. There exists a measurable function ¢ : R” — R such that
E(F|F.) = ¢(W(e1),...,W(e,)) because E(F'| F,,) is measurable with respect to F,.
Let

(w1, ... x,) = @(x1,...,2,) €xXp (—%Zx?) .
j=1

The Fourier transform of v is

R 1 n . n
Wty ... ty) n/2/ o(xq,...,T,)€Xp <—§Zx?> exp (@thx]) dxy...dx
j=1 j=1

where the last equality follows from (1.3.2) and noting that the integration in (1.3.2) is
respect to a standard multivariate Gaussian measure. Since the @ = 0, we have that
¢ =0 and E(F | F,) = 0 almost surely for all n > 1, which implies that E(F'| F) = 0,
where F is generated by the o-fields F,,, n > 1. Since F' is F-measurable, we conclude
that F' = E(F'| F) = 0 almost surely. O

Due to Proposition B.3.2, the Wiener chaos decomposition implies that all F' € L*(Q)
has an orthogonal expansion in the form

F:in,

q=0

where Fj, € H, so that F, is orthogonal to F, for all p # a. Also, Fy = E(F).
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1.4 The Wiener-I1to Integral

In 1951 Ito [It051] introduced what are now known as Wiener-I1t6 integrals. While the
Wiener chaos was introduce earlier and was not defined in terms of these integrals, it turns
out that the elements of the Wiener chaos are Wiener-Ito integrals. In this section, we
develop the theory of these integrals in a similar fashion to Lebesgue integration, starting
on a set of elementary functions and then extending the definition using denseness, we
also derive some elementary properties that will be extended in Section 1.5.

Throughout this section we will work exclusively in the Hilbert space H = L*(T, B, i),
where (T, B, i) is a measure space and p is a o-finite and nonatomic measure.

Let W be an isonormal Gaussian process indexed by H. For all A € B, define
W(A) := W(1y), then W(A) ~ N (0, u(A)) because Var(W(A)) = ||1A||§{ = u(A). The
process G = {W(A)| A € B, u(A) < oo} is called Gaussian white noise or a Gaussian
random measure.

Recall from Proposition B.4.10 that the gth tensor power of H, denoted by H®4,
is isomorphic to L*(T9, B4, u?). We will define the Wiener-Ito integral with respect to
Gaussian white noise, GG, for functions f € H®? as a linear operator

I, : H® — LX)

which will sometimes be denoted by

I,(f) = f(te, ... ty) dW (ty)...dW(t,).

T4
Note that this notation is not interpreted as the the Ito integral of f. Indeed, such an Ito
integral is not defined since the iterated integral forms a nonadapted stochastic process.
The key to avoiding this problem is to use off-diagonal simple functions as the elementary
functions in the definition of the Wiener-1t6 integral.

Definition 1.4.1. A simple function on 79 of the form

Fltroote) = > iy la, xena,, (B 1) (1.4.1)

1eyig=1

is called an off-diagonal simple function if A;... A, € {4 € B|u(A) < oo} are
disjoint and a;,.;, = 0 when i, = i, for some r # s.

Off-diagonal simple functions are just simple functions that vanish on D := {(¢1,...,%,) €
T?|t; =t; for some i = j}, set of diagonals of 7. Note that as with any simple function,
it is always possible to choose Ai,..., A, in a way that partitions 7. We will assume
that all off-diagonal simple functions are in this form.

For all off-diagonal simple functions, f, given by (1.4.1), define the Wiener-1t6 integral
of f as

L) = D> an.i,W(A,). . . W(A,).

i1eyig=1

This integral is well-defined and satisfies some basic properties given below. Here, f
is the symmetrization of f, defined in (B.4.1). The symmetrization transforms a function
to a symmetric function, that is a function that is invariant under permutations of its
arguments.
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Proposition 1.4.2. Let H = L*(T,B, ). For all p,q > 1, if f € H® and g € H®? are
off-diagonal simple functions, then:

(1) The operator I, is linear.
(ii) I,(f) = I,(]).
(i) E(1,(f)) = 0.

0 ifp#q
Af, Puea ifp=q.

Proof. To show (i), note that for all off-diagonal simple functions, f,g, defined on the
partitions of T, {A;}}., and {B;},, respectively, we can write both f, g as off-diagonal
simple functions on the partition fo 7" formed by the set A; N B;. Then, (i) follows from
the linearity of f — W(f).

Next, we prove (ii). If f =14, x..x4,, , then its symmetrization is given by

(i) E(L,(f)14(9)) = {

~ 1
f = a Z 1Ai1><"'><Aiq (tia(l)7 T 7tid(<1))

0€S,

1
- a Z 1A%<1) XX Ay s (th - ,tq).

T 0EeS,

Then

L) = % SO WAL, WAL,

0€ES,

where each of the ¢! summands are equal to W (A4;,)...W(4;,), so

L(f) =W(Ay) ... W(A;,) = L(f).

As every off-diagonal simple function can be written as a linear combination of the indi-
cator functions f, then (ii) follows from (i).

Using the facts that W is an isonormal Gaussian process and {A;}" ; is a partition of
T, we have E(W (A4;, )W (A;,)) = (A;,NA;,) =0, forall r # s. Thus, W(A,;,),...,W(A;)
are mutually independent and

B(W(A;) ... W(Ai,)) = E(W(A;)) ... E(W(A,,)) = 0,

So for any off-diagonal simple function, f, we have E(I,(f)) = 0, which proves (iii).
Finally, we prove (iv). First, we will deal with the p = ¢ case. Let f,g € H®? be
off-diagonal simple functions of the form given by (1.4.1). As in the proof of (i), we can
assume without loss of generality that f,g are both defined on the partition {A;}" .
Furthermore, we can assume that f, g are symmetric functions due to (ii), so that

f(t17~--7tq> = Z a’h.“iqlAilX---XAiq(tlu-"7tq)7

11 5yig=1

g(tl,...,tq) = Z bi1...iq1Az‘1><~~><Aiq(t17'">tq)7
i1 i
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and b =b

where a;,. 4, = iy i1.ig ) for all permutations o € S;. Then,

1)+ (q) lo(1)la(g

LH=LH=qd > a.,WA,). . WA, (1.4.2)

1<y <-<ig<n

and a similar result holds for g. By independence shown in the proof of (iii), we have
that

= (A7) ... u(A,). (1.4.3)

E(L,(f)1,(9) = E<IQ(f)IQ(§))

1<iy<-<ig<n

q' Z bil...qu(Ah) T W(Alq)

1< < <ig<n

=pl? Z ail...iqbil...iq,u(Ah) - ~M(Az‘q)

1<i1<<ig<n
= p'(f? 27/>'H®‘1'

In the case where p # ¢, forall 1 < ¢4 < -+ <4, <nand 1 < ¢ < --- <
Jq < n, the fact that the sets {A;}}, are disjoint implies that when we get the term
E(W(A4;,)..W(A;, )W (A;,)W(A,,)), in the above calculation we can factor out at least
one term E(W(A,)) = 0. Hence, I,(f)I,(g) = 0. O

As a result of Proposition 1.4.2 (iii), we can always assume without loss of generality
that f € H®? is a symmetric function, so that f € H®? the gth symmetric tensor power
of H (see Definition B.4.6). By Proposition B.4.10, H®? is isomorphic to L?(T?, B?, u9),
the subspace of symmetric functions in L?(T%, B, u9).

To extend this Wiener-Ito integral to all f € H®?, we show that the set of off-diagonal
simple functions are dense using the fact the p is a nonatomic measure. The following
lemma is from Kuo [Kuo06].

Lemma 1.4.3. Let H = L*(T,B,p). Let f € H®, then there exists a sequence of
off-diagonal simple functions (fn)n>1 such that || fn — fllee = 0 as n — oo.

Proof. Let f € H®? and Ds := {t € T ||t —d|| < 0 for all d € D}, where D is the
diagonal of T™. Since pu is a nonatomic measure, for all € > 0, there exists a § > 0 such
that

Frdut < <.
Ds 2

On D§ = T™\ Dy, there also exist simple functions f., such that

[ =g <,
D§
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Now § and f. can be chosen such that f. vanished on Dj, so that it is an off-diagonal
simple function, and so that the above two equations imply

||f - fE“Q?d:u <€
T4

Taking a sequence of € approaching 0 gives the required approximating sequence f, =
fe. O

Let g € H® be an off-diagonal simple function. Using the orthogonality property in
Proposition 1.4.2 (iv) and the triangle inequality

12(9) 17200y = ! 191300 < atll9ll3e0 -

Now let f € H®4. By Lemma, 1.4.3, there exists a sequence of off-diagonal simple functions
(fn)n>o that converges to f in H®9. Using linearity and the above inequality, ||I,(fn) —
L(fo)ll < @l fu = full = 0 as ny,m — 00. So (I,(fn))n>1 is a Cauchy sequence in L?().
Since this space is complete, the limit of the sequence exists.

Definition 1.4.4. Let H = L*(T,B,u). For all f € H® we define the Wiener-It6
integral of order ¢ by

L,(f) = lim I,(fn),

n—o0

where (f,)n>1 is a sequence of off-diagonal simple functions such that || f, — fl/;;ec — 0
as n — 00.

Using the denseness of the off-diagonal simple functions, the properties of Wiener Ito
integrals listed in Proposition 1.4.2 can be extended to any f € H®9.

Proposition 1.4.5. Let H = L*(T, B, ). The conclusions of Proposition 1.4.2 hold for
all f € H®P and g € H®1.

Next, we will show a product formula for Wiener-Ito integrals. In the theorems below,
f ®, g is the rth contraction of f € H®” and g € H®? defined by

(f ®T g)(tl, e 7tp+q—2r) = f(tl, PN ,tp_r, S1ye.ey Sr)
TT‘
Gttty tprg2r, S1, - -5 Sp) dp(s1) - .. du(sy).

See Appendix B.5 for more details. The following lemma will be used to derive the
product formula and the proofs are based on [Nua06].

Lemma 1.4.6. Let H = L*(T,B,pn). If ¢ > 1 and f € H®, then
(/) 1(g) = L (f ® g) + pLp-1(f @1 9).
Proof. See [Nua06]. O

Theorem 1.4.7 (Product formula). Let H = L*(T,B, ). If p,q > 1, f € H®P? and
g € H®1, then

L =5 () (D haats 500

r=0
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Proof. See [Nua06]. O

There are several alternative proofs of the product formula, all of which are quite in-
volved. For example, see Proposition 6.4.1 in [PT11] which uses combinatorial properties
of Wiener-It6 integrals or Theorem 2.7.10 in [NP12] which uses Malliavin calculus.

The product formula will often be used to compute the square of Wiener-Ito integrals
in later chapters.

Corollary 1.4.8. Let H = L*(T,B,pn). If ¢ > 1 and f € H®, then

q—1 2
LR =+ X (7) £ 00
r=0

Proof. Since Iy is the identity map for constants, Io(f ®, f) = I, (¢! HfH?L[@q) = ¢! Hf||3{®q.
Then the result follows from Theorem 1.4.7. [

We end this section with a fundamental result that relates Wiener-1to integrals to
Hermite polynomials and shows that these integrals are an isomorphism from the qth
symmetric tensor power of H onto the gth Wiener chaos. From Appendix B.4, recall that
the inner product on H*? is ¢! (-,-);s, and the gth tensor power in our setting is given
by f®U(t1,...,t;) = f(t1)... f(t,) (see Proposition B.4.10).

Theorem 1.4.9. Let H = L*(T,B, ). Let W be an isonormal Gaussian process indezed
by H, then for all ¢ > 1 and f € H with || f||;, = 1, we have

H,(W(f)) = I,(f*), (1.4.4)

where ¥ is the qth tensor power of f. Moreover, I, : H®? — H, is an isomorphism.

Proof. Observe that for all ¢ > 1,
(f®q ®1 f)(tl, cee atq—l) = f(tl) ce f(tq—l)f<3)2 d,U(S) = f®q_1<t1, ce >tq—1)a (145)
T2

where f € H such that Hf||3{

We will prove (1.4.4) by induction. In the case when ¢ = 1, W(f) = L(f). As-
sume that (1.4.4) holds for ¢. Using Lemma 1.4.6, followed by (1.4.5) and the induction
hypothesis, we have

Lt (F277) = L(FPD)N(f) — qlg (f57 @1 f)
= H,(W(W(f) — aHe—1(W(f))
= ‘H‘l(W(f))a

where we used Proposition 1.2.3 (iv) in the last equality. This completes the proof of
(1.4.4).

To prove the second statement, it suffices to show that I, is an isometry and onto.
Proposition 1.4.2 (iv) and Proposition 1.4.5 gives us the isometry property E(1,(f)1,(g)) =
(f,9)3oq, for all f,g € H®? . It also implies that I,(g) is orthogonal to I,(f*?) =
H,(W(f)),forallp #q, f € Hwith || f|,, = 1and g € H®?. Since {H,(W(f))|f € H, | flly =1}
generates H,, I,(H®?) is orthogonal to #H, for all p # ¢q. Therefore, by Theorem 1.3.2,
I,(H®P) CH,.

Conversely, let F' € H,. Then F is the L? limit of linear combinations of functions of
the form Hy(W(f)) = I,(f®?), where f € H with || f|,, = 1. However, by the isometry
property, E(I,(f)?) = ||f||3{@q, so that I,(H“?) is closed under taking linear combination
and limits and F' € I,(H®?). Thus, H, C I,(H®?). O
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1.5 Relation Between Wiener-I1t6 Integrals and the
Wiener Chaos

Let (e;);en be an orthonormal basis for the underlying Hilbert space H. We will now find
a orthonormal basis for the gth Wiener chaos.

Definition 1.5.1. An infinite sequence a = (ay,as,as,...), where a; € N and only a
finite number of elements are nonzero, is called a multi-index. We use the notation
la] := 32, a; and al := ]2, a;!. The set of all multi-indexes, a, such that |a| = ¢ will
be denoted by A,, and the set of all multi-indexes will be denoted by A.

Define the random variable
1 oo
E, = — H,,(Wi(e;)), 1.5.1
Ja L1 Ha V) (15.1)

where a is a multi-index. Note that this is actually a finite product as only finitely many
terms are different from 1. Moreover, this definition does not depend on the choice of
orthonormal basis in the sense that (W (e;));>1 will always be a sequence of independent
and identically distributed standard Gaussian random variables.

The following proof that (E,).c4, is a orthonormal basis of the gth Wiener chaos is
partly inspired by related proofs in [Nua09, Maj81].

Lemma 1.5.2. Let P, be the closure in L*() of the set
{p(W(e1),...,W(ey,))|p is a polynomial, degp < ¢, (e;)’.; € H orthonormal set} .

Then,

q
Pq - @ 7‘[1
i=0

Consequently, E, € H, when |a| = q.

Proof. Choose f € H with || f|],, = 1, and let (e;);en be an orthonormal basis for # with
e; = f. Let a,b be multi-indices with |a| = ¢ and |b| < r, where r < ¢, and define

By = wW(e)". (1.5.2)

E(E,F) = — H E (H,, (W (€)W (e:)") . (1.5.3)

Now note that there exists at least one ¢ > 1 such that b; < a;, and by Lemma 1.2.4, we
can write W (e;)% as a linear combination of Hermite polynomials with degree less than
or equal to b; and strictly less than a;. Therefore, using Proposition 1.2.3 (v) in (1.5.4)
gives

E(E,Fy) = 0. (1.5.4)
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We will now prove the first statement. It is obvious that @;_, H; € P,. In the
particular case where a is such that a; = ¢ and a; = 0 for all i # 1, (1.5.4) implies that
for all ¢ > r, Fy is orthogonal to H, (W (h)), so it is also orthogonal to H,. By definition,
the span of {F}||b] = r} is dense in P,, so if p € P,, then p is orthogonal to H, (W (h))
for all ¢ > r, thus P, C @;_, H..

We now prove the second statement. In the particular case where r = ¢ — 1 and «
is a multi-index with |a| = ¢, (1.5.4) implies that FE, is orthogonal to Fy. Using density
again, we have that E, is orthogonal to P,_;. But clearly, E, € P,. Then using (1.5.2),
we have E, € P,\P,-1 = H,. O

Theorem 1.5.3. The sequence (Ey)aca s an orthonormal basis of L*()). For all q € N,
(Ea)aca, 5 an orthonormal basis of H,.

Proof. Let a,b be multi-indices. Using Proposition 1.2.3 (v), we have

0 ifa#b
1 ifa=0.

B(EE) = [ \/1'_b'E (o, (W (e)) Hy, (W (7)) = {

This proves that the elements of (Eq).c4, are orthonormal. Now we need to show that
the span of (Ey)acu is dense in L*(Q2). Again, by Proposition B.2.2, it suffices to show
that if E(FE,) =0 for all a € A, then F' = 0 almost surely.

By taking a as the multi-index where a; = ¢ and 0 elsewhere, the assumption implies
that E(FH,(W(e;))) =0 for all ¢ € N and ¢ > 1. From this point, we can argue similarly
as the proof of Theorem 1.3.2 to show that F' = 0. This completes the proof of the first
statement.

Next, to show that (E,)sc4, is an orthonormal basis of H,, it only remains to show
that (E,)aca, is total. Fix ¢ € N. Since (E,)qeca is an orthonormal basis for L*(€2), we
have in particular that all ' € H, can be written as

F=) E(FE)E,= Y EFE)E,+ Y E(FE,)E,.
acA a€A\Aq acAy

By Lemma 1.5.2 and the orthogonality of the Wiener chaos, applying the projection onto
J, to the above equation yields

F =) E(FE,)E,.

ac€Aq
Therefore, Proposition B.2.2 says that (E,).c4 is total in #H,,. O

We are now in a position to show that the elements of the Wiener chaos are Wiener-It6
integrals. We will use the notation and concepts summarized in Appendix B.4.

