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ABSTRACT

Maria Giouvanelli

Stochastic Analysis in Hilbert Space and Applications in Rate’s

Theory
January,2013

This thesis is in bond market modeling using the theory of infinite dimensional
stochastic analysis. We start with a presentation of fundamental concepts such
as the theory of canonical measures, the Wiener process in i, E" and infinite
dimensional Hilbert space and continue with the construction of the 1t6
integral, the stochastic convolution and their applications in the theory of
infinite dimensional S.D.E. Finally, we present applications of this theory in
bond market modelling through the framework of the Heath Jarrow Morton

model.
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HHEPIAHYH

Moapia ['ovBavérin

Ytoyxaotikn Avaivon oe Xopovg Hilbert ko EQappoyég ot Ocwpia
Emrtoxiov

lavovéprog, 2013

Ymv gpyacio avtn 0€élovue va mapovcidcovpe v Poactkn eEicmorn ot
fewpia Tov emtokiov yvootn og Heath Jarrow Morton kot oppoOpevotl avtng
Eexvape pio peAéTn g oTOoYAOTIKNG avdivong oe yopovg Hilbert. Apyika
Topovclalovpe Ta Kavovikd pétpa, tnv fewpia teleotdV Kot v Bewpio g
dwadikaciog Wiener, 1660 oto yopo K, R"™ 600 Kol o€ amelpodldcTaTong
yopovg Hilbert. Axépa, mapovotdlovpe T0 6TOXAGTIKO OAOKANpopo 1td Kot
™mv évvolo NG OTOYOoTIKNG oLVvEAENG, pali pe v pHopoer ™G Kol TIG
1010t TEG T™NG. OAOKANPOVOVTAG OVTHV TNV €pyacio elGdyovus TV £€vvola TV
emtokiov kot mapovoldlovpe poviéda emtokiov to omoia Pacilovral otnv
fewpio TOV GTOYACTIKOV d10QOPIKOV £EIGOCEMV GE ATELPOOLAGTATOVS YDPOVG

Hilbert.
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Chapter 1

Introduction

The aim of this thesis is an introduction to stochastic analysis in infinite di-
mensional Hilbert spaces, and the theory of stochastic differential equations
in this setting. As an application we discuss the use of these mathematical
techniques to bond market modelling, in mathematical finance. We start
with a presentation of fundamental concepts such as the theory of some ba-
sic concepts of Hilbert space properties,the Riesz representation theorem,the
theory of nuclear, trace class, Hilbert Schmidt and shift operators. Also we
present the Bochner integral and theory about Sazonov’s topology, martin-
gales and Schwarz space.

At the first chapter we present theory of Gaussian measures, their properties
and the covariance operator of Gaussian measures in Hilbert space.

The next chapter is about the Wiener process in R, R"™ and infinite dimen-
sional Hilbert space, we present the properties of Wiener process like Markov
property, strong Markov property and martingale property. Also, we study
the characterization of Brownian motion which is based on fundamental re-
sult of Levy, properties of Wiener trajectories and a Wiener process con-
struction using Haar functions.At next we will see the theory of Q—Wiener
and weak Wiener process.

In the following chapter we present theory of the construction of the Ito in-
tegral,the lemma Ito and and its properties in R and R™ with examples and
theorems.Also, we present the ito integral in Hilbert space, where we have
the stochastic integral for ()-Wiener process.



In the next chapter we will see the theory for well posed of the equation:
t
Wal(t) = / S(t—s)BdW (s), tel0,T)
0

which called stochastic convolution and the theory of semigroups, its prop-
erties and their applications in the theory of infinite dimensional S.D.E.

In the end, we present applications of the theory that we present to you
before in bond market modelling through the HJM equation:

dfy(z) = (a% fulx) + at(x)) dt + Z ol(z)ds!

of the Heath Jarrow Morton models, which are based on theory of infinite
dimensional Hilbert space.



Chapter 2

Basic concepts

2.1 Hilbert spaces

A Euclidean space R" is a vector space endowed with the inner product
< z,y >= z'y, norm ||z|| = VaTX = \/<z,r > and associated metric
||x —yl|, such that every Cauchy sequence obtains a limit in R"™. This makes
R™ a Hilbert space:

Definition 2.1. A Hilbert space H is a vector endowed with an inner product
and associated norm and metric, such that every Cauchy sequence in H has
a limit in H.

A Hilbert space is also a Banach space:

Definition 2.2. A Banach space B is a normed space with associated metric
d(z,y) = ||z — y|| such that every Cauchy sequence in B has a limit in B.

Definition 2.3. A norm on a vector space V is a mapping ||.|| : V — [0, 00)
such that for all x and y in V and all scalars c, the following:

(i) < z,y >=<y,x >

(1)< cx,y >=c< z,y >

()< z+y,z>=<x,2>+<y,z>

()< x,x >>0 when x # 0



hold. A wvector space endowed with a norm s called a normed space.

The difference between a Banach space and a Hilbert space is the source of
the norm. In the Hilbert space case the norm is defined via the inner prod-
uct ||z|| = /< x, 2 >, whereas in the Banach space case the norm is defined
directly, by Definition (2.3). Thus, a Hilbert space is Banach space, but the
other way around may not be true, because in some cases the norm cannot
be associated with an inner product.

Example of Hilbert space are R", C", Lo, L.

The space of random variables X which satisfies: {Ep[|X|?]}'/? < oo is vec-
tor space and symbolized as L,.

Now, the space Ly(2, Fo, P) or simply L, is the space of square integrable
random variables.

Let now X and Y be Banach spaces. As usual, we denote by £(X,Y") the
space of all bounded linear operators from X into Y endowed with the norm

[|A]| ;== inf{C : ||Az|ly < C||z||x, ve X}, AeL(X,Y).

So, the space Ly (X,Y) of all nuclear operators from X into Y endowed with
the norm

Alln =t Nyl - [l@g]1xe + Az = y;6,(x)}
j=1

=1

is a Banach space.

2.2 Riesz representation theorem

Let H # {0} Hilbert space. We will see that H* has a lot of functionals,
which representated with a specific way from the elements of H.



Lemma 2.1. For alla € H, the f, : H — R with f,(x) = (z,a) belongs to
H*, and || fol |- = |lal|a-

Proof. We have
faQx+py) = Az +py,a) =A< x,a>4p<y,a>=

AMa(z) + pfa(y),

and
[fa(@)] = | <20 > | <|]a]] ||2]].

So, fo € H* and || f,|| < ||a]|. Finally, if a # 0,

[fala) | <a,a>|

1 fall = = = [lal].

lall - lall

If a =0, then ||f.|]| =0 (f. =0).
So, we finish our proof. O

Representation theorem Riesz tell us that every f ¢ H* represented as f = f,
for any a € H :

Theorem 2.1 (Representation Theorem Riesz). Let H be a Hilbert space,
and f e H*. There exists a unique a € H such that f = f,.

Proof. We consider M = Kerf = {x ¢ H : f(z) = 0}. The M is a linear
subspace of H.

If M=H, then f=0 and f=f,.

If M # H, then there exists z # 0, z ¢ H which is vertical to M. Then, for
any y € H we have

fUf(2)y — fy)z) = f(2)f(y) — fy)f(2) =0.

So, f(2z)y — f(y)z € M, and because z 1. M we obtain
(fRy—fW)zz) =0 = f(z) <y,z>=fly) <z2>

bt



= )= (1155 ) = ).

where a = f(z)z/||z||?. The uniqueness of a is simply. If f(y) =< y,a >=<
y,a' > forall ye H,thena—a Ly, YyeH. So,a=d. O

2.3 Nuclear , Trace Class, Hilbert Schmidt
and Shift Operators

Consider two separable Hilbert spaces U and V' and denote by L(U, V) the
space of bounded linear operators A : U — V. The adjoint operator A* is
an element of £(U, V) such that

(Az,y) = (z, A%y), VaeU, yeV
Two important classes of compact operators are given in the following.

Definition 2.4. An operator QeL(U,V') is called a nuclear operator if there
exists a sequence {v,}eV and a sequence {u,}eU such that

o0
Va(tn.2)y VaeU s and » [lvn|lv |ty < oo.
1 n=1

NE

Qr =

n

Definition 2.5. Let U = V. A nuclear operator Q) that is non-negative (i.e
(Lu,u) > 0 for all ueU) and symmetric (i.e. (Lu,v) = (u, Lv) for all u,veU)
1s called a trace class operator.

The following is a very usefully property of nuclear operators.

Proposition 2.1. Let Q : U — U be a nuclear operator and let {e,} be
an orthonormal basis of U. Define the trace of the operator @) as the infinite
series Tr(Q) := >~ (Qen,e,). Then Tr(Q) is a well-defined finite quantity
and independent of the choice of the orthonormal basis {e,}.



Trace class operators are interesting from the point of view of infinite-dimensional
stochastic analysis since they can be considered the generalisation of the co-
variance matrix in infinite dimensions. The solution of the eigenvalue prob-
lem for a trace class operators provides us with an orthonormal basis for the
Hilbert space U. An interesting subclass of nuclear operators consists of the
Hilbert-Schmidt operators.

Definition 2.6. A bounded linear operator Q) : U — V is called a Hilbert-
Schmidt operator if Y oo | ||Qen||* < oo, where {e,} is an orthonormal basis
of U.We will denote the space of al Hilbert-Schmidt operators from U to V
by EQ(U, V)

The space of Hilbert Schmidt operators can be turned into a separable Hilbert
space by defining the inner product

oo

(Q1,Q2) Lowvy = Z(Qﬁ% Q2en).

n=1

The following proposition helps us to define the ”"square root” of trace class
operator.

Proposition 2.2. If Q) : U — U 1is a trace class operator, then there exists

a unique Hilbert-Schmidt operator R such that Ro R = Q. We will use the
1

notation R = q2. Furthermore, ||QH%2(U) =Tr(Q).

The operator Q3 has the usefully property that L o Q: eLy(U, V) for any
L eL(U,V).

Definition 2.7. The shift operator or translation operator is an operator
that takes a function f(-) to it translation f(- + a).

Shift operators are examples of linear operators, important for their simplic-
ity and natural occurrence. The shift operator action on functions of a real
variable plays an important role in harmonic analysis.



The shift operator acting on real or complex valued functions or sequences is
a linear operator which preserves most of the standard norms which appear
in functional analysis.

Example 2.1. Space (*(Z) is the set of functions x : Z — C. which sat-
isfies > .o lx(n)|? < oo. It has orthonormal basis {e, : n € Z}, where
en(m) = Opm(m € Z). Specially are important shift operators which defined
as:

Ue, = e,s1 right shift
U*e, = eni1 left shift.

Definition 2.8. If T, S € By(H), we define T' > S if (Tx,x) > (Sz,z) for
any x e H, ifi.e. T — S e By (H).

2.4 Bochner integral

Definition 2.9. A function f : A — E is u-Bochner integrable if there ex-
ists a sequence of u-simple funtions f, : A — E such that the following two
conditions are met:

(i) im,,_, o fr = f p-almost everywhere

(i) Tty sos [y || f — fldpn = 0.

We obtain that every p-simple function is u-Bochner integrable. For f =
Zivzl 14,7, we put

N
/Afd,u = ZN(An>xn-

This definition is independent of the representation of f. If f is u-Bochner
integrable, the limit

/fd,u = lim [ f.dp
A n—oo A

8



exists in £ and is called the Bochner integral, of f with respect to u. It
is easy to check that this definition is independent of the approximating se-

quence (f,)52.

If f is p-Bocner integrable and ¢ is a p-version of f, then ¢ is u-Bochner
integrable and the Bochner integrals of f anf g agree. In particular, in the
definition of the Bochner integral the function f need not be everywhere de-
fined: it suffices that f be u-almost everywhere defined.

If f is pu-Bochner integrable, then for all x* ¢ E* we have the identity

</Afdu,x*>=/A<f,x*>du-

For p-simple functions this is trivial, and the general case follows by approx-
imating f with p simple functions.

Definition 2.10. A function f : A — E is strongly A -measurable if there
exists a sequence of A -simple functions f, : A — E such that lim,,_,o f, = f
pointwise on A.

Proposition 2.3. A strongly p-measurable function f : A — FE is u-Bochner
integrable if and only if
[0 < o
A

| [ ranl| < [ g1

Theorem 2.2 (Dominated Convergence Theorem). Let f, : A — E be a
sequence of functions, each of which is pu-Bochner intagrable. Assume that
there exists a function f : A — E and a u-Bochner function g : A — K such
that:

(i) im, o fr = f p-almost everywhere

(1) || ful] < lg| p-almost everywhere.

and in this case we have



Then f is p Bochner integrable and we have

iy [ 116, = 7l =0

In particular we have

lim | f.du= / fdu.
It is immediate from the definition of the Bochner integral that if f : A — F
is pu-Bochner integrable and 7' is a bounded linear operator from E into
another Banach space F), then T'f : A — F is u-Bochner integrable and

7 [ fan= [ Tsap.

This identity has a useful extension to a suitable class of unbounded opera-
tors. A linear operator T, defined on a linear subspace D(T) of E and taking
values in another Banach space F', is said to be closed if its graph

Gg(T):={(x,Tz) :x e D(T)}

is a closed subspace of & x F. If T' is closed, then D(T') is a Banach space
with respect to the graph norm.

2.5 Sazonov’s topology

Definition 2.11. Let X locally convex random vector space and X’ is dual.
75 (X", X) is called Sazanov’s topology of X’ and produced by the family semi-
norm {qg, R € R} where q.(z') = /< Rx’, 2’ >, 2’ ¢ X'. The random vector
space (X', 175(X’, X)) is Hausdorff locally convez.

Theorem 2.3 (Sazonov). Let X hilbert space. A function X : H — C
is characterized function of a normal measure probability p on (X,Bx) if
and only if X is positive defined with X(0) = 1 and continuous for Sazonov
topology T5(X).

10



2.6 Martingales

In this section we will see the martingale processes which is very important
for the stochastic analysis.

Definition 2.12. A filtration is a family of o-algebras F; such that

s<t = F,CF

The o-algebra can be consider as an information which is known until the
time ¢.

Definition 2.13. A family of random variables X, is called adapted to fil-
tration Fy, if X; is F;- measurable for any t.

I.e. all the information of the stochastic variable X, until the time ¢ contains
to o-algebra F;.

Definition 2.14. Let (Q, F, P) a probability space, F; a filtration to F (F; C
F) and X; a family of real, integrable (E[| X:|] < 0o0) random variables which
i1s adapted to filtration F;.

