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Introduction

As is well-known, the classical Brownian motion is a stochastic process which is self-
similar of index 1/2 and has stationary increments. It is actually the only continuous
Gaussian process (up to a constant factor) to have these two properties that are often
observed in the "real life", for instance in the movement of particles suspended in a
fluid, or in the behavior of the logarithm of the price of a financial asset. More gen-
erally, it is natural to wonder whether there exists a stochastic process which would
be at the same time Gaussian, with stationary increments and selfsimilar, but not
necessarily with an index 1/2 as in the Brownian motion case. Such a process hap-
pens to exist, and was introduced by Kolmogorov [34] in the early 1940s for modeling
turbulence in liquids.

The name fractional Brownian motion, which is the terminology everyone uses nowa-
days, comes from the paper by Mandelbrot and Van Ness [12]. The law of fractional
Brownian motion relies on a single parameter H between 0 and 1, the so-called Hurst
parameter or selfsimilarity index. The fractional Brownian motion is interesting for
modeling purposes, as it allows the modeler to adjust the value of H to be as close
as possible to its observations. It is worthwhile noting at this stage, however, that
the picture is not as rosy as it seems. Indeed, except when its selfsimilarity index
is 1/2, fractional Brownian motion is neither a semimartingale, nor a Markov pro-
cess. As a consequence, its toolbox is limited, so that solving problems involving
fractional Brownian motion is often a non-trivial task. On the positive side, the frac-

tional Brownian motion offers new challenges for the specialists of stochastic calculus!
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If H # %, the fractional Brownian motion is not a semimartingale and we cannot
apply the stochastic calculus developed by It6 in order to define stochastic integrals
with respect to fractional Brownian motion. Different approaches have been used in
order to construct a stochastic calculus with respect to fractional Brownian motion

and we can mention the following contributions to this problem:

e Lin [11] and Dai and Heyde [16] defined stochastic integrals with respect to the
fractional Brownian motion with parameter H > % using a pathwise Riemann-

Stieltjes method. The integrator must have finite p—variation where %—i— H>1.

e The stochastic calculus of variations (see [18]) with respect to the Gaussian
process B is a powerful technique that can be used to define stochastic integrals.
More precisely, as in the case of the Brownian motion, the divergence operator
with respect to B can be interpreted as a stochastic integral. This idea has
been developed by Decreusefond and Ustiinel [18, 17], Carmona and Coutin
[11], Alos, Mazet and Nualart |4, 3], Duncan, Hu and Pasik-Duncan [22| and
Hu and Oksendal [29]. The integral constructed by this method has zero mean,

and can be obtained as the limit of Riemann sums defined using Wick products.

e Using the notions of the fractional integral and the derivative, Zahle has in-
troduced in [13] a pathwise stochastic integral with respect to the fractional
Brownian motion B with parameter H € (0, 1). If the integrator has A—Hdélder
continuous paths with A\ > 1 — H, then this integral can be interpreted as
a Riemann-Stieltjes integral and coincides with the forward and Stratonovich

integrals studied in [4] and [1].

There are some representations of the fractional Brownian motion as a Wiener inte-
gral (i.e., with respect to Brownian motion). We would like to have such Lévy Hida
representation. We have that the natural filtration of the Brownian motion and of the
fractional Brownian motion that is generated, coincides comparing to the Mandelbrot

Van-Ness representation.

This thesis consists of four chapters. In the first chapter, we focus on the theory

of stochastic integration. We devote Chapter 2 to a brief summary of the theory of
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stochastic and fractional calculus. In this chapter we give definitions and properties
of the needed theory. We briefly recall some basic properties of the Brownian motion,
semimartingales and the fractional Brownian motion, then we discuss integration with
respect to Wiener processes.

In Chapter 3, we give a property of the instant independence and stochastic integra-
tion. The results presented in this chapter generalize those presented in Ayed and
al|6].

In Chapter 4, we work at a new paper submitted (this paper contains a new approach
for stochastic integration with respect to multifractional Brownian motion). The re-

sults presented in this chapter are based on the results obtained in the paper[25].



Chapter 1

Preliminary Background

In this chapter the basic concepts and results concerning the stochastic calculus
of continuous stochastic processes in Euclidean spaces are established. We take some
introductory facts from probability theory. For more details, we refer the reader to
[9, 24, 62, 32, 33]. We first start with the stochastic process, the Wiener process and

the fractional Brownian motion.

1.1 Basic Definitions

In this section the basic notations of the theory of stochastic calculus are consid-

ered.

1.1.1 Gaussian processes

Definition 1.1. A real-valued stochastic process (Xi)i>o is a Gaussian process if
every finite linear combination of (X});> is a Gaussian r.v, i.e.

n

Vn,Vt,1 <1 <n,Va, Z a; Xz, 1s a Gaussian r.v.
i=1

Definition 1.2. Let X = (X})i>0 et Y = (Y3)1>0 be two stochastic processes defined
on the same probability space. If P(X; =Y;) =1 for all t > 0, we say that X and Y

are modifications of each other.
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Definition 1.3. Let X and X’ be defined on (2, F,P). Then X and X’ are indis-
tinguishable if and only if

P{w € Q: Xy(w) = X/(w) vVt > 0}) = 1.

There is a chain of implications:

indistinguishable = modi fication.

Definition 1.4. let X = (X;)ier and Y = (Y})ser be two stochastic processes, possi-
bly defined on two different probability space. We say that X and Y have the same
law, and we write X "2 Y, to indicate that (X, oos X,) and (Y3, ..., Yy,) have the
same law for all d > 0 and all ¢,....t; € T.

Proposition 1.1.1. Two Gaussian processes have the same law if and only if they

have the same mean and covariance functions.
Definition 1.5. A symmetric function I' : T? — R is of positive type if
d
Z akalf(tk,tl) 2 O
k=1
foralld > 1, ty,....,ty € T and aq, ...,as € R.

Theorem 1.1. (Kolmogrov)
Consider a symmetric function T : T*> — R. Then, there exists a centered Gaussian

process X = (Xy)ier having T for covariance function if and only if ' is of a positive

type.

1.1.2 Continuity

Definition 1.6. A stochastic process (X;);>o is said to be continuous if P({w € €2 :

t — X;(w) is continuous}) = 1, i.e. its sample paths are continuous a.s.

Definition 1.7. A stochastic process (X;);>o is said to be stochastically continuous

attith+hB>Xtash—>O.
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Definition 1.8. A stochastic process is said to be cadlag (resp. caglad) if all sample
paths are right-continuous with left-hand limits (resp. left-continuous with right-hand

limits.

Lemma 1.1.1. (Kolmogrov-Centsov)
Fiz a compact interval T = [0,T] C Ry, and let X = (Xi)ier be a centered Gaussian
process. Suppose that there exists C,n > 0 such that, for all s,t € T,

E[(X; — X,)? <C|t—s]|". (1.1)

Then, for alla € (0,m/2), there exists a modificationY” of X with a-Holder continuous

paths. In particular, X admits a continuous modification.

Proof. Fix t > s. Since X is Gaussian and centered, we have that

X, — X,'% VE[(X, — X,)?| G

where G ~ N(0,1). We deduce from (1.1) that, for all p > 1,
E[| X, — X, '] < CPPE[| G ] |t — s |2

Therefore, the general version of the classical Kolmogrov—éentsov lemma applies and

gives the desired result.

1.1.3 Filtration and measurability

Definition 1.9. A filtration on (2, F,P) is an increasing family (F;):ct of sub o-field
of F.

A measurable space endowed with a filtration (F;)er is said to be a filtered space.

Definition 1.10. The filtration is said to be right continuous if F,, = F;, Vt > 0,

where V¢ > 0 we set, F;, = Qt]:s
S

Definition 1.11. A filtration is said to be complete if the P-negligible set of F,, are
in Fy and if the probability space is complete.
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Definition 1.12. A filtration satisfies the usual condition if it is right continuous and

complete.

Remark 1.1. The interests to work with filtrations which are satisfying the usual con-
dition are that every kind of limit of the adapted processes is still adapted. Moreover,

every modification of a progressively measurable process stays progressively measur-

able.

Definition 1.13. (Measurable Process)
A stochastic process (X;)i>o is measurable if the application X : R, x Q@ — R is
measurable w.r.t B(R;) ® F i.e. if

VA € B(R), {(t,w) : X;(w) € A} € B(R,) ® F

The process (X¢)¢>o is said to be (F;)i>o adapted, if X, is F; measurable for each ¢ > 0.

The process (X;)i>o is obviously adapted with respect to the natural filtration.
Proposition 1.1.2. A continuous stochastic process is measurable.

Proof. Let (Xi)i>0 a continuous stochastic process. First, we show that for A €
B(R,), we have

{(tw) €0,1] x Q, Xi(w) € A} € BR,) ® F. (1.2)

For n € N, let
X' = Xpng, t€]0,1],

oM

since the paths of X" are piecewise constant, we have that
{(t,w) € [0,1] x Q, X]'(w) € A} € B(R,)® F.
Besides, Vt € [0,1], w € €, we have

lim X}'(w) = Xi(w).

n—oo

Then we have (1.2). By the same argument, we can prove that Vk € N,

((tw) € [k k+1] x Q, X,(w) € A} € BR,)® F.
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Since

U{tw) € [k k+1] x Q, Xy(w) € A} = {(t,w) e R x Q, X,(w) € A},

we have the result.

Definition 1.14. (Progressively Measurable Process)
A process is progressively measurable if for each t its restriction to the time interval

[0,t], is measurable with respect to By g @ F;, where By is the Borel o-algebra of
subsets of [0, t].

Remark 1.2. Note that every progressively measurable process is adapted (and mea-
surable). Besides, as well as in the Proposition 1.1.2, a continuous process adapted
to (F;) is progressively measurable. More precisely, any cadlag or caglad process is

progressively measurable.

Definition 1.15. Let (2, F, (F;),P) a filtered space. A process (X;):er is said to be
predictable (resp. optional) if it is an caglad (resp. cadlag ) Fi-adapted process.

We note the o-field generated by caglad (resp. cadlag ) Fi-adapted process by P
(resp. O).

In fact, there is this inclusion chain

P - O C Pro C B(R;) ® F
=~ =~ g (Ry) o0
predictable processes optional processes progressively measurable measurable

Let (2, F,P) be a complete probability space equipped with a normal filtration {F;}

satisfying the usual conditions:
o Fy =) Ft forall s >0;
o All A e F with P(A) = 0 are contained in F;.

A family (X (¢),t > 0) of R%valued random variables on (2, F,P) is called a stochas-
tic process; this process is adapted if all X (¢) are F;-measurable. We denote B, the



1.2 Semimartingales 16

Borel o-field on [0, 00). The process X is measurable if (t,w) — X (t,w) is a B Q) F-
measurable mapping. We say that (X(¢),t > 0) is continuous if the trajectories

t — X(t,w) are continuous for all w € ).

One can show that a process is measurable if it is right-continuous ([32], Prop. 1.13).

1.2 Semimartingales

The continuous semimartingales are important in stochastic calculus, because they
are the most general class of integrators for which the classical stochastic integration is
defined. Besides, as we know, the fractional Brownian motion is not a semimartingale
for H # % Therefore, its study is crucial for our project. Intuitively, a semimartingale
is the sum of a local martingale with a process of finite variation. Note there are
different types of semimartingales, but we only give a usual definition. For the deepest

study of semimartingales, the reader could study [65] or in [11] VII.2.
Definition 1.16. Let X = {X;, F;,t > 0} be an integrable process, then X is a:
i) Martingale if and only if E(X;|Fs) = X, a.s.for 0 <s <t < oo

ii) Supermartingale if and only if E(X;|F) < X; a.s. for 0 < s <t < o0
iii) Submartingale if and only if E(X;|Fs) > X, a.s. for 0 <s <t < o0

Definition 1.17. M = {M,, F;,t > 0} is a local-martingale if and only if there exists
a sequence of stopping times 7}, tending to infinity such that M7»are martingales for
all n. The space of local martingales is denoted M., and the subspace of continuous

local martingales is denoted Mj, .

Definition 1.2. A stochastic process is called a semimartingale if it can be written

in the form
Xi = Xo+ M; + Ay,

where (My)ier+ s a local martingale vanishing at 0 and (Ay)ier+ S a right-continuous

(F:) -adapted process of finite variation vanishing at 0.
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Remark 1.3. Note that if we deal with the same filtration, this decomposition is

unique.

The next proposition will be on the basis of the integration with respect to semi-
martingales. Moreover, it is deeply linked with the non-semimartingale property of
the fractional Brownian motion. Therefore, the Itd calculus cannot be applied for the

fractional Brownian motion.

Proposition 1.2.1. A continuous semimartingale (X;)>0 = (My+ Ay)i>0 has a finite
quadratic variation and (X, X), = (M, M),.

Proof. The proof is given in [55] p.128

1.3 Brownian Motion

In what follows, we will state a number of important facts regarding Brownian
motion. Most of the proofs are skipped. For more details about the proofs, we refer
the reader to ([32]).

1.3.1 Definition and properties
Definition 1.18. ([77]). A stochastic process (Wy)ier, s called a standard Brownian
motion if it satisfies the following conditions:

1. PWy(w) =0] =1, for allw € Q,

2. Independent increments. For each 0 < t; <ty < ... <t,,, the real valued

W(ty), W(ta) = Wi(ty),..., W(ty) — W(tm_1),

are independent.
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3. Stationary increments. For each 0 < s < t,W(t) — W(s) is a centered real

valued normally distributed with variance t — s, i.e.,

W(t) — Wi(s) ~N(0,t — s).