Let H®? be the gth symmetric tensor product of H and a be a multi-index with
la| = ¢. Define the linear operator

I, HO — LX(Q),

by the map

(e () = %EHM(W(@))-
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By Proposition B.4.7 and Theorem 1.5.3, fq actually maps the orthonormal basis of H®?
onto the orthonormal basis of the gth Wiener chaos, H,. Therefore, I, has a continuous
linear extension that is a bounded operator and which is also a Hilbert space isomorphism
from H®? onto H,. This extension will continue to be denoted as I, and is known as a
Wiener-It6 integral or a multiple stochastic integral. B

The Wiener-Ito integral introduced in Section 1.4 is a special case of I;,. Note however,
that z] is a generalization of I, as it allows us to define the Wiener-Ito integral for any real
separable Hilbert space not necessarily an L?(T, B, i1). So after the proposition below, we
will denote them both as I, and the underlying Hilbert space will be assumed to be any
real separable Hilbert space H, unless otherwise stated.

Proposition 1.5.4. Suppose that H = L*(T, B, 1), where (T, B, 1) is a measure space
and p is a o-finite and nonatomic measure with orthonormal basis (e;)ien. Then for all
q € N, the Wiener Ité integral, I, from Definition 1.4.4 coincides with I,.

Proof. Firstly, we will compute the rth contraction of eX* and e?aj . For all 1 # j and
r=1,...,a; A\ a;, using the orthogonality of e; and e;, we have

ef @, e;@aj = e?“i_Te?aj_r (/ ei(s)ej(s) d,u(s)) =0.
T

But in the case when r = 0, the contraction reduces to the tensor product, e?“" ® e;@aj .

Therefore,

I, (e2) 1, <e§§aj> = Io,4a, (sym <ez®‘” ® ej?aj)> : (1.5.5)

because all the summands in the product formula from Theorem 1.4.7 vanish, except
when r = 0.
Using Theorem 1.4.9 and repeated applications of (1.5.5) gives

= I (e) = = T tufer™)

(i)

for all multi-indices a with |a| = ¢. Thus, we see that in the case where H = L*(T, B, ),
I, coincides with I, on an orthonormal basis, and by boundedness, on all of H,,. O

Most of the results about Wiener-Ito integrals in Section 1.4 are true for [, in the
general case where H is any real separable Hilbert space. Since, H is isomorphic to
L*(T,B, 1), we can use an isometry argument to extend the product formula. These
results are summarized the following proposition.

Proposition 1.5.5. Let H be any real separable Hilbert space. The conclusions of Propo-
sition 1.4.2 hold for all f € H®P and g € H®1. The conclusions of Theorem 1.4.7 hold
for all f € H®P and g € H®?, however the contraction, [ ®, g, is given by Definition
B.5.1. The conclusions of Theorem 1.4.9 hold for all f € H®1.

Thus, we can give a simple criterion for the convergence of Wiener-Ito integrals, I,(f,),
in terms of the convergence of f,.
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Proposition 1.5.6. Let ¢ > 1 and f, f, € H® for alln > 1. If || fn — fll3ea = 0, then
2(@)
Io(fn) — 14(f).

Proof. This immediately follows from the isometry property ||1,(fn) — I,( f)HiQ(Q) =

Now combining Theorem 1.5.4 with the Wiener chaos decomposition given in Theorem
1.3.2, we see that the elements of the Wiener chaos are Wiener-I1to integrals. Thus, all
F € L*(Q) have an expansion in Wiener-Ito integrals.

Theorem 1.5.7 (Wiener chaos expansion). For any random variable F' € L*(), for
all g € N, there exists f; € H®?, such that

F=>"1(f), (1.5.6)

q=0

where I(fo) = E(X). In particular, we can choose H = L*(T,B, ), where (T, B, )
is a measure space and [ s a o-finite and nonatomic measure, in which case f; is a
symmetric function in q variables that is square integrable with respect to .

In the next chapter, we will give an explicit formula that can be used to computer
the Wiener-Ito expansion in terms of Malliavin derivatives.
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Chapter 2

Malliavin Calculus

The origins of Malliavin calculus began in a paper by P. Malliavin [Mal76] in which he
used probabilistic techniques to prove conditions for the smoothness of solutions to a
stochastic differential equation, a result known as Hormander’s theorem. His method
used derivatives of random variables and an integration by parts formula. Since then,
the theory has been extensively developed, for example, see Malliavin [Mal97], Nualart
[Nua06], or Bogachev [Bogl10].

In brief, Malliavin calculus is an infinite-dimensional differential calculus with opera-
tors acting on functions of Gaussian processes. Since Malliavin calculus originated with
its applications to stochastic differential equations, we will see that there are many ana-
logues to the theory of partial differential equations on Sobolev spaces. Our interest in
Malliavin calculus is to study limit theorems on the Wiener chaos. We will prove these
limit theorems in Chapter 3, where the key insight is that Stein’s method allows us to
bound the distance between probability measures by use of differential operators, so that
Malliavin calculus can then be used to explicitly compute these bounds.

In this chapter, we will introduce the three Malliavin operators, the derivative, di-
vergence and Ornstein-Uhlenbeck operators. This chapter mostly follows [Nua06] and
[NP12].

2.1 Malliavin Derivative

Recall that W = (W (f)) fex is an isonormal Gaussian process indexed by a real separable
Hilbert space H. In this section, we will define the derivative for a class of smooth random
variables and outline some of its properties.

Let C°°(IR™) be the space of all infinitely differentiable functions of R". Let C3°(R")
denote the space of functions g € C*°(R") where g and all its partial derivatives have at
most polynomial growth. Similarly, if g and all its partial derivatives are bounded, it will
be denoted as C°(R™).

The condition that g € C3°(R") means that for all multi-indexes a, there exists
constants ¢, d, > 0 such that

< c(l+ |z[)

Hlal
‘ axag(I)

(see Definition 2.3.15 [Gra08]).

19
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Definition 2.1.1. A random variable F': ) — R" is smooth if it has the form

F=gW(fi),....,W(fa)),

where g € C°(R"), and fi,... f, € H. The set of smooth random variables is denoted
S. The set of F' where g € C;°(R") instead is denoted by S.

Lemma 2.1.2. The spaces S and S, are dense in L*(2).

Proof. The span of {H,(W(f))|q € N, f € H,||f|l,, = 1} is a subset of S, and dense in
L*(Q) due to the Wiener chaos decomposition in Theorem 1.3.2. Hence, S is also dense
in L*(Q).

The space of functions in C*°(R™) with compact support, C§°(R"), is a subset of
Ce°(R™). But since C5°(R™) is dense in L*(R") (see Exercise 2.2.5 in [Gra08]), Cg°(R™) N
L?*(R") is also dense. Then the second statement follows from the fact that we can use
Theorem 1.5.3 to estimate any F' € L*(2) by polynomial functions of W(f1),..., W (fn.),
where f1,..., f, € H. ]

We will begin by defining the derivative only for F' € §. This requires some basic
concepts about Hilbert space valued functions as outlined in Appendix B.1. The space
L*(Q — H) is the set of H-valued random variables, X, that are F-measurable such
that E(HX||3{) < oco. The inner product on this space is (X,Y) 2 3 = E((X,Y);).
We will see in Section 2.2 that in a particular case, a H-valued random variable can be
interpreted as a R-valued stochastic process.

Definition 2.1.3. The operator D : § — L*(Q2 — H) defined by

i=1 Oz;

DF =

(WS, - W) fis

is known as the Malliavin derivative.

We often write expressions such as (DF, f),,. Note that DF is not an element of H,
but DF(w) € H for all w € Q, so we should interpret (DF, f), : @ — R as a random
variable such that w — (DF(w), f) 5

The polynomial growth condition in Definition 2.1.1 ensure that for all ' € § and
f € H, all moments of F' and (DF, f),, are finite.

Example 2.1.4. Continuing on from Example 1.1.4, have Brownian motion written as
an isonormal Gaussian process B; := W (1j4). Then Dsin(B;) = cos(B;)1jy-

Clearly, the Malliavin derivative is a linear operator, although it is unbounded. How-
ever, it is possible to extend the domain of the derivative by showing that it is a closable
operator. It may also be helpful to review the definitions and properties about closed
and closable operators as listed in Appendix A.2. First, we need the following lemma.

Lemma 2.1.5 (Integration by parts). Let F' € S and f € H, then

E((DF, f)y) = E(FW([)).
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Proof. We have F = g(X), where ¢ € § and X := (W(f1),...,W(f,)) is a cen-
tered multivariate normal random variable with covariance matrix ». Using the spec-
tral decomposition ¥ = UDUT, we can write X = UDY?Z where Z is a vector of
n independent and identically distributed standard normal random variables. Thus,
F = g(UDY?Z) = h(Z), where h € 8. Since h(Z) = h(W(ey),...,W(ey)), for
some orthogonal set {ej,...,e,} € H, we can assume without loss of generality that
F=f(W(e),...,W(ey,)), where {ey,...,e,} CH is an orthonormal set and e; = f.
Now (W (ey),...,W(e,)) is a n dimensional standard normal distribution, so we have

=
S
=
=
T
!
&3
=
o
=
=
<
N

where the usual integration by parts formula has been used in the third line. O]

Proposition 2.1.6 (Closability). The Malliavin derivative D : S C LP(Q) — LP(Q —
H) is a closable operator.

Proof. 1t is clear from Definition 2.1.3 that the product rule for the partial derivative
implies that the Malliavin derivative also satisfies the product rule D(FG) = FDG+GDF
for all F,G € §. Combining this Lemma 2.1.5, we get the formula

E(G(DF, f)y) = —E(F (DG, f)y) + EW () FG), (2.1.1)

for all f € H.

We will use Proposition A.2.7 (ii) to show that D is closable. Suppose that (F,),>1 C
S is a sequence that converges to 0 in L?(Q) and (DF},),>; converges to some G €
L?(Q — H). Let He Sy and f € H.

The convergence of (DF,),>1 in L*(Q — H) means that E (| DF, — GHi) — 0 as
n — co. Then using the Cauchy-Schwarz inequality, E (|(DF, — G, f>H|2) —0asn —
oo, for all f € H. So we have that (DF,, h),, = (G, f),, and H (DF,, f),, — H (G, f)
in L?(Q)) as n — oo, since H is bounded. Then using Proposition A.3.2 yields

= lim —E(F, (DH, f),,) + E(W (f)F.H)
< Tim B(|F, )2 E(W(f)H — (DH, f)y,[)"/?

using Equation 2.1.1 followed by Holder’s inequality. Now W (f)H € L*(Q) since H is
bounded and (DH, f),, € L*() by, for example, the Cauchy-Schwarz inequality. Also,
F, — 0 in L*(Q) by Proposition A.3.3, therefore E(H (G, f),,) = 0 for all H € S, and
f € H. Hence, (G, f);; = 0 almost surely, in particular for all f = e;, where (e;);>1 is a
orthonormal basis for H. So G = 0 almost surely. O
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Since D is a closable operator, we can construct its closed extension. Using Proposition
A.2.5 (iii), the domain of the closed extension, denoted D' will be the closure of § with
respect to the norm

|FI2.2 = E(F) + E(|DFI3). (2.19)

and for all F,, € DY? converging to F' € L*(Q2) with DF,, converging in to some G €
L*(2 — H), we define DF = G. From now on, when we refer to the Malliavin derivative
we mean the the closed extension of the Malliavin derivative, which we will continue to
denote as D.

The Malliavin derivative satisfies a chain rule.

Proposition 2.1.7 (Chain rule). Let g : R — R be a continuously differentiable func-
tion with bounded partial derivatives and F € DY?, then D(g(F)) = ¢'(F)DF.

Proof. We will give a sketch of this proof, as a complete justification requires various
technical properties of approximate identities (see Section 1.2.4 in [Gra08]).
Let F € S, so we can write

F=fW(fi,..., fm)),

for some fi,..., fm € H, where f € C;°(R™). Let (¢c)es0 be an approximate identity,
then we can let g. := g * ¢. where g, is infinitely differentiable with bounded partial

2
derivatives and g, KN g. Now since g. o f,, € C;°(R™), using the usual chain rule we have

D(ge(F))

> 2 D, wisas

g.(F)DF.

Now since ¢’ has bounded derivatives and F' € S, we can apply the dominated conver-
gence theorem see that in the L?(Q2 — H) norm, ||(g/(F) — 9(F))DE| 23y — 0, as
€ — 0. So we have that g.(F) — g(F) in L*(Q) and ¢/(F)DF — ¢'(F)DF in L*(Q — H)
as € — 0. This proves the chain rule for F' € S.

To extend it to all I € DY2 we note since D is closed, there exists a sequence
(Fy.)n>1 C S such that F,, — F in L*(Q) and DF,, — DF in L*(Q — H) as n — oo. The
chain rule is satisfied for all F,, € S and it can be shown that ¢'(F,)DF,, — ¢'(F)DF
in L?(Q2 — H) as n — oo. Therefore, due to D being a closed operator, D(g(F)) =
¢ (F)DF. O

The next proposition shows that all Wiener-Ito integrals, I,(f) for f € H®9, are in
the domain of the Malliavin derivative D2, and we also provides a characterization for
D2,

Proposition 2.1.8. Let ¢ € N and H be a real separable Hilbert space. Suppose that
F € L*(Q) with Wiener-Ité expansion given by (1.5.6) and G € L*(Q) has a similar
expansion. Then:

(i) For all f € H?, I,(f) € DY
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(1) F € DY2 if and only if
E(|DFI3) = aq! | foll3e < oo
=1
(iii) If F,G € DY, then

E((DF,DG),, qu (f,9) e -

Proof. Since D is closed, Proposition A.2.5 (iii) says that F' € D"? is equivalent to (2.1.2)
being finite. As F is already in L*(), this reduces to the condition that E (HDFH%) < o0.

Recall the definition of E, from (1.5.1), where (e;);>; is an orthonormal basis for H.
Since E, € S, we can use Proposition 1.2.3 (iii) to compute the derivative

DE, = \/%jzﬂ iHa, 1 (W (ej))e;.

Next, note that sums and products over the elements of a multi-index are finite and
that E(h1(W(e;))ha(W(ej))) = E(hi(W(e;i))) E(he(W (e;))) because W(e;) and W (e, )
are independent. Thus, taking the L?(Q — H) norm gives

E(HDEaHi)za,ZaJHE a(W(e:))) E (Ha,1(W(e;)?))

1=
#J

= |al, (2.1.3)

where we have used Proposition 1.2.3 (v) at the second line.
Now let A7 := {a € A;j|a; =0 for all i >n}, F:=F, and

Fy:= Y E(I,(f)E.)Ea.

ac Ay

For a # b, the inner product E ((DEa, DEb)i) = 0, because we can use similar arguments
as above to see that in each product we have at least one term E (H,, (W (e;)) Hp, (W (e;))) =
0 since there is at least one ¢ > 1 such that a; # b;. Therefore, DFE, is orthogonal to DE,
in L2(Q — H) if a # b, so we have

E(IDE;, = ) EU *E(|IDE.l3,)

a€Ay

=dq Z E(IQ(f)Ea>2a (214)

ac Ay

where (2.1.3) is used at the last equality.
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Recall that I,(f) € Hq and (E,)qe, is a orthonormal basis for H, due to Proposition
1.5.3, so

1y ()l 2y = D BU4(f)Ea)* < o0 (2.1.5)

ac€Ay

Hence, by taking n — oo in (2.1.4), and noting that F,, — F in L*(), the fact that D
is closed implies that

=Y E(I,(f)E.)DE,. (2.1.6)

acAy

and E (IIDI,(F)I2) = ¢ 11,0l 0 < 00 Thus, I,(f) € D' for all f € Ho. Using the
orthogonality property for Wiener-Ito integrals, we also have

E (IIDL,(Hl3,) = aat 1f ll3e0 - (2.1.7)

Next, we prove (ii). Now let F' € L?(2) with Wiener chaos expansion given by (1.5.6)
and

Iy = Z[q(fq)-
q=0

Now since DE, and DE}, are orthogonal for a # b, it is clear from (2.1.6) that DI,(f)
and DI,(f) are orthogonal in L?(Q — H) when p # ¢, so we have

E(IDFull5) = > E(IDLf)5,) -
q=0
Now take n — oo, by using 2.1.7, noting that F,, — F in L?(2) and D is closed, we get

E(|DF|3,) = qu' 1fall3ea -

So F' € D2 if and only if the above expression is finite, which proves (ii).
Finally, we prove (iii). Define G,,,G € L*(Q) in a similar way as F. Then using
orthogonality again, we have

nAm

E(DFE,,GFn)y) = Z E (<qu(fq)= DIq(gq>>H) :

q=0

Now take n — oo and then m — oo. In (ii), we have shown that if F € D2 then
DF,, — DF in L*(Q) — H). Since F,G € D"? by assumption and strong convergence
implies weak convergence in L*(Q — H), the left hand side converges E((DF,GF),,).
On the other hand, it can be shown using the very similar arguments as in (2.1.4) and
(2.1.5) that E ((Z,(f), 14(9))4,) = g {f, 9)3¢, and so (iii) is established. O

Also, it is clear from the above proof that the derivative of I,(f) is an element of
H,—1 ® H. It is possible to write DI,(f) = ql,—1(f) for all H®?, which is done in, for
example, [NP12]. But in order to make sense of this, we would need to properly define
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I,—1(f). While we will not need to use this, further details can be found in [NP12]. In the
next section, we will see that it is quite simple to understand the DI,(f) in the case where
H = L*(T,B, i), where (T,B, 1) is a measure space and j is a o-finite and nonatomic
measure.