(i) The family X, is martingale if

E[X:|Fs] = X5 mbozxa.s. s <t.
(i1) The family X, is supermartingale if

E[X:|Fs] < Xs mbozxa.s. s <t.
(111) The family X, is submartingale if

E[X;|Fs] > X5 a.s s <t

Martingales have also the following property:

11



Theorem 2.4. If X; is a martingale, then
(1)E[X;] = E[Xo]

(i))E[X, — Xo] = 0

Now we discuss about optional stopping times. The optional stopping in-
forms us about what can be happen if we stop a martingale or a super(sub)martingale
to a stopping time T'. It is a useful method for stochastic analysis.

Definition 2.15. If T is a stopping time, then we can define the stopping
process X1 := Xinr.

Theorem 2.5. (i) If X, is a martingale to filtration F; and T is a stopping
time to the same filtration, then the stopping process X = Xiar is also mar-
tingale to the same filtration.So, it holds that E[ X 1] = E[X,].

(1)If X; is a super(sub)martingale, then the stopping process is also a su-
per(sub)martingale. It holds also E[Xar| < (>)E[X].

2.7 Schwarz space

Consider the Euclidean space R", n > 1 with x = (z1, ..., 2,) € R" and with

2| = /o7 + ... + 22 and scalar product (z,y) = >_7_, z;y;. The open ball
of radius & > 0 centered at x ¢ R" is denoted by

Us(z) ={yeR": |z —y| < 0}.

Recall the Cauchy-Bunjakovsky inequality

|(z, y)| < fallyl-

Following L.Schwartz we call an n-tuple a = (ay, ..., a,), a; e NU{0} = Ny
an n-dimensional multi-index. Denote

al=a1+..+a,, a=a'! --a,
|a|

12



and z% = x{*-- -2 0% =1, 0! = 1. Moreover, multi-indices a and § can

n ?

be ordered according to
a<p

if and only if a; < 3; for all j = 1,2, ...,n. Let us also introduce a shorthand
notation

9
817]- )

Definition 2.16. The Schwarz space S(R™) of rapidly decaying functions is
defined as

o=, 0, =

n

SR") ={f e C®R") : |flap:= suﬂgﬂ }x“@ﬁf(x)} < oo for anya, e Nj.}

The following propetries of S = S(R™) are readily verified.
(i) S is a linear space.

(ii) 0 : § — S for any a > 0.

(iii) 27 : S — & for any 8 > 0.

(iv) If f € S(R™) then |f(z)| < ¢n(l + |z|)™™ for any m e N. The con-

verse is not true.

(v) It follows that S(R") C L,(R™) for any 1 < p < 0.

Example 2.2. 1) f(z) = e " ¢ S for any a > 0.
2) flz) = e =" ¢ S for any a > 0.

3) f(x) =ell ¢ 8.

13



4) CP(R™) € S(R™), where C°(R™) = {f € C®(R™) : suppfis compact in R"}
and suppf = {x e R*: f(x) # 0}.

Definition 2.17. The space of Schwartz test function of rapid decrease con-
sists of those ¢ : R™ — C such that for every a, 8 € Nj

sup |77 D¢(x)| < oo (2.1)

zeR™

it is the space S(R™).

From (2.2) we construct norms on S(R") :

[|o|lx = max sup|x“Dﬁ¢( )| (2.2)
|a|+]|8|<k zeRn

It is straightforward to check the conditions for a norm:
(i) l[¢ll =0, [[¢llx=0<¢=0

(ii) [ltollx = [Ell[@l]r, t€C

(iid) [l + ¥lle < [llle + [[¢lle ¥V &, ¥ € S(R™)

The space S(R") is not a normed space because |f|, s is only a semigroup
for a > 0 and 8 > 0 i.e. the condition

|flag =0 if and only if f=0

fails to hold for e.g. constant function f. But the space (S, p) is a metric
space if the metric p is defined by

Z R lf = 9|a6
L+ [f = glags

a,3>0

Theorem 2.6 (Completeness). The space S(R™) is a complete space i.e. ev-
ery Cauchy sequences converges.

14



Proof. Let {fr}32,, fr € S, be a Cauchy sequence, that is, for any ¢ > 0
there exists ng(¢) € N such that

p(fkafm) <g, k7m2n0(8>‘

It follows that
sup |07 (fi — fm)| <

zeK

for any 8 > 0 and for any compact set K in R™. It means that {f;};2, is a
Cauchy sequence in the Banach space C!8/(K). Hence there exists a function
f € CIPI(K) such that

k—o00

That’s why we may conclude that our function f e C*°(R"). It only remains
to prove that f e S. It is clear that

sup |290° f| < suppexc|2®0° (fx — f)| + sup |220° f.|

< Ca(K) sup 07 (fi = )] +sup [¢°0° .
Taking £k — oo we obtain

sup |x“85f| < limsup | filas < 00

zeK k—o0

The last inequality is valid since { fj,}72, is a Cauchy sequence, so that | fi|q s
is bounded. The last inequality doesn’t depend on K either. That’s why we
may conclude that |f|,3 < oo or feS.

O

15
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Chapter 3

Gaussian Measures in Hilbert
Spaces

3.1 Gaussian Measures and Properties

Definition 3.1. A measure p on (R™,B") is called a Gaussian measure on
R™ with parameters a € R™ and non negative symmetric n X n matriz % if
defined by the

W(B) = p(T~'(B)), BeB"

where

T(z) = a+ Y2z, 2eR" and p(B) = / (27) 2 2" dy
B

B e B"normal probability measure.

It is obvious that the measure p is Gaussian with parameters a = 0 and ¥ = I.

When ¥ is a positive defined matrix, then the function T is 1 — 1 and so
T-Y(B) =Y 2(B—a).
In this case with the transform z = £72¢ follows that:

u(B) = / (2m) "¢z du = / (2m) 7% (detn) 22 ) gy
T-1(B) B

17



so, when Y is positive defined,the Gaussian measure with parameters a and
> has density:

1

ﬁe—%(i’l(y—a),y—a)’ yeR™
(2m)2 (detX)?

d(y) =

When ¥ is degenerated (i.e. (¥z,z) = 0 for somebody x # 0), the Gaussian
measure does not have density to Lebesgue measure. (We can find set A
with A T(R™) = §) and positive Lebesgue measure, so u(A) = p(T7'(A)) =
p(0) =0)

If we consider now the function ¢ which defined by »2 and with the suitable
change of variable we have

/eit.(¢(z)+a)d(p(z)) _ /ez’tydu(y) = I[L(t), teR"
R

Also, we know that ¢ - ¢(2) = z¢T () and now the first integral is

eit-a / eztd)(z)dp(z) _ eit-a / eiz'¢T(t)dp(Z).

Hence, a(t) = e™p (¢7(t)), teR™.

However, p (¢7(t)) = e300l = =3Bt ¢ ¢ R,

This form for the characteristic function of Gauss measure always applies ,
even when ¥ is degenerated.

Particularly, when n = 1 is ¥ = (o) with ¢ > 0 and for any a € R the
Gaussian measure with parameters a, o is

(B) = 6.(B) ifo =0
M) = I \/21706—%@—&)% if 0>0

In this case, forn =1

/Rydﬂ(y) =a, /de,u(y) —a®=o.

R
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Definition 3.2. A measure p on (H,B(H)) is called a Gaussian measure if
for any h € H, there exists my € R and q, > 0 such that :

p{zeH : (h,x) ; eF} = N(mp, qn)(F), FeB(R)

If for any h € H, my, is equal to zero, then y is called a symmetric Gaussian
measure.

Proposition 3.1. For a Gaussian measure p on (H,B(H)) , there exists
meH and a symmetric non-negative bounded operator QeL(H) such that

<m,h>H:/H<h,x)Hu(dx),heH, (3.1)

<Qh1, h2>H = /H <h1, [L’)H ,u(da?) — <m, h1>H <m, h2>H s hl, hQEH. (32)

Proof. We show that the functionals

h»—>/ < h,x >y p(dx), heH,
H

< Qhy, ho >H:/ < hy,x >p< hg,x >y p(dr) on H x H,
H

are well defined and continuous. It follows from the definition of a Gaussian
measure that for any h e H, the mapping v(z) =< h,z > is a real-valued
Gaussian variable on H with the law £, = N (my, q5).

In particular, it is integrable and

[ < b >n utda) = [ yaN G an) ) = i

Therefore, the first functional is well defined. taking into account the in-
equality

|<h1,l’ >H<h2,£lf >g | < | <h1,£L’ >H |2—|—|<h2,l’ >g |2, hl,hg,l'EH,
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and the integrability of | < h,x >y |* for any h € H, we obtain that the
second functional is also well defined.

Let us study properties of the introduced transformations. Let n ¢ N and
k=1,2. We set

Ur={heH :/|<h,x>H|ku(d1’)§n}.
H

Then H = U, UF |k = 1,2.Since H is a complete metric space, by the
Baire category argument, there exists ng e N, hg € Uffo, and ryp > 0 such that
B(hg, 1) C U,’jo. Hence,

/ | <ho+y,z>y |k,u(dx) < ng, ee B(0,19),
H

and for any y € B(0, 1),

/ | <y,z>p [Fu(dr) < 2’“/ | < hoty,z >p |k,u(dx)+2k/ | < ho,z >p |Fu(de) < 28
H H H

Let h ¢ H.From the last estimate for y = roh/||h||g, we have that these
functionals are k-linear symmetric continuous forms:

k+1

2
/\<h,x>H Fu(de) < o Ihlly, k=1,2.
H

k
To

Therefore, by the Riesz representation theorem, the existence of the vector
m and the bounded symmetric operator ) for the introduced functionals is
proved. Finally, the obvious inequality

(/H<h,flf>H,u(d$))2S/H<h,l’>%_llu(dx)

and the representation

2
<Qh,h>H:/ <h,x>§{u(dx)—</ <h,$>Hu<d$)>
H

H

imply the non negativity of Q. O
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3.2 Covariance operator of Gaussian measures

If 1 is a Gaussian measure on (H,B(H)), then m defined by (2.1) is called
the mean of p, and @ defined by (2.2) is called the covariance operator
of p. The characteristic function of a Gaussian measure pu on (H,B(H)) is
it : H— R and given by

i\ = /H O =3 (@AM A\ H (3.3)

This formula for the characteristic function of a Gaussian measure p formally
looks like the characteristic function in the R™-valued case, but it turns out
that not every bounded operator () can be the covariance operator of an H-
valued Gaussian measure. In particular, we demonstrate that an H-valued
Gaussian measure cannot have the characteristic function with @) = I. Let
{A\n} be an orthonormal basis in H and let ) = I; then

[ o) = eonin =i, 3.4
H

Since the Fourier coefficients (\,,z); — 0 as n — oo, in the left-hand side
of (2.4) we have fi(A\,) — 1, but in the right-hand side,

ePnrlne=alll e gg n = oo,

This contradiction takes place for any @) such that (Q\,, \,,) does not tend
to zero.

The following proposition describes the structure of covariance operator of a
Gaussian measure on a Hilbert space.

Proposition 3.2. The covariance operator of a symmetric Gaussian mea-
sure on (H,B(H)) is a trace class operator.
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Proof. Let p be a symmetric Gaussian measure with covariate operator Q.
In this case, the characteristic function of u has the form

a(h) = / et pldr) — e_%@h’hm, heH.
H
For an arbitary ¢ > 0, we consider

h
1—55mMH=/Y1—wﬂh@Hu@w=2/smAJEE
H H

p(dz) <

1
5/” H (h,x)3 w(dx) + 2u{x e H: ||z|lg > ¢}, h eH.

The bounded lineiar operator (). defined by

<Qmm%f:4” (h,z)3 w(dx), heH

is a trace class operator:

Z ch]a 6]
7j=1

where {e;} an orthonormal basis in H.Therefore, for any h e H and ¢ > 0,

S [ uan = [ )

j=1 I llzll F<c

| e danm, <1 5 (Qeh, by + 20w e H - |lal| > e}, (3.5)

To prove that () is a trace class operator, we first find 5 > 0 such that the
fulfillment of the condition

Therefore, let (Q.h1, hi),; = 1. Then we have from (2.5) that

1 —1
i < (Loopte et Jal > ) =

therefore,(2.6) holds with 8 = 2Ina provided that u{z e H : ||z|y > ¢} < 1.
NOW let h be an arbitrary element of H. From (2.6) , for

\/QT T we obtain
(Qh,h) g = an (Qha, ha) g < apB (Acha, ha) g = B(Qch, h) g
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Therefore, ) < Q). and () is a trace class operator.
O

The following theorem demonstrates a relationship between a Gaussian mea-
sure on (H,B(H)) and an H-valued Gaussian random variable.

Theorem 3.1. For any positive symmetric trace-class operator Q) in H and
m e H, there exists an H-valued Gaussian random variable with expectation
m and covariance operator Q). Its distribution law is a Gaussian measure on
(H,B(H)) with mean m and covariance operator Q).

Proof. Let (€2, F, P) be a probability space and ; be a sequence of indepen-
dent real-valued random variables distributed by A/(0,1). Consider

u=m+ Y VA&
-1

where {e;} is an orthonormal basis in H and A\; = (Qe;, e;),, . This series is
convergent in Lo(Q2, F, P; H), since

E (Z(\/ngjf) = lim EZ (VA6)* = lim ZA E(¢;)? ZA]

Let h e H. Consider
E(ei<h’u>H) = ¢ lim E (eiZ};l \/)‘_f5f<h’ef>H)

H n—oo
. 1
— el(h7m>H hm e_§ ] 1 )‘ (h 6J>
n—oo

_ ilhm) y—3(Qhh)

Thus, u is a Gaussian random variable, E(u) = m, and for any hy, hy € H,

(Cov(u)hy, ho)y = hmE(Z VA& (e ) Hngk {c, ha) ):

<Qh17 h2>H

Let us show that the distribution law of the H-valued Gaussian random
variable u is a Gaussian measure on (H,B(H)).The distribution law of any
random variable u defines a measure p on (H,B(H)) :

w(G) =Ly(G) = P{w:u(w)e G}, GeB(H).
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Therefore,we have constructed a Gaussian random variable by a sequence of
independent real-valued Gaussian random variables distributed by A(0,1).
U

The following theorem characterizes completely the functions which can be
the characteristic function for a Gaussian measure in Hilbert space .
First, we will see a useful lemma.