4. Almost all sample paths of Wy are continuous functions, i.e.,

Plwe Qt - Wy(w) is continuous) = 1.
Remark 1.3. 1. Notice that the natural filtration of the Brownian motion is
FV =o(W,, s <t).

2. We can define the Brownian motion without the last condition of continuous
paths, because with a stochastic process satisfying the second and the third
conditions, by applying the Kolmogorov’s continuity theorem, there exists a

modification of (W});cr, which has continuous paths a.s.

3. A Brownian motion is also called a Wiener process since it is the canonical

process defined on the Wiener space.

Proposition 1.3.1. ([2/]). The Brownian motion (W;)cr, is a Gaussian process

with mean 0 and covariance function Cov(W,, Ws) = s A t.

Proof. We have that W, = W, — Wy. Thus, W; ~ N(0,¢) by definition. Moreover,

without loss of generality, we assume s < t. Hence, we have

E(W,W,) = BE(W,(W,—W)+W2) = 0+s = s.

Note that since the Brownian motion is a continuous Gaussian process, the proposi-

tion 1.3.1 characterizes uniquely the Brownian motion.

We will give here some properties of the standard Brownian motion.

Properties 1.3.1.1. ([75]). Let W(t)ier, be a standard Brownian motion
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1. Self-similarity. For any T >0, {T~Y2W (Tt)} is a Brownian motion.
2. Symmetry. {=W(t),t > 0} is also a Brownian motion.

3. {tW(1/t),t > 0} is also a Brownian motion.

4. If W(t) is a Brownian motion on [0,1], then (t + L)W (1/t + 1) — W(1) is a

Brownian motion on [0, 00).

We have seen that each stochastic process is characterized by its finite-dimensional
distribution. Hence, let us give the finite-dimensional distribution of the Brownian
motion. In fact, as a Gaussian process, its finite-dimensional distributions are Gaus-
sian. The finite-dimensional distributions of the Brownian motion are given by:

forne N,t; <. <t,,

1 —af nl 1 _(%‘+1—xi)2
e 2@ip1-t)

So every process which has (1.3.1) as finite-dimensional distributions is a Brownian

motion.

1.3.2 Quadratic variation and Brownian motion

Proposition 1.3.2. Let W(t);ers be a Brownian motion. Fort > 0, for all sequence
of subdivisions A,[0,t], such that lim,,_, |A,[0,t]] = 0 we have

on

2
lim Zl (W — Wuypt) =, D.s.

Proof. The proof can be found in ([62], p.46).



1.3 Brownian Motion 20

1.3.3 Brownian paths

Proposition 1.3.3. ([77]). A Brownian motion has its paths a.s., locally v-Holder
continuous for v € [0,1/2).

Proposition 1.3.4. ([77]). The Brownian motion’s sample paths are a.s., nowhere
differentiable.

1.3.4 Properties of Brownian motion paths
Continuity and differentiability

Almost surely, the sample paths of W (t),0 <t <T

1. are continuous functions of t,

2. are not differentiable at any point.

Theorem 1.4. For every tg,

W(t) — W(t)

lim sup -
— 1o

t—to

=00 a.s.,

which implies that for any to, almost every sample W (t) is not differentiable at this

point.

Proof.We refer the reader to ([33]).

1.3.5 Brownian motion and martingales

As a stochastic process, we could ask, knowing well all properties of martingales,

if the Brownian motion is one.

Definition 1.19. A stochastic process { X (t);t > 0} is a martingale if for any t it is
integrable, E|X (t)| < oo, and for any s > 0 E(X (t+s)|F;) = X(t)a.s. where F; is the
information about the process up to time t, that is, {JF;} is a collection of o—algebras

such that



1.3 Brownian Motion 21

1. Fu C Fpyifu <t
2. X(t) is F; measurable.

Proposition 1.3.5. ([2/]). Let (W,)ier, be a Brownian motion. Then the following

processes are (FV)-martingales:
1. (W (t)e>o0,
2. (W2(t) = t)ezo,

w2
3. For any u, (e®"V®=51),5,.

Proof. We refer the reader to ([33]):

Markov Property

Definition 1.20. Let X(t);t > 0 be a stochastic process on the filtered probability
space (Q, F, {F:},P). The process is called a Markov process if for any t and s >
0, the conditional distribution of X(t + s) given F; is the same as the conditional
distribution of X (t + s) given X(t), that is,

P(X(t+s) <ylF)=P(X({+s) <ylX())

or equivalently, if for any t and s > 0 and every non negative Borel-measurable

function f, there s another Borel-measurable function g such that
E[f(X(t + )] = g (X(?))

Theorem 1.5. The Brownian motion (W (t)) has the Markov property.

Example 1.6.

1. For any T > 0,{T~Y2W(Tt)} is a Brownian motion(the self-similarity prop-
erty).

2. The process

t 2 = sin(jt)

L2yt

NZ s =

where &; are independent standard normal random variables, is a Brownian

motion on [0; x| (the random series representation).
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3. {=W(t);t > 0} is also a Brownian motion (the symmetry property).
4. {tW(1/t);t > 0} is also a Brownian motion (time reversal).

5. If W(t) is a Brownian motion on [0,1], then (t + 1)W1/t + 1) — W(1) is a

Brownian motion on [0, 00).(property of the existence).

1.4 Fractional Brownian Motion

The fractional Brownian motion (fbm for short) was originally defined and studied

by Kolmogorov [34] within a Hilbert space framework.

1.4.1 Existence of the fractional Brownian Motion
The next proposition shows us the existence of the fractional Brownian motion.

Proposition 1.4.1. Let H > 0 be a real parameter. Then, there exists a continuous

centered Gaussian process B = (B),>o with a covariance function given by
1
Cu(s,t) :§(S2H+t2H— |t —s|*), s5,t>0 (1.3)
if and only if H < 1. In this case, the sample paths of B are, for any o € (0, H)

a-Hélder continuous on each compact set.

Proof. According to Kolmogrov’s theorem 1.1, to get our first claim, we must show
that 'y is of a positive type if and only if H < 1.
Assume first that H > 1. When t; = 1, t5 = 2, a1 = —2 and ay = 1, we have

(I%FH(tl, tl) + 2a1a2FH(t1,t2) + agl—‘H(t27t2) =4 — 22H <0

As a consequence, [y is not of a positive type when H > 1.
The function T'; is of a positive type; indeed, I'i(s,t) = st so that, for all d >
1,ty,....,t4 > 0 and aq, ...,aq € R,

d
Z F tk,tl ara; = Ztkak

k=1
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Consider now the case H € (0,1). For any = € R, the change of variable v = u | z |

(whenever x # 0) leads to the representation

2.2

0 1 _ —ulz
|z [2H= 1 1e—du
CH u1+2H )

where Cy = [77(1 — e Vu "2y < co. Therefore, for any s,¢ > 0, we have

SH 4t

CH u1+2H

242 2 2.2
N 1 Ooefut (62u ts_l)efus p
—_— u
CH 0 u1+2H

1 o] 1— —u2t? 1— —u2s2
/ (L—e®)1—e)
0

ult2H

Ch

2

e —u?t? —u?s
/ ul 2n+2H du

so that, for all d > 1, t1,....,t; > 0 and aq, ...,as € R,

U

d o) —u
2H - / (Zizl(l —€ Qti)akfd
0

G+ 77— [ e — t P ara;, = ulr2H

ko
—
[\')Ir—\

d 242
Zk:l t’ze “ tkak‘)zdu

QC’H u1—2n+2H

that is I'y is of a positive type when H € (0,1).
To conclude, in the second part of the proposition, we suppose that H € (0,1) and
consider a centered Gaussian process B! with a covariance function given by (1.3).
Then, we have

E((B{' - B)’] =|t—s ", 5,t>0,

so that Kolmogrov—éentsov lemma 1.1.1 applies and shows that the sample paths of

BH are a-Holder continuous.
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The Hurst parameter H accounts not only for the sign of the correlation of the in-

crements, but also for the regularity of the sample paths. Indeed, for H > %, the

increments are positively correlated, and for H < % they are negatively correlated.
furthermore, for every g € (0, H), its sample paths are almost surely Holder contin-
uous with index S. Finally, it is worthy of note that for H > %, according to Beran’s
definition , it is a long memory process: the covariance of increments at distance u
decreases as u?172,

These significant properties make the fractional Brownian motion a natural candidate
as a model of noise in mathematical finance (see Comte and Renault [11], Rogers [50]),
and in communication networks (see, for instance, Leland, Taqqu et al. [52].
Recently, there has been numerous attempts at defining a stochastic integral with
respect to fractional Brownian motion. Indeed, for H # %, B is not a semi-

martingale, and the usual [t6’s stochastic calculus may not be applied. However, the

integral
/0 " a(s)dB® (s) (1.4)

may be defined for suitable a. In one hand, since B#) has almost its sample paths
Holder continuous of index 3, for any < H, the integral (1.4) exists in the Riemann-
Stieljes sense (path by path) if almost every sample path of a has finite p—variation
with % + 8 > 1 (see Young [60]): this is the approach used by Dai and Heyde [10]

when H > % Let us recall that the p—variation of a function f over an inter-

val [0,¢] is the least upper bound of sums ), |f(zx — f(xr—1))? over all partitions
0=x9g<x1<...<uz, =T. Arecent survey of the important properties of Riemann-
Stieljes integral is the concentrated advanced course of Dudley and Norvaisa [21]. An
extension of the Riemann-Stieljes integral has been defined by Zdhle [52], by means
of composition formulas, integration by parts formula, Weyl derivative formula con-
cerning fractional integration/differentiation, and the generalized quadratic variation
of Russo and Vallois [57, 58].

On the other hand, B) is a Gaussian process, and (1.4) can be defined for deter-

ministic processes a by way of an L? isometry: see, for example, Norros, Valkeila
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and Virtamo or Pipiras and Taqqu [52]. With the help of the stochastic calculus of
variations (see [52]|) this integral may be extended to random processes a. In this
case, the stochastic integral (1.4) is a divergence operator, that is the adjoint of a
stochastic gradient operator (see the pioneering paper of Decreusefond and Ustunel
[18]). It must be noted that Duncan, Hu and Pasik-Duncan [23] have defined the
stochastic integral in a similar way by using Wick product. Ciesielski, Kerkyacharian
and Roynette [12] also used the Gaussian property of B) to prove that B belongs
to suitable function spaces and construct a stochastic integral.

Eventually, Alos, Mazet and Nualart [1| have established the following ideas intro-
duced in a previous version of this paper, very sharp sufficient conditions that ensure
the existence of the stochastic integral (1.4).

In a similar way, given a Hilbert space V we denote by D*?P(V) the corresponding
Sobolev space of V-valued random variables. The divergence operator 4 is the adjoint

of the derivative operator, defined by means of the duality relationship.
E(Fé(u) = B(DF, u)y

where u is a random variable in L?(Q;H). We say that u belongs to the domain of
the operator &, denoted by Dom 4, if the above expression is continuous in the L?
norm of F'. A basic result says that the space DV?(H) is included in Dom .

The following are two basic properties of the divergence operator:
1. For any u € DM(H):
Eo(u)* = Ellullf, + E < Du, (Du)" >n@wu (1.5)
where (D,,)* is the adjoint of (D,) in the Hilbert space H &Q) H

2. For any F in DY? and any u in the domain of § such that Fu and Fé(u)+ <

DF,u >4 are square integrable, then Fu is in the domain of § and

§(F,) = F(u)+ < DF,u > (1.6)

We denote by |H| &) |H| the space of measurable functions ¢ on [0, T]? such that

unllr — u|? 2|0 — n|drdudfdn < oo

||90|||2m®m| = 04?{/ l©r0
0,774
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As we mentioned before, |H|Q)|#H| is a Banach space with respect to the norm

|1l &2/ Furthermore, equipped with the inner product

r—ul*72|0 — n|*" 2drdudfdn

<P >UQH= Oé%r/ | ProPun

(0,7]

The space |H| Q) |H| is isometric to a subspace of H Q@ H and it will be identified
with this subspace.
We will recall briefly some of the basic results on fractional Brownian motion. For

more details about this process, we can refer the reader to |9, 18, 15].

Definition 1.7. ([9]). The (two-sided) fractional Brownian motion with Hurst in-
dex H € (0,1) is a Gaussian process B = {BI t € R} on (Q,F,P), having the

properties:
1. Bf =0.

2. E[Bf] =0, teR.
1
3. E[BY BH] = é(uy?H s )t — syQH), s,t €R.

Remark 1.8. Since E[Bff — BH)? = |t — s|*/ and B¥ is a Gaussian process, it has

a continuous modification, according to the Kolmogorov theorem.

1.4.2 Correlation between two increments

1
For H = 2 B" is a standard Brownian motion. Hence, in this case the increments
of the process are independent.

1
For H # 3 the increments are not independent. More precisely, by Definition 1.7 the

covariance between B (t + h) — B (t) and B (s + h) — B¥(s) with s + h < t and

t—s=mnhis

1
pi(n) = h* [(n +1)2H 4 (n — 1) — op2H |,
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In particular, we obtain that two increments of the form BY(t + h) — BH(t) and

1
BH (t+2h) — B (t+ h) are positively correlated for H > 3 while they are negatively

1
correlated for H < 3

1.4.3 Holder continuity

We have seen that a Brownian motion is locally Holder continuous of order strictly
less than 1/2. Hence, we have the following proposition which generalizes this result
to the fBm.