We finish this section with a brief discussion of higher order Malliavin derivatives,
which will appear only in Section 2.2 in a small role. Recall that the Malliavin derivative
is a linear operator D : D2 C L?(Q) — L*(2 — H). Since the domain and codomain are
different, in order to define the iterated derivative, we note that L*(Q — #) is isomorphic
to L*(Q2) ® H by Proposition B.4.9 (ii), and define the derivative on L*(Q) @ U, where U
is a real separable Hilbert space. Let

=1

EGS,UZ'EU}.

and note that set of all F' of this form is dense in the Hilbert space L*(2) @ U by
Proposition . Then we can define the Malliavin derivative on & by

DF:=> DF;®u, (2.1.8)
=1

and higher order derivatives inductively

D'F =) D'F®u
i=1
for all p > 1, where the derivative DPF; is defined inductively using (2.1.8) by replacing
U with H®P~! and F with DP~'F. Using a similar proof as Proposition 2.1.6, it can be
shown the derivative of order p has a closed extension

D DPI(U) C LUQ) U — LIQ — HEP) @ U,
for all p > 1,q € [1,00), where DP4(U) the closure of S with respect to the norm

p
1 Imaqy = ENFIZ) + DB (1F I eie) -

i=1
Note that DV?(R) = D'? and when the case when U = R, the derivative reduces to
earlier definition, we write D¢ instead of DP4(lf).

2.2 Malliavin Derivative for Gaussian White Noise

In this section, we consider the Malliavin derivative in the white noise case, that is when
the underlying Hilbert space is H = L*(T, B, ), where (T, B, ) is a measure space and
1 is a o-finite and nonatomic measure. We give explicit formulas for the derivative of
Wiener-Ito integrals in this case and Stroock’s formula for computing the Wiener-Ito
decomposition.

Let F € D2, By Proposition B.4.9, DF € L?(Q — H) is isomorphic to L*(Q x T).
Thus, Malliavin derivative maps the random variable F' into the stochastic process

DF :QxT —R
Let us define the notation f;(tl, cotgm) = fyltn, ot t).
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Proposition 2.2.1. Let H = L*(T,B,pn). Let F € L*(Q) with Wiener-Ité expansion
given by (1.5.6). If F € DY2, then DF = (D,F)er, where

DiF =3 qly(fy)
q=1

Proof. Let f, € H®? be an off-diagonal simple function and a symmetric function. We
will compute the derivative of

n

I,(f,) = Z e Z Wiy.ig W (Aiy) .. W(A;,),

=1 ig=1

where {A;}, is a partition of 7" and a;, ;, = 0 when i, = i, for some r # s.
Note that by I,(f,) € D"* by Proposition 2.1.8 (i), so we can apply the Malliavin
derivative which gives

q n
DtF: Z CL“ZQW(A“)].AZ](t)W(Azq)
F=1 it yeniq=1
= q]q—l(f;)'
Now the set of off-diagonal simple functions is dense L*(T, B, ;1), so using similar
arguments as Proposition 2.1.8, the result can be extended to all F' € D2, O

So the Malliavin derivative can be viewed as an inverse of integration in the sense
that the derivative of I,(f) is a Wiener-It6 of order ¢ — 1. The integrand, f; is treated a
function of ¢ — 1 in the integral, so that we do not integrate with respect to the variables
in the superscript.

Suppose that we can apply Malliavin derivative p times to F, that is I € DP2, then
the pth Malliavin derivative of I’ would be the stochastic process

DPF :Qx TP — R
(w,tl,...,tp)»—>Dfl

77777

Let D>? := () ., D??. The following result was first proved by Stroock in [Str87]
and can be used to Eompute the Wiener-Itd expansion of any random variable F' € D°2,
Note that in the formula below, E(D?F) is a function of ¢ variables and I, is integrates
with respect to these ¢ variables.

Theorem 2.2.2 (Stroock’s formula). Let F' € D>, then
- 1
F=EF)+) I, (E E(DqF)) .
q=1

Proof. Since F € D*? it is also in L?(2), so it has Wiener-It6 expansion given by (1.5.6).
When only need to compute the functions f, for ¢ > 1. Now applying Proposition 3.3 ¢
times we get

oo

-----
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Now take expectations of both sides using by Proposition 1.4.2 (iii), we have E(/,(f)) =0
for all ¢ # 0. Thus,

B(DY,..o,F) = aMo(£10) = alf 1"

since I is the identity map. O

Example 2.2.3. Continuing on from Example 1.1.4, we have Brownian motion written
as an isonormal Gaussian process B; := W (1). We will find the Wiener-It6 expansion
of F:= B}. First, compute the derivatives

Dy, (BY) = 3B{110,11(t1)
thth (Bf) - 6311[071]2<t1, tg)
‘Dl?l,tg,tg, (B%) = 61[071]3(t1? t27 t3)7

and all higher derivatives are zero. Applying Theorem 2.2.2 and noting that B; ~ N (0, 1),
we have

fi(t1) = 31j0,1(t1)
fa(ti,t2) =0
fa(t1,ta, t3) = Ly aps(tr, 2, t3).

Also, E(B}) = 0. Therefore, the Wiener-Ito expansion of F is

By =1 (31p1) + 5 (1) -

2.3 Divergence Operator and Ornstein-Uhlenbeck Op-
erator

Recall that S is dense in L?(2) by Lemma 2.1.2. Thus, Malliavin operator D : D? C
L*(Q2) — L*(Q2 — G) is densely defined and closed linear operator so that Proposition
A.2.9 can be used to define its adjoint.

Definition 2.3.1. Let ¢ : dom(d) C L*(Q2 — H) — L*(Q) be defined for u € dom(§) by
the duality property

E(F5(u)) = E((DF, u),,), (2.3.1)

for all F € D" where dom(¢) is the set of u € L*(Q — H) such that there exists a
constant ¢(u) satisfying

[EQDEF, u)y)| < c(w) [|Fll (g » (2.3.2)

for all FF € D"2. We call § the divergence operator.

Note that (2.3.1) is equivalent to (F),d(u)) 2q) = (DF, u) 2(q_3, which is the stan-
dard definition of an adjoint, while (2.3.2) is equivalent to (A.2.1), which is the condition
that is required for ¢ to be uniquely defined closed operator.

Suppose that F' € L?(f2) is written in its Wiener chaos expansion as given by (1.5.6),
then we can we introduce the Ornstein-Uhlenbeck operator.
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Definition 2.3.2. The linear operator L : dom(L) — L?(Q) with

dom(L) = {F e L*(Q) Z(f H]q(fq)Hiz(Q) < oo}

and
LF =Y —ql,(f,)
qg=1

is called the Ornstein-Uhlenbeck operator.

Note that the domain of L is simply the set of ' where the sum in the definition of
L converges. The following result gives an alternative definition.

Proposition 2.3.3. The Ornstein-Uhlenbeck operator is equivalent to the operator L
where dom(L) = {F € D"?| DF € dom(§)} and LF = —§DF.

Proof. We start by proving a useful formula. Let F,G € D%2, using the orthogonality
property of Wiener-Ito integrals, we have

E (qulq(fq)) = Z qE(14(94)14(fy))

= qq" (f4. 90)
q=1

E ((DF,DG),)
— E(G§(DF)),

where at the second last equality, we used Proposition 2.1.8 (iii), and at the last equality
we used the definition of §, which only holds if DF' € dom(d).

Now, using Definition 2.3.2 and (2.3.3), we have — E(GLF') = E ((DF, DG),,) , where
F € dom(L) and G € D'?. By Cauchy-Schwarz, [E ((DF, DG);)| < |Gl 20 ILF || 12q»
where both norms are finite as F' € dom(L) and G € D'?. Thus, (2.3.2) is satisfied and
DF € dom(0). Now we are allowed to use (2.3.4), which gives E(GLF) = — E(G§(DF))
for all G € D2, so that LF = —§DF.

Conversely, assume that dom(L) = {F € D"?|DF € dom(d)} and LF = —4DF.
Then using (2.3.4),

B(GLF) = E (G S —qu(f>> ,

for all G € D2, Since both sides are finite due to F' € D'? and DF € dom(d), Definition
2.3.2 follows. ]

Definition 2.3.4. Let F' € L*(Q2). The pseudo-inverse Ornstein-Uhlenbeck oper-
ator, L1, is defined by
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Proposition 2.3.5. If F € L*(Q), then L™'F € dom(L) and LL™'F = F — E(F).

Proof. Firstly, L~'F € dom(L) because Y% ||I,(f ) 12() < 0. From the definition of
L and L=" we have

LLF =S () = F - B(F),

where the last equality follows from Theorem 1.5.7. n

The next formula is a very important result. In Chapter 3, it will act as the bridge
between Malliavin calculus and Stein’s method by enabling us to bound distance between
probability laws in terms of Malliavin operators.

Lemma 2.3.6. Let F,G € D'? and f : R — R be a continuously differentiable function
with bounded derivatives. Then

E(Ff(G)) = E(F)E(f(G)) + E(f(G) (DG, ~DL™'F),)).

Proof. Using in order, Lemma 2.3.4, Proposition 2.3.3, (2.3.1), and the chain rule in
Proposition 2.1.7, we have

E((F — E(F))

(LLTFf(@))

(5( DL~ 1F) )
((DS(@),=DL™'F),)
(1

F( <DG —DL7'F) ).

B
B
B
B

]

Finally, we state an important inequality, which will be used prove the main theorem
of Chapter 3.

Theorem 2.3.7. Let ' € Hl,, the pth Wiener chaos, where p > 1. For all1 < q <,

r—1\"?
Py < Wl < (5=7) " 1Flln

A long, but elementary proof of this result can be found in Section 2.8 of [NP12],
which follows Nelson’s [Nel73] proof of the hypercontractivity of the Ornstein-Uhlenbeck
semigroup, which generates the Ornstein-Uhlenbeck operator introduced above. Theorem
2.3.7 is a corollary. Alternatively, another proof uses the logarithmic Sobolev inequality
proved by Gross [Gro75] that appears in the theory of partial differential equations.

This bound shows that on a fixed Wiener chaos, all L(2) norms, where ¢ > 1 are
equivalent. It also shows that elements of the Wiener chaos have finite moments of all
order ¢ > 1.
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Chapter 3

Limit Theorems on the Wiener
Chaos

Stein’s lemma [Ste86] states that N ~ A(0,1) if and only if E(f'(N) — Nf(N)) = 0
for all differentiable functions f : R — R such that E(f'(N)),E(Nf(N)) are finite.
Perhaps this expectation could act as the distance between a random variable F' and the
normal distribution, such that if E(f'(F) — Nf(F')) were approximately 0, then F' was
approximately normal. The computation of such an expectation could be achieved by
applying Proposition 2.3.6, thereby bringing Malliavin calculus into the task of measuring
the distance between random variables and deriving limit theorems.

The aim of this chapter is to make the above heuristic argument rigorous. By doing
so, we will combine Stein’s method and Malliavin calculus to prove the celebrated fourth
moment theorem, which is arguably the most important result in this text.

The main references for this chapter are Nourdin and Peccati [NP09, NP12], and
Nualart and Ortiz-Latorre [NOLOS].

Unless otherwise stated, we assume that H is any real separable Hilbert space.

3.1 Stein’s Method with Malliavin Calculus

Let p1 and ps be probability measures. For the signed measure p; — p2, on the Borel
field B, we can defined the total variation distance as

l1 = pof| = sup |1 (B) — pa(B)] -
BeB
This idea of introducing a distance between probability measures can be extended to
random variables associated with the probability measures.

Definition 3.1.1. Let F' and G be R%valued random variables on a common probability
space (£, F,P). The total variation distance between the random variables ' and G
is defined as

drv(F,G)= sup [P(F € B)~P(G e B)|,
BeB(R®)

where B(RY) is the Borel field of R?.

It is immediate from this definition that the total variation distance is a metric which
induces a topology that is stronger than convergence in distribution.

31
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Proposition 3.1.2. Let F,, F and G be R%-valued random variables on a common
probability space (2, F,P). Then

(i) dry(F,G) is a metric.

(ii) If dpy(F,, F) — 0 as n — oo then F), 4 F asn — oo.

Proof. (i) If F' and G have the same law, then clearly P(F € B) — P(G € B) = 0 for all
Borel sets B. If dpy(F,G) =0, then P(F € B) = P(G € B) for all Borel sets B, so that
F and G have the same law. Thus, dry(F,G) = 0 if and only if F' and G have the same
law. Clearly, drv(F,G) is symmetric. Using the triangle inequality for real numbers we
have that

sup |P(F e B)—P(GeB)| < sup |[P(FeB)—P(HEeB)|+|P(He B)—-P(G e B)
BEeB(RY) BeB(RY)

< sup |P(F e B)—P(H € B)|
BeB(R%)

+ sup |P(H € B)—P(G € B)|.
BeB(R?)

(i) If dry(F,, F) = 0, then P(F,, € B) — P(F € B) for all Borel sets of the form
B = (—00,x1] X -+ X (—00, x4], which implies that F, 4 F. O

Note that the converse of Proposition 3.2 (ii) is not true in general. For example,
taking F,, = 1/n, we have that F,, converges in distribution to F' = 0, but dpy (F,, F') = 1.
Let N ~ AN(0,1) and let h: R — R with E(Jh(N)|) < co. The differential equation

f'(z) —xf(x) — h(z)+ E(L(N)) =0 (3.1.1)
is known as Stein’s equation.

Lemma 3.1.3. Let h: R — [0, 1] be a continuous function. Then the solution to Stein’s
equation 1s

f(x) =P / " (hy) = E((N))e " dy. (3.1.2)

—0o0

Moreover, f € CH(R), the class of continuously differentiable functions,
1flloe < V7/2 and || f']] o < 2. (3.1.3)

Proof. By seeing that (3.1.1) can be written as

er/Q% (e—w2/2 f(a:)) — h(x) + E(h(N)) =0,

it is clear that (3.1.2) is a solution.
Now E (h(N) — E(h(N))) = 0 can be written as

| )~ o) 2y + [ hty) — ) dy =0,

—00



3.1. STEIN’S METHOD WITH MALLIAVIN CALCULUS 33

so that
fla) =~ / " (h(y) — B((N))e v dy. (3.1.4)

Since h(z) € [0,1] for all x € R, E(h(N)) € [0, 1], which implies that |h(z) — E(h(N))| <
1. Now combining this with (3.1.2) and (3.1.4), we have

£ (z)] < e”/?min (/ e V2 dy,/ e V2 dy)

_ 2 / eIy,
a

Let us define the last expression as ¢g(z). For z > 0,
g (z) = xezQ/Z/ eV Pdy—1< em2/2/ ye V2 dy—1=0

So g is decreasing for x > 0 and by symmetry, it is increasing for x < 0. Thus, the

maximum of ¢ is ¢(0) = \/7/2 and || f|| < /7/2.
Using (3.1.1) and (3.1.2), we have that

T

F(2) = h(z) — B(A(N)) + 2™/ / h(y) — B(h(N))e"/2 dy. (3.1.5)

—0o0

Then using similar arguments as above,

|f'(z)] <1+ || e’”2/2/ eV dy <1+ eIQ/Q/ ye V12 dy = 2.

|z z|

Finally, (3.1.5) is continuous because h is continuous, so f is continuously differen-
tiable. O

While we will work exclusively with the total variation distance, it is possible to
use other distance functions, such as the Kolmogorov distance. Using different distance
functions will require making different assumptions on A, which will change the properties
for the solution of Stein’s equation.

Using the above lemma we can bound the total variation distance from a normal
random variable in terms of Malliavin operators.

Proposition 3.1.4. If F € DY? with E(F) =0 and N ~ N(0,1), then
drv(F,N) <2E (|1 = (DF,-DL™'F)_|). (3.1.6)

Proof. Let B be a Borel set in R. Using Lemma A.1.1, taking p = law(N)+law(F'), there
exists a sequence of continuous function (g, ),>1 with g,(x) € [0, 1] which converges to 15
almost everywhere. So by the dominated convergence theorem, E(g,(F)) — P(F € B)
and E(g,(N)) — P(N € B).

Now let f,, be the solution to Stein’s equation with h,. Then using Stein’s equation,
followed by (3.1.3), we have

E(gn(F)) = E(ga(N)| = |E(fo(F)) = E(F fa(N))]
= |E (fi(F) (1 - (DF,—-DL™'F)))|
<E(2|1-(DF,-DL'F)_|),

where the last inequality is due to (3.1.3). Now letting n — oo and then taking the
supremum over all Borel sets B gives the desired result. O
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3.2 Fourth Moment Theorem

We know specialize to the case where F' in an element of the Wiener chaos and prove the
fourth moment theorem. This proof follows Nourdin and Peccati [NP09, NP12].

Lemma 3.2.1. Let 0 be a permutation of {1,...,2q} and S, be the set of all such
permutations, and let the cardinality of {1,...,q} N{o(1),...,0(q)} be denoted by r €
{0,...,q}. Then:

(i) There are (‘1)2(]!2 permutations o € Say such that the cardinality of {1,...,q} N

r

{c(1),...,0(q)} isr.

(i1) We have that {1,...,q}\{o(1),...,0(¢)} ={o(¢g+1),...,02¢)}\{¢+1,...,2¢}
and {o(1),...,0(q)}\{1,...,¢} ={q+1,....2¢} \{o(g+1),...,0(2¢9)}.

(i1i) The cardinality of {g+1,...,2¢} N{o(qg+1),...,0(2q)} is also r.

Proof. First, we prove (i). Consider a permutation o € Sy, formed by the following proce-
dure. Firstly, choose r distinct elements 1, ..., z, of {1,..., ¢}, which can be done in (z)
ways. Secondly, choose ¢—r distinct elements of z,41,..., 2, 0f {g+ 1,...,2¢}, which can
be done in (Z) ways. Thirdly, choose a bijection from {1,..., ¢} to {z1,...,z,}, which can
be done in ¢! ways. Lastly, choose a bijection from {¢+ 1,...,2¢} to{1,...,2¢} \ {z1,..., 2.},
which can be done in ¢! ways. So there are (g)2q!2 ways to form a permutation us-
ing this procedure and the first three steps ensures that the cardinality of {1,...,¢} N
{o(1),...,0(q)} is r.