Lemma 3.1. Let p be a normal probability measureoin Hilbert space X, such
that [y ||z||*dua < +o0o. Then the correlation operator S for measure p is
positive, continuous and nuclear.

Theorem 3.2 (E.Mourier). Let X be a Hilbert space and j probability mea-
sure on (X,B(X)). Then the measure p is a normal Gaussian measure if
and only if the characteristic function [i is of the form :

X(z) = elma)=z(Rea) g X (3.7)

where, m € X and R is a symmetric, positive nuclear operator on X.

Proof. (=)Let p be a normal Gaussian measure. The characteristic function
is of the form (2.7), where m ¢ X and R is its covariance operator.It suffices
to prove that the operator R is nuclear.

According to Sazonov theorem () the characteristic function f is continuous
at x = 0 for Sazonov topology 75(X). So, for an arbitrary e > 0 there exists
an operator S € S(X) such that:|1 — fi(x)] < 1 — e 2¢ when 2 ¢ X with
(Sz,z) < 1.However, 1 — Reji(z) < |1 — fi(x)| and Refi(z) < e 22 g0,
1 —e2(Bo) <1 — ¢3¢ when (Sz,z) < 1 and finally

(Rx,z) <€, xeX with (Sz,z) <1 (3.8)

Now,for an arbitrary zo ¢ X and an arbitrary d > +/(Sxo, o) we have

(S, 20) = 4 (Sxg,x0) < 1,0 from (2.8) we have (R, z0) < € and

(Rxg, ) < ed® for an arbitrary d > \/ (S, o).
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Hence, for an arbitrary xg e X
(Rxg, o) < €(Swo, x0) (3.9)

and for any orthonormal basis {e;, j € I'} and for any subsystem {e;, ,n ¢ N}

we have
Z(Rejn, ejn) < €Z(S€jn7€jn> <0

n n

because the operator S is nuclear.

However, from Lemma 2.1 we have that (Rej,e;) > 0 up to countable num-
ber of indicators j € I. So, from (3.9) we have ) .(Re;, e;) < +oo (S nuclear)
and R also nuclear.

(<) Let a function X be of the form (3.7). According to Theorem 3.1 it
suffices to prove that exists normal measure p for which g = X.

We set h(z) = e~ 2(F#2)_ Tt is obvious that A(0) = 1 and is positive definite.
We will now show that it is continuous for Sazonov’s topology 7s(X) on
x = 0. Actually, for an arbitrary ¢ > 0 we consider the "region”

V ={x:(Rzx,z) < —2in(l —¢)} and it is easy to see that |1 — h(x)| < € for
all z € V. So as, h satisfies the requirements of Sazonov’s theorem and exists
unique normal measure v such that v = h.

We define now the measure p on (X, B(X)) with u(B) = v(¢~'(B)) where
¢(x) = x+mor else u(B) = v(B—m). The measure p is normal and applies:

fi(z) = / e @Y dp(y) = / @V dy(y) = e @Mp(z) = X(x) Ve X
X X

Hence, X satisfies the properties of a normal Gaussian measure. O
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Chapter 4

Wiener Process in Hilbert
Space

4.1 Basic facts on Wiener Process in R”

One of more important stochastic process is the Wiener process. The Wiener
process, which can somebody find as Brownian motion, has a very important
role for the finance mathematics, for models in sontinuous time.

Definition 4.1. The Wiener proces is an R-valued stochastic process W,
with the following properties :

(i)Ifty < t; < ... < t, then the random variables Wy, Wy, — Wy, ..., Wy, —
W, | are independent

(10)If s,t > 0 ,then

P(Wyy — W, A)—/; Ll
s+t s € - " (27Tt)1/26xp 2t Y

where A is a Borel set | i.e. increments of Wiener process follow the Gaus-
sian distribution.

(i1i) Trajectories of Wiener process are continuous with probability 1, i.e.
t — W, is continuous function.
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These three properties define one unique stochastic process. Furthermore,
for these properties, can we deduce the properties of measure u, i.e. the
Wiener measure is a measure on path space, i.e. a measure on the space of
continuous functions. The equation is the finite dimensional distribution.

,utl,tg,...,tn(AlXAZX-“XAn) :/ dl’l/ dl’g/ dl’an(ti—ti_l,fL'i_l,l’i)
Aq Ao An i=1

where x¢o = x, t; = 0, and

p(t,z,y) = W@:&;’p (—%) (4.1)

(3.1) help us to find the probability a stochastic process for time points t;
be at subsets A; € B(R).We can imagine these subsets as intervals in R, so
(3.1) is the probability of being Wiener process at specific intervals in R at
specific time point t;. The equation

,utl,tg,...,tn(Al X A2 X ... X An) = P(Wt16A17 Wt2€A2, ceny VthEAn)

is called finite dimensional distribution and is very useful for the construction
of measure p. The distribution of W; depends on the initial point at which
it begins its, i.e. the point Wy. If Wy = z, then the distribution function is
defined by P,(W; € A) for a Borel set A.The mean value or conditional mean
value for this measure will be denoted E, or E,[-] respectively.

Definition 4.2. An R"-valued stochastic process satisfying the following con-
ditions

(1)P(w : W(0,w) = x) = 1,that is ,process W (t)starts at point = a.s.;
(i)W (t) has independent increments, that is, for any 0 < t; < ... < 1,

the random values W (t1), W (ts) — W (ty), ..., W(tx) — W(tx—1) are indepen-
dent with respect to P;

(i1i) W (t) is a Gaussian process, that is, for any 0 < t; < ... < t,the
random variable (W (ty), ..., W (t))is an R™-valued Gaussian random vari-
able. The expectation of this vector is equal to m = (x,...,x)eR™ and the
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covariance matriz is equal to

'tlln tlln tlln tlfn-
tlIn t2[n t2[n e t2In

Qt1,...,tk = |tln tol, t3l, -+ i3l ’
tIIn tz]n t3In e tkIn

where I,1s the identity matriz on R™;

(1v)W (t) has continuous trajectories a.s., that is, the mappingt — W (t,w),
0 is continuous for almost all w € ). is called the R™-valued Wiener process
started at point x.

Example 4.1. The characteristic function of Wiener process
The properties of Wiener process help us to find its characteristic function
and the characteristic function of its change.

First, we calculate the characteristic function of its changes:

Pwi-w, (A) = Elexp(iA(W, — Wy))] =

.CL’2

/_Z ﬁp (‘m

For calculating this interval, it suffices to write the inner quantity completely
squared

) exp(ire)dx

g x? :_(:B—z')\(t—s))2 ()
2(t — s) 2(t — s) 2

After this we have:

oo, ) = eap (-2 (42)

This we can calculate all polynomial moments of variables of Wiener process.
This can be done by taking the higher derivatives of ¢p,_p.(\) to X and taking
A = 0. For example:

E[(W; — W,)] = 3(t — 5)?
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So, if we take s =0 to (3.2) we have:

dwn(N) = exp (—%)

Example 4.2. Now we want to find the joint distribution for random vari-
ables Wy and Wy using expectation E[W,Wy].

We consider without loss of generality s < t.Using properties of Wiener pro-
cess (i) and (i1) we have:

fwow.(2,y) = p(s,0,z)p(t—s,2,y) = mexp (—;E_z) o (_%)

The mean value of WiW can be an interval of joint distribution:

E[Wth]zf / zyp(s, 0, 2)p(t — s, z,y)dxdy

= /_Z zp(s, 0, z) (/_Z yp(t — s, x,y)dy) dx

:/ 2*p(s,0,z)dx = s

oo

So, we conclude to E[W,W,] = s At = min(s,t)

Definition 4.3. We say that u(t) is

(i)measurable if the mapping u(-,-) : T x Q — H is B(T) x F measurable;
(i1 )stochastically continuous at ty, to € T, if for any positive numbers € and
0, there exists a positive number p such that

P(l[u(t) = ulto)l|m 2 €) <0 for any t e[ty — p,to+p] N T;

u(t) is stochastically continuous in T if it is stochastically continuous at each
point of T
(i3 )mean square continuous at to, to € T, if

. N 21_0-
Jim El[u(t) — uto)| 3] =0

u(t) is mean square continuous in T if it is mean square continuous at each

point of T

(iv) continuous with probability 1 (or continuous) if its trajectories u(-,w)
are continuous almost everywhere with respect to P.
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4.2 Properties of Wiener process

4.2.1 Markov property

The fact that Wiener process has the Markov property means that if we take
an arbitrary s > 0, then W, — W; is a Wiener process which is independent
of what happened before the time point s. So, Wiener process forgets its
past fully and what happened for the time point s and after depends only
from the final value of Wiener process, i.e. W,. Furthermore, W;,, — Wy is
also a Wiener process with mean value 0 and variance (t + s) — s = t, i.e.
the process Wy s — W, is a Wiener process which starts at 0 and is running
for time t.

Let Fy = o(W,,u < s) the sigma-algebra which produced by Wiener process
until the time point s. This sigma-algebra is the smallest sigma-algebra
which make the random variable W,.,r < s measurable.Then, F, has all the
information about what happened to Wiener process up to the time point s.
If f is bounded function, then V x € R? it holds that

y2
Ex[f(Wt-l-s - Ws)|FS] = [f Wt+8 - / f eIp < Qt) dy

because of the independence of Wiener process increments. So,we obtain :
Ex[.f(VVt—i-s - Ws)|Fs] = Ex[f(VVt—i-s - Ws + Ws)|fs]

and because of independence of W, , — W, from algebra F, and the W fully
known up to the time point s, can we consider that we have W = z, so:

E:c[f(Wt-i-s - Ws + Ws)|Fs] = Ex[f(Wt-i-s - Ws + Z)]

However,is W; s — W, also a Wiener process which starts at 0 and is running
for time t+s—s = t. So, the process W, ;— W+ z has the same distribution
with a Wiener process which starts at point z and is running for time ¢.So,

0 1 y2
BalfWiaa = Wet 2] = [ flu+2)mear (‘%) dy

zf_Zf(y)

L (— W ;f)z) dy = EL[f(W))] = Ew, [f(W))]
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And now we have :

VeI 7] = B 0] = [ f0)—menn (-0 ay (a3)

This property is Markov property for the Wiener process.
We can also write the Markov property with probabilities.For example:

P [Wiyse A|lFs] = Pw,(Bi € A)

for a Borel set A.
A equivalent form of this Markov property is

Eo[f (W) Fs] = Bw, [f(Wi—s)], s <t

i.e. if we take the condition expectation for a function of Wiener process at
the time point t and we know the history of Wiener process until time point
s , it suffices to calculate the same in a new Wiener process which starts at
the position where the first Wiener process is at time point s,i.e. W, and is
running for time length ¢ — s. The full history of Wiener process before the
time point s is not pay at all.

Theorem 4.1 (Markov property). Let Y a bounded measurable function and
0, the shift operator which has the following property:(0sw)(t) = w(t+s). Then

E.[Y o 04| Fs] = Ep,[Y].

We give here the Markov property with this form, because Y can be a vari-
able which depends from W; but not necessarily from f(W;).

Example 4.3. We define the function u(x,t) = Ex[f(fg(Wr)dr], where g is a
bounded function. Using the Markov property we can obtain that if 0 < s <t
then

t s
Ex[/ g(W,)dr|Fy] = / g(W,)dr + u(t — s, Ws).
0 0
First, we write the left side in the form:

Ex[/OSQ(BT)dr\fs] "‘Em[/ g(W,)dr|F,] = /Osg(Wr)dr—l—Ew[/ g(W,dr|F,)]
(4.4)
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where we use the fact that fosg(Wr)dr s Fi-measurable and also properties

of conditional expectation.
We define nowY = [y * g(W,)dr and we can see that

B.{[ g0V =Bl 00,17

and using the Markov property we obtain

B, | / g(W,)dr|F.] = E,[V] = Eg | / W] = ult — s, W),

Replacing this form to (4.4) we obtain the result.

4.2.2 Strong Markov property

The strong Markov property is the fact that Markov property apply also for
a specific class random time points,called the stopping times .

Remark :
(a) An increasing family of o-fields {F;, t € T} on Q is called filtration. A
filtration {F;, ¢ € T} is said to be normal if

{GeF : P(G)=0}CFy and Fo=[|F. VteT.

s>t

(b)If, for any ¢ € T, a random variable u(t) is F;-measurable, then the process
{u(t), t € T} is said to be adapted (to the family {F;, t ¢ T}).

Definition 4.4. Let (F;)we 1 a filtration on a set Q, where I is a set of in-
dicators (not necessarily discrete). A stopping time about this filtration is a
function T : Q0 — I such that

{T'<tleF, Vtel
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The independence of Wiener process increments applies also for stopping
times.

Definition 4.5. The o-algebra Fr where T is a stopping time defined as
Fr=Ac Fo: ANT <teF, Vt>0

Theorem 4.2. Let W, a Wiener process and T a finite stopping time for W;.
Then it holds that Wy o7 —Wr is a Wiener process independent of algebra Fr.

Proof. We take for this proof an approximation by 7" with a sequence of

stopping times T,, which defined as T, = %, if T'(w) e [(1;—”1)’ 2%) . This

sequence convergences monotically to stop time T,7,, | T.It suffices to prove
that

E, [eiu(WT+t—WT)ei/\WT,T] —E, [6iv(WT+t—WT)] E, [eiAWT,T}

The stopping time 7 consider bounded, so we can write

. . > . . k
Ew eZU(WTnth—WTn ) el)\WTn,.,- — Ew |i6“)(WT"+t _WTn)el)‘WTn—-r 7 Tn —— :|
[ :| k::; { 2n }

y = E, [ei”(WTn+t_WTn)} E, [e“‘WTnfT}
n—o

k=1

We use here the independence of W kgt W x and W E vV k. We can
take the limit at n — oo and from the Theorem Dominated Converges we
can interchange with the expectation and finally have the result.

So, now we prove the independence and we have to prove that Wy, — Wy is
a Brownian motion and have the same distribution with the W,. It suffices
to calculate the characteristic function of random variable Wr,;, — Wr. We
use the same approach process of stop time T.

[e.e]
] iAW —-Wr,)1
Em[e’l)\(WT7l+t_WTn):| — 2 :Em |:€Z ( Th4t Tn) {Tn:zin}]
k=1
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Wy W)
o+t b
B, | T =g

A%t A2t

¢ 2l _ry=c¢ 2 Lircy

(e 11

B
Il

1

Now, we take the limit as n — oo and using the Theorem Dominated Con-
verges we have

. 2
Em [eZA(WTth—WT)] — e—%

which show us that W, — Wp is a Wiener process.