Proposition 1.4.2. ([J]). Let H € (0,1). The fBm B admits a version whose

sample paths are almost surely Holder continuous of order strictly less than H.

Proof. It follows from the Kolmogorov’s continuity criterion and the fact that for

any a > 0, we have
E(|Bf—Bf |a) —E(|B{f |a)|t—s|aH.

1.4.4 Basic properties

We will first define the self-similarity and long-range dependence in the framework of

general stationary stochastic processes.

Definition 1.21. [/9]. A stochastic process {X(t) : t > 0} is said to be self-similar
if there exists H > 0 such that for any a > 0, {X(at)} and {a X (t)} have identical

finite dimensional distributions.

Proposition 1.4.3. Let B be a fractional Brownian motion of hurst parameter
H € (0,1). Then:

1. [Selfsimilarity] For all a > 0, (BX) < (a BH).

2. [Stationarity of increments| For all h > 0, (Bf, — Bf) L BH.
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3. | Holder continuity] For each 0 < e < H and each T > 0 there exists a random

variable K. such that
| BY(t) = B (s) |< Kep [t —s]"7°

4. |Differentiability] The sample paths of fBm are nowhere differentiable.

Proof. First, let us prove the selfsimilarity property. We have that
1
E(BiiBa) = (@) +(as)™ —(a [t —s[)*)
— TE(BIB)
= E((a"B/")(a"B"))
Thus, since all processes are centered and Gaussian, it implies that
(Bip) < (a"B).
Second, we show that it has stationary increments. Note that for all A > 0, we have
E((Bf, — B) (B, — By)) = E(BL,BA) —E(BLLBY) — E(BL,BY) +E((By)?)

[((t+ R + (s+h)* =]t —s P7)

N —

—((t+h)*" + B2 =) — ((s + h)*" + 0*7 — ) + 20°7]
1
= §(t2H + 2|t —s ) = E(BI BY).

Therefore, the fBm is a stationary increment.

For the Holder continuity, it follows from Kolmogrov—éentsov lemma 1.1.1 and the

fact that for any a > 0, we have

E(| By = B ") =E(| By |*) [t —s [**

Finally, let’s prove the differentiability, indeed for every tq € [0, oo,

. B{' — By
P(limsup | ——= |= o0 | = 1.

t—to t— tO
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BH H

o t 7Bt . . . .
= —; = using the selfsimilarity property, we have

Let us denote by ‘B, ,,

d _
%t,to - (t - t[))H 18{1

We define u(t,w) = {supy<,<; | % |> d}. Then, for any sequence (t,)nen decreasing

to 0,

we have u(t,,w) 2 u(t,;1,w). Thus,

P(lim u(t,)) = lim P(u(t,))

n—oo n—0o0

and
(H))

P(u(ty)) > B(| D

> > d) = B B > gl H gy 250 .



Chapter 2

Stochastic integration with respect to

fractional Brownian motion

Here we will study the simplest stochastic integral, where the integrand and the
integrator are random variables. The first who defined this integral was K. It6 in
1944 (see [37]). Therefore, we utilized this integral after Itd’s definition. In fact, the
integrand will be an adapted stochastic process with respect to the natural filtration

of the Brownian motion.

2.1 Fractional calculus

Another way to handle Young’s integrals is to use the so-called fractional calculus.
Let f € L'(a,b) and a > 0. The left-sided and the right-sided fractional integrals of
f of order o are defined respectively by:

I fe) = gy [ o= 0 )y
and
=S [ ot
where (—1)* = €™ and (o) = [ u* e “du is the Gamma function. Let us

denote by I, (LP) (respectively Ij* (L?)) the image of LP(a,b) by the operator I,
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(respectively Ip* ). If f € I¢, (LP) (respectively f € Ip* (L)) and 0 < o < 1, we define
for x € (a,b) the left and the right derivatives by:

L (@) [ @) - S .
D210 = rr ey (e o (o) et
and respectively,

o —1)° [z "f@) = f
D110 = o (e +o L o) st

We have the following property:
Dy, D7y = D’ Dy Dy = D™’

and for f € I (L), g€ I (LP)

b b
/ D2, f()g(tydt = (~1) / F(0)Dgg(t)dt

The key point that allows to use fractional calculus to study Young’s integrals is the

following proposition which is due to M. Zahle [13].

Proposition 2.1.1. [/5/Let f € C*([a,b]) and g € CP([a;b]) with A+ B > 1: Let

1—p8<a< A\ Then, the Young’s integral exists and it can be expressed as

| rdg= v [ D@t a
where gy (t) = g(t) — g(b).

2.1.1 Bounded variation

As we could expect, the fBm is, as the Brownian motion, a process of unbounded

variation.
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Proposition 2.1.2. ([9]). The fBm is of unbounded variation, i.e.,
sgpz |B£IJrl — Bg| = 00.

Proof. It is clear by equation (2.1).

2.1.2 Stochastic integral representation

Here we discuss some of the integral representations for the fBm. In ([9]) it is proved

that the process

200 = o (¢ = 9! = =
= (@ = v

+/Ot(t - S)H’%dW(s)),

where W (t) is a standard Brownian motion and I' represents the gamma function, is
a fBm with Hurst index H € (0,1).

We can also represent the fBm over a finite interval, i.e.,

t
B :/ Ky(t,s)dW,, t>0,
0

where:
1. For H > %,
1 g ! H—3 g-1
Ky(t,s) =cys?2 (u—s)""2u" " 2du,

1

H(2H —1 2

where cyg = ( ) i and t > s.
B(2—2H,H — 3)
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and ¢t > s.

9H r

with ey = [(1 —2H)B(1—2H, H + 1)

2.1.3 Differentiability

As in the Brownian case, the fBm is a.s., nowhere differentiable. Effectively, we have

the following proposition.

Proposition 2.1.3. Let H € (0,1). The fBm sample path B (-) is not differentiable.
Indeed, for every ty € [0, 00)

with probability one.

proof. We refer the reader to ([9]).

2.1.4 The fBm is not a semimartingale for H # %

This is a crucial result of this section. Indeed, the fact that the fBm is not a semi-
martingale implies that we are not able to integrate with respect to it as we usually do
in the classical stochastic calculus. Effectively, the most general class of integrators
are semimartingales.

Let us now prove this result (fBm is not a semimartingale).

Proof. In fact, it is sufficient to compute p-variation of B . More precisely, we assert

that the index of p—variation of a fBm is % Indeed, let us consider for fixed p > 0,

Yop = Z ‘BﬁH _ B% PP =1),

=1
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Now if we consider

~ - 1
Yop = Z B! — B£1|pﬁ
i=1

We have, by the self-similar property of the fBm, that Y, , 4 }7n7p. Besides, remark

that the sequence (BY — BX ), ; is stationary and ergodic. Therefore, we can use

the ergodic theorem and obtain that
Yoo L, E(|B"(1)[7) a.s., as n — 00.

So that Y,,, - E(|B"(1)|P) which implies Y,,, 3 E(|B¥(1)|P). Therefore,

u 0, 1 H>1
Vop == Z |BY — B, 5 f P as n — oo. (2.1)
- " n oo if pH<1
Then, we showed that the index of p—variation is % However, for a semimartin-

gale, the index must be either in [0, 1] or equal to 2, i.e., & € [0,1] U {2}. But since
H € (0,1), H* & [0,1]. Therefore, the fBm is a semimartingale only for H = 3.

V,p converges in probability to zero as n tends to infinity if pH > 1, and to infinity
if pH < 1. Consider the following two cases:

(i) If H < 1, we can choose p > 2 such that pH < 1, and we obtain that the

p—variation of fBm (defined as the limit in probability lim,, o V},,) is infinite.

Hence, the quadratic variation (p=2) is also infinite.

(i) If H > %, we can choose p such that % < p < 2. Then, the p—variation is zero,
and as a consequence, the quadratic variation is also zero. On the other hand, if

we choose p such that 1 < p < % we deduce that the total variation is infinite.

Therefore, we have proved that for H # % fBm cannot be a semimartingale. In

the paper [13], Cheridito has introduced the notion of the weak semimartingale as a

O
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stochastic process { Xy, t > 0} such that for each 7" > 0, the set of random variables

1

{Z f,(B,le) — Bt(f)),n >1,0<ty<..<t, <T,|fi| <1, f;is F — mesurable}
j=1

is bounded in L°, where for each ¢t > 0, 7 is the o-field generated by the random
variables {X;,0 < s < t}. It is important to remark that this o-field is not completed
with the null sets. Then, in [13] it is proved that fBm is not a weak semimartingale
itH L

2.1.5 Generalized Stieltjes integral

Let o € (0, 3). For any measurable function f : [0,7] — R we introduce the following

notation
BHOERIO]
o= f(t VA 7 T g 2.2
1l = 10+ [ P s (2.
Denote by W the space of measurable functions f : [0,7] — R such that

[fllaos :="sup [[f(t)[la < oo. (2.3)
te[0,T]

An equivalent norm can be defined by
") — f(5)]
ap = Su e“t( t —i—/ W—ds), > 0. 2.4
Il = st e (01 + [ / (2.4)

Note that for any €, (0 < € < «), we have the inclusions
C([0, T R) € W=([0,T];R) € C*([0, T]; R).

In particular, both the fractional Brownian motion BY, with H > %, and the stan-

dard Brownian motion W, have their trajectories in W®>. We refer the reader to
([27], [45]) for further details on this topics. We denote by W, ([0, T]; R) the space

of continuous functions g : [0,7] — R such that

— l9(t) — g(s)] “lgly) — g(s)] -
o= s (S [ ) <o

0<s<t<T
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Clearly, for all € > 0 we have
Cte([0, T R) € Wy ([0, T, R) < C'([0, T]; R).

Denote

Au(g;]0,T]) = sup |(DZ%g-)(s)l,

F(l - CY) 0<s<t<T

where I'(a) = [~ r* ‘e "dr is the Euler function and

gim(1-a) s) — tals) —
D000 = Fray (G lagte + 0o [ ) toate)

We also define the space W*1([0, T]; R) of measurable functions f on [0, 7] such that
T t
£ ()] /@) — f(y)l
Jla,1:[o, —/ [ + dy| dt < oo.
|| || 1 [0 T] 0 to 0 (t _ y)a—f—l

We have W ([0, T];R) € W*1([0,T];R) and | flla,1:00,m < (T + 1:::) || 1l ,00500,77 -

In [13], Zéhle introduced the generalized Stieltjes integral as follows.

T
Definition 2.1. The generalized (fractional) Stieltjes integral / f(z)dg(z) is de-
0

fined in terms of the fractional derivative operators

D500 = e (22 4 [ O I0a,) 1m0,

and

D)0 = S (i - [ 202800 10,

as

/0 f(2)dg(z) = (~1)° / (DE. ) ()(DY2gr )(t)dt. (2.5)
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The following proposition is the estimate of the generalized Stieltjes integral.

Proposition 2.1.4. ([/7]). Fiz 0 < a < i. There are two functions g € Wy~ “>(0,T)
and f € We(0,T); we set

Gi(f) = / ' fdg,.

Then, for allr <t <T we have

< sup (Dt )() / (D% go)(7)\dr

t
/ frdg,

s<r<r<t
2.6
< Aalg: 55D e 20
S CO[,TAOé<g7 [57 t])HfHa,ooa
o = (T+555).
As follows from [59], for any 1 — H < a < 1, we can define the integral w.r.t. the
fBm according to (2.5).
Definition 2.2. ([/0]). The integral with respect to the fBm is defined as
T T
| san = v [ op o B 2.7

2.1.6 Lack of Markov property

Theorem 2.1. Let B be a fractional Brownian motion of Hurst index H € (0,1) —

{1}. Then, B is not a Markov process.

Since the fBm is a Gaussian centered process, we need the next lemma to prove this

result.
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Lemma 2.1.1. If X is a Gaussian centered Markovian process, then for all s <t < u
Proof. Note that Ry = cov(Xs, X;). Since X is a Markov process, then V s <t < u

cov( Xy, Xu)

]E(Xu/Xta Xs) = E<Xu/Xt) = E(Xu) + U(ZT(Xt) (Xt - E(Xt))
Therefore,
Rut
E(Xu/Xt) - R—Xt,
tt

E(Xu/Xe, Xo) = E(Xo) + 0u0; " (v — E(v))

X
where v = < Xt ) and 6, = E[X,v'], 6, = E(v'v)

We have that,

Ry Ry
0w = (RuRys) and 6, = v
Rst Rss

0_1 1 Rsth - RtSXS
V= ———"7""5
v RttRss - Rl%s Rtth - RstXt

We observe that,

E(X./X, Xs) = 0,0,

1
= g Pl X = RuBiX, = Rus B X + RusRuX,).
ttLlss = Llgg

Hence, E(X, /X, X) = E(X,/X;) we have

1
Rut Xt

R_tt = m(RutRsth - RuthsXs - RusRstXt + Ruthth)

Moreover,

Xt<RttRutRss - RttRutRss - Rutht + RttRusRst) + X3<RttRutRst - RtZtRus) = O
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RstXt(RttRus - RutRst) - Rtth(RttRus - RutRst) - O

or,

(RttRus - RutRst)<RstXt - Rtth) = 07

then,
RttRus - RutRst =0

which is the result.