Next, we prove (ii). If z € {1,...,¢}\{c(1),...,0(q)}, then = ¢ {o(1),...,0(q)}, so
x €{o(qg+1),...,0(2¢)}. Also, x € {1,...,q},s0 x ¢ {qg+1,...,2q}. Conversely, if
re{o(qg+1),....,002¢9)\{¢+1,...,2q}, thenx & {q+1,...,2q},s0ox € {qg+1,...,2q}.
Alsoz € {o(q+1),...,0(2q)},s0x ¢ {o(q¢+1),...,0(2¢)}. This proves the first equality.
After swapping 1,...,q with ¢ + 1...,2p, the same argument can be used to prove the
second equality.

Finally, we prove (iii). Since [{1,...,¢} N{o(1),...,0(¢)}| = r, we have [{1,...,q}\
{o(1),...,0(@)} = ¢ —r. By (ii), {o(g+1),...,02¢)}\{g +1,...,2¢}| = ¢ —r, so
{g+1,....2¢} n{o(g+1),...,0(29)} = O

Lemma 3.2.2. Let f € H® and F = I,(f) be a Wiener-Ité integral of order q¢ > 2.
Then we have:

q—1 B 9 N
CIDFI = ot o+ Y (r = 1) (g - D T (F3.1) o)
1 1 !t ":i

Var (E HDFH3-1> = P Zr27’!2 (z) (2q — 27’)' Hfér‘f“’iléwq—% (322)

r=1
q—1 4

E(F') — 3B(F2)? SZT“Z@ 20 = 201|180 £ | (323

r=1
S ’ 2 — 2\ |~
=3 (2) (1@ M+ (4T ) 1Bt )

(3.2.4)
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Proof. Without loss of generality, we can work on the Hilbert space LZ(T B, ). Recall
that by Proposition , DF = ql,1(f;), where fi(t1,...,t;-1) = f(t1,...,t41,t). Using
the product formula in Corollary 1.4.8, the stochastic Fubml theorem [PTlO] and the
formula of the contraction given in (B.5.1), we have

1 _
~IDFI3 = / T ()2 dpt)

q—1 2
_ ¢—1 o f
= CIZOT!< . ) Iog—o oy (/T [t @ [ d#(t))

2
= qu! <q ; 1) Log—220 (f @ry1 f)
r=0
q —1\2 -
= qZ(?‘ — 1)' <z . 1) 12q721“ (f®rf)
r=1

Now since [ is the identity map for constants, the summand when r = ¢ is (¢—1)!o(f ®,

)= (qa—= D' flleq so (3.2.1) follows.
Now using the orthogonality of Wiener-It6 integrals and (3.2.1), we have

ax (g HDFHi) =¢') (r- 1>!2(§ _ i) (20 = 20| S S{lpg00-2

r=1

1 q—1 4 B
- Z'(i) (20 — 20| fB0 S| oo
r=1

Next, we prove (3.2.4). From Definition 2.3.2 and Proposition 2.3.3, F = —LF/q =
d(DF)/q. Together with (2.3.1), the fourth moment can be expressed as

E(FY) = L B(P3(DF) = L E((D(F).DF),) = S E (P |DFIR).
where the last equality follows from D(F3) = 3F?DF. This can be obtained by using
the product formula followed by Proposition . Alternatively, it follows from an extended
chain rule for Lipschitz functions (see Proposition 1.2.4 in [Nua06]), since the version in
Proposition 2.1.7 requires the function to have bounded partial derivatives. The random
variables F? and ||[DF H?_L can be expressed using the product formula and 3.2.1, then
using the orthogonality of Wiener-It6 integrals gives

B(FY) -2 <q @l + 31 (1) e - (17 ) B <12q_2r<f®rf>2)>

g1
—a( = 25 (1) = 2015
r=1

2

Finally, we will prove (3.2.3). Let o € Sy, and consider the operator

La(f) = f(tl, c ,tq)f(ta(l), N ,ta(q))f(tq_,_l, c ,tgq)f(tg(qul), PN ,tg(gq)) d,u(tl) .. .dp,(tgq).

T24
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Recalling that f is a symmetric function and using Lemma 3.2.1 (iii), we can assume with-
out loss of generality that the last r arguments of f(¢, ... tq) and f(tsq),---,to(g) are
equal, and the same holds for f(ts11,...,ts) and f(ts(g41),- - -, to(2q))- From Lemma 3.2.1
(i), we can also assume that the first ¢—r arguments off(tl, oo tg)and f(to(gr)s - - -5 to2g)
are equal, and the same holds for f(to(1),...,ts(g)) and f(tg1, ..., t2q). Therefore,

Lf = [ (] Attt sto) i) )

([t toan) ot ). i)
dp(te) - dp(te—r)dp(terr) - - - dp, (t2g-1)

= [ o Dl i) dun) 2

= | @ fli3020-2r - (3.2.5)

The symmetrization of f ® f is

(FRF)(tr, ... tag) = g > Fltoqys - to@)f (atgr)s - - > to2g)-
’ 0'682
Then,
~ 2
Hf®fHH®2‘1 =75 N0 Z S 7t<7(q))f(ta(q+1)7 cee atcr(2q))
: 0,0’ €S2 T2q

f(tg/u), ot @) [ (ot - - tor(ag)) dpa(ty) - . dpu(tag)
1
:W Z f(tly...;tq)f(tq+1,...7t2q)

f(tcr(l)v v 7t0(‘1))f<ta(q+l)7 <. 7t0(2q)) d/fb<t1) ce d,u(th)

_@Z 3 Fltry oot ) f (bt o tay)

r=0 0€S2 T2
H1,...a3n{e(1),...o(@)}=r

f(ta(l)a cee ata(q))f<ta(q+l); cee 7tU(2q)) dﬂ(tl) s du(tQQ)'
The second equality above follows from the fact that there are (2¢)! ways to permute the

dummy variables ¢, ...ty without changing the value of the integral. Combining this
with (3.2.5) and Lemma (3.2.1) (i) gives

q-1 2
~ 119 q
5 s =20 W + 42X (1) 150 s (3200
r=1
since || f ®o fll3e2a = || fllea = ||f @q fl520- We can evaluate the fourth moment using

the Corollary 1.4.8 and the orthogonality property of Wiener-Ito integrals, which gives

q—1 4
B(P) = a0 |8+ 0 W + 32 (7) 20— 200 80
r=1
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Substituting (3.2.6) into this equation and noting that E(F?)? = ¢!? ||f||;1_l®q, we deduce
that

g—1 2 4
o) <950+ 3 (1) 1 s 402(7) (220175,

q—1 2 . _
=35+ (1) (18 fns+ (172 ) 180 )
r=1

O
Corollary 3.2.3. Under the assumptions of Lemma 3.2.2,
1 2 q—1 4 22
Var (DRI ) < TF (B(FY) — 3B(F?).
q q
Proof. Using (3.2.2),
1 g—1 C a\* 2
9 — ~
Var <5 HDFHH) < TZWQ (2g = 2r)! || f@0 f || mm0r -
r=1
Then the result immediately follows from (3.2.3). O

We can now show a total variation distance bound for elements of the Wiener chaos.

Proposition 3.2.4 (Nourdin and Peccati). Let f € H®? and F = I,(f) be a Wiener-
Ité integral of order ¢ > 2, E(F?) =1 and N ~ N(0,1). Then we have

dry(F,N) < 2\/Var (é “DF“g-{,) < 2\/% (E(F) = 3).

Proof. Since L™'F = —F/q by Definition 2.3.4, we have (DF,—DL'F), = ||DF||3_[ /q
and Proposition 3.1.4 implies

1
ire(F,N) <28 |1~ L 1DF
q

) . (3.2.7)

Now, using Jensen’s inequality

(e (|- 21018 )) <E ((1 -2 HDFni)Q)

1 1 2
= Var (1 4 ||DF||;) +E (1 “ ||DF||;) .

However, E (1 — ||DFH3{ /q) = 0 due to (3.2.1), so combining this with and Corollary
3.2.3 gives the required bound. O]

Theorem 3.2.5 (Fourth moment theorem). Let (F),),>1 be a sequence of Wiener-1to
integrals, where F, = I,(f,) and f € H®, such that E(F?) — 0® as n — oo. Then, as
n — 00, the following are equivalent:
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(i) F, % N(0,02).

(ii) E(F}) — 302,

(iii) Var(| DF,|5,) — 0.

(iv) For all1 <r <gq—1, we have ané)ranH@Qq_zr =0.
(v) For all1 <r < q—1, we have || fr, @, fnl|lyo24—2r = 0.

Proof. We can assume without loss of generality that o2 = 1.

First, we prove (i) = (ii). The assumption E(F?) — 1 and the equivalence of LP({2)
norm on the Wiener chaos by Theorem 2.3.7, implies sup,,~, E(|F,|") < oo for all r > 2.
Then by Proposition A.3.1 and (i), we have that E(F’) — E(N") for all » > 2, where
N ~ N(0,0?). In the case of r = 4, E(N*) = 3, which gives (ii).

Next, (ii) = (iii) follows immediately from Corollary 3.2.3. Then (iii) = (iv) follows
immediately from Equation 3.2.2. Then (iv) = (v) follows immediately from Equation
3.2.4 and 3.2.3.

Finally, we prove (v) = (i). Since anéranmazq—zr < [fo ®r fallyoza—2r — 0, it
follows from Equation 3.2.2 that and 3.2.4 that drv(F,, N) — 0 as n — oo, which
implies convergence in distribution. O]

Condition (iii) in Theorem 3.2.5 is often written as | DF, ||, Lz, qo? as n — oo, since
(3.2.1) implies that E (|| DF,|3,) — go? as n — oo.

The original proof of the fourth moment theorem was due to Nualart and Peccati
[INPO5] using the the Dambis-Dubins-Schwarz theorem. A proof using Malliavin calculus
was given by Nualart and Ortiz-Latorre [NOL0S]. The proof we follow here, using Malli-
avin calculus and Stein’s method, was discovered by Nourdin and Peccati [NP09]. A few
other proofs have also been discovered.

The fourth moment theorem has led to a simplification for proving limit theorems
on the Wiener chaos. Prior to its discovery, such limits were proved using method of
moments, which required showing that all moments of the sequence converged to the
moments of the normal distribution. The computation of these moments was usually
done using diagram formulas. Janson [Jan97], provides an overview of these methods.
Now instead of needing to show convergence in all moments, we only need to consider
the second and fourth moments.

Corollary 3.2.6. Under the assumptions of Theorem 3.2.5, drv(F,, N) — 0 as n — oo,
where N ~ N(0,1), is equivalent to F,, KN N(0,0%) as n — co.

Proof. Convergence in total variation implies convergence in distribution by Proposition
(ii). Conversely, assume that F, KN N(0,0%) as n — oo. Then by Theorem 3.2.5,
E(F!) — 302 as n — oo. This implies convergence in total variation by Proposition
3.2.4. ]

The fourth moment theorem is surprising in the sense that it shows that on the Wiener
chaos, convergence in total variation, which is usually a strong mode of convergence, is
equivalent to convergence in distribution, which is usually a weak mode of convergence.
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3.3 Multivariate Limit Theorems

We will now generalize the fourth moment theorem to the multivariate setting, as well
as give sufficient conditions for random vectors, not necessarily on the Wiener chaos, to
converge to the multivariate normal distribution. In this section, we follow the proofs
from Nualart and Ortiz-Latorre [NOLOS].

Lemma 3.3.1. Fird > 2 and q1,...,q3 > 1 and let F, = (I, (f}),..., I,,(f%)) for all
n > 1 such that
lim E(FFJ) = §;;. (3.3.1)
n—o0
foralli,j=1,...,d. If||DFfLH3d LN ¢ asn — oo foralli=1,...,d, then (DFZ'L,DFT@?{ LN
VG0 asm — oo foralli,j=1,...,d.

Proof. When i = j, the result follows immediately from the assumption. So it remains
to show the result in the case when ¢ < j. Without loss of generality, we can work
on the Hilbert space L*(T, B, ;). Recall that by Proposition , DF = qI, i(f;), where
fi(ti, ... te1) == f(t1,...,t,1,t). Using the product formula in Corollary 1.4.8, the
stochastic Fubini theorem [PT10] and the formula of the contraction given in (B.5.1), we
have

(DFLDED) = s [ Lums(Fo s (FL) dit)
T

qiNg;—1
¢ —1\ (41 oo
= 4qiq;j Z 7“!< r )(Jr )Iqi+qj—2—2r (/ frt ®r fi,tdﬂ(t)>
T

r=0
qiNg;—1 g —1 g — 1 A .
= Giq; Z 7“!< Z . ) ( ’ . )Iqi+qj—2—2r (fo @ri1 f)
r=0
4iNg; g —1 g —1 ‘ ‘
— a0 = 0% 1) (V2 e (2501
r=1

Using the orthogonality of Wiener-Ito integrals the fact that we can assume without loss
of generality that ¢; < ¢;, we have that

qi 2 2
i i g — 1 g — 1 i pd
E(<DFn7DFrJL>i{> ZQ3QJQZ(T_1)‘2(T_1> (7“]—1) (qz+QJ_QT)'an®7‘ferH;®qz+qJ*2r

r=1

o~ 2 ) . .
f,i@,,fT{HH@qﬁqr% < || fr @, f{LH;@qﬁqugr, it suffices to prove that for all

Now since ‘
r=1,...,q,

. ; 2
Jim [[£2 @ fllyens-2r = 0.
From the definition of the contraction,

Hf;t ®r fg”il@qi-kqj—% = <frll ®qifr ffw fi ®qur f£>H®2r .

There are 3 cases to consider. When r = 1,...,¢ — 1, we have using the Cauchy—
Schwarz inequality that

112 @, Fl5 casas—2r < |2 @ Fill o | £ @aymr o]l 0m — O,
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as n — 00, due to (3.3.1) and Theorem 3.2.5.
When r = ¢; < g;, the Cauchy-Schwarz inequality gives

12 @r £l artas—2r < £l Lo |12 @ayer Fillear = O,

as n — oo, since (3.3.1) implies that sup,~; || f:|l;e2r < 0o, while (3.3.1) and Theorem
3.2.5 ensures that Hfﬂl Rg;—r fﬂ;HH@T — 0.
Finally, when r = ¢; = ¢; using the orthogonality property we have that

||f’r/’LL Oy ngq.@qﬁqj*QT‘ = q;! E(FT?LFT{) —0

as n — 0o, due to (3.3.1).
A similar argument can be used in the case where ¢ > j. This completes the proof. [

A vector of Wiener-It6 integrals converges component-wise to a Gaussian distribution
if and only if joint convergence holds. The following result was originally due to Peccati
and Tudor [PT05].

Theorem 3.3.2 (Peccati and Tudor). Fix d > 2 and q1,...,q4 > 1 and let F,, =
(I, (fD), o L, (fD) for allm > 1 and I be the d x d identity matriz. Assume that

lim E(F'F?) = §% (3.3.2)
n—o0
forallv,7 =1,...,d. Then the follow conditions are equivalent:

(i) Fy % Ny(0,1;) as n — oo
(i1) F£i>/\/’(0,1) asmn — oo, foralli=1,...,d.

Proof. 1t is a basic fact of convergence in distribution that (i) = (ii). So we only need
to prove that (ii) = (i). Since (3.3.2) ensures that (F},),>; is bounded in L?*(Q2), this
sequence is tight. So Prokhorov’s Theorem implies that there is a subsequence (F,,, )m>1
and random variable G, such that F, 4 G as m — co. Now, let on(t) = E (€&,
be the characteristic function of F},, and ¢ be the characteristic function of G. Then we
have that

lim ¢y, (t) = ¢(t) (3.3.3)
m—0o0
for all t € R%. Due the uniqueness of limits, it suffices to G ~ Ny(0, I) and we will do
this by showing that ¢ is the characteristic function of Ny(0, I,).
Now, for all i = 1,...,d, 0¢,(t)/0t; = iE(F!e!“*")) so we can apply the continuous
mapping theorem to (3.3.3) to get

lim

(t) = g—i(a. (3.3.4)

Now from Definition 2.3.2 and Proposition 2.3.4, ' = —LF/q = 6(DF)/q. Together with
(2.3.1), we get

E (Fie) = ql E (0(DF;)e )
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— ZE((DF].D (),
.od
- qi > 4B (&4 (DF, DFI).) .,

j=1
where we used the definition of the Malliavin derivative at the last line. As a result of
(ii) and (3.3.2), we can apply Lemma 3.3.1 to get

OPny 1 1 Wt F)

Finally, taking the m — oo and combining this with 3.3.4 give

99

at. (t) = —t;0(t), (3.3.5)

for all ¢ = 1,...,d. This system of partial differential equations has solution ¢(t) =
exp (— (t,t)ga /2) which is the characteristic function of Ny(0, I,). O

The fourth moment theorem gives conditions for the convergence of random variables
on the Wiener chaos. However, we can also examine the conditions for which any square
integrable random variable converges to a Gaussian distribution. To do this we make use
of the Wiener-Ito expansion. The following theorem gives sufficient conditions.

Theorem 3.3.3 (Nualart and Ortiz-Latorre). Let (F,),>1 be a sequence of centered

d-dimensional random vector in L*(Q). Then for alln > 1 andi=1,...,d, we have the
Wiener-Ito expansion

F?i = Z[q( Z,q)'
q=1

Suppose that in addition, for all i,5 =1,...,d:
(i) For all ¢ > 1, we have o’ := lim, o ¢! ([} exists.

q n,q’ Jn,q ’ng

(iii) Forallq>2,r=1,...,q—1, we have ||f,’lq Ry fl’q”imq_% — 0 as n — oo.

(“)) th—mo Suanl Z;iN—l—l Q‘ Hfri,qu.[@q = 0.