Also, we can prove after that, the following theorem.

Theorem 4.3. Let 0, the shift operator, Y a bounded measurable function
and T is a stop time. Then,

Ex[f(y @) QT)|,FT] = EWTY

Proof. For this proof we take the approximation of stopping time T by the
sequence T,,. It suffices to prove that:

Eo[f(Wr i) | Fr] = Ew, [f(W2)]

for f continuous and bounded.
If A is a set which belongs to o-algebra Fr, , we can write

Eolf(Wr10); ADH{T, = 2ﬁn}] = B, [f (B, ) AN{T, = 2%}]

21

where we use the Markov property for the Wiener process at time . Based
on this calculation we have

Ky

Eo[f (Wi 40); AN{T < c0}] = ZE (W) AN{T, = o
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E.[Ewy, FW): AN (T = o)) = E[Bus, f(W): AN {T < 0}

o
k=1
Now we obtain the limit n — oo and using the Theorem Dominated Con-
verges we have

Ez[f(Wry); ADAT < 00}] = Eu[Byy, [f(W)]; ANH{T < o0}]

From the definition of conditional expectation we obtain finally

Eo[f (Wr )| Fr] = Bwe [f(W2)]

General Y can be approximated as [[;_, f;(W;,) in the limit n — oo.

An interesting particular case is

E.[f(Wirr)|Fr] = Ew, [Wr],

where f is a bounded function. This property informs us that the conditional
expectation of function f calculated at position where the Wiener process
arrived at time point t+7T given the information of Wiener process until
stopping time T, is the expectation of the same on a Wiener process which
starts at time T and is running for time length ¢. If as f we chose the
indicator function from a set, then the Markov property can be written as:

Py [Wiir € A|Fp] = Pw, (W)

Example 4.4. We want to find the distribution of random times 7,. First,
we have that

P(Tagt):P(SaZCL):P(StZCL,WtSG)+P(St2a,Wt>a).

We wrote this using

(1) the fact that the facts {1, <t} and {S; > a} is identical

and

(ii)the fact that {S; > a} can happen with two ways: either Wiener process
came out of set x < a before the time pointt and the time point t has returned
again into this set, or came out of this set before time point t and at time t
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continue to be out of this set. These two facts exclude one another.
However, because of {B; > a} C {S; > a} holds that:

P(Stza,Bt>a):P(St>a).
Also, because of P(S; > a, By < a—y) = P(B; > a+vy), fory =0 we obtain:
P(St ZCL,Bt <§ a) :P(Bt ZCL)

So, P(r, < t) = P(S; > a) = 2P(B, > a) = 2= [Zexp <_g—jdx> _

\/gf; exp <—%dy> )

Now we can calculate the distribution of 7, and the result is:

a s a®
fr(t) = Et 2 exp <_2_t)

So, we find the distribution.

Example 4.5. With this example we want to find the probability of Wiener
process to have at least a zero point on set [to, t1], conditional Wy = 0.

We can write
Plming<,<iW, < 0|Wy = a] = Plmaxo<y<iWy > 0|Wy = —d]
= Plmax,<y<iWy > a|lWy = 0] = P(1, < t)

a [t 1 a?
= E/o mexp (—gds) , a>0.
We use here the symmetry of Wiener process around to 0 and the space ho-
mogeneity of Wiener process.

To calculate the probability of Wiener process to be zero once on set (to,t1)

conditional Wy = 0 we bind on every value Wto [f W, = a the probability
of Wy to be zero on set (ty,t1) is equal to P(a

p:/_ Pla)P [Wto—a|Wo—Oda—\/7:0/ eXp(—g—:Oda)

We calculate the integral and finally we have:

2 t1 — 1o 2 to
p = — arctan = — arccos 4/ —
s t(] ™ tl
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4.2.3 Martingale property

The theory of Wiener process can be developed by using the results of
martingale theory.We will prove that Wiener process is a martingale. First,
we will see the following theorem.

Theorem 4.4. Let Wy a Wiener proces and Fy = o(W,,u < s).The following
stochastic processes are martingale for the filtration Fi:

(i)W,

(i) (Wi)? —t

(iii )M} = exp ()\Wt — )‘%) :

2

Proof. (i)We know that E[|IV;]] < co because the integral [ |z|exp{—/2t}dx
converges . S0,it holds that

E[W,|Fs] = E[W,—W+W| F] = E[W,—W,| Fs]+E[W | Fs] = E[W,—W, |4+ W, = W,
We use here the independence of W; — W, from F, and that the expectation
is 0.

(ii)We obtain now
E[W2—=W2|F] = E[(W, =W, )| F]+2WE[W, —W,|F,]| = E[W2 | Fs] = t—s
So, E[W? — t|F,] = W2 —s

(iii)) We now recall that if g is a standard normal random variable, we know

© x ,—x? x
that E(e)) = [~ eMe /2\;%.

On the other hand, if s < ¢, E (e“Wﬁ_"zt/2|FS> = TWem2, (2 WVimWe) | F,)

because W, is Fs-measurable. Since W; — W is independent of F, it turns
out that

E (eO'(Wt—WS)

Fs) =E (e"(Wt_Ws)) =E (") =E <€ag\/§) = exp (%O’Z(t - s))
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Example 4.6 (Law of exit time of Wiener process). Using Theorem 4.4 we
will find a different way for the distribution of 7, = inf{t : S; > a}, where
St = sup,; Wy and W is dimensional Wiener process which starts at 0.

From Theorem 4.4 we can see that for X > 0, the stochastic process M}
is martingale. Let, consider the stopping martingale M{)wa. This is a martin-
gale, which is bounded from e’ and so using the theorem of optimal stopping
we can see that:

EM}]=E[M)] = 1.

Also,
E {exp ()\a — )\227-&)} =1
So,
E {exp (— )\227-“)] = exp(—Aa).
Now, we consider s = X and we obtain

2
E(es'ra) —e 2sa

However, if f(t) is probability density of 1., then
E(e’™) = / e " f(t)dt
0

so, E(e*™) is Laplace transform of probability density of T,.Inverting Laplace
transform and using typical methods we obtain:

Ft) = —exp (—“—2) |

2mt3 2t

4.2.4 Characterization of Brownian Motion

We will show a way to check a stochastic process is a Wiener process or not.
This way is based on a fundamental result of Paul Lévy and characterized
the Wiener process using martingale property.
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Theorem 4.5 (Lévy). Let X;,t > 0 a stochastic process and G; = o(Xs, s <
t) the filtration which produced by it. X; is a Wiener process if and only if
the following hold:

(i) Xo =0 a.s.
(i1) The trajectories of X; are continuous functions of time.
(111) Xy is a martingale to filtration G, = o(X,, s < t).

(iv)X? —t is a martingale with the respect to filtration G; = o(X,, s < t).

Proof. (=) This side is simple to prove and in fact is similar with the proof

of theorem (3.3)

(«<)Here we will use the characteristic function.If X, has these four proper-

ties, then we can prove that the stochastic process M; = exp (z’)\XMT + %)\2(15 A T))
is martingale V A\, where 7" is a (bounded) stop time and the arrangement

i? = —1. For a random A € F,,s <t < T we have

E[14M;|Fs] = 14 M
where with the suitable organise we finally take
. 2
E[1,4eXe=X)] = P(A)e5 (-9

From this we obtain that W; — W, is independent of F; and follows the dis-
tribution of normal N(0,¢ — s). So, X; is a Wiener process.

O

Example 4.7. Using Lévy theorem we prove that stochastic process X; =
Wiir — Wr, where W, is Wiener process and T a deterministic time, is also
a Wiener process.

The filtration G; which produces the stochastic process X; associated with
filtration F; which produce the Wiener process. Actually,

G =0(Xs,8<t)=0(Bsyr— Br,s <t)=0(Bs,s <t+T)=Fuir

40



The properties (i) and (ii) of Lévy theorem is obvious from the definition of
Wiener process.

We check now the (iii) property
E[Xt|gs] = E[Xt - Xs + Xs|gs] = Xs + E[Xt - Xs|gs]

= E[VVH-T - Ws+T|~7:s+T] + X5 = E[VVH-T - Ws+T] + X = X,
And now we check the (iv) property
E[Xz? - t|g8] = E[(Xt — X+ XS>2 - t|g8]
= E[(Xt - XS)z‘QS] -1+ X?
= E[(VVH-T - Ws+T)2|-7:s+T] —t+ st
=t+T—(s+T))—t+X>=X>—s
where we use the property E[X; — X;|Gs] = 0.

So, the stochastic process X; is a Wiener process.

4.3 Properties of trajectories

The trajectories of Wiener process have some characteristic properties, which
we will see in this section.

Theorem 4.6. Let 0 < € < % and 0 < T < oco. Then, there is a random
variable N , which depends from € and T, such that E[N?] < ooV p, 0 <p <
oo and for this we have also:

(Wi (w) — Wi(w)| < N(w)|t — |27,V s, t e [0,7]

Kintchin has prove on another result of Wiener process trajectories , which
gives us a better bound.
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Theorem 4.7 (Law of the Iterated Logarithm). For a Wiener process holds
the followings with probability 1:

lim sup = lim sup

W, Wy )
t10 [Inin (2) ttoo  /Inin(t)

lim inf = lim inf

W "M
0 \/W ttoo \/Inin(t) a

With this property we have in fact that the limit l‘;Vf(l) for t = 0 doesn’t

exist. This idea can be proved with the following theorem.

Theorem 4.8. Let W, is a Wiener process. Then the stochastic processes

(Z)Xt =1 Wczt

[

(11)Y; = tW%
15 also Wiener process.

Finally, on more characteristic property of Wiener process is that t is not
differentiable nowhere a.s. l.e. is a continuous function but not differen-
tiable.This result had be proved by Paley, Wiener and Zygmund.

Theorem 4.9. The Wiener process Wy is not differentiable a.s. at point t,
Vit>0.

The quadratic variation of Wiener process is equal to t. For the other side,
Wiener process has infinite variation.

Theorem 4.10. The Wiener process has the following properties:
(1) The quadratic variation in [0,t] is equal to t.

(i) Wiener process has infinite variation.
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4.4 Wiener’s process construction

We show now a representation of Wiener process using suitable functions of
bases. We first, insert a base of the space of the continuous functions, the
base of Haar functions.

Definition 4.6. Functions ¢;;(t) : [0,1] = R which defined as

20=1)/2, 272‘.2 <t< 2j2_~1
ij(t) = q =207 D72, A<t< ¥
0, for any else t

fori=1,2,...and j =1,2,...,2"! is called Haar functions.

The Haar functions have some useful properties:
(i) The Haar functions is rectangular on [0,1] to < f, g >= fol gfdt

(ii)The Haar functions is a fully orthonormal system on

L20,1]={f:< f, [ >< oo}

(iii) Linear combinations of Haar functions is thick to set of continuous func-
tions.So, because the set of continuous functions is thick on £2[0, 1], linear
combinations of Haar functions are thick on £2[0, 1].

So, we can see that every continuous function on [0,1] and every function
which belong on £2[0, 1] can be approximated as linear combination of Haar
function. So, Wiener process is also a case of this and can be represented
with these functions.

Approach to Wiener Process

We consider

?/)ij(t):/() bij(s)ds
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and also a sequence from independent with same distribution normal vari-
ables Yj; with E[Y;;] = 0 and E[Y}}] = 1.
We write the sums:
Vo(t) = Yootboo(t)
2171

Vi(t) =) Yithy(t), i>1.
j=1

The sum .
00 oo 2'”

Xe = ZVi(t) = ZZYij@Dz’j(t),;i > 1
i=0 i=0 j=1

is an approach of Wiener process on [0,1].

For the approach of Wiener process on any set, it suﬂicgs to use the property
of Wiener process, that if W, is a Wiener process, then B, = t B ;; is a Wiener
process. This property extend the Wiener process for ¢ € [0, 1] to any ¢.

The well defined for this construction of Wiener process proved with the
following theorem:

Theorem 4.11. The series Y .-, Vi(t) converges uniformly at t, a.s. If
X =Y Vi(t), then the Xy is Wiener process which satisfies Xy = 0.

Remark: The domination of Wiener process using the Haar functions is not
the only one domination. One famous domination is when Wiener process
is as a Fourier series with arbitrary coefficients. This domination is called
"spread Karhunen-Loéve”. According to this domination:

X,(w) = i Z(@)®u(t), 0<t<T

n=0

where

2V 2T 2 1
d,(t) = sin <( nt )m) , n=20,1,..
T

(2n+1) 2T

and {Z;}, i=0,1,... is independent normal random variables with E[Z;] =
0 and E[Z?] =1, converges on L? to a Wiener process on [0, T].
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4.5 Q-Wiener process

Now we want to generalize a real-valued Wiener process to a Hilbert space
valued process.

Definition 4.7. Let U a Hilbert space. A U-valued Stochastic process {u(t), t >
0} is called Gaussian process if for any n € N and arbitrary positive numbers
t1,ta, ..., ty, the U™-valued random variable (u(ty), ..., u(t,)) is Gaussian.

Le. {u(t), t > 0} is a Gaussian process if and only if for any n e N, the
real-valued random variable

«uQﬁ,m,u@@)Jhb”whm»Un::§:<<uQﬁ,hi>U

is Gaussian for any choice of positive numbers ti,t,,...,t, and elements
hi, ..., h, € U.Equivalently, the vector (< wu(t1),h1 >u,...,< u(tn), hn >v)
is an R"-valued Gaussian random variable.

A Gaussian variable cannot have the covariance operator equal to the identity
operator on a Hilbert space. Hence, we cannot use the definition of a Wiener
process for U-valued stochastic process. Taking into account Definition 4.2
of the R"-valued Wiener process, we consider an important class of stochas-
tic process, the ()-Wiener processes, with () being a trace class operator on U.

Definition 4.8. Let () be a symmetric nonnegative trace class operator in U.
A U-valued stochastic process {W (t), t > 0} is called a Q-Wiener process,

if

(i)W(0) =0 P a.s.

(1) W(t) has independent increments

(i) Lywey-ws) = N(0, (t = $)@), a <s <t

(tv)W(t) has continuous trajectories P a.s.