Proof of theorem 2.1 We proceed by contradiction. Assume that B¥ is a Markov
process. Since it is a Gaussian process as well, by the previous lemma we have, for

s=1<t=2<u=3
E(B' By )E(B;' By') = E(B;' By )E(By' By')
S0,
1 1

22H(22H + 32H o 1) — 22H[2(1 + 32H o 22H)]

by differentiating

1+32H—1 +22H =0

we deduce that, 1+ 3271 + 22 = 0 only if H = 3 which leads to a contradiction.

2.1.7 Long and short-range dependence

The Process with long-range dependence has many applications, such as in telecom-
munication especially in the internet traffic problems. Basically, the notion of long-
range dependence is that the variance of the sum of a stationary sequence grows

non-linearly with respect to n.
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Definition 2.3. A stationary sequence (X,,),en exhibits a long-range dependence if
p(n) = cov(X, Xyin) satisfies
lim _p(n)

n—oo CN~ ¢

=1
for av € (0,1) and some constant c.

Remark 2.1. If a stationary sequence (X,)nen is long-range dependent, then the
dependence between X, and X1 decays slowly asn tends to infinity and Y~ | p(n) =

Q.

Proposition 2.1.5. The fBm is one of the simplest processes which exhibit long-

range dependency.

Proof. Let us consider its increments

_ pH H _ pH H
Xy =By —B,_, Xpp1=DB 1, — Byt

Since the fBm is centered, then

p(n) = E(Xi, Xpin) = E [(Bl? - Blf—1)(BI£rn - Bﬁi—n—l)}

= E [(Br?ﬂ - BH)B{{] = ]E(BT{L{+1B{{) - E(BfB{{)

n

1
= 3 [(n + 1) —2n*" 4 (n — 1)2H]

L op Loog Loog
- = 14+ = 94 (1=

S [ 2 - )

n2t 2H H(2H -1 2H H(2H -1 1
_on | M HRHZD ) 2 HRHZLD)

2 n? n n2 n2

= H(2H — 1)n**72 4 o(n?"7?%)

It follows that for H > %, we have

p(n) >0 and Zp(n) = 00.
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and for H < %, we have
p(n) <0 and Zp(n) < 00.

Therefore, we say that the fBm has a long-range dependence property if and only if

H > % and for the other case, it has a short-range dependence.

2.2 General construction of the space of integrands

using integral representation

In this section, we will explain the reasoning we adopt to construct suitable spaces
of integrands in order to have a well-defined integral. Note that it is a heuristic
approach; recall that we can represent an fBm by an integral over T of a kernel with
respect to the Brownian motion. Since the fBm is a particular case of the so-called

Volterra process, we say that X, is a Volterra process, if we can write

t
Xt:/ K(t, s)dBs,
0

where K is the Volterra kernel and B is a Brownian motion.(see |7] and [31]). Now

let us focus on the fBm, which can be represented by

(Bt(H))teT = (/ ku(t,s)dBs)ier,
T

with kg (t,s) = kulpy(s) where the kernel is in fact the image of the indicator
function through the operator ky. Without going deeply in the theory of operator,
it is in fact the Hilbert-Schmidt operator. Thus, heuristically,

M(f) = /Tka(s)st.

So, to get it well defined, we must have as a space of integrands

ST = {f: /T (ki f(s))?ds < oo},



2.2 General construction of the space of integrands using integral
representation 42

with a satisfying inner product ,

(f.g)sn =E(I"(H)I(f))

This is the general construction in [52] for the case T = R and [51] for the case
T = [0,T]. Besides, as we shall see, for example in subsection 10.5.4 in [10], even if
the approach is different, we will use this idea to construct the integral.

Riemann-Stieltjes integral

Riemann-Stieltjes integral is an important notion to understand the stochastic inte-

gration. But first, let us recall the basic Riemann integral.

Definition 2.4. Let f : R — R be continuous. We define the Riemann integral over
la,b] C R by

b
| rwa =”Ahrugozfn )

if the limit exists, where A,, = {to,t1,...,t,} is a partition of [a, b] such that a = t5 <

b < oo <ty <tp,=0b, Al = max (t; — t;—1) and 7; is an evaluation point in the
interval [ti—h tz]
Definition 2.5. The p-variation of a function f : [a,b] — R is defined as

Do) = FEE))P,

=1

if the limit exists, where A,, = {to, 1, ..., t,, } is a partition of [a, b] and the mesh goes

to 0 as n — oo.

Definition 2.6. A function of a bounded variation is a function g : [a,b] — R such
that V¢ > 0,

SupZ!g ti1)| < oo,

7r€73
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where the supremum is taken over the set P = {m = {t¢,...,t,p}, 7 is a partition of

la,b]}.

We denote by BV the set of functions of the bounded variations.

Definition 2.7. Let f : [a,b] — R be continuous and g : [a,b] — R be a function of

a bounded variation. We define the Riemann-Stieltjes integral as follows:

/ FO)dg(t) = Jim Zf<n><g<u->—g<ti,1>>,

if the limit exists, where A,, = {to, 1, ..., t, } is a partition of [a, b] and the mesh goes

to 0 as n — oo.

Remark 2.2. Note that if g(t) = t, then the Riemann-Stieltjes integral is the Rie-

mann integral.

Proposition 2.2.1. [62] If f is continuous and g € C*, then

[ s - [ 0

and if f,g € BV then
b b
/ f(t)dg(t) = f(b)g(b) — f(a)g(a) —/ g(@)df (t). (2.8)

Wiener integral

The Wiener integral is an integral where we have deterministic integrands and a
Gaussian process as an integrator. It generalizes the theory of Riemann-Stieltjes

integral. Let us define the integral:

- [ rwasy 29)

In fact, we could think of applying the integration by parts of the formula of the
Riemann-Stieltjes integral (2.8), and obtain

/ F()dBY = f0)Bl — f(a)BY — / BIaf (1), (2.10)
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where the integrals are Riemann-Stieltjes integrals. But the problem is, as we saw,
that B/Y ¢ BV. Hence, the equation (2.10) is not well defined as a Riemann-Stieltjes
integral in this case. Therefore, we need a new approach to define the integral (2.9):

the so-called Wiener integral.

2.2.1 Construction of the Wiener integral w.r.t FBm

The basic idea is to extend the isometry map from the set of step functions £ into

the space L?(Q) generated by the integrator, to an isometry defined on a larger

space of integrands, usually noted H and such that € = H. Let us recall that
the Wiener integral (w.r.t. a Gaussian process) of a function f € H is a random
variable. More explicitly, it is a centered Gaussian random variable. With variance

Jp f(t)*dt in the case of a standard Brownian motion. Therefore, the Wiener integral

generates a Gaussian space. Let us denote this subspace of L?*(Q, F(9), (}"t(z))teT, P?)

by Sp(Z) (Note that if f € &, [, f(t)dZ, generates Sp(Z).) In our case, we take

the Gaussian process Z = B as an fBm, so we obtain Sp(Z) = Spr(BH) C
L2(Q, F (FM yier, B7).

2.3 Russo-Vallois integral

Definition 2.8. Let X, Y be two real continuous processes defined on [0,7]. The

symmetric integral (in the sense of Russo-Vallois) is defined by

T T
Yu € Yu Xu e Xu
/ Y,d°X, = P-lim te t as du, (2.11)
0

e—0 0 2 £

provided that the limit exists and with the convention that Y; = Y, and X; = X
when t > T.

Theorem 2.2. ([20], page793) The symmetric integral fOT f(BE)d°BI exists for any

f:R — R of class C° if and only if H € (%, 1). In this case, we have, for any
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primitive F of f:

Fs) =FO)+ [ " BB,

When H < 1/6, one can consider the so-called m-order Newton-Cotes integral:

Definition 2.9. Let f : R — R be a continuous function, let X, Y be two continuous
processes on [0, 7] and let m > 1 be an integer. The m-order Newton-Cotes integral
(in the sense of Russo-Vallois) of f(Y) with respect to X is defined by

Xu+5 - Xu

T
/ f(Y,)d¥emx, = P-lim — .
0

T
e—0 0

( / FY 4 (Ve - n))umwﬂ)) du,

provided that the limit exists and with the same convention above with 1y = %(50—1—61)

and, for m > 2,

2(m—1)

"y 20m—Du—k
2 </o ] ) L
J=0 JF#k

0 being the Dirac measure.

Theorem 2.3. ([20], page793) Let m > 1 be an integer. The m-order Newton-Cétes
integral fOT f(BEYGNCm B egists for any f : R — R of class C*™*L if and only if

H e (Wlw’ 1). In this case, we have for any primitive F' of f:

T
F(BH) = F(0) + / F(BHaOm B,

2.4 Skorohod integral

In this section, we focus on the Skorohod integral. This stochastic integral, intro-
duced for the first time by A. Skorohod in 1975, may be regarded as an extension
of the Ito’s integral to integrands that are not necessarily F-adapted. The Skorohod
integral is also connected to the Malliavin derivative, which is introduced with full
details in [19, Chap. 3|.
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Let v = u(t,w), t € [0,T], w € €, be a measurable stochastic process such that,

for all t € [0, T, u(t) is a Fr -measurable random variable and
E[u?(t)] < oo.

Then, for each ¢ € [0,7], we can apply the Wiener-Ité’s chaos expansion to the

random variable u(t) = u(t,w), w € Q, and thus there exist symmetric functions

frt = far(ts, .. tn), (t1,...,t,) €[0,7]", in EQ([O,T]"), n=1,2,..., such that

U(t) = Z [TL(fn,t)a

where

L(f) = /[wa@el, et AW (1) dW (H(n),

(Wi)teor] is @ Wiener process and f € L2([0,7]"), and the convergence takes place

in L?(P). Moreover, we have the isometry

[e's)
Il 2@ =D n Il fa lZ20pm) - (2.12)
n=0

For more details see [19]. Note that the functions f,:, n = 1,2, ..., depend on the

parameter ¢ € [0,7], and so we can write

fn(tla '-'7tn7tn+1) = fn(th ,tn,t) = fn,t(th ,tn)

and we may regard f, as a function of n+1 variables. Since this function is symmetric

with respect to its first n variables, its symmetrization f, is given by

1
fn(tla -~-7tn+1) = [fn(tla "‘atn-i-l) + fn(t27 '-'7tn+17t1) + ...+ fn(tla --"7tn—17tn+17tn>]
n+1

(2.13)
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Definition 2.10. Let u(t), t € [0, 7], be a measurable stochastic process such that
for all ¢ € [0, 7] the random variable u(t) is Fr -measurable and E[u?(t)] < co. Let

its Wiener-1t6’s chaos expansion be

u(t) = Z[n(fn,t) = ZIn(fn('vt))'

Then, we define the Skorohod integral of u by
T 00 B
) = [ u®OW(®) = 3 Ln(F)
0 n=0

when the sum is convergent in L?*(P). Here fu, m = 1,2,.., are the symmetric
functions (2.13) derived from f,(.,t), n = 1,2,... We say that u is a Skorohod

integrable, and we write u € Dom(9) if the series §(u) converges in L?*(PP).

Remark 2.3. By (2.12) a stochastic process u belongs to Dom(d) if and only if

oo

E[o(u)’] = Z(n + DU o Z2qo,ymeny < 0.

n=0

2.4.1 The Skorohod integral for fBm

The stochastic Integrals with respect to fBm were defined mostly for deterministic or
linear integrands, but in other cases it was much more complicated to establish such
integral, since the path regularity of the fBM varies with the Hurst parameter H. In
particular, if H > % , then the paths of B are essentially a-Hélder continuous for
all @« < H, hence a pathwise stochastic integral approach is quite effective likewise
Young (see [51]). In the general case, especially when H < 3 , the path of fBm
becomes rather "rough" and the pathwise approach for stochastic integrals; therefore
other definitions of stochastic integrals have been introduced. The most notable is
the divergence-type integration (or Skorohod integral), which is based on the idea of
Malliavin calculus (see for example [19, 30, 641]). For this case we briefly introduce

Malliavin derivative with respect to certain Gaussian processes; in particular, for
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fractional Brownian motion.
Let W be a standard Brownian motion and assume G = (G¢):ejo,7] is a continuous

centred Gaussian process of the form
t
G, = / K(t, s)dW, (2.14)
0

where the kernel K satisfies sup fot K(t,s)*ds < oo. In particular, the fractional
te(0,7)

Brownian motion is of this form by representation (3.14). First we recall some defi-

nitions.

Definition 2.11. We denote by &g the set of simple random variables of the form

F = Z athk
k=1

where n € N, a, € Rand ¢, € [0,T] for k=1, ...,n.

Definition 2.12. The Gaussian space H; associated to G is the closure of &z in
L*(Q).

Definition 2.13. The reproducing Hilbert space Heg of G s the closure of Eq with

respect to the inner product

(Lo, Ljo,s))n = Ral(t, s).
In what follows, we will drop G in the notation.
The mapping 1o — G, can be extended to an isometry between the Hilbert space

‘H and the Gaussian space H;. The image of ¢ € H in this isometry is denoted by
G(p). In particular, we have G(1j ) = G

Definition 2.14. Denote by S the space of all smooth random variables of the form

F= f(G((pl)a 7G(90n))’ L1y 00y P € H,
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where f € Cp°(R™) i.e. f and all its derivatives are bounded. The Malliavin derivative

D = D(G) of F is an element of L*(Q, H) defined by

DF = Z 9, [(G(p1), ..., G(on)) i

In particular, DG, = 1.