Then F, % N(0,%), where 3 is a d X d matriz with (i, j)-th entry
=3 ot
q=1

Note that condition (iii) can be replaced with any of the equivalent conditions listed
in Theorem 3.2.5.
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Proof. Tt suffices to prove that for all a € RY, o’ F, EEN N(0,a’¥a) as n — co. Now

from (i) and (iii) and Theorem 3.2.5, we have [,( nq) N N(0,0") as n — oo, for all
i=1,...,dand g > 1. Using (i) amd Theorem 3.3.2 gives

(LA  fo),s - (0" fag)) 2 (G, Gy), (3.3.6)
as n — oo, where f, ;= ( %&, e ik), Gr ~ N(0,aT3,a) are independent, and ¥, is a
d x d matrix with (7, j) entry afc’j, for all k =1,...,q. Now define

N N 00

EY =Y I(fug), G¥:=) G, G:=) G,
q=1

q=1 q=1

Let g be a continuously differentiable function with derivative bounded by C. Then,
using the mean value theorem [DC99], there is a H between a’ F,, and a” F¥ such that

E(g(a’ Fo)) — E(g(a’ F)')) = E (9'(H)GT > Iq(fmq))

g=N+1

<E <C|a| > fq(fn,q))
¢=N+1
. 9 1/2
<Cla| | E Z 14(fnq)
q=N+1

4 o\ \ 1/2
=Cla| | Y F ( > I )

1=1 g=N+1

4 o 1/2
=Clal | > B (Z,( ,i,q)2)>

where we have use the Cauchy-Schwarz inequality for the Euclidean norm, and then
the Cauchy-Schwarz inequality for the L?(€) norm, and the last line follows from the
orthogonality property of Wiener-Ito integrals. Now

|E(g(a"F,)) — E(9(@))| < |E(g(a” F,)) — E(g(a” EN))| + |E(g(a” FY)) — E(g(G™))|
+|E(9(GY)) — E(9(G))|

- 1/2
<Clal Z > E(I( Z,q)Q)) +|E(g(a" F,")) — E(g(G™))]

Now if we take n — oo, followed by N — oo, then the first term approaches 0 due to
(iv) and the fact that E (I,(f},)?) = ¢! Hff;,q”?{@q, the second term approaches 0 due to

(3.3.6), and the third term approaches 0 due to (ii). This implies that o’ F,, L G as
n — oo. Now since G, are independent, G ~ N (0,a”Xa). This completes the proof. [



Chapter 4

Convergence of Partial Sum
Processes

In this chapter we examine the limits of partial sum processes. The general setup is
described in Section 4.1. The limit theorems discussed here can be viewed as a general-
ization of Donsker’s theorem to the case where the process is not independent. It turns
out that the limiting distribution of these partial sum processes are Brownian motion
when underlying process exhibits short range dependence, as proved by Breuer and Ma-
jor [BM83], or a Hermite process when it exhibits long range dependence, as proved by
Taqqu [Taq79], and Dobrushin and Major [DM79].

We will provide a modern proof of the Breuer-Major theorem using Theorem 3.3.3,
instead of the method of moments and diagram formula that was originally used to
prove it. Then we will discuss self-similar processes with stationary increments, such as
fractional Brownian motion and the Hermite processes.

4.1 Partial Sum Processes

Let X = (X, )nez be a stationary Gaussian process and let f : R — R be a measurable
function such that Var(f(X,)) < oo and denote its autocovariance function by p(n) =
E(XoX,). Without loss of generality, we will further assume that E(X,,) = 0, Var(X,,) =
1 and E(f(X,,)) =0 for all n € Z.

Consider the process

[nt]

Vin = Zf(Xk)- (4.1.1)

Note that [z] = |z] if x > 0, and [z] = |z] + 1, if # < 0. Let V,, = (Vi) ter.

In this section, we are interested in the limit as n — oo of V,,/a,, where a, is a
deterministic real sequence, as well as the condition on the autocovariance function under
which the process has a nondegenerate limit.

By Proposition 1.2.3 (ii), the assumption that Var(f(X,)) < oo implies that f has a
Hermite expansion

fla) = agHy(x), (4.1.2)
qg=1
where H, is the gth Hermite polynomial.

43
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Definition 4.1.1. Let f : R — R have the Hermite expansion (4.1.2). The smallest
integer m such that the coefficient a,, # 0 is known as the Hermite rank of f.

Before we can apply the fourth moment theorem we need to write X as an isonormal
Gaussian process. Denote the closed linear subspace of L?*(€)) spanned by X as H.
Typically, H is infinite-dimensional, but if this is not the case, then add Gaussian white
noise to the spanning set so that H becomes infinite-dimensional. Since H is an infinite-
dimensional separable Hilbert space, there exists an isometry ¢ : H — L*(R). Put
gr = ¥(Xk), then due to the isometry we have that for all k,1 € N,

p(k —1) = E(XpX1) = (g, 91) 12w - (4.1.3)

Then the isonormal Gaussian process (X (g))ger2(r) satisfies (X (gr))r>0 il (X&)k>0. There-
fore, without loss of generality we can write

4.2 Central Limit Theorem for Partial Sum Processes

In this section we use Theorem 3.3.3 to show that the partial sum of a subordinated
Gaussian process, f(X), converges to a normal random variable. This result is known as
the Breuer-Major theorem.

We follow the proof in [Noul2].

Theorem 4.2.1. Let f : R — R be the function in (4.1.2) with Hermite rank m, and V,,
be defined in (4.1.1). If 3~ . |p(n)|™ < oo, then

1
v, L4

%n

where B s standard Brownian motion and

o = iq!az Zp(n)q < 00.
q=d

oB,

nel

Proof. Since X}, is a Gaussian process, due to (4.1.4) and (4.1.3), we can assume Xj =
X (ex) and (eg, €;)4, = p(k —1). Using the Hermite expansion of f, we get

[nt]

1 1
%Vn = NG Z Z agHy(Xy) = ZIq(ft,n,q)v

k=1 qg>m q>d
where the last equality follows by applying Theorem 1.4.9 so that for alln > 1 and ¢ > m,

[nt]

a
ft,n,q = \/_t% Zg?q € HQq.
k=1

Letd > 1and I} = 3" - 1,(fi,ng), fori =1,...,d. Recall that Cov(oB(t), 0 B(s)) =
o?(t A s). So in order to prove that F), converges in finite dimensional distribution to a
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scaled Brownian motion, we need to show that as n — oo, F, = (F1, ..., F%) % Ny(0,%),
where the (7, ) entry of 3 is

(ti Nt)) Zq'aQZp

VEZL

We do this by checking the sufficient conditions in Theorem 3.3.3.
Condition (i). For all ¢ > m and t > s > 0, using the parallelogram law

2 <ft,n,qa fs,n,q>H®q - HftanH@q + ||f57n,q||H®q - Hft,mq - fanHH@q

2 [nt] 2 [ns] nt] -
—1 — 4 — S —
- zw+ 2 Sl S W

2,7=1 z]:l 7j=1

2 [nt] — [v] 2 [ s] = [v]
= ay > p() "= ity + a5 D p(0)"———Lqpi o}

VEZL vEZ

— [ns] — [
—ag > p(v)’ o Ljol<int—s]} -
VEZL

The assumption ) ., [p(v)|™ < oo and the indicator functions ensures that this expres-

sion is bounded, and noting that ["t];w'l{‘yk[m]} — t so we can apply the dominated
convergence theorem as n — oo which implies that

Q" (frngs Fama)yea = (E A S)qlal Y p(v)?

VEZL

Condition (i1). Since E(X?) =1 for all k& > 1, the Cauchy-Schwarz inequality gives
E(Xy+:X1)? < E(XZ,,) E(X7?), which implies that [p(k)| < 1. Therefore,

Zq'a > o)t < Zq'a 3 lo)™ = E(f(X1)2) Y lp(o)|™ < oo,

VEZL VEZ VEZ

since by assumption, both expressions in the last equality are finite.
Condition (iii). Let ¢ > m and ¢ # 1. Then

fenag @ feng = Y q ©r gqu

QM

t
'r KRq—r Kq—r
— gz,gg n9 9

3

2 [nt]

r®qr®qr
ZZ_ SR

foralln >1and r=1,...,q — 1. Therefore,

»Q

nt
Z (=) g @ g T @G e

3|M>

Ht,n,q Qr ft,n,q”i@zq—m -
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ot [nt] o ) .
2D I L (U L ()
i,5.k,1=1

Now |p(k = 1)"p(k — )77 < |p(k = 1)|* + |p(k — ©)|%, using this we have

4 [nt]
2 a . g N gt C o Njg—r .
[ Foma @ Fomalligsnaar < 5 D7 Jolk = DI (ol = )"0 = )|+ p(i = I ol = HI")
ik, l=1
]
< QZI/) 9> (Ipli = DI = DI+ Lo — )" |p(l = 5)I7)
keZ i,5,0=1
2&3 m |7 N\ |g—T
<>l Y o@D 1p()l
ke <[] i<l
= 2ay Y (k)™ 0N [ p(i) N " o ()]
kez jil<[n] 1<l

Choose 0 € (0,t). In order to show that || frn, @ fm,qu@Qq,Qr — 0 as n — oo, it suffices
to show that

D DN O Sl I DN ZC) i SD SIN O B

l71<[nt] l71<[nd] [nd]<|j|<[nt]

since this would also imply that n~1*@7)/4 Z‘ i<ty P77 — 0, while 37 ) [p(k)[™ <
oo by assumption. Using Holder’s inequality gives

r/q
w0 ST o) < n (2] + 1) (Z |p<j>|q) < Ko (42.1)

l71<[nd] JEL
where K > 0 s a constant and the last inequality follows from ., [p(4)|? < >, [p(5)[™ <
0o. We also have

r/q

S o< o] (4.2.2)

[nd]<|j]<[nt] [n6]<|j|<[nt]

Since 1 < r < ¢ — 1, taking n — oo, followed by § — 0, we get (4.2.1) and (4.2.2)
converging to 0, as required.
Condition (iv). Let N > m. Then,

00 o0 [nt]

1 .
Z q! ||ft,n,q||3{®q 0 Z azq! Z p(i —j)*
q=k+1 q=k+1 i,j=1
< Y gty pv)”
q=k+1 vEZ

<D p(e)m D adgl

VEZ q=k+1



4.3. SELF-SIMILAR PROCESSES WITH STATIONARY INCREMENTS 47

Recalling the assumption Var(f(N')) = 3° ., azq! < oo, where N' ~ N(0,1), we con-
clude that

hm sup Z q! ||ftnq”7_[®q — 0.
a=k+1

[]

4.3 Self-Similar Processes with Stationary Increments

In this section we introduce the concept of self-similar processes with stationary incre-
ments. These will be important for understanding the noncentral limit theorem in follow-
ing section because these are the only candidates for the limit of partial sum processes.
This section is based off [GKS12].

Definition 4.3.1. A stochastic process (X;);er is self-similar if there exists a H > 0,
such that for all a > 0, (Xu)ier 2 (a" X;)ier. We call H the self-similarity parameter.

Definition 4.3.2. A stochastic process (X;);er has stationary increments if

(Xis — Xoier = (X; — Xo)rer
forall s e T.

Counsider the covariance function

Ry(t,s) :== = ([t + [s]* — |t — s]*). (4.3.1)

1
2
) let X = (Xy)ier be a H-self-similar process with

Proposition 4.3.3. For H € (0,1
) =1. Then

stationary increments and E(X?
(1) Xo =0 almost surely,
(i) E(X;) =0 forallt €T,
(iii) E(X:X:) = Ru(s,t) for all s,t € T.

Proof. (i) If 0 € T, the self-similarity property implies that Xy Lot Xy for all ¢ > 0, so
Xo = 0 almost surely.

(ii) Fix s € T. Using self-similarity and the stationary increments property, for all
nonzero t € 1" we have

B(X,) = E(X,ps — X,) = ((t Jtr S>H - 1) E(X,).

For t = s, this implies that E(X;) = 0 because H > 0. Therefore, E(X;) = 0 for all
nonzero t € T. When ¢ = 0, (i) implies E(X,) = 0.

(iii) The self-similarity property implies that X; L X, so E(X?) = |t|*". Using
the stationary increments property, we have

BE(X.X,) = % (E(X?) + E(X2) - E((X: - X,)%))
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(E(XF) + B(XD) — E((Xe—s)?))

(12 + [ = [t — "),

l\DIr—\MI»—t

for all s,t € T. O]

If X is a H-self-similar process with stationary increments and finite variance, then
using the triangle inequality we have that

2HE(XH? = B(X2)V? < E((Xy — X))Y? + B(X?)V2 = 2E(X2)Y/2.

Thus, we have 2 < 2, which implies that # < 1. Note that when H = 1, using
Proposition 4.3.3 (iii), we have

E((X;—tX1)?) =E(X7) - 2tE(X; X)) + PE(X]) = —t(? +1— (1 —t)*) + 2 = 0.

Thus, X; = tX; almost surely. Since this is an uninteresting stochastic process, we have
will always assume that H € (0,1). Without loss of generality, we will also assume that
E(X?) =1.

Consider the increment process of X defined by Y = (Y},),ez where Y,, :== X, 11 — X,,.
We now introduce the notion of short range dependence and long range dependence.

Definition 4.3.4. Let Y = (Y},),ez be a covariance stationary stochastic process with
autocovariance function p(n) = E(Y,Y,).

(i) If 0 <) ez lp(E)| < 00, then Y is said to exhibit short range dependence.
(ii) If >,y [p(k)| = oo, then Y is said to exhibit long range dependence.

Note that the case where ), . |p(k)| = 0 is excluded since in such a case, Y;, and Y,
are uncorrelated for n # m. .

Proposition 4.3.5. Let Y, := X,,11 — X, for all n € Z, where X 1is a H-self-similar
process with stationary increments. Then Y is weakly stationary with autocovariance
function

1
~ H(2H — 1)n*172.

Moreover, if H € (0,1/2) then Y exhibits short range dependence, and if H € (1/2,1)
then Y exhibits long range dependence.

Proof. We have that

E(Yin Vi) = E (Xipnt1 — Xptn) (X1 — Xi))
=Rylk+n+1,k+1)—Ry(k+n+1,k)— Ry(k+n,k+1)+ Ry(k+n, k)

1
=5 (In+ 1" = 2" + [n = 1P7)

for all k,n € Z. Therefore p(n) = E(Y,Yy) = E(Yi1nYs), which implies that Y is weakly
stationary.
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For n > 0, we can write p(n) = n*=2L(n)/2, where

L(n) :=n? ((H%)QH -2+ (1 - %>2H> :

Applying 'Hopital’s rule twice to L(n) shows that L(n) — 2H(2H —1) as n — oo. Thus,
p(n) ~ H(2H — 1)n?H=2,
Thus, for some positive constant K,

S lpl) < K2,

nel

If H € (0,1/2), this sum converges so Y exhibits short range dependence. If H € (1/2,1),
this sum diverges so Y exhibits long range dependence. O]

The canonical example of a self-similar process with stationary increments is fractional
Brownian motion. This class of processes also includes standard Brownian motion.

Definition 4.3.6. Let H € (0,1). A H-self-similar Gaussian process with stationary
increments is known as fractional Brownian motion and H is called the Hurst pa-
rameter.

From Proposition 4.3.3, it is clear that fractional Brownian motion is the only Gaus-
sian process that is also a H-self-similar process with stationary increments, in the sense
that every other such process is of the form o B, for some o > 0. We will only work with
the case where o = 1, which is also known as standard fractional Brownian motion. There
are also non-Gaussian examples of self-similar processes with stationary increments, such
as Hermite processes which will be introduced in later sections.

When H = 1/2, fractional Brownian motion reduces to standard Brownian motion
on R. This immediately follows from the fact that centered Gaussian processes are
determined by the covariance function which becomes E(Bt1 2By 2) = tAs, the covariance
function for standard Brownian motion.

The next result gives an alternative definition for fractional Brownian motion.

Proposition 4.3.7. Let H € (0,1). A stochastic process is fractional Brownian motion
if and only if it is a centered Gaussian process BY = (BH);cp with covariance function

E(BBI) = = (|t + |s]* — |t — s]*"). (4.3.2)

N —

Proof. One direction follows from Proposition 4.3.3. For the other direction, suppose that
B is a centered Gaussian process with covariance function Ry. Then since Ry (at,as) =
a* Ry (t, s) and centered Gaussian processes are determined by their covariance function,
it follows that B is similar. Similarly, it can be shown that E ((Bff — BH)?) = [t — s|*/
so that it has stationary increments. O]

It is not immediately obvious that fractional Brownian motion exists. To establish
existence, it suffices to show that Ry is a valid covariance function, meaning that Ry is
positive semi-definite. A proof of this fact can be found in [Noul2]. Next we show the
continuity of the sample paths.
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Proposition 4.3.8. Let B be fractional Brownian motion with Hurst parameter H.
There exists a version of BY with locally Hélder continuous paths of order o < H.

Proof. Using the self-similarity and stationary increments property, we have
B(B" - BI[") =E(BL[") = B(B]") [t = s*".

Then by the Kolmogorov continuity criteria, there exists a version of B¥ with Holder
continuous paths of order « < (¢H — 1)/q. Then letting ¢ — oo gives the required
result. O

It is well-known that an appropriately normalized sum of independent and identi-
cally distributed random variables can only converge in distribution to a stable random
variable. In fact an analogous result holds in the case of convergence in finite dimension
distribution for stochastic processes. Lamperti [Lam62] proved a theorem which says that
the limit of any normalized partial sum must be a self-similarity. Moreover, it motivates
the introduction of self-similar processes and their use in various applications.

Theorem 4.3.9. Suppose that (X,)nez s a stationary process and there exists a deter-
ministic sequence a, — 0o and a nonzero stochastic process (Zi)i>o such that

1 |nt] 11
- Zxk KNy

" k=1

Then (Zi)i>0 is a continuous and H-self-similar process with stationary increments, for
some H > 0, and a, = n" L(n), where L is a slowly varying function. Furthermore,
every self-similar process is the limit of such a partial sum process.

In the next section, we will see that the partial sum processes under the assumptions
we have set out in Section 4.1 converges either to Brownian motion or the Hermite
process based on the dependence structure of (X,,),ez. This theorem explains why we
will assume that the autocovariance is in the form p(n) ~ n* L(n), where L is a slowly
varying function.