Since () is a non negative symmetric trace-class operator, it is compact and
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there exists an orthonormal basis {e;} of eigenvectors of () and \; eigenvalues
of the space U. Then

TrQ = Z < Qej,ej >py= ZAJ.
=1 j=1

We now consider some properties of the introduced process, in particular,
the connection of properties (i)-(iv) of the () Wiener process with properties
(i)-(iv) of the Wiener process.

Proposition 4.1. Let {W(t), t > 0} be a Q-Wiener process on U. Then it
is a Gaussian process and

EW(t) =0 , Cov(W(t)=tQ, t>0 (4.5)
Furthermore, for any t > 0, the random wvariable W(t) has the following
expansion in Lo, F, P;U):
W(t) = VAw;(te, (4.6)
j=1

where
1

ey

are independent real-valued Wiener processes on (2, F, P).

'LUj(t) = < W(t),€j >y, t20, 5=1,2,... (47)

Proof. Property (iii) of Definition 4.7 implies that for s = 0 and any fixed
t > 0,W(t) is a Gaussian U-valued random variable with the law N (0, tQ);
therefore,(4.4) holds.

To show that {W(t), t > 0} is a Gaussian process we take arbitrary 0 <
ty < .. <t,and hq,...,h, € U and consider the real-valued random variable

Z = Z (W (), hi)y s

which can be written in the form

Z = <W(t1),zn:hj> + <W(t2) - W(tl),zn:hj> +..
Jj=1 U U

=2
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+ <W(tn) - W(tn—l)a hn>U :

Since the increments of W(t), ¢t > 0 are independent random variables dis-
tributed according to the Gaussian law (properties (ii) and (iii) of Defini-
tion 4.7) the products on the right-hand side are independent real-valued
Gaussian variables. Consequently, their sum Z is Gaussian and the process
W (t), t > 0 is Gaussian by definition.

For any t > 0 and j e N, the random variable w;(t) defined by (4.6) is
Gaussian and satisfies:

1
ey

Cmewzﬁwmwzggawwﬁﬁ»:%

therefore, w;(t), j € N, are Gaussian with the law A(0, ). We now show that
they are independent. For 0 < s < ¢, let us consider

Ewm»=E< wwmqw)z

<COV(W(t)ej7 ej)>U =1

(1)) = B (W (0l (V(6), 1))
= i,x [E((W(t) = W(s), ey (W(s),e5)y) +E (W (s), )y (W (s),e))] -

Taking into account the independence of the random variables W (t) — W (s)
and W (s) for t > s, we have also

S .
E[w;(t)w;(s)] = — (Qei,ej)y = 5045, 1,5 €N,
iNj

Hence, w;(t), i € N, are uncorrelated. Since, w;(t) are Gaussian, this implies

that they are independent.

To prove representation (4.5), we show that the series is convergent in Lo(Q2, F, P; U).
It is enough to prove that is partial sums form a fundamental sequence in

the complete space Lo(Q2, F, P;U). For 1 <n < m, we have

2

E Z \/Tjwj(t)ej = tz )\j'
Jj=n U Jj=n
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To complete the proof, we note that

i)\j:TI'Q<OO.

Jj=1

O

Thus, we have proved that for any ()-Wiener process, there exists a sequence
of independent real-valued Wiener processes. The converse follows from the
proof of the next theorem.

Theorem 4.12. For an arbitrary trace class, symmetric, non negative oper-
ator @ on a Hilbert space U, there exists a U-valued @Q-Wiener process.

Proof. Let {w;(t), t > 0}, j € N, be a sequence of independent real-valued
Wiener processes on (€2, F, P). Consider series (4.5) with A; being the eigen-
values of (). Since

E <|| > \/Tjwj(t)eszU> =t Nlleglls =t> N
j=n j=n j=n

for any 1 < n < m, series (4.5) is convergent in Lo(£2, F, P; U). The obtained
process is a (Q-Wiener process. Indeed, without loss of generality, we may
assume that w;(0) = 0, j € N. then W (0) = 0, that is, property (i) holds. We
note for any 0 < s < ¢, W(t) — W(s) is a Gaussian random variable, since
it is the mean square limit of the sequence of Gaussian random variables

W,.(t) — Wy(s), where

n

Wa(t) =Y V/Aw;(t)e;.

=1

Therefore, the increments of W (t) are independent if and only if they are
uncorrelated. Let 0 <t <ty < ... < t,. Set

AWZ = W(tz—l—l) - W(tl), 1= 1, 2, ey N — 1.
Obviously, E(AW;) = 0, and hence

<COI‘(AVV¢, AWk)hl, hg)U =E [((AVVZ (%9 AWk)hl, hg)U] =K [<AVVZ, h1>U <AWk, hg)U]
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Z (tj1) — w;(t;) 6g,h1> <Z\/7wz tht1) wl(tk)]el7h2>

U

=D VAVAEw;(tier) — wi(t)][wi(tir) — wilte)] (e, ha)y (e ha)y
j=1 I=1

The independence of increments of the Wiener process and the independence
of w;(t) and wy(t) for j # | imply

<COI‘(AWZ', AWk)hl, hg)U =0

for i # k. Therefore, (ii) holds. For any 0 < s < t, the covariance operator
of W(t) — W(s) is defined by

(Cov(W(t) = W(s)h, g)y = E((h, W(t) = W(s))y, (g, W(t) = W(s))y)

) <h, Z VA (wy(t) — wi(s))ej> <97 > VA (w(t) - wj(S))€j>

Jj=1

(t—s Z)\ (h,ej)y (9. €5)y t—si@hg
7j=1

that is, (iii) holds. Smce w;(t), j € N are continuous, (iv) also holds.
U

Remark : Let H be a Hilbert space and hy, hs € H, the linear operator
hy ® hy is defined by

(hl ®h2)h = hl <h2,h>H, heH.

4.6 Weak Wiener process

We now consider the general case of () being a bounded operator in U (Tr@ <
00). If @ is not a trace class operator. then series (4.5) can be divergent in U.
We dive two ways of avoiding the difficulties that arise and of generalizing the
Wiener process to a Hilbert space. The first way is to construct a ¢); Wiener
process in an appropriate space U C U;. The second way is to construct a
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Wiener process in U in a weak sense. We begin with the construction of the
space U;. To do this, we need the following definition 2.6 of Hilbert Schmidt
operator.

Recall the space Lyg(U, H) of Hilbert Schmidt operators with norm

o 1/2
Al s = (Z ||A6j||§1>
j=1

is a Hilbert orthonormal generated by:

<A B >ps= Z < Ae;, Bej >y .

J=1

The following connection between nuclear and Hilbert Schmidt operators
holds.

Proposition 4.2. Let U, H and E be Hilbert spaces. For any A e Lys(U, H)
and B € Lys(H, E), the operator BA € Ln(U, E) and

|BA[[x < [[Allus - | Bl| s

Proof. 1f {e;} is a basis of H, then
Z (Az,ej) e, vel,

and, therefore, we have the representation

BAz = Z (Az,ej); Bej, xel.

J=1

Hence, the operator BA is nuclear from U to E. It also follows from the
definition of nuclear operators that

12 ;o 1/2
||BA||N<Z||A*6JHU |Bejle < (ZHA*%IIU> (ZHB%H%) :
j=1

7=1

O
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We now consider the () where Tr() = oo

Definition 4.9. Define the space Uy := QY*(U) equipped with the inner
product (u, U>U) = (Q7?u, Q_1/2n>U. Define the Hilbert space U, such that
the embedding J of U in Uy is a continuous operator and the embedding Jy
of Uy in Uy is a Hilbert-Schmidt operator.

Obviously, Uy is a subspace of U.

Theorem 4.13. Let Q) be a bounded self-adjoint positive operator on U with
TrQ) = oo. Let {w;(t), t > 0, j e N} be a family of independent real-valued
Wiener processes and {g;} be an orthonormal basis on Uy. Then the series

Wt =3 ut)as t20, (1.9

defines a Ui-valued QQ1-Wiener process with zero expectation and the covaria-
tion operator Q1 1= JoJ§, where Jy is the embedding Jo : Uy — Uy. Moreover,

P00 =0y and ||B]|u, = [|Q7 Ao,

Proof. To show that series (4.7) is convergent in L5(€), F, P;U;), we note
that for any 1 <n <m,

Z w;(t)g;

2
E

m m
= Mgillt, =D 1Jog;12,
j=n j=n

U1

Since the embedding Jy is a Hilbert Schmidt operator, we have 32 [|Jog;ll7, <
0o. The fact that obtained process is a (J1-Wiener process can be proved by

a similar argument as in the previous theorem. We define the covariance
operator (), of {W(t), t > 0}. Let 0 < s <t. We have

(Cov(W(t) = W(s)h, g)y, =E ((h, W(t) = W(s))y, (9. W (t) = W(s))y,)

) <h, > (wy(t) - wj(s))9j>
U

i=1

<9,Z(wj(t) - wj(s))9j>
U

1 ]:1 1
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=(t=9)Y (g, (9900, = (t—5)D_ (h.Jogi)y, (9. Jog),
j=1 Jj=1

(t=5)> (Joh gV, (o9 93, = (t = ) (Jgh, T3 9)y,
7j=1

= (t —s) (JoJgh,g)y, forany h,geU.

It follows from Definition 4.7 that 1 = JyJ§. The definition of )y implies
that it is a self-adjoint and positive operator. It follows from Proposition 4.2
that is nuclear. Next, Iin/z =ImJj = Uy, and the operator Ql_l/QJO from
Uy onto U; is bounded. For t —s = 1 and g = h, we obtain from the last
equality that

1Q kT, = (o by, = ||l hee Ur. (4.9)
Since, J{{Ql_l/ ®is an isometry, Ql_l/ ?Jo is also an isometry. Therefore,

1QT 2Rl |0y = 1Q7 > Tohl| = ||B]|ve-
]

We now consider the second approach to a Wiener process in a Hilbert space
U in the case where () is not a trace-class operator.

Proposition 4.3. Let {w;(t), t > 0} j € N, be a family of independent
real-valued Wiener processes. For an arbitrary h € U, the process defined by

ij ) (hyg;)y, t>0, (4.10)

is a real-valued process in R with zero expectation, {g;} be an orthonormal
basis and the covariance tQ, =t < Qh, h >y . Furthermore,

E((h, W)y (9, W(s))y) = (EAs) (Qh,g)y s h,geU

Proof. For arbitrary h e U and 1 < n < m, consider

<|Zw1 thU|2) Z|hg]U|2
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Jj=n Jj=n

Since, Jy is a Hilbert-Schmidt operator, we have

> Ndogillty =D Mgl < oo.
j=1 j=1
Hence, the series defining the random variable (h, W (t)), is convergent in

Lo(Q,F,P). If 0 < s <t then

E({h, W) (9, W (8))y) = E({h, W(s))y (9, W (s))y)

=35> (hg)y (9,90 —SZ@”Q}L Q) (Q9.Q7 g},
7=1

s> (Qh. gy, (Qg, 1)y, = 5 (Qh.Qg)y, = 5 (Qh.g)y,

j=1

for any h,g e U. O
Proposition 4.3 loads the following definition:

Definition 4.10. For any h € U, let a real-valued process {(h, W (t)), , t >
0} be Gaussian with independent increments and a continuous version. Let

E((h, W(t))) =0 and Cou((h, W(t))) =t (Qh,h),

for allt > 0, h e U. Then we say that {W(t), t > 0} is a weak Wiener
process in U.

Also, because we consider that U C H C U* we can say that {W(t),t > 0}
is also a weak Wiener process in U*.
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Chapter 5

Stochastic integral in Hilbert
Space

5.1 [to integral in R

We consider also that (£, F, P) is a probability space.

Definition 5.1. We consider the partition a =tg < t; < ... < t, = b for the
interval [a,b] and that we approximate the function f(t,w) as

—_

n—

f(tv UJ) = f(tM w)l[ti,ti+1)(t)‘

%

Il
o

The Ito integral can be defined as a limit in Lo, because it is adapted. In
particular

[ @dWiw) = lim 3 (6 W, — W)

which is measurable with respect to {F;, Fi=oc(W(t), t >0)}

The Wiener process is a function which is nowhere differentiable, but never
can be used as an integrator. These integrators are very useful in stochastic
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analysis.In this chapter we will present the construction of the Ito integral.
We consider a random function f which depends on a Wiener process and
we want to define the integral of increments of the Wiener process. l.e. we
want to define

b
/ f(t,w)dWy(w)

where W, is one-dimensional Wiener process which starts at 0, while f is a
function f: (0,00) x 2 — R.

Example 5.1. This example, illustrates the usefulness of a possible applica-
tion. We consider that an investor can invest some money on a title where
rate of return Sy, is a stochastic process. Assume the S; is a model of the
Wiener process i.e. Wy = S;. At each time the investor decides on how her
position hy on the esser. This is allowed of change over time, and is mod-
elled as an adapted stochastic process; h(t,w) is the position of the investor
held in [t,t + dt] on the esser, given the realisation w of the ...... . The
gain or loss of the investor form this position on the interval [t,t + dt] is
he(Ses1 — St) = he(W(t + 1) — W(t)). The all wealth, V;, at time point t, or
after N time periods, will be the sum of these changes, i.e.

N
V;ﬁ = VE] + Z h’ti(Wti+1 - Wtz)

i=1
where ty = t.

Now we want to define step processes.

Definition 5.2. A stochastic process f which can be written in the form

f(t) = anl[tj,tj+1)(t) (51)

=1

for any partition a =ty < t; < ... < t, = b of the space |a,b] where n;
are random variables which are Fy; measurable and E[n3] < oo is called step
function. We will symbolize with Mg.,(|a,b]) the set of step functions in
space [a, b].
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So, the function I : M2, — Ly(Q, F, P) which satisfies the Proposition 5.1

is also continuous. This function is the stepfunction which we use in Ito
integral.