Definition 2.15. We denote Dg* = D'2 be the Hilbert space of all square integrable
Malliavin derivative random variables defined as the closure of § with respect to the

norm
I F [3,=EIFF + E(| DF |I3,).

Now we are ready to define the divergence operator ¢ as the adjoint operator of the

Malliavin derivative D.

Definition 2.16. The domain Dom ¢ of the operator ¢ is the set of random variables
u € L*(Q, H) satisfying
[E(DF,u)n)| < cu || F |12

for any F' € D%? and some constant ¢, depending only on w. For u € Dom ¢ the
divergence operator d(u) is a square integrable random variable defined by the duality

relation

E(F6(u)) = E((DF,u)y), VF € D"

for any F € D2
We use the notation

T
(5(u)—/ us0Gs.
0

Recall now the special form of G given by (2.14) which is clearly the fractional Brow-

nian motion, and define a linear operator K* from & to L?[0,T] by

(K*0)(s) = o(s)K (T, s) + / lp(t) — ()] K (dt, 5).
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With the help of this operator according to [64], the Hilbert space H generated by G
can be represented as H = (K*)~'(L?[0, T]). Furthermore, D5*(H) = (K*)~1(Dy?(L?[0,T])).

Moreover, we can represent 6(%) with 6") by the relation

t t
/uséGS:/(Ku)sél/Vs
0 0

provided that Ku € Dom 6(").



Chapter 3

Stochastic integration for
non-adapted processes with respect

to fractional Brownian motion

This chapter is the subject of a publication in the thesis
Let B(t) be a Brownian motion and let {F;} be a filtration such that

e B(t) is adapted to {F;}.
e B(t) — B(s) and {F;} are independent for s < ¢.
Suppose f(t) is a stochastic process satisfying the following conditions:
1. f(t) is adapted to {F;},
2. B [Pf(t))2dt < o0

Then, the Ito integral 7 = fabf(t)dB(t) is defined (see, e.g., Chapter 4 of the book

[25]) and we have the equalities:

B =0, 57 = 5 [ 150

Moreover, we have the next theorem (see, e.g., Theorems 4.6.1 and 4.6.2 in the book

[25])
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Theorem 3.1. Let f(t) be a stochastic process satisfying the above conditions (1)
and (2). Then, the stochastic process

X, - /tf(s)dB(s), o <t<b,

1S a continuous martingale.
More generally, suppose f(t) is a stochastic process satisfying the following conditions:
(a) f(t) is adapted to {F;},

(b) f; |f(t)|?dt < oo almost surely.

Then, the It6 integral fabf(t)dB(t) is defined (see, e.g., Chapter 5 of the book [28])
and we have the next theorem (see, e.g., Theorems 5.5.2 and 5.5.5 in the book [25].)

Theorem 3.2. Let f(t) be a stochastic process satisfying the above conditions (a)
and (b). Then, the stochastic process

X, = /tf(s)dB(s), a<t<b,

15 a continuous local martingale.

3.1 Itd’s formula for fBm

In this section, we will show the It&’s formula for the indefinite Skorohod integral.

Theorem 3.3. [00] Let f be a function of class C*(R). For each t € [0,T] the
following formula holds

(B (1) = 1(0) + / f1(B¥(5))6B" (s) + H / F7(BH (5))s* 1 ds
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3.2 It6 integral

Let us start with the simplest case of random integrands. For convenience, we will use
L?,([a,b] x Q) to denote the space of all stochastic processes f(t,w),a <t < b,w € (,
satisfying the following conditions:

(1) f(t,w) is adapted to the filtration {F;}

(2) fab E|f(t)]?dt < co. We will use Itd’s original ideas to define the stochastic integral

| rwaw .1)

for f € L2,([a,b] x Q). For clarity, we divide the discussion into three steps.
Step 1. f is a step stochastic process in L2,([a,b] X Q).

Suppose [ is a step stochastic process given by

f(tvw) = Zgi_l(("))]‘(ti—l,ti] (t>7 (32>
i=1
where &;_; is F;,_,-measurable and E(&? ;) < co. In this case we define
I(f) = Zﬁzel(w(ti) = W(ti-1)) (3.3)
i=1

Obviously, I(af + bg) = al(f) + bl(g) for any a,b € R and any such step stochastic

processes f and g. Moreover, we have the next lemma.

Lemma 3.2.1. Let I(f) be defined by equation (3.3). Then, EI(f) =0 and

E(1(f)I*) = / E(|f(#)]*)dt. (3-4)

Proof. The proof can be found in ([25]).
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Step 2. An approximation lemma.

We need to prove an approximation lemma in this step in order to be able to define

the stochastic integralfab f(t)dW (t) for general stochastic processes f € L?,([a, b] x2).

Lemma 3.2.2. Suppose f € L?,([a,b] x Q). Then, there exists a sequence { f,(t);n >

1} of step stochastic processes in f € L2,([a,b] x Q) such that

lim [ E{|f(t) — f(t.)|*}dt = 0. (3.5)

n—o0 a

Proof. We refer the reader to [25]

Step 3. Stochastic integral fabf(t)dW(t) for f € L?,(Ja,b] x Q).
We use Steps 1 and 2 to define the stochastic integral

/fwmwm f e L2([a,b] x Q).

Apply Lemma 3.2.2 to get a sequence {f,(t,w);n > 1} of adapted step stochastic
processes such that equation (3.5) holds. For each n, I(f,) is defined by Step 1. By

Lemma 3.2.1 we have
b
Emm—mwﬂ=/wmw—mw%t S 0,as mym — oo,

Hence, the sequence {I(f,)} is a Cauchy sequence in L*(Q). Define

I(f) = lim I(f,), in L*(Q). (3.6)
n—oo
We can use arguments similar to those in |28] for the Wiener integral to show that

the above I(f) is well-defined.

Definition 3.1. ([28]). The limit I(f) defined in equation (3.6) is called the Ito
integral of f and is denoted by fabf(t)dW(t)
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Thus, the It integral I(f) is defined for f € L2,([a,b] x Q) and the mapping I is
linear, namely, for any a,b € R and f,g € L?;([a,b] x Q),

I(af +bg) =al(f)+bl(g).

We clearly see that Lemma 3.2.1 remains valid for f € L2,([a,b] x ). We state this

fact as the next theorem.

Theorem 3.2.1. ([25]). Suppose f € L?,([a,b] x Q). Then, the It6 integral I(f) =
f;f(t)dW(t) is a random variable with E{I(f)} =0 and

B(INP) = [ B(lf@)P)e

By this theorem, the It6 integral I : L?,([a,b] x ) — L?(2), is an isometry. Since I

is also linear, we have the following corollary.

Corollary 3.2.0.1. ([28]). For any f,g € L?,([a,b] x Q), the following equality holds:

B[ f0aw() [ gwdwie) = [ roswav),

To construct the integral with respect to the fractional Brownian motion, we use the

generalized (fractional) Stieltjes integral (see [54]-[13]).

3.3 K. Itd’s 1idea

Suppose a stochastic process f(¢) is not adapted to this filtration. Then fab f(t)dB(t)

cannot be defined as an It6 integral.
1. Stochastic integral: fol B(1)dB(t) =7 (See equations (3.7) and (3.10).)

We first describe K. It6’s ideas to define the stochastic integral fol B(1)dB(t) in his

lecture at the 1976 Kyoto Symposium on SDE’s [35]. Enlarge the filtration in order
for the integrand B(1) to be adapted, namely, let

G = (7{-7:ta B(l)}‘
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Although B(t) is not a Brownian motion with respect to the larger filtration {G;}, it

can be decomposed as

B(t) (B(t) —/Ot wdu) +/Ot BA) - By,

1—u 1—u

which shows that B(t) is a quasimartingale with respect to the filtration {G;}. Then
the stochastic integral fol B(1)dB(t) can be defined as a stochastic integral with re-

spect to a quasimartingale and

/1 B(1)dB(t) = B(1)*. (3.7)

Our new viewpoint in [5] comes from the simple observation that the anticipating

integrand B(1) has the following obvious decomposition
B(1) = (B(1) — B(t)) + B(t). (3.8)

Note that the integral for the second term B(t) is within the It6 theory. Thus,

we only need to define the stochastic integral fol(B(l) — B(t))dB(t). This leads to
the question: "What is so special about the integrand B(1) — B(¢)?" To find out

2

the answer, consider another anticipating integrand B(1)?. This integrand can be

decomposed as
B(1)? = [B(1) — B(t)]> +2B(t)[B(1) — B(t)] + B(t)>.

Observe that the last term B(t)? and the factor B(t) in the second term are adapted
stochastic processes, while the first term [B(1) — B(#)]? and the factor B(1) — B(t) in
the second term have the same property (which is to be defined below) as that of the

first term in Equation (3.8). We can also try to decompose integrands such as B(1)"

and e to discover the common property stated in the next definition.

Definition 3.2. A stochastic process p(t) is said to be instantly independent with
respect to a filtration {F;} if o(t) and F; are independent for each t.
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Clearly, [B(1) — B(t)]", ePM=B® and ftl h(s)dB(s) are all instantly independent for
0 <t <1, where h(s) is a deterministic function in L*([0; 1]).

Lemma 3.4. If a stochastic process p(t) is both adapted and instantly independent
with respect to a filtration {F;} , then o(t) is a deterministic function.

Proof. Since ¢(t) is adapted, we have E(p(t)|F;) = @(f). On the other hand,
since ¢(t) is instantly independent, we also have E(p(t)|F;) = E(p(t)). Hence,
©(t) = E(p(t)), which shows that ¢(t) is a deterministic function. O

In view of lemma (3.4), we can regard the collection of instantly independent stochas-
tic processes as a counterpart of the Itd6 theory. Namely, the It6 part consists of
adapted stochastic processes and the counterpart consists of instantly independent
stochastic processes. Moreover, we observe from the above discussion that many an-
ticipating stochastic processes can be decomposed into sums of the products of an Ito

part and a counterpart.

Remark 3.5. Note that the Brownian motion (W) and the FBM (BtH)te[O,T]
generate the same filtration. More precisely, the natural filtration of the Brownian

motion and of the FBM that generates through the Levy-Hida representation coincide.

Thus, our viewpoint in fact stems from It6’s ideas. We simply reverse the roles of the

integrand and the integrator, i.e.,

e Keep the filtration {F;} and the Brownian motion B(t).

e Decompose an integrand as a sum of terms, each being the product of an adapted

stochastic process and an instantly independent stochastic processes.

This leads to the question : ” How do we define a stochastic integral fab f(t)dB(t)
for an adapted stochastic process f(¢) (in the Itd part) and an instantly independent
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stochastic process ¢(t) (in the counterpart)? ” The answer is in the next section.

3.4 Stochastic integration with respect to Brownian

motion

H. Kuo and W. Ayed [] are going to propose a new approach for stochastic integra-
tion with respect to Brownian motion. The key idea in our approach to anticipating
stochastic integration is the evaluation points for the integrand. Consider the in-

stantly independent stochastic process B(1) — B(t) in the right-hand side of equation
(3.8). How do we ” define” the stochastic integral fol(B(l) — B(t))dB(t) 7

Let A = {0 = to,t1,t2, -+ ,t, = 1} be a partition of the interval [0,1]. On the
subinterval [t;_1,t;], we take the ” right endpoint ” ¢; as the evaluation point for the

integrand B(1) — B(t) to form a Riemann like sum.

Then, we define the integral

Jo (B(1) = BW)AB() = Tim > (B(1) = B(t)(By, = Bi..)
= BOP~ lm BB, B,
= B~ lim SUIB) ~ Blt)] + Bt }B() — Bt

=B(1)*-1- /1 B(t)dB(t) (3.9)

where the last integral is an Ito integral. It follows from equations (3.8) and (3.9)

that we have a new stochastic integral

/1 BO)dB(t) = B(1)? -1, (3.10)



3.4 Stochastic integration with respect to Brownian motion 59

which is different from the one in Equation (3.7) defined by K.Ito [35].

Note that our new stochastic integral has expectation 0, a property that we want
to keep for our new stochastic integral. The above discussion leads to the following
definition of a new stochastic integral of a stochastic process which is the product of an
adapted stochastic process (in the It6 part) and an instantly independent stochastic

process (in the counterpart).

Definition 3.3. For an adapted stochastic process f(t) and an instantly independent
stochastic process ¢(t), we define the stochastic integral of f(t)p(t) to be the limit

A]—0

| e@dBe = tm S o) (B - Bt)

provided that the limit in probability exists.

In general, for a stochastic process F'(t) = ij:l fu(t)@n(t) with f,(t)’s being adapted
and ¢, (t) instantly independent, we define

/ FdB(t) =Y / RO

This stochastic integral is in fact well-defined. Obviously, there is a natural question:
"What is the class of stochastic processes for which the new stochastic integral is

defined?" Unfortunately, we do not have the answer yet.