4.4 Noncentral Limit Theorem for Partial Sum Pro-
cesses

We have the following fact.

Proposition 4.4.1. Let X = (X,))nez be a stochastic process with autocovariance func-
tion p(n) = n~*L(n), where L is slowly varying function.

(i) If 0 < o < 1, then Y has long range dependence.
(ii) If a« > 1, then Y has short range dependence.

Proof. See Section 3.1 in [GKS12]. O
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The condition from Theorem 4.2.1, " _,|p(n)|™ < oo is actually equivalent to
Y nez lPr(n)| < 0o, where py is the autocovariance function of f(X'). Thus, the Gaussian
subordinated process f(X) exhibits short range dependence. It is interesting to ask how
applying f affects the short or long range dependence of X. Not surprisingly, the answer
depends on the Hermite rank.

If X exhibits short range dependence then, so does f(X). But if p(n) ~ n=*L(n)
where L is a slowly varying function and 0 < o < 1 then X exhibits long range depen-
dence. If 1/m < a < 1, where m is the Hermite rank of f, then f(X) exhibits short range
dependence. So Theorem 4.2.1 is applicable when the underlying Gaussian process X
has short range dependence or even long range dependence as long as the f(X) exhibits
short range dependence. On the other hand if o < 1/m, then we have that f(X) exhibits
long range dependence. The mathematical details of the above discussion can be found
in Section 4.6 of [GKS12].

The critical case a = 1/m is interesting, because it turns out that that we can still
get a central limit theorem, but instead of dividing V;, by y/n as in Theorem 4.2.1, we
use y/nlog(n). This is proved in [BMS83].

In this section, we will discuss the remaining case, @ < 1/m. Here we assume the
underlying Gaussian process X has long range dependence with autocovariance function
of the form

p(n) ~n~*L(n), (4.4.1)
where 0 < a < 1.

Definition 4.4.2. Let ¢ > 1 and H € (1/2,1). The Hermite process of order ¢ and
self-similarity parameter H denoted (Z{"").cjo) is defined as Z@" = I,(L;), where

Li(y1, - Yq) = dgr (u— yi)+§ * du,

1/2

The parameter d, 5 has been chosen so that Var(Z#") = 1. In Chapter 5 we prove
the existence of the Hermite process and derive its main properties.
Now we can state the noncentral limit theorem.

Theorem 4.4.3 (Taqgqu, Dobrushin and Major). Let f : R — R be the function in
(4.1.2) with Hermite rank m, and V,, be defined in (4.1.1). If (4.4.1) holds and oo < 1/m,
then

Cm>a fdd m,H
Vi, — 2™,
nt L(n)m/?

where Z™H is a Hermite process of order m and self-similarity parameter H = 1 —
(ma)/2, and

1 <m!(1 - mo;)(? - ma))l/z.
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Proof. See Taqqu [Taq79] or Dobrushin and Major [DM79]. O

Let us now summarize the results that we have proven in this chapter.
Corollary 4.4.4. Using the notation in Theorem 4.2.1 and Theorem 4.4.3, we have:

(i) If X exhibits short range dependence, then f(X) exhibits short range dependence
and as n — o0,

1 fdd
—V, —
vn

(i1) If X exhibits long range dependence and satisfies (4.4.1) with o > 1/m, then f(X)
exhibits short range dependence and as n — oo,

oB.

1 fdd
—V, —
vn

(11i) If X exhibits long range dependence and satisfies (4.4.1) with o = 1/m, then f(X)
exhibits long range dependence and as n — 0o,

oB.

1
v, 1% 5B
nlog(n)

(i1i) If X exhibits long range dependence and satisfies (4.4.1) with o < 1/m, then f(X)
exhibits long range dependence and as n — 0o,

Cm,a fdd m,H
: V, Zm
nH L(n)m/2

For more recent results in the continuous time analogue of these limit theorems see
Buchmann and Chan [BC09], which makes use of the fourth moment theorem. Also see
Hariz [Har02].

4.5 Simulating the Hermite Process

It is possible to use Theorem 4.4.3 to simulate the Hermite process by setting the un-
derlying Gaussian process to fractional Gaussian noise, X = BH — BH |
process of fractional Brownian motion,

From Proposition 4.3.5, we showed that for H > 1/2, the increments of fraction
Brownian motion exhibits long range dependance. Then we can apply Theorem 4.4.3 to
fractional Gaussian noise with f = H,.

Corollary 4.5.1. Fiz ¢ > 1 and H € (1/2,1). Let X' be fractional Gaussian noise
with Hurst parameter H' =1 — (1 — H)/q. Then

the increment

[nt]

b /
Y H (X S 2o,

where
1/2

b 1 ¢'H(2H — 1)
qu - aq (1 _ ﬂ)q (1 _ 2(17H)>q

q q
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Hermite process g =2,H=0.8

2(1)
1.0 1.5 2.0

0.5

0.0
|

time

Figure 4.1: Sample paths of the Hermite process of order 2 and self-simiarlity parameter
H =0.8.

Example 4.5.2. We will simulate the Hermite process for ¢ = 2,3 and H = 0.8. To do
this, we first simulate fractional Brownian motion with Hurst parameter H’. This can
simply be done using any technique to simulate multivariate normal random variables,
such as the Cholesky decomposition. Next we take the difference to form fractional
Gaussian noise, X', Lastly, calculate b;if ZEZ]I H,(X[.

The following graphs plot the sample path of the Hermite process Z} H and an estimate
of the density of the Hermite distribution Zf’H. We used n = 1,000 grid points. In the
case of the distribution, we used 100,000 simulations of the sample path, and applied a
kernel smoother to approximate the density function. It appears from these simulations
that the Hermite distribution of order 3 is bimodal (see Figure 4.4).

Not much is known about the Hermite process in the literature and its numerical
properties. However, recently Veillette and Taqqu [VT13] have release results from a
numerical evaluation of the Rosenblatt process, the Hermite process when ¢ = 2. Their
method involves calculating cumulants and using Fourier inversion.
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Hermite distributiong=2,H =0.8

0.6

Density
0.4

0.2

2(1)

Figure 4.2: Stimulated Hermite distribution of order 2 and self-simiarlity parameter
H=10.8.

Hermite processq=3,H=0.8

0.5

Z(1)
0.0

time

Figure 4.3: Sample paths of the Hermite process of order 3 and self-simiarlity parameter
H=02..
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Hermite distribution q =3, H=10.8

Density
0.3 0.4 0.5
|

0.2

0.1

L

z(1)

0.0
|

Figure 4.4: Stimulated Hermite distribution of order 3 and self-simiarlity parameter
H =0..
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Chapter 5

Hermite Process

The study of self-similar processes with stationary increments and long range dependence
has been of considerable interest in many fields of applications, such as finance, hydrology,
and Internet traffic. Such processes may naturally arise. For example, it is conjectured
[AN13] that stock prices exhibit self-similarity, that is fractal behavior, due to agents
differing interpretations of information and investment horizons. Thus, these processes
can play a useful role in modeling a wide range of phenomena.

In this chapter, we examine the properties of the Hermite process, a class of self-
similar processes with stationary increments, which includes fractional Brownian motion,
and also non-Gaussian processes. We will construct an estimator for the Hurst parameter
using the quadratic variation. Our main purpose is to apply the properties of the Wiener
chaos and the central and noncentral limit theorems from Chapter 4 to compute the
limiting distribution of a estimator for the Hurst parameter.

The main reference for this section are Chronopoulou, Tudor and Veins [CTV11,
TV09.

5.1 Hermite Process

Let B be a fractional Brownian motion with Hurst parameter H € (1/2,1) and define
the kernel of fractional Brownian motion as

t
Kult,s) = cnlog(s)st / (0 — s)T=$ =% dy (5.1.1)

1/2
H(2H —1)
C = .
"\ B(2-2HH-1)
Throughout this chapter, we will make use of various identities in the case where H &

(1/2,1) relating to Ky and Ry defined in (4.3.2). These identities are listed below and
can be easily verified using elementary calculus techniques.

/ " Kyt Ky (s.u) du = Ryg(t.5) (5.1.2)

t s
H(2H — 1)/ / lu — v|*" "2 dudv = Ry(t, s) (5.1.3)
0 Jo

0Ky

ot (e =en G)H_é (t—s)f2 (5.1.4)

o7
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YNOK 0Ky
= H(2H — 1)|u —v|*" 2. 1.
| S % ) dy = HEH = = o (515

In this chapter, we will work on the Hilbert space H = L?([0,1]). The primary object
of study is the Hermite process introduced in Definition 4.4.2. Here we will define the

Hermite process as a sequence in the gth Wiener chaos, using an integral representation
on a finite interval.

Definition 5.1.1. Let ¢ > 1 and H € (1/2,1). The Hermite process of order ¢ and
self-similarity parameter H denoted (Z{""),cpo 1 is defined as Z¢" = I,(L,,), where

! OK v OK
(u, tl) R W(u, tq> d'LL,

Lt7q(t1, e ,tq) - dHl[O,t]q(th e ,tq) /

£V Vg ou

HE2H-1) \Y*
= (q!<H'<2H' - 1>>q) ’
H—-1

H =1+ ,
q

and Ky is the kernel of fractional Brownian motion in (5.1.1).

Note that the Hermite process is only defined for H € (1/2, 1), which is equivalent to
H' € (1-1/(29),1). When H € (0,1/2], the kernel L;, is not in L*([0,1]9) so that the
Hermite process is not defined. The parameter dy has been chosen so that E <(Zf’H)2

1. For simplicity, the notation 0K (u,t) will be used to denote 0Ky (u,t)/0u.
Next we will show that the two definitions of the Hermite process given are equivalent.

Proposition 5.1.2. The Hermite process as defined in Definition 4.4.2 and Definition
5.1.1 are equivalent.

Proof. See Theorem 1.1 in [PT10]. O
The following result will be useful in a few proofs we give.

Lemma 5.1.3. Let ¢ > 1 and s,t,z,y € [0,1]. Suppose that f,g are Riemann-integrable
functions. Then

t s q
/ / / g(u,v,z,y) H f(u,v,t;) dudvdt, .. .dt,
[0,tAs]T JyVErVe-Vig J zVE1 V- Vig

i=1

:/t /Sg(u,v,x,y) </0Wf(u,v,t) dt)q dudv.
y Ja

Proof. The result immediately follows from Fubini’s theorem, so we only need to discuss
how the limits in the integrals change. Since u € [xVt;V---Vi,, s]and v € [yViV---Vi,, ],
we have that ¢; € [0,u Av] for all i = 1,...q, where u € [z,s] and v € [y, t]. O

The Hermite process is an example of a non-Gaussian self-similar process with sta-
tionary increments when ¢ > 2. We outline of its properties below.

Proposition 5.1.4. Let (Zf’H)te[O,l] be a Hermite process of order q and self-similarity
parameter H. Then
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(i) The Hermite process exists if and only if H € (1/2,1).
(ii) Z%H is self-similar with parameter H.

(iii) Z%H has stationary increments.
(iv) E (th’H> —0.
(v) E (ngHth’H> = 5 (s + 27 |5 — t2H).
(vi) Z¥1 has locally Hélder-continuous path of all orders o < H.

(vii) The increments of Z4H have long-range dependence

Proof. First, we prove (i). Since the Hermite process is defined as a Wiener-It6 integral,
we need to show that kernel L,, € L*([0,1]?) if and only if H € (1/2,1). Suppose that
H € (1/2,1), then
IZualyen = / [ oK oK) 0K )08 1)
[0,¢]9 Jt1V--Vig StV th
dudvdt; . .

Now using Lemma 5.1.3, then (5.1.5) and (5.1.3), we have

||LtqHH®q = qld3; / / (/ K(u,y)0K (v,y) dy)q dudv

:q!d%(H’(QH’—l))q// lu — v[*72 dudv
0 Jo

gl (H'(2H' —

1))
H(2H — 1) Bt 1)

< OQ.

So the Hermite process exists for H € (1/2,1). Conversely, if H > 1 then H’ > 1 which
implies that the integral in the first equality diverges. If H < 1/2, then the integral in
the second equality diverges.

Now we prove (ii). Let ¢ > 0, we have

ct ct ct
th’H = / ce / / alKH/ (u, y1> e 61KH/(U, yq) d'LLdWyl e dqu
0 y1V--Vyq
ct t
= c/ / / O Ky (cu,y1) ... 01 Kp(cu,yq) dudWy, ...dW,,
0 Yly..v¥%

¢ t ot
= c/ . / / O Kpi(cu,cyr) ... 01 Kpr(cu, cyq) dudWey, ... dW,, .
0 y1V--Vyq

Now using the self-similarity of Brownian motion, W, Ll 2W, and the fact 0, K (cu, cy) =
=320, Ky (u, ), we have that Z%" = ¢# 22" This argument can be made rigorous
(see Proposition 14.3.5 in [GKS12]).
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Next, (iii) follows from the fact that L; s — Ly = Ly, so that I,(Lys) — I,(Ls) =
I,(L;_s), for all ¢ > 1 and s,t € [0,1]. Using the translation invariance of Gaussian

white noise, it can be shown that I,(L;_s) L I,(L;) (see Proposition 14.3.5 in [GKS12]).

Therefore, Z&:" — 734 < zoH,
The other results directly follow from the fact that th’H is a H-self-similar process

with stationary increments by using Proposition 4.3.3, Proposition 4.3.5, and Proposition
4.3.8. [

From Proposition 5.1.4, the Hermite process has zero mean and covariance function
Rpy. In addition, if ¢ = 1, then it is in the first Wiener chaos, so it is also Gaussian. There-
fore, when ¢ = 1, the Hermite process is fractional Brownian motion with H € (1/2,1).
It can easily be checked that Li.(s) = Kg(t,s), so we have a integral representation of
fractional Brownian motion on a finite interval,

t
BtH:/ Ky (t,s)dB,.
0

This is why we previously called Ky the kernel of fractional Brownian motion. Note this
is only valid when H € (1/2,1). When H € (0,1/2), the kernel is different. However, we
will not need make use of that case.

Definition 5.1.5. When ¢ = 2, the Hermite process Z>¥ is known as the Rosenblatt
process.

For ¢ > 2, the Hermite process is an example of an non-Gaussian self-similar process
with stationary increments.

5.2 Convergence of the Quadratic Variation of the
Hermite Process

In this section we study the the convergence of the discrete quadratic variations of the

Hermite process. We will then use the limiting distribution to construct an estimator for

the Hurst parameter and derive its limiting distribution.

Suppose that the Hermite process Z¢ is observed at discrete times t = 0,1, ..., t,,
where t; = i/n. Then the discrete centered p-variation statistic of Z%¥ reduces to

k
_ q.H q,H
1 ‘Zil —Z3 ‘
n n

Un(p) = E; o (‘quH B Zz’H’k) -1

i+l
In the case where p = 2, using Proposition 5.1.4 (v), the discrete centered quadratic
variation statistic of Z% is

n—1 (Z’?ff _ Z‘LH)Q
=\ ((Z‘zfz’ - Z%’H)2)

Uy :=U,(2) = -1

3|~
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n—1 9
— H H —
_ o 2H 12 ((Z?’H i ) 0 2H).
n n

=0

The main result of this section is to prove that U, converges to normal random
variable in ¢ = 1 case when H € (1/2,3/4), otherwise it coverages to a Rosenblatt
random variable.

In the fractional Brownian motion case, when ¢ = 1 and Z%% = BH U, may converge
to either a normal random variable or a Rosenblatt random variable.

Theorem 5.2.1. Let ¢ = 1, then we have:

(i) If H € (0,3), then by gn~2U, 4 N(0,1) as n — oo, where

00 —1/2
big = (2 + Z (2q2H —(¢— 1)2H — (g + 1>2H)2> .

(i) If H=3, then by.ir(nlog(n))~2U, 4 N(0,1) as n — oo, where

1

P = SR 1)

(i) If H € (3,1), then by yn' 27U, 4y 722H=1 g5 s 00, where

o (A3 N\
ST \eH22H —1))

Proof. These results follow from Corollary 4.4.4 with ¢t = 1, so that we obtain limit
theorems for random variables. Put f = Hs, the second Hermite polynomial, and set the
underlying Gaussian process to fractional Gaussian noise, X = X, O

In the case of a Hermite process of order ¢ > 2, the convergence of U, is always
a Rosenblatt random variable. Note that we cannot apply Theorem 4.4.3 because the
Hermite process is non-Gaussian, but interestingly the result turns out as expected.

Theorem 5.2.2. Let ¢ > 2, then c, yn* 21U, — 720 12(Q) as n — oo, where

1/2
. (4H =3)(4H' = 2) (H' = (g = 1) + D(2H = 2))(g — 1) +1)°
7H =
! A(H'(2H' — 1))%9dy (g — 1)P¢*

We will use the next section to prove this result. Note that using the fourth mo-
ment theorem or other normal approximation methods will fail here as the limit is non-
Gaussian. Thus, we will need to work more directly with the properties of the Wiener
chaos.
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5.3 Proof of Theorem 5.2.2

The following proof is from Chronopoulou, Tudor and Veins [CTV11, TV09].

Lemma 5.3.1. Let fi, := L1y — Lijn and I; :== [(i+1)/n,i/n]. Then for all r =
1,...,9—1, we have

(fim ®r fin)(tr, - togae) = (H'(2H' — 1))%d2 / / OK (u,t1) ... OK (u, 14-)
nJr
OK (0, tg_yi1) ... OK (v, tag_or)|u — v| ' =29 dudv. (5.3.1)

Proof. Using the definition of a contraction, we have

(fi,n ®T fi,n)(tla Ce 7t2q727") = / (Li+1 — Li)(tl, e ,tq,r, Sty 37")
[O,I}T n n
(Lﬂ — Li)(tq,r+1, c. 7t2q72r7 Sty ST) dSl c. dSr
= A1) /n,i+1)/n — A+ /ni/m — Aifn(i+1)/n T Aifnjins
where

Aa,b = dg,H/ ].[07(1}41(751, e 7tq—7“7 S1y.. 4, ST)1[07b}q(tq_7«+1, e 7t2q_27~, S1y.. 4, ST)
[0,1]"
( 8KH/ (u, tl) NN 8KH/(u, tq_r){?KH/(u, 81) PN 8KH/(u, ST) du)
Jl,a

( (‘3KH/ (U, tq—r-i—l) e aKH/<’U, tgq_gr)aKH/ (U, 81) e aKH: (U, ST) dU)
J2b

ds;...ds,
Jig:=[t1V- -Vt Vs V---Vs,,al,
J27b = [tq—r+1 AR \/tgq_zr Vs V- \/Sr,b].