Definition 5.3. If the stochastic process fis a step function of the form (5.1)
then its stochastic integral of Wiener process defined as

b n—1
/ FOAW, =3 (Wi, — W)
a =0

Proposition 5.1. The function I : Mftep — Lo is an isometry, hence is
continuous. This property called Ito isometry. Le.
b
~&[ [ ut0rat]

b 2
|U%MWEIEW%ka=Et/ﬁm®ﬂW

Proof. We consider the step function

n—1
fstep(t) = Z njl[tj,tj+1)(t>
=0

which has the stochastic integral

b n—1
Hfa) = [ Lot = 3 (Wi = W),
a =0

We can calculate the expectation of the square of this form. So, we obtain

n—1
|I(fstep)|2 = Z 77]2'(Vth+1 - Wtj)2 +2 an(Wth - Vth)nk(WtkH - VVtk)
7=0 k<j

The increments of Wiener process (Wy,,, — W;,) are independent from the
facts before the time ¢;. So, because of the random variable 7; is F;; measur-
able, the random variables (W, , — W;;) and the 7; are independent. The
same is true and for any function of these variables. Hence,

E[?ﬁ-(VthH - Wtj)z] = E[ngz']E[(VVtHl - Wtj)2] = E[?ﬁ](tﬁl - tj)
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because of E[(Wy,,, — Wy,)?] = (tj41 — t;) by the Wiener’s process prop-
erties. Furthermore, because & < j the arbitrary variables ny, Wi —
Wi mj, Wi, — Wy, are independent of each and so,

Jj+1

E[/r/j(mj+1 _Vth)nk(VVtkH _V[/tk)] = E[nj(WtkH _Wtk)nk]E[VthH _Vth)] =0

because E[W,, ., —W,,)] = 0 from the Wiener’s process properties. Using all

of these, we have that

LGl = B Fae)?) = S Bl (1 — ).

J=0

From this we can obtain

: [/;'f“@p(t)Pdt] _r /ab

Actually, we have

n—1

2
Z njl[tjvthrl)
=0

dt

n—1 n—1
2 2 2
‘fstep‘ = Z n; 1[tj ti1) T Z nknjl[tj 7tj+1)1[tk7tk+1) = Z 7; 1[tj,tj+1)
=0 k<j =0

because 1j, 4, Lt te,,) = 0 for k& < 52, and so we obtain

: Uab‘f“ep(tﬂzdt] & /ab

So, we prove that step functions have the property of Ito isometry.

n—1

Z 5Lt ,t501)
7=0

2 n—1
dt| =Y Bt —t)).
=0

O

Now, we define a general doss of stochastic processes for which we can define
the stochastic integral.
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Definition 5.4. A stochastic process f, which is continuous, belongs to space
M?([a,b]) if is adapted to filtration F; = o(Bs,s < t) and satisfies the fol-

lowing:

< 00

b
[ fllaz2(ay) = E [/ | f|2dt

Often we can write M? instead to M?([a, b]).

The stochastic processes which belong to space M? can be approximated
from step functions according to the following theorem.

Remark : [ : M?2

step

extended to M2, as M?. This extension is the /t6 integral. The following
as M? given by Definition 5.4.

— Ly is a continuous mapping hence it can be uniquely

theorem characterizes Mz,

Theorem 5.1. For all a € M? exists a sequence of step functions fsiepn,
such that

b
T (1) = Fuepn(D)llar2oy = Jim E{ [ 1® = Fapalt) it =0

Proof. First, we consider a function f ¢ M?([a,b]). We define the sequence
of stochastic processes ¢, (t) = [-n V f(t)] A n. We can easily prove that the
sequence ¢, (t) is bounded and that ¢, (t) € M?([a,b]) for any n. Furthermore,
lim,, 00 ¢n(t) = f(£). So, from the Theorem of Dominated Convergence we
have

n—o0

lim E {/ab |f(t) — ¢n(t)\2dt] = 0.

Now, we consider that ¢(t) ¢ M?([a,b]) is bounded. We can make the se-
quence ¥, (t) in this way:

For any n we consider p,, : R — R™ a continuous function such that p,(t) = 0
for t < —% and t > 0 and f_oooo pn(t)dt = 1. We define

b
bult) = / puls — 1)p(s)ds
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The sequence v,(t) is a sequence of stochastic processes because ¢(s) is
also a stochastic process. The integral which defined 1, is a typical Riemann
integral. From Riemann’s integral properties and because of ¢(t) is bounded,
we obtain that the process v, (t) consists from continuous functions and so
is bounded. Also, belongs to M?([a,b]). From the Theorem of Bounded
Convergence we have that:

n—oo

i & | 1) - (0P| =0

Finally, if 1(t) € M?([a,b]) and is bounded and continuous we can make a
sequence of step functions fgp, in this way:

b—a
n

n—1
Faan®) = 0@y 0+ 30 (07 T 0
i=1

This sequence is bounded, so from Theorem of Bounded Convergence we can
obtain that

i & [ [ 106~ FuattPat] =o.
So, using all of these facts arfd triangle inequality we have:
i e/ ) - g 0P| =0
With this we have finish the proof.
O
Now, we have approximate any stochastic process f ¢ M?([a,b]) with a se-
quence of step functions fg.p,, and because the stochastic integral is well

defined for a stochastic step function we can define the It6 stochastic inte-
gral with the following way.

Definition 5.5. Let f ¢ M?([a,b]). The Ito integral of f is defined as the
following limit

b b
I(f) = / f(t)dt = nh—>Igo I(fstep,n) = nh—{{olo/ fstep,n(t)th
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where foepn 15 a sequence of step functions which approximates in Lo the

function f and the integrals fab fstepmn(t)dWs == I(fstepn) defined according to
Definition 5.2.

This definition makes sense only if the sequence I( fsepn) := My, oo fotep.n(t)dB;
converges. This is the main result of the following theorem.

Theorem 5.2. Let f e M?*([a,b]) and fepn is a sequence of step functions
which approximated in Ly the function f. Then, the sequence I(fsepn) =
fab fstepndWy where the 1to stochastic integral had defined according to Defi-
nition 5.3 converges as n — oo to a random variable which belongs in Lo.

Proof. Because of the completeness of L, it suffices to prove that the sequence
"o = I(fstepn) is a Cauchy sequence i.e. ||r, — rmllr, = Ellrn — rml?] —
0 as n,m — oo.

To prove the Cauchy property we use the fact that the sequence fgepn ap-
proximate in Ly the function f, i.e.

lim E [ / i — fstep,n(t)|2dt] 0

n—oo

and the property of It stochastic integral for step functions,

2

E - E[|fstep,n(t)|2dt]‘

b
/ fstep,n (t)th

Also, we use the linear property of Ito integral for step functions.Using all
of these we have
2]

E[|r, — rm|2] =K

/a b fstepn(t)dt — / b fstepm (t)dt
)

/ Frtepn(®) = Foepm(®))

- b -
= E / |f8tep,n(t) - fstep,m(t)|2dt
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5| [/t - 10 500 - e

<e|[ e (t) ropa) <z [ uepm(t) ol

Because the fstep,n approximate well in Ly the function f(¢) we can see that
the right side tends to 0 as m — oo and n — oo. So, we end the proof.

Example 5.2. We want to prove that

T 1, T
I(Wt) == Wtth - §WT - 5
0

The stochastic process which is under integration is f(t,w) = W,. We take
the partition 0 < ¢} <5 < .. <ty =T, t} = % and the approximation of
the stochastic process

fstep,n(t> = Z Wt;b 1[t}L,t§L+1) (t) :
=0

We take the sequence of the random variables
n—1
](fstep,n) = Z Wt}L(Wt}L+1 - Wt?)v
=0

and its limit in Lo 1s the stochastic integral which we want. To calculate this
limit we use the identity

a(b — a) = %(b? —a?) - %(a )

with a = Wi, b =W . So, we have
J J+1

1 1
Wi (Wi | = Win) = §(W€nﬂ - W) —

(D)

Summing on all j from j =0 until j =n — 1 we obtain

(Wen, — W2

Jj+1 J

n—1
1 1 n n
I(fstep,n) - §WI2“ - 5 Z(Wtj+1 - Vth)z‘
=0
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Since,
2

n—1
n n 1
E |-, — W) =5T| | =0
j=0

ti+1

as n — Q.

With this example we can see that the Ito stochastic integral has some dif-

ferent properties of Riemann integral. This is obvious from fOT WidW, =

1
1
W7~ 5T .

=~
Because, a Riemann integral given by fOT fdt = @ — @.

Now, we will see some properties of Ito integral.

Theorem 5.3. The [to integral has the following important properties:

(i) For two stochastic processes f1 and fy is true that I(A1f1 + Aofs) =
)\1[(f1) + )\gl(fg), where )\1, )\2 e R.

auE{ﬁme}zo

ﬁM)E{Mff@¢ﬂdWQ1::E[ﬁﬂf@¢ﬂFd4 (It6 isometry)

On all of these we consider that the function in the integral belongs to the
suitable space M?2.

Now, we can see one more example.
Example 5.3. We prove now that for any f,q e M? it holds that
T T T
su(1o) | [ seaw. [ awaw) [ [ sl
0 0 0
For this proof we use the identity

1
ab = Z(|a—|— bj2 — |a — b|?)
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where a = I(f) and b = I(g). So, using this identity for the expected value
we have
1

E[I(/)(9)] = BN+ (9)"]-E[I(f)=1(9)]]) = %(EHI(HQ)|2]—E[\f(f—g)\2])
where we use also the linear property of stochastic integral. However,

- -

BI(f + o)) =E | [ 17+ gPar

LJo ]

and from the Ito isometry

- -
B1(f - o)) =B | [ 1F - gPd

LJo ]

So, using these and the linear property of expected value we have

(i) =& [ [ 105+ o - 17 - o] &] [ sttgton]

and now we end the proof.

5.2 [Ito integral as a stochastic process

In this section we consider that the indefinite Ito integral, where the lower
limit is fixed but the upper limit is allowed to take values t € [a,b], i.e.
we write f(f f&)dW,  where 0 <t < T. All these properties are fine

if f e M2, hence to prove that any f e M?, we use an approximation
sequence f, € M SZtep, fn — f and go to the limit. So, for any value of t we

obtain a random variable which is square integrable and its value is equal to
integral f(f f(t)dW;. Therefore, we construct the stochastic process

L= fnam,

This stochastic process is called the indefinite [t6 integral. This stochastic
process can also be defined as the stochastic integral from 0 to 7" of f(t)1jo 4
ie.

/0 F(s)dW, = / F(5) Lo ()dW, (5.2)
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The following theorem present basic properties of the indefinite Ito integral.

Theorem 5.4. Let f e M*([0,T]), 0<t < T and I, = [, f(s)dW,.
The following are true:

(i) The stochastic process Iy is a square integrable martingale.

(i1) The bracket process of I, is

<1 >t:/0 1£(s)|2ds

Proof. (i) To prove that I, is square integrable it suffices to use the Ito
isometry and modelled f e M?([0,T]). We can also see that I, is adapted to
Fi, from the definition of the stochastic integral. So, we have to prove only
that E[I;|Fs] = I, 0 < s <t <T. To prove this we have to see that

t
I, = I —|—/ f(r)dw,
and remember that the cause of the independence of f: f(r)dW, from F;

E { / t f(r)dWAfs] —E { / tf(r)dw,} 0

To obtain this result we use Theorem 5.3. We can also obtain that
t
E[T|F)] = E[L|F.] + E [ / f<r>dwr\fs} 1,

So, I; is martingale.

(ii)To prove that the bracket process of I, is < I >,= [} |f(s)[?ds it suffices
to prove that M; = I?— < I >, is a continuous martingale which is equal to
zero for t = 0. Actually,

B0l =1 - [ 1]

—efi+ [ oy - [k - [ irpa]
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— I _/0 |£(r)|2dr + 2I,E [/ f(r)dWr|fs}

[ s 15| -] [ eraz]

Using the properties of Ito integral we can see that

2
+E | Fs

E {/:f(r)dWT\fs: =0

[ rwaw, [ swaw,

e| [ 1sorar] =[ [ 1]

So, we finally obtain

e[i- [yeoraE] =2 - [iors

and from the definition of square integrable process for a martingale we end
the proof. O

and also )
| Fs

E =K

|

5.3 Ito processes

Using the [to stochastic integral we can define a new group of stochastic
processes from Wiener process, the [t6 processes.

Definition 5.6. An Ito process is a stochastic process of X; such that
t t
X; = Xo +/ u(s,w)ds+/ v(s,w)dWs (5.3)
0 0
where u,v satisfy the properties:
t t
/ v?(s,w)ds < 00 a.s., / u(s,w)ds < 0o a.s.
0 0
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This process can be written as

dXt = udt + 'Uth

We can see from this that an Ito0 process can be broken in two pieces: The
M, = f(f vdW; which is a martingale and the A; := fot uds which is a process
of finite variation.

Example 5.4 (A model of stock prices with Ito process). The stochastic

process
t 2 t
X = X, +/ (u(s) i 2(8)) ds +/ o(s)dWs
0 0

where u(t) and o(t) satisfy the properties of the Definition 5.6. In differential
form we can write this process as
o?(t)

X, = (u(t) -5

If we take Xy = In Sy then Sy is also an Ito process which used in finance for
modelling of stock prices. If u and o are fixed, S; is called geometric Wiener
process.

) dt + o (t)dW,

Example 5.5 (A model for interest rates with It processes). The stochastic
process

t t
X, =X, + a,u/ e®ds + O’/ e dW,
0 0
s an Ito process which can be written in the differential form
dX, = ape®dt + oe™dW,

If we take X; = e™r; we will see that it is an Ito process which called Ornstein
Uhlenbeck. We can see that

Elr] =e Xo+p(l —e™ ™) = pu, as t — oo

The expected value depends on time, and for long time tends to p. Further-
more, using properties of Ito integral we can calculate the variation of 1

which is )

Var(ry) = g_a(l )
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Example 5.6. We use now (5.3) in the function g(t,z) = 32* to calculate
the integral I = fot WodW.
Let Y, = g(t, W) = AW2. Using (5.3) in this function we obtain

1 ¢ 1! t 1
—Wf:/ Wdeer—/ dt:/ WodW, + ~t
2 0 2 Jo 0 2

1 1
I=-W?——t.
2t 9

s0,

An interesting equation is which is the form of an [to function and if this is
also an Ito process, and if is true for Riemann’s sums and It0 integrals.
So, we can see the next theorem and we have the answer.

Theorem 5.5 (Itd's lemma). We consider that X, is an Ito process which
can be written as

t t
X =Xo+ / u(s,w)ds + / v(s, w)dWs.
0 0

Then, anyone function of X; which is of the form g(t,x) € C%? can be written
as a stochastic integral

L dg 8g ,0°g dg
g(t, X1) = 9(0, Xo) +/0 (E gt S ag;2) dt+va—th

With C%? we symbolize the space of g(t,x) functions which have continuous
the first derivative to the first variable and continuous second derivative to
the second variable.