Example 3.6. We mention to two stochastic integrals from [5]

ABmmmw@z{

In general, for a continuous function f(x), we have

—~

1)(B(t)? —t) — [} B(s)ds,0 < t < 1

1)(B(t)? —t) — [) B(s)ds,t > 1.

B(1) [y f(B(s))dB(s) — [} f(B(s))ds,0 <t < 1;

/O B(1)f(B(s))dB(s) = { B(1) [y f(B(s))dB(s) — [, f(B(s))ds,t > 1.
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Example 3.7. Let f(t) and g(t) be two deterministic functions in L*([0,1]). Then,

[ o ([ s ) asco - [ JaB)s0),

where the right-hand side is a double Wiener-1té integral (see Chapter 9 in [28]). To
prove this equality, note that the Wiener integral of f(s) in the left-hand side has the

/de /de /de

where the first integral is in the Ité part and the second integral is in the counterpart.
For convenience, let AB; = B(t;) — B(t;—1). By definition (3.3), we have

/ </f )dB( ))dB zAhriOng(/ f(s)dB(s /f )dB(s )
_Ahniozg”(/f JdB(s / f(s)dB(s )

z

:/0 f(s)dB(s)/ o(t)dB(t —HAlﬁllto i1)g(ti) (AB)?

- /0 f(s)dB(s) /0 g(t)dB(t) — /0 f(t)g(t)d(t)

which s exactly the Wiener-1té6 double integral in the right-hand side of equation

decomposition

(3.7). In [70] K. Ité proved the following well-known theorem on multiple Wiener-1to
integral (see also theorem 9.6.7 in the book [25].)

Theorem 3.8. (K. Ito 1951) Let f € L*([a;b]") and f its symmetrization. Then,

/H F(tr, toy oo £)dB(81)dB(Ls)...dB(t,)
a;b|™

:n!/ab.../:"_z Vt Ftrs o to 1, t)dB() | dB(t, 1)..dB(t)
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Note that the restriction to the region a < t, < t, 1 < ... < ty < t; < b for
the iterated integrals is to ensure that in each step of the iteration the integrand
is adapted so that the integral is defined as an It6 integral. However, as seen from
example (3.7), there is no need to impose this restriction since in each step the integral
is defined as a stochastic integral in definition (3.3). By using the similar arguments

as those in example (3.7), we can prove the next theorem.

Theorem 3.9. Let f € L*([a;b]"). Then,

F(t1, toy s ta)dB(t1)dB(L)...dB(t,) (3.11)

[a;b]™

:/ab.../ab Uabf(tl,...,tn_l,tn)dB(tn) AB(tn1)...dB(t)

Observe that we do not have to use the symmetrization f in the right-hand side of

equation (3.11). In fact, it is obvious that the iterated new stochastic integrals for

f and f are equal. In view of this theorem, a multiple Wiener-Ité integral can be
evaluated as an iterated stochastic integral, just like multiple integrals and iterated

integrals in ordinary calculus.

3.5 Representation of the FBm

The fractional Brownian motion can be expressed as a Wiener integral with respect

to the Wiener process in several ways. Let us recall two of them.

3.5.1 Levy-Hida representation

Note that the FBM is a particular case of Volterra processes. Following Decreusfond

and Ustiinel, we have this kernel :

H—1/2
(t—s)y /

Kult:9) = T 1)

t
F(1/2—HH-1/2,H+1/2,1—-),0<s<t< oo,
S
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where F'is the Gauss hypergeometric function.

For the case H € (1/2,1), we have that the kernel is
¢
Ky(t,s) = cH31/2H/ lu — s[H=32u =120y, ¢ > s,

where
H(2H —1)

)1/2
B(2—2H,H — 1/2)

Cg = (
with B the Beta function, i.e. B(a,b) = fol to1(1 —¢)bdt.

We have

0Ky(t,s) - t H-1/2/,  \H-3/2
T = CH(? (t 8) .

Now, we introduce a linear operator K3 : € — L*([0,T]), defined by

8KH(t, S)

(K50)(s) = / (1) —7—dt, (3.12)

where ¢ € €.
For the case H € (0,1/2), we have that the kernel is given by
Kt ) = big(L)H/2(t — s)H102 = (H — 1/2)512H [*(u — 5)1-1/20H3/2du),

where

2H

(1—2H)B(1— 2H, H + 1/2)>1/2'

by = (

We have
0Kpy(t, s)

_ ot\H-120,  NH-3/2
By =cy(H 1/25) (t—s) :
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Now, we introduce a linear operator K3 : € — L*([0,T]), defined by

(9KH(t, S)

TR (3.13)

(K56)(s) = Kn(T.5)0(5) + [ (6(0) = o(6)

Case H = 1/2 It is obvious that Kj/5(t,s) = 1j4(s). Indeed, we obtain

t t
Btl/Q = / Kl/g(t, S)dWS = / 1[07t](8)dW5 = Wt
0 0

We have
(Kilpg)(s) = Ku(t, s)1jo,q(s).

Thus, the operator K} is an isometry between £ and L?([0,7T]) that can be extended
to an isometry between the closure of £, namely the Hilbert space S and L([0, T7).

Indeed, we have

(L4, Los) s = Rul(t,s)
= [ Kp(t,u)Ku(s,u)du
= (Ku(t, )L, Ku(s,)Ljos) r2(0.1)
= (Kilpg, Kilps) 2o
3.5.2 Moving average representation

The fBm can be represented as an integral with respect to a standard Brownian

motion on the whole real line. Let (Bj)ser be a standard Brownian motion. Then,

B = oo [ =9t = (o)t ], (3.14)

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

There is another representation which uses the complex-valued Brownian motion (but

the fBm is real-valued). In fact, for a fBm (BH);cr, we obtain

1
Co(H)

H _
B =
(2

it 1 _
/ : ) |m’7(H7%)dBI7 te ]R,
R

where (By)er is a complex Brownian measure and

CalH) = (HF(QH)Zin(Hw)) : '

Let us note that the complex Brownian measure on R can be splitted as B = B; 4B
and is such that B(A) = Bj(—A), By(A) = —By(—A) and E(B;(A))? = ‘—’;", VA €
B(R).

We also call this representation, the spectral representation.

3.6 Stochastic integration for non-adapted processes

with respect to fBm

In this section, we have introduced a new approach on stochastic integration for non-
adapted processes with respect to processes having irregular trajectories, based on the
Levy -Hida representation. Our approach is used to solve stochastic differential equa-
tions driven by a fractional Brownian motion for integrants not necessarily adapted.
Hoping that these results will serve to other processes such as sub fractional Brownian
motion, mixed fractional Brownian motion or Gaussian processes in general. Using
the previous theory, we could define the Wiener integration using the operator K7j; as
T T
| ot = [ (<o)s)an,

for ¢ € SH). But, for the right-hand side of equation to be well-defined, we must
have that K¢ € L*([0,T)).
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Theorem 3.10 (Definition). Let A = {0 = to,t1,t9, - ,t, = T} be a partition of
the interval [0,T). On the subinterval [t;—1,t;], we take the ” right endpoint "t; as
the evaluation point for the integrand. For an adapted stochastic process f(t) and

an instantly independent stochastic process g(t), we define the stochastic integral of
f(t)g(t) to be the limit

/ F()g(t)dB () = Tim Zwl )t 1)68 () (k) (B(t) — B(ti-1))

IA]1—0 <
Proof.

Write K7;(f.g) like in (3.12) and in (3.13) then develop a sequence of calculus (based
on the results obtained by Joachim [39] ) applied to the kernel in two cases H < 1/2
and H > 1/2.

Namely, when one wants to compute fol wvdz with v(z) = [ v/(y)dy, we obtain by a

classical integration by parts (including the trace terms in the integral) or by Fubini’s

/0 wvdi = / v (z) / " wly)dyd.

theorem,

ForH>%:
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Jo T®g®dB = [ (K (f.9)(t))dB,
= / (f.9)(u dudBt
0 t
= C )3 ( H=3 dud B,
H/O t (f.9)(u (u—1) u

_ CH/ —H/ F(u).g(w)u? 4 (u — )7 dudB,
= [ e [ [ (ot ) [ s -0 tayia] am,
= [ e [ (st ) -

+ F(Hl_%) ftT F)(y — )12 dy]du)d B,

(y)(y — )T 2dy
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-T(H-1) _1,. H-1
It means that J = 1+F(H—2%) [g(t)tH 2(L- f)(t)] . Then,

H 1

—I(H- -1
1T rt)g(t)dB? = 1+r( CH I gt (1% ) ()dB,
—I(H -3 -

= lim Z% tic1)ey (9) () (B(t:) — B(ti-1)),

[Al—0<

( H-1 (H

where {'(f)(ti-1) = (Ip- * f)(ti1) and ¢35 (g)(t;) = QH—HCHQ( i)
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For H < 1.
T FOg)dBE = [T(K3(f.9)(0)dB,
_ / / (f.9)( Y guasp,
- Culir 1) / /tT(fg>(u)(—)H (u =1 dud
_ CH(H—%) OTté—H tT Fu)-g(u)u™* (u — )74 dudB,
= cutit = [ Ao A ol ] an,
= cutt =) [ s [soui= )] as
— Cuti = P [ aoui s
O = ) Sl (B0~ Ble-)

where
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H(F)(tioa) = (1272 ) (tioy) and o2 (g) (1) = TTH—5)



Chapter 4

New approach for stochastic
integration w.r.t multifractional

Brownian motion

This chapter is the subject of a paper submitted for publication.

4.1 Motivation and background

Multifractional Brownian motion was introduced to overcome the following limita-
tions. The basic idea is to replace the real H by a function t — h(t) ranging in (0, 1).
Several definitions of the multifractional Brownian motion exist. The first ones were
proposed in [50] and in [3]. A more general approach was introduced in [61]. We first

need to define a fractional Brownian field:

Definition 4.1. (Fractional Brownian field). Let (2, F, P) be a probability space. A
fractional Brownian field on R x (0,1) is a Gaussian field, noted (B(t, H))w, merx(0,1)s
such that, for every H in (0,1), the process (BH)icr defined by B .= B(t, H) is a

fractional Brownian motion with Hurst parameter H'

! Alternatively, one might start from a family of fBms (B¥) e (g,1) (i.e. B := (Bf!);er is an fBm
for every H in (0,1)) and define from it the field (B(¢, H)),m)erx(0,1) by B(t, H) := Bff. However
it is not true, in general, that the field (B(t, H)),m)crx (0,1) Obtained in this way is Gaussian.
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A multifractional Brownian motion is simply a "path" traced on a fractional Brownian

field. More precisely, it is defined as follows:

Definition 4.2. (Multifractional Brownian motion). Let h : R — (0,1) be a deter-
ministic continuous function and B be a fractional Brownian field. A multifractional

Brownian motion (mBm in short) on B with functional parameter h is the Gaussian

process B" := (Bl)er defined by B := B(t, h(t)) for all t in R.

(H1) : V]a,b] € R, V[e,d] € (0,1),3(A,8) € (RZ)?, such that E[(B(¢, H)—~B(t, H'))?] <
AH — H'|°, for all (t, H, H') in [a,b] X [c, d]*.

Using the equality E[(B(t, H) — B(s, H))?] = |t — s|*/ and the triangular inequality
for the L?-norm, Assumption (H;) is seen to be equivalent to the following one:

(H) : V][a,b] x [e,d] € R x (0,1),3(A,d) € (R%)%, s.t.E[(B(t H) — B(s, H))? <
Alt — s|* + |H — H'°, for all (t,s, H, H') € [a,b]* x [c, d]*.

Thus, we will refer either to assumption (#;) or (H) in the sequel.

Remark 4.1. Assumption (H) entails that the map (t,s, H, H') — E[B(t, H)B(s, H')]

is continuous on R? x (0,1)2.

4.2 Approximation of multifractional Brownian mo-
tion

Since an mBm is just a continuous path traced on a fractional Brownian field, a
natural question is to enquire whether it may be approximated by patching adequately
chosen fBms, and in which sense.

Heuristically, for a < b, we divide [a,b) into "small" intervals [¢;,t;11), and replace
on each of these B" by the fBm BYi where H; := h(t;). It seems reasonable to

expect that the resulting process Y, B{ "1y, . ,)(t) will converge, in a sense to be

made precise, to B" when the sizes of the intervals [t;, ;1) go to 0.

Our aim in this section is to make this line of thought rigorous.
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4.2.1 Approximation of mBm by piecewise fBms

In the sequel, we fix a fractional Brownian field B and a continuous function h,
thus an mBm, noted B". We aim to prove that this mBm can be approximated
on every compact interval [a,b] by patching together fractional Brownian motions
defined on a sequence of partitions of [a,b]. In that view, we choose an increasing
sequence (¢, )nen of integers such that g := 1. For a compact interval [a,b] of R and
n €N, let 2 := {x,(gn); k € [[0,qx]]} where :16,(€ "= a+ k %) (for integers p and ¢
with p < ¢,[[p, q]] denotes the set {p,p + 1,...,q}). Define, for n € N, the partition
A, = {[xé ,xkﬂ) ke [[0,q, — 1]} U {2z}, Thus, A := (A, )nen is a sequence of
partitions of [a,b] with mesh size that tends to 0 as n tends to +o0o. For ¢ in [a, D]
and n € N, there exists a unique integer p in [[0, g, — 1]] such that 2 <t < 95;()1)1-
We will note xt ) the real :17,, in the sequel. The sequence (xin))neN converges to t as
n tends to +oo. Besides, define for n € N, the function h,, : [a,b] — (0,1) by setting
hn(b) = h(b) and, for any ¢ in [a,b), h,(t) := h(xgn)). The sequence of step functions

(hn)nen converges pointwise to h on [a, b]. Define, for ¢ in [a, b] and n € N, the process
Bl = B(t, hy( Z Lo o, (OB W) + 13 ()B(b, k(D). (4.1)

Note that, despite the notation, the process B"* is not an mBm, as h,, is not contin-

uous. We believe however there is no risk of confusion in using this notation. B is

almost surely cadlag and discontinuous at times x,ﬁ”), k€ [0, g,]].