Now we can apply Fubini’s theorem, followed by (5.1.5) to get

a b
I )
Aap = dy g 1j0,aa—rxoga—r (1 - - - tag—2r) / /
t1Ve-Vitg—r Jlg—ry1V---Vi2g—2r

8KH/ (u, tl) N 8KH/(U, tq_T){?KH/(v, tq—r+1) N aKH/<U, tgq_gT)

uAv r
( OK i (u, $)0K (v, s) ds) dudv
0

a b
— (H'QH ~ )&, / / DK (u,tr) . DKo (st )
t1V-Vitg—r Jlg—r41V--Vigg—2r
8KH/ (U, tq7r+1> e 8KH/ (U, t2q72r> ]u — 'U’(2H/72)T dudv.

In the last equality, the indicator function can be dropped because 0K (u,t) as a function
of t is supported on [0, u] which is a subset of [0, a], while 0K (v, t) is supported on [0, v].
Let B(u,v) be the integrand in A,; and note that the integrand is the same for all these
terms. Now we have

i41

Alir 1) /n,(i+1)/n — AGi+1)/nsifn = (H'(2H" — 1))Td2,H / B(u,v) dudv

tVeVig_p JI;
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i+1
— (H'QH - 1))'d / / " B(u,v)dvdu. (5.3.2)
t1V---Vt

Using a similar argument, we also have

Aifngivtyn — Aimim = (H' (2H — 1))Td§’H/ /n B(u, v) dvdu. (5.3.3)
i Jlg—rV---Vigg_2p
Finally, combining (5.3.2) and (5.3.3) yields.

i 0 Fin) b tr) = (H'H = Oy [ [ 0Kt 0K (wty)
OK (v, ty_yi1) ... OK (v, tag or)|u — v|*H =27 dudv. (5.3.4)
We can now calculate the inner product using Fubini’s theorem

<fi,n ®r fi,na fj,n ®r fj,n>’H®2q72r

—(H(2H — 1) d!, /[0 . ( /I /IiB(u,v) dudv) ( /Ij /]jB(u’,v’) du’dv’)

dty ... dtsg s

= (H'(2H' —1))*d, ////(/ OK (u,t)OK (u' t)dt)

1
</ 0K(v,t)8K(v,t)dt) |u — o B =Dy — ! |CH =T 4! o/ dodu
0

= (H'(2H' — 2qd4 ////lu 2H’—2)r|u1_vl|(2H’—2)r

lu — o |FH =2y — o |CH =20 gy du/ dvdu.

-Tr

Note that 0K (u,t)0K (u/,t) as a function of ¢ is nonzero only when u > t and v’ > t, so
that we can replace integration over [0, 1] with integration over [0,u A «’]. This allows
(5.1.5) to be used at the last line with a similar result for v. Now make the change of
variables

O I G KRR U KA G
r=|u——|n, =(v— n, r=\|\u—=\|n y=[v— n,
n n n n

which gives

<fi,n Ry fi,nv fj,n Q fj,n>’H®2q72r = (HI(ZHI . 1))2qd;1’Hn(2H/2)2q4/ ‘x _ y‘(ZH/,Q)r

[o, 1]4

|$/ i y/‘(ZHLQ)r|$ 4= ]‘ (2H'—-2)(g—r)
ly — 3 +i — j|FHDE) dadyda’ dy . (5.3.5)
This concludes the proof of the lemma. n

Proof of Theorem 5.2.2. In this proof, we work on the Hilbert space H = L*([0, 1]) and
assume that ¢ > 2. We complete this proof in 4 steps.
Step 1: Compute the Wiener chaos expansion of U,.
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Define the kernel of Z( "+1)/n
1.4.8 and Proposition 5.1.4 (ii), we have

Zf/H as fim = L(iy1)/n — Li/n. Then using Corollary

2
<ZE]’Lfl)/ _Zlq/f) _q Hfln”’}-[@tz—i_zrl( ) IZq 2r (fzn Or fzn)

q—1
4 (1) b i )
r=0

Therefore,
Un = qu + CQq—2T2q—2 + -+ CQTQ, (536)

where

n—1 2
Tog—or := nzH_lfzq_zr (Z fin ®r fi,n) and  cyy_g, 1= 1! (z) , (5.3.7)
i=0

forallr=0,1,...,9g— 1.
Step 2: Show that T is the leading term of the Wiener chaos expansion.

From (5.3.7), the orthogonality property and the fact that ‘ ﬁn S | finlloyea We
HOq
have that
n—1 2
E(TQQq—Qr) S (2q - 27’)!714H—2 Z fi,n ®r fi,n (538)
=0 H®2q—2r
n—1
= (2q — 2r)In*H 2 Z (fin ®r fims fin ®r fin)yerq-ar -
i,j=0

This sum decomposes into a diagonal term C,, when ¢ = j and a non-diagonal term C/,
when 4, so that E(T3,_,,) < C, + C;,. Using Lemma 5.3.1 we get

Cn=(2q—2r)(H'(2H' — 2qd4 n—?2 Z/ | CH 2| | 2H =D
|z — 2 |BH=2@) |y o |CH=260) g dyda dy .
Since H € (1/2,1), the exponents (2H' — 2)r, (2H" — 2)(q¢ —r) > —1, so the integral is

bounded. Therefore C' = O(n~?), which approaches 0 as n — co. Next, we turn to the
non-diagonal term.

C’;L _ (2(] o QT)!(H/(QH/ 2qd4 222/ 2H’72)r‘x/ - y/’(2H’f2)r
1>)
o — 2 i = |y — o i — GO drdydal dy

n—2n—1—1

= (2q — 2r)/(H'(2H' — 1))*dy yn2) > / =Dy | CH =D

20]1

=’ |Gy —f G| B0 drdyda dyf
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n—2n—1—1

_ (2q _ QT)!(H/(QH/ 2qd4 7222 Z / 2H 72)r’$/ _ y,’(QH —2)r

=0 j=1
|z — 2’ 4 j|CH =Dy — oy 4 | =D dudyda’ dy
= (2¢ — 2r)!(H'(2H' — 1))d} 222 n—j /[ ; | CH =Dy ) @H =2
0,1

]x _ +j’(2H’—2)(q—r \y —y _|_]] (2H'-2)(q—r) dxdydx dy/
(2(] B 27‘) (H’(ZH/ 1))2qd;17Hn(2H’—2)(2q—2r)2/ |a: _ y|(2H/_2)r|x/ _ y/|(2H/_2)T

0.1]¢
n—1 . .1 (2H'=2)(g—7) / - |(2H'—2)(q—7)
1 — -
(_ 3 (1 _ l) ror ] y—v . J ) dzdydz' dy.
n ) n n n n n

Now the term in the brackets is a Riemann sum, as n — oo we have

1 pl 2
lim n~CGH =220 = 2(2¢ — 2r)/(H'(2H' — 1))*d; ( / / |z — y|GH 2 dxdy)
0 0

n—00
1
(/ (1 . x)x(2H’—2)(2q—2r) dl’)
0

2(2q — 2r)!\(H'(2H' — 1))*d, 4
C(((H =+ 1D)(H —2)r + 1))
1
(2H"—2)(2¢—2r)+ 1) ((2H' —2)(2¢ — 2r) + 2)
where the first integral was evaluated using (5.1.3). Since H € (1/2, 1) implies that (2H'—
2)(2q — 2r) > —1, the off-diagonal term is dominant and we have C’ = O(n(H'~2)(24=2n))
as n — 0o. Therefore, for all r =0,...,q— 1,

(T3, ) = O =220 (5.3.9)

as n — 0o.

Thus, the dominant term in U, is T; which occurs when r = ¢ — 1. In this case, the
inequality in (5.3.8) can be replaced with equality because f;, ®,-1 fin are symmetric
functions. Therefore, U, ~ cT> and have proved that

lim cg’HnQ(Q_QH/) E(U?) =1,

where
2 WH = 3)UH —2) (H' - 1)(¢ 1)+ 1)(2H ~2))(g —1) + 1)*
q,H — 4(H’(2H’ _ 1))2qd3,H(q _ 1)!2(]4 .

2 !
In order to show that ¢, gn?~27'U, @, Z3*=1 (5.3.6) and the orthogonality prop-
L?(Q)

7 L2(Q ’_ /
erty implies that it suffices to show coc, gn® 24Ty @, Z2P " and n2 21Ty, o S
0 for all » =0,...,q — 2. Since we have proven to latter, we will now prove the former.

Let f, be the kernel of cyc, yn? 27" T,. By combining (5.3.7) and (5.3.4) that is

n—1
Falti,ts) = ¢, g (H'(2H = 1)71d a2 1 Z/ / OK (u,t1)0K (v, t2)
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lu — v|FH'=2@=D qudy,
where ¢ ;; = ¢a¢qi. It is enough to show that f, converges in L*([0, 1]*) to the kernel
of Z12’2HL1 which is
1
Ll’g(tl, tQ) = d272H/_1].[071}2(t1, tg) 8K(u, tl)aK(u, tg) du.

t1Vto

Step 3: Prove that the kernel of T} converges almost everywhere to the kernel of a
Rosenblatt random variable using a Riemann sum argument.

For large n, 0K (u,t) is approximately equal to 0K (i/n,t) when u € I; and u > t.
Hence,

n—1
fn(tl, tz) ~J C;7H(H,<2H/ - 1))q_1d§’Hn2_2H,n2H_1 Z/]’ [ 1{i/n>t1/\t2}(t17 t2)
i=0 Y 1i /1
¢ ¢ (2H'~2)(q—1)
OK | —,t1 | OK | —,t2 | |[u— v dudv. (5.3.10)
n n

Using a change of variables then applying (5.1.3), it can easily be shown that

/ / f — ] 2H D) gy = 2 . (5.3.11)
1 J1; (H'=1(@-1)+1(2H =2)(¢—1)+1)

It can also be readily verified that ¢ ;(H'(2H' —1))9"'dZ ; = dy2p7—1. Combining this
fact with (5.3.10) and (5.3.11) yields

n—1

_ 1 1
falti, t2) ~ doopr—in™" ; Liin>tnto} (L, 12) 0K (57751) 0K (E,b) :

This is a Riemann sum, so taking n — oo we have

1

nlljﬁlo fn(tl, tz) = d272H/_11[071]2 (tl, tg) / 8K(u, tl)aK(u, tQ) du.

t1Vta

Thus, f,, converges to L,y almost everywhere as n — oo.

Step 4: Finally, prove that the kernel of T converges in L*([0,1]?) to the kernel of a
Rosenblatt random variable using a Cauchy sequence argument.

To complete the proof we will show that (f,,),en is a Cauchy sequence. This implies
that f, converges in L?([0, 1]?), which must coincide with the pointwise limit proved in the
previous step. It suffices to prove that (f,, fm>H®2 converges to a constant as n,m — 00.
Notice that

n—1

— ! —_
fn = Kn2 2H 77/2H 1 fohn ®q71 fi,na

=0

for some K constant with respect to n. Then using (5.3.5), we have

_ V(o vy | T
<fn7fm>7.[®2 = K2<nm) 1/ ‘ZC _ y‘(2H 2)(q 1)’13/ _ y/|(2H 2)(¢-1) |2 _ 2
0,14 n o m n m
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AL
— =4 —-——= dxdydz'dy’.
m n o m

y
n

The terms z/n, z'/m, y/n, and y'/m are negligible for large n and m. Thus, this is a
Riemann sum, so taking n,m — co gives

2
W (fo, frn)pgee = K° (/ |z — y|?? da:dy) / |z — |2 dady,
n,m—oo [071]2 [071}2

Since H € (1/2,1), the exponents 2H' — 2, (2H" — 2)(¢ — 1) > —1, so the integral is
bounded and the limit approaches a constant. Thus, ||f, — fill;e2 — 0 as n,m — oo,
so that f, is Cauchy. Therefore, f, converges to Lo in L?([0,1]*) as n — oo. This
completes the proof of the theorem. n

5.4 Estimating Hurst Parameter

Let the discrete uncentered quadratic variation of Z% be

n—1

1 2
Sv=o 3 (2 - 22")

1=0

Then it immediately follows that 1 4+ U,, = n?#.S,,, which motivates

. log S,
H, =8

2logn
as a estimator for the Hurst parameter H.

In this section we will show that f[n is a consistent estimator for H and derive its
limiting distribution.

Proposition 5.4.1. The estimator H, — H almost surely as n — 00.

Proof. For simplicity, K will denote a constant with respect to n in this proof, but will
not necessarily be the same constant. Using the Wiener chaos expansion of U,, the
orthogonality property, and Holder’s inequality, we have

q—1 p q—1
E(|U,|P) = E ( > cag-aTogo ) < cagar B(|Tog—2|”). (5.4.1)
r=0 r=0

Using (5.3.9) for all » = 0,...,¢ — 1, there exists a positive integer mq, such that for
all n > my, we have BE(T3,_,,) < Kn@"' =222 Qo for sufficiently large n, Ty is
the dominant term. Combining this with the hypercontractivity property of Wiener-Ito
integrals yields

E(|Tog-2r|") < B(T3,_,)"? < E(T3)? < Kn®2, (5.4.2)

where p > 1. Therefore, (5.4.1) and (5.4.1) gives E(|U,[?) < Kn®#' =P Combining this
result with Markov’s inequality, we have

log(e) 2H—2)

P(|Un| > €) = P(|U,|" > €") < e PE(|U,[") < KePpH' =2 < Kn(_log(n> a
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Now all all € > 0,

log(e) 2H —2
Clog(n) g

<0, (5.4.3)

when € > n®A=2/4 Since H € (0,1), it follows that there exists a positive integer
ma, such that if n > my, then (5.4.3) holds. Now choose p > 1 large enough that

<_11§§((n)) A 2) p < —1. Therefore,

log(c) _ 21—
ZP\U|>6 )< K+ K Z (e~ 272 < oo,

n=miVmsy
By Proposition A.3.4, this implies that U, <2 0. Next, we can write
log(1+U,) = —2(H, — H)log(n).

Combining this with the fact that log(1 + z)/x — 0 as x — oo, we have that

U, = 2(H — H,)log(n)(1 + o(1)). (5.4.4)
Thus, as n — oo, H, %% H because U, <5 0. O]

Theorem 5.4.2. Let ¢ = 1, then we have:

Fy d

(i) If H € (3,3), then b'LHn_% log(n)(H, — H) = N(0,1) as n — oo, where by y =
2b1,H-

(it) If H =3, then bl 4 (n log(n))~2(H, — H) LN N(0,1) as n — oo, where by ; = 2by g

(iii) If H € (3,1), then by yn'~" log(n)(H, — H) 4 72H gsn — 0o, where by = 2b3,1

In the case of a Hermite process of order ¢ > 2, the convergence of U, is always a
Rosenblatt random variable.

Theorem 5.4.3. Let ¢ > 2, then c, yn*~""log(n)(H, — H) — Z2H i 12(Q) as
n — 0o, where ¢, g = 2¢qu

Proof. In Theorem 5.2.2, we proved that

il

as n — 0o. Now using (5.4.4), we have

2-2H' 2,2H'—1
U, — 23

2
)—)0,

2-2H _ A _ 2om-1)?
E( [2¢cqun log(n)(H — H,)(1+0(1)) — Z; — 0.

cq,Hn

Taking n — oo gives the required conclusion. O

Proposition 5.4.4. Let ¢ > 2 and H, =1+ (H, —1)/q, then in L'(Q),
¢ gn®” 21 "log(n)(H, — H) — Z>*'~1

as n — 0.
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Proof. Tt suffices to show that

lim E (’ <n2*21ﬂ — n2*2H/> (H — ]:[n> log(n)’) = 0. (5.4.5)

n—oo
Choose € € (0,2 — 2H') and recalling the definition of H’,
O = {ﬁ; >2H’—1+e/2} - {Hn >2H—1+qe/2}.

Now we can write

(o2 0) (- k) = 2 ) (1 )t )
2 ~H

) log(n)| 1c: )

First we estimate A. Let z = (2 — 2H') V (2 — H') and y = (2 — 2H') A (2 — H?).
Also, note that e* — 1 is a convex function so e* — 1 < ze*. Thus we have

n2—2H;L _ p2m2H | _ ylog(n) <e(ac—y) log(n) _ 1)
< n¥log(n)(z —y)n*"
— 2log(n)n® |H' — H,
2
= —log(n)n”
. (n)
Then
2 A
A< -E (1on‘” H-H, log ) (5.4.6)
q
2 o ae—2m) 2(2—2H") v|? 2
= 571 E(1lcn H — H,| log(n)"). (5.4.7)

When w € C and either case z = 2 — 2H' or x = 2 — 2H', we have = — 2(2 — 2H') < —
so that

The expectation converges to a constant due to Theorem 5.4.3, so A — 0 as n — oo. If
w ¢ C, then A= 0.
Next, we estimate B. Since w € C° and € < 2—2H’, this implies that |n

n?~2Hn and ‘H - H,

A< 2n_eE(

, N2
n2(2-2H") <H - Hn> log(n)?
q

, .
2-2H' _ 2-2H,| <

we have

B < Hlog(n)E (1Ccn2’2H">

. 1/(2q)
< Hlog(n)P(C)'?E <n2’2H”2q) ! :
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where i + ziq = 1. Using Markov’s inequality, followed by Theorem 5.4.3, we have

2) 1/p
P(C)Y/P <

(VT s g =g
< Kn*2(2*2H’)/p’

E(‘H—]:[n

where K is a constant that does not depend on n. Now, we can write 1 + U, =
an(Z—ZHL)n—Qq(Q—ZH/) so that

E <N2—2ﬁn 2q) 1/(29)

S nQ—QH/ E(]_ + Un)l/(2q) — ]\]2—2]¥/7

since E(U, ) = 0. Putting this together, we have
B < KH log(n>n*2(272H/)(2/p71).