Proof. We present here the basig steps for the proof of Itd’s lemma.
Let consider the partition ¢; = Z for the interval [0, ] and let write

[y

n—

g(t>Xt) - g(OaXO) = [ ( j—i—l?Xt ) g(t?>Xt7)] =

<.
Il
o

[y

n—

9ty Xon ) = g0, Xin )= > gt} Xin | — g(t}, X))

=0 ~~

i
L

~~

<.
Il
o

<.
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The first doss of underline terms consists of terms which are calculate for the
same value of Ito process, but for different times. In first doss terms we use
Taylor analysis for t. The second doss consists of terms which are calculate
for the same value of time but for different values of X. In the second doss

we use also Taylor analysis for variable X. We use At; = t7,, — {1} and
AX] - Xt;'ZJrl — Xt;l

e Taylor for ¢: Exists ; € [t}, 1}, ] such that

)
T o

Using the continuity of derivatives for ¢ of the function g we can prove that

( j+1 Xt" ) ( Xt (EJW Xt"

P

At;

t@g
7}1_{{.102 (L, Xen, )AL = i g(s,Xs)ds a.s.

e Taylor analysis for z: Exists X € [Xin, X, ], such that

99 10%g
%(tj,Xt n)AX; it 5. 5 (

This second doss needs more attention. First we obtain the approximation

AXJ' = U(Ej, W)Atj + 'U(%j, W)AB]'

9t} Xen, ) — 9t} Xin) = ?,YJ)AXE

where AB; = Bt;_wﬂ_ pp and as t; we can choose 7; = t7. Using this approxi-
mation in Taylor for x we obtain

dg _
oL}, Xg,,) = 98], Xep) = (61, Xepully, ) Aty + 50 (6], XepJully, ) ABy
10% 0 — - 1% 7
+§W(tj L Xj)o(tj, w)?ABF + 5@@ X j)ulty, w) Aty
829 n Y ¥ I
a 2(t Xj)u(tj,W)U(tj,W)Atj,ABj

-~

The sum of the two underlined terms can be proved that tends to zero in Lo
as n — 0o. From the other terms we can see that

Z—g , Xin) Ju(t;, w)At; —>/ (s, Xs)u(s, Xg)ds, n — oo
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and
- %9, . "0y
Z— , Xin)u(ty, w)AB; —>/ —= (s, Xs)v(s, X5)dBs, n— o0
=0 ox 0 ox

where the limit is always in L. The final term must be write as

19%g 118%

anQ(t , Xj)vo(t;,w)?AB} = §§w(t§’,7j)v(fj,w)2Atj
1 9%
S (1, K)ol wH(ABE - Aty)
0?g g, . "
+ (@( j) — W(t th) AB )

The sum of the semifinal term is zero because in Ly the limit of ABJQ» — At
is zero and the sum of final term is also zero because of the continuity of the
second derivatives of the function g as x. The sum of the first term is

,_.

n—

oty X ottt = 5 [ 586 Xl

Il
=)

J

With this interval we and the proof.
O

Itd's lemma is a very important result for stochastic analysis and is very
useful in many applications. Also, this Lemma applies in case when t is a
stopping time and is bounded. Finally, there are other forms of this Lemma
in which the function can satisfy weaker conditions than C*2.

5.4 [to processes on R"

In this section we want to see [to integral and processes on R", i.e. when
Wiener process is on R™ and the elements in integral are possible a vector
function.
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First, we will see the It6 integral on a multidimensional Wiener process.

Definition 5.7. Let consider W, = (Wi, ..., Wa,)" a d-dimensional Wiener
process and f € R™ % a family of adapted stochastic processes on filtration
Fi = o(Ws, s <t) which take values on space of matrices n x d. Equivalent
we can consider that f = {fi;}, « = 1,.n, j = 1,...,d where f;; ¢ R
are dimensional stochastic processes which are adapted on filtration F, =
o(Ws, s < t). The Ito integral f(f fdW, is a stochastic process I, ¢ R}
which has the form Iy = (Iyy, ..., I, ;)T where

d L
Ly = E / fijdW;s, i=1,..,n
j=1"0

and fg [i;AW; s is the dimensional integral of Ito.

So, we can write using matrices

fuiu o fua dWl,s Z;l:1 fot fldej,s

/OtdeS:/Ot z s -

fol o fud de,s Z;—lzl fg fndej,S

The multidimensional It6 integral satisfies the properties of dimensional Ito
integral and for the proof use the properties of the dimensional Ito integral.

We want also see the Ito processes on R". Using the multidimensional [to
integral we can define these.

Definition 5.8. X, is a dimensional Ito process if

t d t
X, = Xo+ / u(s,w)ds + Z/ v; (s, w)dW,
0 — Jo
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where u and v; are adapted on F; for all © and satisfies the next:
T T
/ lu(s,w)|ds < o0, / lvi(s,w)|?ds < 0o a.s. 1 <i<d.
0 0

In differential form we can write

d
dX; = u(t,w)dt + Z v (s, w)dW;

i=1

Now we can define the n-dimensional Ito process.

Definition 5.9. A n-dimensional Ito process is a stochastic process X; =
(X1t ., Xpt) where any X;y, @ = 1,...,n is an Ito process. More specifi-
cally, a n-dimensional Ito process is a stochastic process in the form X; =
(X1ty ey Xpt)T where

t d t
Nio = Xig+ / wils, w)ds + 3 / vy (5, ) AW
0 = Jo

The most simple multidimensional /{6 process is a n-dimensional Wiener
process Wy = (Wyy, ..., Wo)T.

5.5 Stochastic integral for ()-Wiener and Weak
Wiener processes

In this section, we define the integral

/t U(s)dWs, tel0,T],

of an operator-valued stochastic process {¥(¢), t > 0} with respect to a Q-
Wiener process Wy, t > 0 (Tr@Q) < oo), which is called the stochastic integral.

72



Integrals of such form will be used for constructing solutions to stochastic
Cauchy problems in Hilbert spaces.

Let (2, F, P) be a probability space and U and H be Hilbert spaces. Let us
discuss some properties of stochastic processes, which are essential for con-
structing the stochastic integral.

In this section, we assume that 7 is equal to [0, 00) or [0, 7. Let us introduce
the notation

Qe =1[0,00) x Q, Qp =10,7] x Q.

On €, we introduce the o-field B, generated by sets of the form
(s,t] x F, FeFs 0<s<t<o0,

{O}XF, FE./_"().

Denote by P, the product of the Lebesgue measure on [0, c0) with the prob-
ability measure P on (). Denote by Br the o-field that is a restriction of B
to Qp. It is easy to see that By is generated by sets of the form

(s,t] x F, FeFs, 0<s<t<T, {0} xF, FeFp. (5.4)

Denote by Pr the product of the Lebesgue measure on [0,7] by the proba-
bility measure P on (2.

Definition 5.10. (a) A measurable mapping from (Qoo, Poo) or (7, Pr)
into U, B(U) is said to be predictable.

(b)If, for any t € T, the mapping u : (-,-) : [0,t] x Q@ — U is B([0,t]) x F;-
measurable, then the process {u(t), t € T} is said to be progressively measur-
able.

Proposition 5.2. An adapted and stochastically continuous process on an
interval [0,T] has a progressively measurable and predictable version.
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We assume that (€2, F, P) is a probability space with a given normal filtra-
tion {F, t > 0}.

Definition 5.11. An L(U, H)-valued process {®(t), t € [0, T} is called step
if there exists a set 0 =ty < t; < ... < tp, =T and L(U, H)-valued random
variables ®g, P1, ..., Px_1 such that O, is F;,  -measurable and

(I)(t) = (I)mv te (tmvtm-i-l]u

foranym=20,....k— 1.

Here and in what follows, the measurability of an £(U, H)-valued random
variables means the strong measurability.

Definition 5.12. A function ® : Q — L(U, H) is called to be strong mea-
surable if for any u e U, ®(-)u is measurable as a mapping from (Q, F) into

(H,B(H)).

Let {W;, t > 0} be a Q-Wiener process with values in U. We assume that
W;, t > 0 is a process with respect to {F;}, t >0, i.e.

(i) the random variable W} is Fi-measurable for any ¢ > 0;

(ii) the increment W, , — W; is independent of F; for all ¢, h > 0.

For an elementary process {®(t), t € [0,7]}, the stochastic integral with
respect to W(-), denoted by ® - W(-), is defined as follows:

t
/ O(s)dW, = @ (W, ont = Wint), €0, 7] (5.5)
0

Further, we indicate the class of L(U, H)-valued process for which the stochas-
tic integral can be defined as the mean-square limit(Definition 4.3) of sums
of the form (5.5).

Since @ is the covariance operator of {W;, ¢ > 0}, it is a symmetric nonneg-
ative trace class operator, and there exists an orthonormal basis of eigenvec-
tors of () {e;} in U. In the previous section, we introduce the Hilbert space
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Up = QYU with the norm ||ul|y, = ||Q~"?ul|y (Definition 4.9). It follows
from the definition that the system {g;} = {\/Aje;}, where A\je; = Qe;,
forms an orthonormal basis in Uy. Consider Lgs(Uy, H )-the space of Hilbert-
Schmidt operators mapping Uy into H.

Proposition 5.3. For any V € Lgs(Uy, H), the operators WU* and WQV2(WQ'/?)*
act on H and
Tr[W*] = ||¥||Zq = Tr[TQY*].

Proof. Let {fr}32, be an orthonormal basis in H. Using the definition of
adjoint operator, we obtain

=D (W fi fi)y = AV for U fidy,
k=1 k=1

8

Z<Z \Ij fkag] Uog; \Ij fkag] Uog; >
j=1

k=1 \j=1 Uo

= ZZ <\I] fkvgJ>UO \Il fk7g] Uo ZZ fka\Ilg]
k=1 j=1 k=1 j=1
= gy Z 1Wg;ll7 = [1P]]Es-

k=1 k=1

By the definition of the inner product in Uy, for all hy, ho € Uy, we have
<h17 hz>U0 = <Q1/2h17Q1/2h2>U-

Taking into account that Q2 is self-adjoint in Uy, we obtain

o

191s =D A" fi, ¥ fi)y,

k=1
_ Z <Q1/2\I]*fk7 Q1/2\I,*fk>U
k=1
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= (VQU" fi, fi)y = Tr[TQT"].
k=1
O

The following proposition shows that an operator from £(U, H) can be re-
garded as an element from Lgg(Uy, H).

Proposition 5.4. If U ¢ L(U, H), then Yy := Y|y, belongs to Las(Uoy, H)
and
TrlQU*] = ||Vol|2q = Tr[¥eP}). (5.6)

Proof. First, we show that Wy € Lgs(Uy, H). We have

‘ 2
H

1ol 2 = S 1Wogiliz = 3 || (Ve
j=1 j=1

D N1 < [P N < oo
j=1 j=1

The second equality in (5.6) is valid by the previous proposition. We show
the first one. For the orthonormal basis {fz}72; in H, using the definiton of
adjoint operator, we obtain

]2

Tr[vQu| (TQU fi, fidyy = > _ QU f, U™ fi)s
k=1

e
I

1

<ZQ U frei)y e > (W froei)y j>
U

7j=1 j=1

M 11

<Z)‘ﬁ (U* fi, €5) e],z (U frei)y >
j=1

1 j=1

i/\] T fre;) ii@fk\/fje]i

=1 j=1 k=1 j=1

U

M8fr

=
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S frog)t = D> (fe Tg)y

7j=1 k=1 j=1

M8 EMg

33

J=1

(e Wog)s XN%MMIWMw

e
I

1
U

The following theorem states a fundamental relation, which will be used in
the definition of the stochastic integral and in the description of the class of
integrable process. First, we will see another useful proposition.

Proposition 5.5. Let (H,B(H)) and (U,B(U)) be measurable spaces and
v Ux H — R be a bounded measurable function. Let u and w be two
random variables on (2, F, P) assuming values in U and H, respectively, and
let G be a o-field contained in F. Assume that w is G-measurable and u is
independent of G. Then

E(y(u, w)|G) = E(¢(u, w)) P as.

Theorem 5.6 (Ito0 isometry). If {®(t), t > 0} is an elementary process with
values in Las(Uy, H), and for some T < oo,

1/2

e[ [ iewnaa] ) < 5.7

E)| - W3] = UH@H@4,0<KT (53)

then

Proof. Let t € [0,T]. For definiteness, we assume that ¢ € (t,,, t;41]. Denote,
AWjJ = Vth+1/\t — Vth/\t)j = ]_, M. Then

E[|® - Wil[]

7t

m j—1

j=0 i=0

=E |3 119,AW,05 | +2E

=0

(D, AW, 4, ®jAWj,t>H] .
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For any 0 < 5 < m,

E[[|0; AWl =

E > (®;AW;y, fi) ] ZE<AW]t,<b Fi) -
k=1

By the definition of the elementary process, for any u e U, the random
variable ®;u is J; -measurable with respect to B(H). Therefore, (®;u, ),
is F;, measurable with respect to B(R) for all h ¢ H. Hence (u, (ID;h>U is Fi,
measurable with respect to B(R) for all u e U; this implies that ®3h is F,
measurable with respect to B(U). This and the fact that AW;, is independent
of F;, imply

[e'e) . N
E[||®;AW;l[7] = > EE[(AW,,, ®; fi),, | F,]],
k=1
where, by Proposition 5.4 and the definition of the covariance operator,
EKAWJ)M (I)jfk>U [Pl = EKAWN’ (I)jfk>U]

= (Cov[AW; @5 fir, @1 fr)y, = (tis1 — 1)) (QP% fi, D3 fi),,

Hence,

STEE(AW,,, @ fi), | F,]] ZE (tie1 — ) Q5 fi, B fi) ]

k=1

(tj1 = ZE [(®;Q9; fr, fr) ] = (11 — t)E Z <‘1>jQ‘1>§fk,fk>H]
=1 =1

= (tj+1 — t;)E[Tr[®;QP7]].
For j = m, the increment AW,,, = W, — W, is independent of F;, since
t > t,,. The same argument yields

B[ @ AWl [3] = (t — tm) E[T7[2,, Q07 ]].

Therefore,

E|> ||‘1>jAV[G7t|I?1] =
5=0

((tje1 A E) = (t; A1) B[ @5]]E]

NE

J

Il
=)
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m

t
B | (e n0) = (s A 0) [0, | = 2] [ 00Es]
7=0

For j # i, we have E[(®;AW;,, ®;AW; ;) ] = 0.

Finally we obtain (5.8).

O

Now we are ready to define the stochastic integral with respect to a )-Wiener
process.However, we will see first one more proposition.