The following theorem shows that the mBm appears as a limit of sums of fBms:

Theorem 4.1. (Approzimation theorem). Let B be a fractional Brownian field, h :
R — (0,1) be a continuous deterministic function and B" be the associated mBm.
Let [a,b] be a compact interval of R, A be a sequence of partitions as defined above,

and consider the sequence of processes defined in (4.1). Then,

1. If B is such that the map C : (t,s,H, H") — E[B(t, H)B(s, H')] is continuous

on [a,b]? x h([a,b])? then the sequence of processes (B"),cn converges in L*(Q)



4.2 Approximation of multifractional Brownian motion 73

to B"i.e.,

Vt € [a,b], lim E[(B/" — B}")?] = 0.

n—-+o0o

2. If B satisfies the assumption (H) and if h is f-Holder continuous for some

positive real (3, then the sequence of processes (B ),cn converges

(i) in law to B", i.e., {BI"™;t € [a,b]} —!™, _{Blt € [a,b]}.

n—-4o00

(ii) almost surely to B", i.e., P ({‘v’t € [a, bl lir_{l Bl = Bf}) =1.
n—-+0o0

Before we proceed to the proof, we note that point 2(i) is a statement different from
the well-known localisability of mBm, i.e., the fact that the moving average (see[50]),
harmonizable (see [8]) and Volterra mBms (see [10]) are all "tangents" to fBms in the

following sense: for every real u,

rh(u) r—0t

Bl — B
{M;t € [a,b]} sl Bt € [a,b]}

Proof:

1. Let t € [a,b]. For any n € N, one computes
E [(B/" — B)?] = C(t,t, h(z{™), h(z{"))=2C(t,t, h(x{"), h(t))+C(t,t, h(t), h(t)).
The continuity of the maps h, (t, H,H') — C(t,t,H, H') and the fact that

lim 2! =t entails that lim E (B! — B!"?] =0

n—-+4o0o n—00

2. By assumption, there exists (7, 3) in R} x R} such that for all (s,t) in [a, b],
|h(s) = h(t)] = nls —1]”. (4.2)

(i) We proceed as usual in two steps (see for example [20, 55]), a):finite-

dimensional convergence and b):tightness of the sequence of probability

measures (PoB"),cn.
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a) Finite dimensional convergence
Since the processes B" and B" defined by (4.1) are centred and Gaus-
sian, it is sufficient to prove that lim E [B/"B!] = E[B}'B"] for

n—oo
every (s,t) in [a, b]?.
The cases where t = b or s = t are consequences of point 1. above.

We now assume that a < s <t < b. One computes

E[BUBl )= ) Ay

kpelOgn—1z

YO ) (8)E[B(E, 7 (8))B(s, h(5))] -

1 Tj41)

Hence, E [B}"B'"] = E [B(t, h(z"))B(s, h(:vgn)))} for all large enough

integers n (i.e., such that M < s < xﬁ”) < t). The continuity of h,

and the fact that lim (min), 2 = (t, 5) entail that lim E (BB =
n—oo n—oo

E [B!'B!].

b) Tightness of the sequence of probability measures (PoB""),cx.
We are in the particular case where a sequence of cadlag processes
converges to a continuous one. The theorem on page 92 of [53] applies
to this situation: it is sufficient to show that, for every positive reals

e and 7, there exists an integer m and a grid {t;}icfom), such that

a=ty<t;<..<t,=0>o,

O<izm te(tistiv1)

limsup,,_,, P ({ max sup |B/" — B/"| > T}) <e. (4.3)
Denote ¢ : Ry — R the modulus of continuity of the map (¢,u) —
B(¢, h(u)), defined on [a, b] X [a,b], that is:

c(0) == sup |B(t1, h(u1)) — B(ta, h(ug))|

[t1—t2|<9,|ur —u2|<d

Since the map (¢, u) — B(t, h(u) is almost surely uniformly continuous

on [a, b]?, ¢(d) tends almost surely to 0 when § tends to 0.
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Let us now fix (¢,7) in (R*)? Choose ¢ > 0 such that P(c(d) > 7) <
e,m = m(r,e) and Al = {t;;i € [[0,m]]}, with a =ty < t; < ... <
5

tym = b, such that |A] | < 5, where |A] | := max;—o__m—1 [ti1 — til.

Finally, denote N the smallest positive integer n such that |A,| :=

(b=a) _ ¢

Define Ay, := max sup |B/ — Bz”\.

OIS geltistii)

Since |t — xﬁ”)y < |A,| for every t in [a,b], the following inequalities
hold almost surely:
Apnpy = max  sup [B(t, h(z{")) — B(t;, h(z{"))]

0<izm te(tistitn)

< max sup sup 1B(t, h(u)) — B(t;, h(u'))]

0SS gyt 1) (waw! e t—u|<|Anl,|ti—!|<| An|

< sup |B(s1, h(u1)) — B(s2, h(uz))|

 ls1=sal<IAG | —uz] <21 A+,
< c(2]An] +14,,])
< ¢(9)
We have proved that P(Ag,,) > 7) < P(c(d) > 7). This establishes
(4.3)
(ii) Almost sure convergence

Denote € the measurable subset of Q, verifying P(Q) = 1, such that for
every w € €, (t, H) — B(t, H)(w) is continuous on [a,b] x [Hy, Hy]. Then,
for every w in 2, we get:
| B () =Bi(w)| = [B(t, ha())) (W) =B(t, h() ()| = |B(t, h(z:™)) (')~
B(t, h(t))(w)] = n-ss00 0

This ends the proof.

Remark 4.2. With some additional work, one may establish the almost sure conver-

gence of (B")n € N under the sole condition of the continuity of h.
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4.3 Stochastic integration w.r.t. mBm as limits of

integral w.r.t fBm

The results of the previous section, especially 2 (i) of theorem 4.1, suggest that one
may define stochastic integrals with respect to mBm as limits of integrals with respect
to approximating fBms. We formalize this intuition in the present section.

We consider as above a fractional field (B(t, H)),m)erx(0,1), but assume in addition
that the field is C! in H on (0,1) in the L?(Q) sense, i.e., we assume that the map
H +— B(t,H), from (0,1) to L*(), is C" for every real t. We will denote 22 (¢, H') the

L?(2)-derivative at point H' of the map H + B(t, H). The field (dBd—ZH)> ()R (0]
is of course Gaussian. We will need that the derivative field satisfies the same as-
sumption (H;) as B(t, H). More precisely, from now on, we assume that B(¢, H)
satisfies (Ha):

(Hz) : For all [a,b] X [¢,d] C R x (0,1), H — B(t, H) is Cy in the L*(Q2) sense from
(0,1) to L*(Q) for every ¢ in [a,b], and there exists (A, a, A) € (R%)? such that, for

all (t,s, H, H') in [a,b]* x [c, d]?,

0B 0B

E\(57EH) = 55(

s, H))?| <A(jt—s|*+|H—-H)
Proposition 4.3.1. The fractional Brownian fields B; := (B;(t, H)) ¢ myerx(0,1),% €
[[1,4]], verify Assumption (Hs).

Proof 4.3.1. : The proof of this proposition in the case of By and By may be found
in Appendiz B in [75]. The ones for Bs and By are easily obtained using results from
[50] and [10] and are left to the reader.

In the remaining of the paper (except in theorem 4.2), we consider a Cy deterministic
function h : R — (0, 1), a fractional field B which fulfills the assumptions (#;) and
(Hz), and the associated mBm Bl := B(t, h(t)).

We now explain in a heuristic way how to define an integral with respect to mBm
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using approximating fBms. Write the "differential" of B(¢, H):

0B 0B
dB(t, H t, H)dt t,H)dH
(4, 1) = S0, Hydt+ 52 (0, 1)
Of course, this is only formal as ¢ — B(¢, H) is not differentiable in the L?*-sense nor
almost surely with respect to t. It is, however, in the sense of Hida distributions, but
we are not interested in this fact at this stage. With a differentiable function A in

place of H, this (again formally) yields

dB(t,h(t)) = %—]?(t, h(t))dt + h'(t )gg (t,h(t))dt (4.4)

The second term on the right-hand side of (4.4) is defined for almost every w and
every real t by assumption. Moreover, it is almost surely continuous as a function of
t and thus Riemann integrable on compact intervals.

On the other hand, the first term of (4.4) has no meaning a priori since mBm is
not differentiable with respect to t. However, since stochastic integrals with respect

to fBm do exist, we are able to give a sense to t — %]f (t, H) for every fixed H in

(0,1). Continuing with our heuristic reasoning, we then approximate %—?(t, h(t)) by

gn—1
. 8B : :
nl_lgloo g 1 2, wl 8t ——(t, hn(t)). This formally yields:

gn—1
. OB OB
AB(Lh(1) & lm 3 1 0 (05t ha()dt+ 1 (0 5= (A (45)

Assuming we may exchange integrals and limits, we would thus like to define, for

suitable processes Y,

gn—1 1
_ E mk ) / JB

0 n—-4o0o

where the first term of the right-hand side of (4.6) is a limit, in a sense to be made

precise depending on the method of integration, of a sum of integrals with respect to
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fBms and the second term is a Riemann integral or an integral in a weaker sense (see
section 4 in the paper|[33]).

In order to make the above ideas more precise, let us fix some notations. (M) will
denote a given method of integration with respect to fBm (e.g Skorohod, white noise,
pathwise,... ). For the sake of notational simplicity, we will consider integrals over
the interval [0, 1]. For H in (0,1), denote [} Y;d*) B[ the integral of Y := (V)ico
on [0, 1] with respect to the fBm B in the sense of method (M), assuming it exists.
The following notation will be useful:

Notation (integral with respect to lumped fBms) Let Y := (Y;)icp1] be a
real-valued process on [0, 1] which is integrable with respect to all fBms of index H in
h([0,1]) in the sense of method (M). We denote the integral with respect to lumped
fBms in the sense of method (M) by:

qn—1
(n)
/Yt B '_Z/ w0 (OVd M B e N (4.7)

Lk 7k-‘,—l

(we use the same notations as in section 2: (¢,)nen is an increasing sequence of

integers with gy = 1 and the family 2™ := {x;"); k € [[0, ¢,]]} is defined by 2™ := qﬁn
for k£ in [[0, ¢,]]). With this notation, our tentative definition of an integral w.r.t. to

mBm (4.7) reads:

1 1 1
B
/YtdB(t,h(t)) = lim md(M)Bfn+/ Yth’(t)Z—H(t,h(t))dt, (4.8)
0

0 n=teo Jo
The interest of (4.6) is that it allows to use any of the numerous definitions of stochas-
tic integrals with respect to fBm, and automatically obtain a corresponding integral
with respect to the mBm. It is worthwhile to note that, with this approach, an inte-
gral with respect to the mBm is a sum of two terms: the first one seems to depend
only on the chosen method for integrating with respect to fBm (for instance, a white
noise or pathwise Riemann integral), while the second is an integral which appears
to depend only on the field used to define the chosen mBm, i.e., essentially on its

correlation structure. This second term will imply that the integral with respect to
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the moving average mBm, for instance, is different from the one with respect to the
harmonisable mBm. As the example of simple processes in the next subsection will
show, the second term does however also depend on the integration method with
respect to fBm.

Note that the nature of fol Y,dM B depends on (M). For example, fol Y, d™M BH
and hence fol Y,dM) B will belong to L?(Q) if (M) denotes the Skorohod integral,

whereas fol Y;d(M)BE and hence fol Y,d™ Bl'" belong to the space (S)* of stochastic
distributions when (M) denotes the integral in the sense of white noise theory.

We will write fol Y;d(M)B}' for the integral of Y on [0, 1] with respect to mBm in
the sense of (M) (which is yet to be defined). When we do not want to specify a
particular method but instead wish to refer to all methods at the same time, we will
write fol Y;dB'" and fol Y;dB}" instead of fol Y, dM Bl and fol Y, d* B! In order to
gain a better understanding of our approach, we explore in the following subsection

the particular cases of simple deterministic and then random integrands.