AS 2¢ > 4, we have p < 4/3 and —2(2 —2H')(2/p—1) <0. So B—0asn —oco. [

Note that all of limit theorems in the section also hold in distribution, as convergence
in distribution is weaker than convergence in L%(£2).

There are other interesting applications of Malliavin calculus to parameter estimation
for Hermite processes. For example Breton, Nourdin and Peccati [BNP09] find exact con-
fidence intervals for the Hurst parameter of fractional Brownian motion using Malliavin
calculus.



Conclusion

Limit theorems through the use of Malliavin calculus and Stein’s method has been a
recent development in probability theory and stochastic analysis. In this text, we have
aimed to provide a comprehensive overview of this subject.

In particular, we have provided an introduction to the Wiener chaos and Malliavin
calculus, which gives the foundation for this theory. Using these tools with Stein’s method
allows for the derivation of total variation bounds to prove the fourth moment theorem.
A corollary to the fourth moment theorem was then used to prove the Breuer-Major
theorem, a central limit theorem for partial sum processes under short range dependence.
In the case of long range dependence, there is a noncentral limit theorem whereby these
partial sum processes converge to Hermite processes, a class of self-similar processes with
stationary increments that live on the Wiener chaos that are in general non-Gaussian.

An application of these central and non-central limit theorems was to find the limiting
distribution of an estimator of the Hurst parameter of fractional Brownian motion. In
the case of a Hermite process, using the properties of the Wiener chaos, it was shown
that the estimator of the Hurst parameter always converges to a Rosenblatt distribution.

In this text, we have given only a very small sample applications of this theory.
However, there is a large diversity of interesting applications and open questions in the
literature. For example, in the multivariate setting it is unknown if a central or non-
central limit theorem continues to hold for sequences of random vectors where components
have both short and long range dependence when the Hermite rank is greater than 2
[BT13a]. Also, it is surprising that still not much is known about the Hermite process.

Recently, there have also been interesting theoretical developments using the tech-
niques of Malliavin calculus. For example, Nourdin and Peccati [NP13] have computed
exact rates of convergence of the fourth moment theorem in the total variation bound. It
has also been shown by Arizmendi [Aril3] that for infinitely divisible distributions, the
fourth moment condition is sufficient for convergence to a normal distribution. There
have also been new applications, for example, Bardet and Tudor [BT13b] use these meth-
ods to investigate the distribution for the Whittle estimator of the Hurst parameter of
the Rosenblatt distribution. So this is an exciting area of active research.
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Appendix A

Analysis and Probability

In this appendix we list some miscellaneous results from measure theory, functional anal-
ysis and probability theory that are used in the main text.

A.1 Measure Theory

The following result is a corollary to Lusin’s lemma and allows us to approximate indicator
functions by a sequence of bounded and continuous functions.

Lemma A.1.1 (Lusin). Leta > 0, B C [—a,a] be a Borel set on R, and p be finite mea-
sure on [—a, a]. Then there exists a sequence of continuous functions (g, )n>1 with support
included in [—a,al], such that g,(z) € [0,1] and gn(x) — 1p(x) p almost everywhere as
n — o0.

Proof. See corollary to Theorem 2.24 in [Rud87]. O

A.2 Closed and Closable Operators

Many important linear operators are unbounded. However, some of these operators, such
as the derivative, turn out to be closed. In this section, we will discuss the construction of
closed extensions and see that it is possible to uniquely define the adjoint of unbounded
operators that are closed.

This summary on closed and closable operators is from Section 2.7 in [JacO1]. These
results apply to Banach spaces, as these results will be required to prove that the Malliavin
derivative D : § C L9(Q)) — L%(2 — H) is a closable operator for ¢ € [1,00). When
q = 2, this reduces to the Hilbert space case, and these results on closed and closable
operators can be found in most standard textbooks on functional analysis, such as [Kre78]

and [Con90].
Definition A.2.1. Let AX',) be Banach spaces. The direct sum of X and ) is the
Banach space X @ ), with elements (z,y) where z € X,y € Y. The usual operations on
X @ )Y are defined component-wise and the graph norm is

12 9) 1 xey = ll2llz + 9ll5 -

Definition A.2.2. Let A : dom(A) C X — ) be a linear operator with its domain
denoted by dom(A), then the graph of A is defined as

gra(A) == {(z, A(z)) e ¥ @ Y|z € dom(A)}.
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Definition A.2.3. A linear operator A : dom(A) C X — )Y is densely defined if
dom(A) is dense in X.

Definition A.2.4. An linear operator A : dom(A) C X — )Y is closed if gra(A) is a
closed set in X @& ).

Proposition A.2.5. Let X', )Y be Banach spaces. The following are equivalent:
(i) The operator A is closed.

(ii) For all sequences (T,)n>1 C dom(A), if x, — x € X and A(z,) — y € Y, then
x € dom(A) and A(x) =y.

(iii) The domain dom(A) equipped with the graph norm is a Banach space.

Definition A.2.6. Let A : dom(A) C X — Y and B : dom(B) C X — ) be linear
operators, then A is an extension of B if dom(B) C dom(A) and A(y) = B(y) for all
y € Y. Further, A is a closable operator if it is the closed extension of some operator.

Let X denote the closure of X C X.
Proposition A.2.7. Let X', Y be Banach spaces. The following are equivalent:
(i) The operator A is closable.

(i1) For all sequences (xy,)n>1 C dom(A) such that x,, — 0 € X and A(z,) -y € Y,
then y = 0.

(i1i) There exists some operator with graph gra(A).

Usually, we use Proposition A.2.7 (ii) to check that an operator is closable. From
Definition A.2.6, it is clear that it is possible to enlarge the domain of a closable operator
in a consistent way to construct a closed operator. From Proposition A.2.7 (iii) and
Proposition A.2.5 (ii), this construction should be done as follows: consider all sequences
()22, € dom(A) such that z,, - € X and A(z,) =y € ), then include all such z in
dom(A) to form dom(A) and set A(x) = y. The result is an operator A : dom(A) C X —
Y, which is a closed extension of A. The closed extension is unique when A is densely
defined. This is summarized in the following proposition. Proposition A.2.5 (iii), implies

that dom(A) is the closure of dom(A) with respect to the graph norm.

Proposition A.2.8. Let X, Y be Banach spaces. Let A : dom(A) C X — Y be a densely
defined linear operator. Then A has a unique closed extension of A : dom(A) C X — ).

In the special case of Hilbert spaces, it is possible to define an adjoint for closed
operators.

Proposition A.2.9. Let X, be Hilbert spaces and A : dom(A) C X — Y is a densely
defined and closed linear operator. Then there exists a unique adjoint A* : dom(A*) C
Y — X. Furthermore,

dom(A*) ={y € Y|z = (A(z),y)y is a bounded for x € X'} (A.2.1)

and A* is closed.
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A.3 Probability Theory

The following result gives a criteria for convergence in moments.

Proposition A.3.1. Let r > 1 be an integer. If X, 4 X and sup,,so £(| X)) < o0
where € > 0, then E(X)) — E(X") and X € L"(Q).

Proof. See corollary to Theorem 25.12 in [Bil95]. O
The next two proposition are from Section 6.6 in [Res99].

Proposition A.3.2. Let X,,, X € LY(Q) foralln > 1. If X,, = X in L' as n — oo,
then E(X,,) — E(X) as noo. In particular, the conclusion holds when X,, — X in L.

Proposition A.3.3. Let p € [1,00]. If X;, = X in LP asn — oo, then || X, [, — [ X]],
asn — oo

The following is a simple criteria for almost sure convergence.

Proposition A.3.4. Let X,,, X be random variables. If for each e > 0, we have >~ (| X, —
X|>¢€) < oo, then X,, == X as noo.

Proof. See Corollary 5.2.2 of [Ros06]. O
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Appendix B

Hilbert Spaces

We list some concepts and results about orthonormal bases and the direct sums and
tensor products of Hilbert spaces. The facts about direct sums and tensor products are
not always found in the standard textbooks on functional analysis. This will mainly be
used in Chapter 1 and 2.

Throughout this appendix we will assume that the Hilbert space H is real and sepa-
rable.

B.1 Hilbert Space Valued Functions

Let (T, B, 1) be a measure space and H be a Hilbert space. Then for p > 1, LP(T —
H) = LP(T — H, B, i) is the set of H-valued functions, f, such that f is B-measurable
and

[ s13 dntt) < ox.

It turns out that L?(T — H) is a Hilbert space equipped with the inner product

) arny = / (1), 90y dis(2)

(see Section II.1, Example 6 in [RS80]).

B.2 Orthogonality

The definition and result in this section are from [KR97]. These books are also a useful
reference for other basic facts about Hilbert spaces.

Definition B.2.1. Let H be a Hilbert space. If the span of (e;);en is dense in H, then
it is a total set. If (e;);ey is both an orthonormal sequence and a total set, then it is
called an orthonormal basis of H.

Proposition B.2.2. Let (e;);en be a orthonormal sequence in a Hilbert space H. Then
the following are equivalent:

(i) The set (€;)ien is total.
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(ii) If f is orthogonal to e; for all i € N, then f = 0.

(i1i) For all f € H, we have the orthogonal expansion

f = Z<fae’i>7-[ei-

1=0

Proof. See Theorem 2.2.9 in [KRI7]. O

B.3 Direct Sum of Hilbert Spaces

While finite direct sums are an elementary part of Hilbert space theory, here we look at
infinite direct sums. The results in this section can be found in Section 2.3 in [BEHO0S].

Definition B.3.1. Let (H;);eny be a family of mutually orthogonal subspaces of the
Hilbert space H. We say that H is the orthogonal direct sum of (H,;);en,

H = é%
1=0

if H equals the closure of the span of

.
q=0

The orthogonal direct sum defined above is also known as the internal direct sum,
as opposed to the external direct sum which applies when (H;);en is only assumed to
be a family of Hilbert spaces, not necessarily subspaces of a larger Hilbert space. More
information can be found in [KR97], however, all direct sums that we encounter will be
internal direct sums.

More concretely, when a Hilbert space has an orthogonal direct sum decomposition, it
means that we can write the elements of the Hilbert space via an orthogonal expansion.

Proposition B.3.2. Let (H;)ien be a family of mutually orthogonal subspaces of the
Hilbert space H. Then the following are equivalent:

(i) The orthogonal direct sum of (H;)ien is H.

(i) All f € H can be written as

f:qua

where f; € H;, fi is orthogonal to f; for alli # j, and Y ;|| fill;, < oo.
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B.4 Tensor Product of Hilbert Spaces

This definition for the tensor product of two Hilbert spaces is taken from [BEHO08] and
is standard.

Definition B.4.1. Let Hq, Hs be Hilbert spaces. The Hilbert space Hi; ® Hs is the
tensor product of H; and H, if there exists a bilinear map ® : Hq X Ho — Hi1 ® Ho
such that (f1, f2) = fi1 ® fo which satisfies:

(i) Forall fi,g1 € Hu, f2,92 € Ha, we have (f1 @ fo, 91 ® 92) 3,01, = (J1:91)3, (2, 92) 34,
(11) The set {fl X f2 | f1 c Hl, f2 < Hg} is total in Hl &® Hg.

From this definition, the existence and uniqueness of the Hilbert space H; ® Hs is not
immediately clear. See Section 2.4 of [BEHO08] for a proof that the H; ® Ho exists and is
unique up to isomorphism.

Proposition B.4.2. [f U, is a total set in Hy, and Uy is a total set in Ho, then {fi ®
fol f1 € Uy, fo € Uy} is a total set in Hy @ Ha. Moreover, if (e;,)ien i an orthonormal
basis for Hi and (e;,)ien i an orthonormal basis for Ha, then {e;, ® ey, |i1,i2 € N} is
an orthonormal basis for Hi ® Hs.

Proof. See proposition 2.4.4 in [BEHO0S]. O

The tensor product is associative, meaning that (H; ® Hs) ® Hsz is isomorphic to
H1® (Ha ® Hs), so either can be defined as H; ® Ho ® Hs (see Appendix E.1 in [Jan97]).
Thus, tensor powers can be defined inductively.

Definition B.4.3. Let H be a Hilbert space and ¢ > 1. The tensor product of H with
itself ¢ times is the gth tensor power of H, denoted H®?. We set H®! = H.

Proposition B.4.4. Let g > 1. Let (e;);en be an orthonormal basis for the Hilbert space
H. Then {e; ®---®e;, |i1,...,iq € N} is an orthonormal basis for H®1.

Proof. This follows from Proposition B.4.2. O]

Due to this proposition, each f € H®? has an orthogonal expansion

Let S, be the set of all permutations of {1,...,q}. Now we can define the symmetrization
operator.

Definition B.4.5. Let H be a Hilbert space and ¢ > 1. Let f € H®?. The symmetriza-
tion of f is defined as

1 oo
fi= q! Z Z i yyiq €y @+ ++ @ €y

CESn i1,...1iq=0

A function f is said to be symmetric if f = f We may also use the notation sym(f)
instead of f.
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Definition B.4.6. Let H be a Hilbert space and ¢ > 1. The gth symmetric tensor
power of H, denoted H®? is the range of the symmetrization operator applied to H®9.
We set HOL = H.

The symmetrization operator is a orthogonal projection so that H®? is a closed
subspace of H®? and a Hilbert space (see Section 2.1 in [Gui72]). The elements of
H®? are the symmetric functions in H®4. We will equip H®? with the inner product
(-, )agoa = ¢ (- -)gyeq and the norm [|-]|,,0, = V¢! |||lye«. Note that this choice of inner
product is not standard in Hilbert space theory, although it is standard in the Malliavin
calculus literature. Next, we introduce a few concepts needed to describe the orthonormal
basis of H®9.

Firstly, we will need the concept of a multiindex which is given in Definition 1.5.1.
We will also use the notation given in that definition.

Consider the sequence f = (f;)ien € H. We use the notation

o0

o= Q£

i=0
where the term % is omitted whenever a; = 0.

Proposition B.4.7. Let ¢ > 1. Let e = (¢;);en be an orthonormal basis for the Hilbert
space H. Then

{% sym (%) | a € Aq}

is an orthonormal basis for H®1.

Proof. See Section 2.1 in [Gui72] and note that an adjustment is made for the fact that
we equipped H®? with the inner product ¢! (-, -);,e,, instead of (-, );/0,- O

In the case where H = L*(T, B, 1), where (T, B, i) is a measure space and p is a o-
finite and nonatomic measure, the concepts discussed above can be put in a more familiar
form.

Proposition B.4.8. Let H = L*(T, B, i), where (T, B, i1) is a measure space and j is a
o-finite and nonatomic measure. Then the symmetrization of f is

1
flty, ... ty) = J D oy totg)- (B.4.1)

oESy
Proof. See Appendix B in [NP12]. ]

Proposition B.4.9. Let (T1, By, 1), (Ta, Bo, i2) be measure spaces with o-finite and
nonatomic measures. Let H be a separable Hilbert space Then:

(i) There exists a unique isomorphism from L*(Ty, By, pn) @ L*(Ty, Ba, jis) — L*(Ty X
Ty, By X By, pi1 X pip) such that fi @ fo = fifs.

(ii) There exists a unique isomorphism from L*(Ty, By, 1) @ H — L*(Ty — H, By, 1)
such that (z +— fi1(x)) ® fo = (x — fi(z)fa).
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(111) There exists a unique isomorphism from L*(Ty X Ty, By X Ba, iy X pg) — L*(Ty —
L?(Ty, By, j12), Bu, pn) such that ((x,y) — f(z,y)) = (z = (y = f(z,y))).

Proof. See Theorem I1.10 in [RS80]. O

Proposition B.4.10. Let H = L*(T, B, ), where (T, B, j1) is a measure space and i is
a o-finite and nonatomic measure. Then for all ¢ > 1, H®? is isomorphic L*(T9, B, u9)
to and H®? is isomorphic to L*(T9, B1, u?), where L?(T?, B, u?) is the subspace of sym-
metric functions in L*(T, B%, ). In both cases the isomorphism sends fi @ -+ ® f, +

fioo o

Proof. The H®? case follows from Proposition B.4.9 (i). For the H®? case, see Proposition
E.16 in [Jan97]. O

B.5 Contractions

The following section on contractions is from Appendix B in [NP12] and also [PT11].

Definition B.5.1. Let (e;);en be an orthonormal basis for H. Let p,q > 1, f € H P,
g € H®P. Then for all  =0,...,p A g, the rth contraction of f and g is

o0

f®7”g: Z <.fa€i1®"'®eir>H®T®<gaei1®"'®€ir>’ﬂ®r'

01,508 =0
We denote the symmetrization of f ®, ¢ by f®,g.

Note that f, g are symmetric functions, (f,e;, ® -+ ® €; )yer € HOP™" and (g,€;, ®
c @ e yyer € HOUT (see Section 8.5 in [PT11]). However, f ®, g € H®PT47? is not
necessarily symmetric.

If p=gq=r,then f®, g = (f,9)3ss If r =0, then f ®; g reduce to the tensor
product f ® g.

Proposition B.5.2. Let H = L*(T, B, i), where (T, B, i) is a measure space and y is
a o-finite and nonatomic measure. Let p,q > 1, f € H®P, g € H®. Then for all
r=20,...,pAq we have

(f®rg)(t1,- - tpigear) = | flt1,- o tpr, $)g(tpr1, - o piger, S)dp”(s).  (B.5.1)
T'f‘

Proof. See Appendix B in [NP12]. O
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