4.3.1 Integral with respect to mBm through approximating
fBms

We now define in a precise way our integral with respect to the mBm. Let (£, ||||r)
and (F ||||r) be two normed linear spaces, endowed with their Borel o-field B(£) and
B(F). Let Y := (Y})tcpo1] be an E-valued process (i.e., Y; belongs to E for every real
t in [0,1] and ¢ +— Y; is measurable from (0,1) to (E,B(F)) ). Fix an integration
method (M). As explained in the previous subsection, we wish to define the integral
w.r.t. an mBm B” in the sense of (M) by a formula of the kind:
1 1 1 B

/O V;d™ Bl .= Jim 0 Y;dM B /0 W (t)Y; * o (b h®)at, (4.9)
where the meaning of the limit depends on (M) and where * denotes the ordinary
product (in the case of pathwise integrals) or Wick product (in other cases) depending

on (M). For this formula to make sense, it is certainly necessary that Y be (M)-
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integrable w.r.t. fBm of all exponents « in h([0, 1]). We thus define, for a € (0, 1),

HE = {Y ¢ EloU . Jioa Y;d™M B2 exists and belongs to F'},

and

HY = NaenonHe

We will always assume that there exist a subset Agp of Hp (maybe equal to Hg)
which may be endowed with a norm ||||s, such that (Ag, ||||r) is complete and which
satisfies the following property: there exist M > 0 and a real y such that for all

partitions of [0, 1] in intervals Ay, ..., A4, of equal size %,

1Y Aa, |lap + -+ [V 14,

Ap < MnX||Y|ag- (4.10)

When Y belongs to Ag, definition (4.10) will be a valid one as soon as the limit
and the last term on the right hand side exist. It turns out that a simple sufficient
condition guarantees the existence of the limit of the integral w.r.t. lumped fBms.
Define, for n € N, the map

L,:Ap— F

Y Y;dM Bl (4.11)
[0,1]

Before giving the main result of this section, namely theorem (4.2), we indicate that
the spaces £ and F are E(w) := R and F(w) := R for a pathwise integral. The
following theorem provides a sufficient condition under which (L, (Y)),en converges

in F'. We use again the notations of section 2.

Theorem 4.2. Let h be a B-Holder function. Assume that the function T : Ag X
(0,1) — F defined by:

Z(Y, ) ::/ Y,dBy,
[0,1]

1s 0-Holder continuous with respect to o uniformly in'Y" for a real number 6 >0, i.e.,
there exists K > 0 such that:

VY € Ap,¥(a,a') € (0,1)% | Z(Y,a) — Z(Y,d)||r < Kla — a'PP||Y |a,  (4.12)
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+oo  x
Choose an increasing sequence (qn)nen of positive integers such that Z q”“
n=0 Qn

< +o00.

Then, the sequence of functions (Ly)nen defined in (.11) converges pointwise to a
function L : Ag — F.

Proof 4.3.2. For the sake of simplicity, we will establish the result only in the case
where the sequence A = (A, )nen of partitions of [0, 1] is nested. Thus, for any point

xgn) there exists a unique integer, denoted k;, such that xz(n) = x,(sﬂ). Forn i N and
Y in Ag, L,(Y) may be written as
gn—1kpt1—1 (m(n+1))
Z / Y,dB,
(n+1) _ (n+1)
=0 [=k ] RIS )
while Ly1(Y) may be decomposed as:
gn—1kpy1—1
(n+1)
(x; )
LY Z Z /(n+1) (n 1), YtdB
p=0 I= Lip1

Setting ®,, = ||Ln(Y) — Lu1(Y)||r, and using (4.12), (4.2) and then (4.10), one
gets:

gn—1kpy1—1
_ (n+1) (n+1)
q)n - H ZO lzk (I(Yl[xl(nﬂ)’x;zrl)), h(azl )) — I(Y.l[xgnﬂ)’xl(i#)), h($kp )))HF
b= =Fp

’ l

n 1kp+1 1
n+1 n+1)
< ZO lzk H(I(Ylml(n+1) 270y h(g:l( )))_I<Y'1[Z§"+1)7xl(ifl))’h<x’(fp )))HF
p p

qn—1kpt1—1
n+1 n+1
< KZ Z |h(;cl( ))_h<xl(cp )>’9HY1[90§”+1),90,(1Y1))HAE
p=0 I=kp

qn—1kpp1—1

SKnlgr™ Y > Y- 2o ey g < KM 1Y [[apa, " 0511

p=0 I=kp
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+oo  x
Since by assumption Z q"“
=0 an’

< +o0, the series Y, (Lnt1(Y) — Ln(Y)) converges
absolutely and consequently (L, (Y'))nen converges to a limit L(Y') as n goes to infinity.

Remark 4.3. 1. When the sequence of partitions (A,)nen s nested and in the

+oo  x
typical case q, := 2", the condition 0 > entails the convergence of Z q"“.
n=0 qn
If, for instance, q, := 2%", one needs that § > 2X

B

2. In our applications below, we will always assume that h is a Cy function, and
thus § = 1.
For a process Y in Ap, we will say that t — B (t)Y;2B(t, h(t)) is integrable
on [0,1] if f01 W ()Y 2B(t, h(t))dt exists for almost every w in the case of a

pathwise integral.
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Definition 4.3. [75] Let B be a fractional field fulfilling the assumptions (H1) and
(Hs). Let B" := B(.,h(.)) be an mBm traced on B with h a C) function. Assume
moreover that the pathwise integral fulfills the condition (4.12) and let Y := (Y})ie(0,1]
be an element of Ap such that the map t — W (t)Y; 52 (¢, h(t)) is integrable. The inte-
gral of Y with respect to B" is defined as:

1 1 1 aB
/ Y,dB!' := lim YtdBth”—Ir/ W (£)Y,o— (¢, h(t))dt,
0 0 8H

n—oo 0

where the limit and equality both hold in F.

4.4 New approach for stochastic integration w.r.t

multifractional Brownian motion

Theorem 4.3 (Definition). Let A = {:zc,(C ,ka, k=0,q, — 1} be a partition of the

subinterval [x;, x;11]. We take the ” right endpoint ”:L'E") as the evaluation point for

the integrand. For an adapted stochastic process f(t) and an instantly independent

stochastic process g(t), we define the stochastic integral of f(t)g(t) to be the limit

(n) k+1

/(nk;l fOgt)aB" e HAH%ZW”” " )@Dg(x?))(9)(xz(-ﬂ)(B(xﬁ)l)—B(xEn)))
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For h(z\™) > 1: for cach k=0, ¢, — 1

L.
2

x(’““ dB (@ ) x@?l(K* o) (f.9)(t))dB,

2" >1 . 8Kh(x( )
ol t’““(f 9)(u)—55 (u, t)dud By,

=G, <n>>f”i’:31 W (f.9) () ()b (u — 1)) qud B,

t
xX (") n
-C, <n))fk“t1 (™) [T f ). g(u)u ) =E (u — )P =S dud By,
B 1 p@™) | e ha™ -1 e  h™)—2
—C’ 20 f( t2 /; glu)u™e )72 ) [k fy) (y — 6)" )72 dydu | dB,

- C (n)
(n)

a! 1,1 (n) n x M1 ! u PCOI
fﬁ* e >[r<h<x,i )= B (gt ) [ s [ Py — 0 Ry
2

2 (n)y_3
o SO F )y — "D dylduldB,

=C (n)y X
h(xk )

x’(:gl l*h(ﬂf(n)) (n) 1 xﬂ-)l h(:Jc(n))*l ' h(:l:](cn))—% (zl(cn) 1

S D D) = ) [ (gl ) (<1 O+ T 7 £)@)du B
Let

(n) 1 :ci(;j-)l h(gg<”))_l / h(x(n))—l h(x(n))—l
T =2l = 5) [ (st @ )+ @)
t k+1
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Then |,

7= =T = ) a0 M )| - ) - 1

(n) [ k+1]
S5 gy f ) (u — D du
(n) . .
= [ f(u).glu)u @ (u — )P S .

I‘(h(x(n))fl h{™) -1 (1 h(az)—1
It that J = ——A-—2= |g(t)t 2 . Th
means that J = 750 ey =5 {g” iS [Hl HH)| - Then,

mk+1 % ) —F(h(ffi"))—%) ml(:‘r)l h l’kn
2 dB - 1+F(h(x§€">)—%)0h(x;(€n>) (™ g(t) ("]~ f>( )dB,,

—IL(h(x —= h(x -1 n n n n
= D 6 o iy aso S ) @) g (BED) - B)),
4T (h(z,*)—=3) Py [l ™

k+1 (n) 1

- —L(h(z,”) — 3) ( (n) (n)

= limy a0 : ) (™) 20, o 9@l (B(a) — B(x{™)),
1A]— Z () 1+F(h(x,(€"))—%) h(z™) +1 +1
- (n)y, @) (n) (n) (n)
”A”‘)()Zﬂj a z )Wy (9) (i) (Blxi) — B(ai)), (4.13)
where

h(z(™ n h(z(™ —% n h(z(™ n —T(h(z™ n

S = (1 D) and ) ) ) = SEETELC, 0 a(l)

[Zpa]™
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For h(z\™) < L : for cach k=0, ¢, — 1

L.
2

x(">1 2™ 27 )1
mgﬁ f(H)g)dB,* = &T (K <n>)(fg)<))dBt

xk+l %-‘.1 8Kh(xl(€n))

oK

2™ 2™ ON
=J" e (f.9) (u) — 52 (u, t)dud By

t

n . RO NI CONEF!
= Oh(x;n))(h(xi )) — 1) x}(:fﬁ k“(f ) (u) (%)M D72 (u — )M =2 dud B,

.I x(n) n n
— Ch(xm))(h(x;fn)) - % f (k+1 +3—h, =) ft el f(u).g(u)uh(xi ))_%(u B t)h(%(c ))_%dudBt
k

1

n o)y 1l 2™y ~T(h(”)—1 o)1 rh(@)—3
= Gy (W) = 3) [ f“t e {gu)t’“ (s R >] dB,

14T (h(z{M)~1) ™) ]~

(n)

_ (n) 1\ % ~T(h)-1) (zy, )=
= Ch(x;”))(h(x’“ ) —3) (’Z)H m {g(t)(]m(n’f o2

nin| ds

1. —T(h(z™)y=1) [akh M) L
= C (R = = k 2/ t 2 )(t)dB
e M) Ty — gy g OOy DO
“T(h(") ~ 3

k+1 (n) 1
) h(z{™)—1 (n) —I'(h(z)”) — 5) (n) 1 (n) (n)
- E :[ k 2 h S : B
||A1||IE>O Z,:k( G )@ )1—|—F(h(iv(n)) %) (())< o 2)9(351+1)( )
G hat) (n)y, ™) (n) (n) (n)
= Jm S )@ BED) - BEM), (1)

where

n 1. . h(z{™)—1 n n
Cpotmy () = 5) lim (10 "2 ) (@) g () (Bl —
i=k
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and

4.4.1 Stochastic integraion with respect to mBm

We are finally able to define our integral:

Theorem 4.4 (Definition). Let B be a fractional field fulfilling the assumptions
(H1) and (Hs). Let B" := B(.,h(.)) be an mBm traced on B with h a Cy func-
tion. Assume moreover that the pathwise integral fulfills the condition (4.12) and let
fxg:=((fxg)(t))cp,a be an element of Ag such that

Jo 5B = i S~ [ psyaeant ™ [ g6 5 s hishas,

2 (n)
Proof 4.4.1. Write f M1 f(s)g(s)dBs*  like in (4.13) and in ({.14) (based on the
k

results obtained by the paper [25] ) applied to the kernel in two cases h(x,(cn)) > 1/2

and h(a:‘fcn)) < 1/2, for each k =0, q, — 1, then develop a sequence of calculus (based
on the results obtained by [75] )

For h(x;n ) > 1 :foreach k=0,q, — 1

. hs) = - (O RE™) () ) (n)

Jo f(s)g(s)dBs™ ZREIEOO HAIHTE)OZ% 4 )z )by (g) (@) (B (@)~ B (™)) +
/ fs 07 (5. h(s))ds

where
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("L) ) (n) )

() = (157 ) ) and g3

[z k+1

(n)y _ ~T(hy")—3) (n)
wl ( )(xi+1) - Wch(x(”> ( 2+1)
since the second integral on the right-hand side of the above equality exists.

For h(x,(ﬂn)) < 3 :for each k =0,¢, — 1
qn—1 k+1

JF©e)dB = tim 37 tim S (@) (g) () (Bl - B+

n—+oo [A1—=0<
k=0 i=k

/ £(s 07 (5. h(s))ds

where
(n) n h:):(n) 1 n
GO ) = @0 T ED)
[z 1]
and

—T(h(a;") — 3)
L+ D) = 3)

h(x(m) n n 1 n
vy (g)(al) = Cratry (") = g ().

since the second integral on the right-hand side of the above equality exists.
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Conclusion

In this thesis, we present the property of instant independence and we give a new
approach on stochastic integration with respect to the fractional Brownian motion for
processes not necessarily adapted based on Levy -Hida representation. Moreover, we
have introduced a new approach on stochastic integration for non-adapted processes
with respect to the multifractional Brownian motion, based on the results obtained
by the paper [25]). Our approach is used to solve stochastic differential equations
driven by a fractional and multifractional Brownian motion for integrants not nec-
essarily adapted, hoping that these results will serve to other processes such as sub
fractional and sub multifractional Brownian motions, mixed fractional and mixed

multifractional Brownian motions or Gaussian processes in general.
Perspectives
For further work, there are many interesting issues to address such as :

e Using our approach to solve stochastic differential equations driven by a frac-

tional and multifractional Brownian motion for integrants not necessarily adapted.

Hoping that these results will serve to other processes such as sub multifractional

Brownian motions and mixed multifractional Brownian motions.

Extending the study deal with more general Gaussian processes.

The fulfilment of numerical simulations related to the results of our research.

Contribute to resolve accurate problems, in Finance and hydraulics particularly.
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