Proposition 5.6. For a Hilbert space H (a separable metric space (H,p))
and an H-valued random variable u, there exists a sequence of simply H-valued
random variables {u,} such that p(u(w), u,(w)) decreases monotonically to
zero for any w € €.

Theorem 5.7. The following statements hold:

(1)if a mapping of the set Qr into L(U, H) is L(U, H)-predictable, then it is
Las(Uo, H)-predictable. In particular, elementary process are Lgs(Uy, H)-
predictable;

(i) if {¥(t), t € [0,T)} is an Lgs(Uo, H)-predictable process with property
(5.7), then there exists a sequence {V,(t), t € [0,T]} of elementary processes
such that

E [/OT [[U(s) — U, (s)||&gds| =0 as n — oo. (5.9)

Proof. 1t is proved that for any set from a o-field on Lgg(Uy, H), its inverse
image G is measurable in 7, which is due to the fact that G can be approx-
imated by sets of the form (5.4). Hence, by Proposition 5.4, {U(t), ¢ > 0} is
Las(Uy, H)-predictable.

By Proposition 5.4, the space L(U, H) is densely embedded into Lgs(Uy, H).
Next, by Proposition 5.6, there exists a sequence {W,,} of elementary L(U, H)-
valued predictable processes on [0,T] such that

|V (w,t) = YV (w,t)|lgs = 0 as n— o0
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for all (w,t) € Qp. Consequently, (5.9) holds.
]

Thus, we can introduce the class of stochastically integrable processes. It fol-
lows from Theorem 5.7 that under condition (5.7) they are L(U, H)-predictable
processes.

We note that the integral is constructed with respect to a ()-Wiener pro-
cess. However, as was shown in the previous section, a weak Wiener process
can also be regarded as a ();-Wiener process in the Hilbert space U;. There-
fore, the above definition is applicable to integrals with respect to ()-Wiener
processes and also those with respect to weak Wiener processes.
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Chapter 6

Stochastic Convolution

Let (2, F, P) be a probability space with a given normal filtration
{Fi, t >0}, and let U and H be a separable Hilbert spaces.
In this chapter we consider the stochastic Cauchy problem:

du(t) = Au(t)dt + BdW(t), te[0,T), T <oo, u(0)=¢, (6.1)

with A being the generator of a strongly continuous semigroup of operators
{S(t),t >0} in H.

Definition 6.1. Let T' be a semigroup. The generator of T, denoted by A,
15 given by the equation:

: T) - f
Af = lim A, f = lim ———
/ t—1>1g1+ of t—lgﬁr t
where the limit is evaluated in terms of the norm on H and f is in the domain
of A if and only if this limit exists.

Definition 6.2. A one parameter family of bounded linear operators

{S(t), t > 0} on H is called a strongly continuous semigroup (or a semi-
group of class Cy) if the following conditions hold:

(i) the semigroup property:S(t + s) = S(t) + S(s),t,s >0

(i1) S(0) =1
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(i1i) the operator function S(t) is strongly continuous with respect to t > 0.

We assume that {W(t), ¢t > 0} is a Q-Wiener process with respect to
{F:, t > 0} with values in U, B is a bounded linear operator from U into H,
and £ is an Fp-measurable H-valued random variable.

6.1 (-semigroups and well-posedness of the
deterministic Cauchy Problem

Before defining solutions of the stochastic Cauchy problem (6.1), we turn to
the deterministic problems

u'(t) = Au(t) + f(t), te0,t), T <oo, u(0)=xeD(A) CH, (62)

u'(t) = Au(t), te0,T), T <oo, u(0)=xzeD(A)C H, (6.3)

and recall the conditions for their well-posedness. The results on the well-
posedness of problems (6.2) and (6.3) given here are valid in an arbitrary
Hilbert space H.

Remark : The IVP given by

%u(t) — afu(t)], t<0, u(0)=f

with A being linear, is well posed if and only if A is the generator of a semi-
group 1.

This turns out to be quite important as it provides both necessary and suf-
ficient conditions to determine if a problem is well-posed.
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Definition 6.3. A solution of the deterministic Cauchy problem (6.2) is
a function u(-) € C([0,T); D(A)) N CY([0,T); H*), satisfying the initial con-
dition and Eq. (6.2)

Definition 6.4. The homogeneous deterministic Cauchy problem (6.3) is
said to be uniformly well posed if for any x € D(A), if there exists a unique
solution to (6.3) such that for all t € [0,T),

lu@)l|a < Cll2||a,

for some constant C' > 0.

Owing to the differential operator structure of the equation, the well-posedness
of (6.2), (6.3) is closely to the theory of semigroups of operators.

The operator A in Definition 6.2 defined by

Az = S"(0)z = limt*(S(t) — Iz,

t—0

with the domain

D(A)={z e H : limt ' (S(t) — I)x exists},

t—0

is called the generator of the semigroup {S(t),t > 0}.

The generator of a strongly continuous semigroup is a closed densely defined
operator commuting with the semigroup on its own domain, and

S(t)Ax = AS(t)x = S'(t)x, t > 0,2 ¢ D(A). (6.4)
A strongly continuous semigroup is exponential bounded:
ISl < Ce™, t =0,

for some constants C' > 0 and a ¢ R. Owing to this property, the Laplace
transform of the semigroup is well defined and gives an equivalent definition
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of the generator as an operator A satisfying the relation
(M —A) e = / e MS(t)xdt, xe H, Re\> a.
0

This relation obviously implies that the domain of the generator coincides
with the range of its resolvent: D(A) = ran(A\I — A)~!

Remark :[Hille-Yosida Theorem)|

A linear unbounded operator A is the generator of a Cj semigroup if and
only if:

(i) A is a closed operator,

(ii) A has dense domain (D(A)),

(iii) for each A > 0, X € p(A), and

(iv) IRO, A < L.

The Hille-Yosida Theorem is very powerful as it gives us both necessary and
sufficient conditions.

One of the main well-posedness results for the deterministic Cauchy problem
can be formulated as follows.

Theorem 6.1. Let A be a linear operator with nonempty resolvent set
(p(A) £ (). Then the following assertions are equivalent:

(1) the homogeneous Cauchy problem (6.3) is uniformly well posed;

(i1) the operator A is the generator of the strongly continuous semigroup
{S(t), t >0} in H;

(i1i) the resolvent of A satisfies the Hille-Yosida type conditions: there exists
constants C' > 0 and a € R such that

Ck!

< P k=012 .. (6.5)
cony  (Bed —a)ktt

d\F

for all X e C'" with Re\ > a.
In this case, for any x € D(A), the solution to the problem (6.3) is given

H— (M — A)~
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by u(t) = S(t)x, t > 0. If, moreover, f € C(|0,T),D(A)), then for any
x e D(A),

u(t) = S(t)x +/0 S(t—s)f(s)ds, tel0,T), (6.6)

is a solution to (6.2).

6.2 Solution to the stochastic Cauchy prob-
lem

We now discuss the notion of solutions to the stochastic Cauchy problem
(6.1).

Definition 6.5. An H-valued predictable process {u(t), t € [0,T)} is said to
be strong solution to (6.1) if

(i)u(t) takes values in D(A) Pr a.s.

(i7) [} || Au(t)||mdt < 0o P a.s.

(111) for any t € [0,T),

u(t) =&+ /Ot Au(s)ds + BW (t), P a.s.

In other words, a strong solution is a predictable process {u(t), € [0,7)}
taking values in D(A) for almost all ¢ € [0,7") and w € §2 such that the tra-
jectories of the process {Au(t), t €[0,T)} are integrated for almost w € €2, it
satisfies the integrable equation (6.1) and are called mild solution.

Note that the definition of a strong solution implies that the process

{BW (t), t > 0} should be well defined as an H-valued stochastic process.
Therefore, this definition has a sense for a Q-Wiener process {W (¢t), t > 0}
only if TrBQ B* < oo, where B is a bounded operator U into H.

We will show that the requirement that a solution belong to D(A) is a strong

restriction on the class of admissible processes (Theorem 6.6). For this rea-
son, we introduce one more definition of a solution to (6.1).
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Definition 6.6. An H-valued predictable process {u(t), t € [0,T)} is said to
be a weak solution to (6.1) if

(i) [ |[u(t)||mdt < 0o P a.s.
(ii)for any y € D(A*) and t € [0,T).

<U(t),y>H=<€,y>H+/0 (u(s), A"y) g ds + (BW (1), y)y, P a.s. (6.7)

Similarly to the solution (6.6) of the deterministic Cauchy problem, we show
that any solution to the stochastic problem (6.1) is the sum of the pro-
cess {S(t)¢, t > 0} and a special kind of the stochastic integral, called the
stochastic convolution :

Wa(t) = /0 "S(t— ) BAW(s). te[0.T) (6.8)

that is, we show that the process
t

u(t) = S(t)¢ —I—/ S(t— s)BdW (s), tel0,T) (6.9)
0

gives a solution to (6.1). it is easy to see that {S(¢)¢, t > 0} is the
adapted process as an action of deterministic process {S(t), ¢ > 0} on the
Fo-measurable random variable £. For the same reason, it is stochastically
continuous, and hence, by Proposition 5.2, it has a predictable version. The
expectation of the process is

Let us find its covariation operator. For all hy,hy € H and t > 0,
(Cov(S(t)E)h1, ha) gy = E(S(H)E — SE)E(E), ha) g (S()E — S(OE(E), ha) g
=E(S()€, hn) gy (S()E, ha) gy — E(S(E)E(E), ha) gy (S(E)(E), h2) gy
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—E(S)E; hn) g (SOE(E), ha) yr + E(S@)E(E), ha) g (S(E(E), ha) y

o0

=EY (S ey (hnyes)y (hases) g — (S(0E ) g (SOE(E), ha)

j=1
By the definition of the adjoint operator and the covariance of a real-valued
random variable, we obtain

(Cov(S(t)E)h, ha)y

Z Ty e5) (B, eg) y E(E S(8) e5) s — (SE(E), hn) g (S(E(E), had g

oo

(h1se5) g (has €5) g (Cov(€), S(t)7es) y — (SE(E), ) gy (SE(E), h2)

J=1

Z (h1,€j)y (ha, €5) y (S(@)Cov(§), €5) y — (S(OE(E), ha) y (S(E), E(E), ho) g
= (S()Cov(§)hy, ha) iy — (S(OE(E), ha) yy (SE)E(E), ha) gy
and all hy, hy € H and t > 0. In particular, if E(£) = 0, then
Cov(S(t)) = S(t)Cov(§), t > 0.

Let us study the properties of the stochastic convolution.

Theorem 6.2. Let B be a bounded operator from U into H and A be the
generator of a strongly continuous semigroup {S(t), t > 0} in H such that
S(t)B e Lys(U, H) for allt > 0. Let

T
/ 1S(8) B| st < oo (6.10)
0

for some T" < oo. Then the stochastic convolution Wa(t), t € [0,T) is an
H-valued Gaussian process with a predictable version and mean square con-
tinuous on [0,T) with the characteristics

E(Wa(t) =0, Cov(Wa(#) /St—s)BQB*S*(t—s) s tel0,T).
(6.11)
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Proof. We note that S(t)B, t > 0is Lys(U, H) predictable as a deterministic
process, and hence

t t
E / 15(r) B Bysdr = / 1S(r)B| ogdr, € [0,T).

By Theorem 5.7, it follows from (6.10) and the above relation that the
stochastic convolution is well defined. By definition, the stochastic convolu-
tion is the limit of integrals of elementary processes approximating the de-
terministic process S(t)B, t > 0. Taking into account that {AW(t), t > 0}
are Gaussian processes, we obtain that the process {Wa(t), ¢ > 0} is also
Gaussian. To show its mean-square continuity, we take 0 < s <t < T'; then

\ |

[78(t —r)BdW(r) — [' S(t—r)BdW (r)

E[|[Wa(t)-Wa(s)||5] = E

:EU 0 :
EU [ S(t = r)BdW (1) z]

Itd's isometry (Theorem 5.6) implies

/0 t S(t — r)BdW (r) — /0 " S(s — 1) BAW (1)

]

t—s

ElIWAO- W] ~E | [ st - NBlsar| = [ lIs-n Bl

which proves the mean-square continuity. To prove (6.11), we recall that
S(t)B e Lys(U, H) for all t € [0,T). Therefore, S(t)BQY? ¢ Lys(U, H) and
(S(t)BQ'Y?)* ¢ Lys(H,U). Then by Proposition 4.2, the operator
S(t)BQB*S*(t) e Ly(H,U) and

15(#)BQB*S*(t)|Ix < IS BQ|ms - ||S()BQY?||ms, t € [0,T).

Hence the integral in (6.11) is well defined as a Bochner integral. Now con-
sider the moments of stochastic convolution. We have

E(Wa(t) = E ( /0 t S(t — s)BdW(s)) - /0 t S(t — s)BE(dW (s)) = 0
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For the covariance operator, we obtain

(Cov(Wa(t))hy, ho) g = EWa(t), i)y (Walt), ha)

_E</St—s)BdW() > </St—s)BdW()h>H

_EZ (t — 1) BAW,, by) HZ (t — s1) BAWq, hy)

k=1

n

= EZ (AW, (S(t — s,)B) h1) Z (AWg, (S(t — sk)B*)ha) i

- AWR,Z«S(t—sk)B)*hl,ej>ej> Z<AWk,Z((S(t—sk)B)*hg,ej>ej>

=E Z Z (AW, ej)i (S(t —sk)B) hi,e5) 7 ((S(t — sx)B)"ha, e5)

3

(AspQej, e5) 1 ((S(t = sk)B) ha, €)1 ((S(t = sx)B) ha,€5)

M

=
Il

—

<
Il
—

)B) i, e5) y ((S(E = s) B) ha, €5) y Asy

I
M:
NE
=
~
.

,_.
<.
Il
-

3

((S(t = s)B) h1,Q"2e;) , ((S(t — ) B)"ha, Q'%e5) y Asy

NGl

£
Il
—
<
Il
—

3

(Q2(S(t = sx)B)"h1,Q"*(S(t — s1)B)"ha) ,; Asy
)

- / (S(t = $)BQBIS(t — )P, o) ds
0

for all hq, hy € H.
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Remark :[Fubini’s Theorem]

An always important tool for the computation of integral on product spaces
is Fubini’s theorem. We consider first the case of non-negative functions.

) be a measur-

Let (E,¢) be a measureble space and let @ : (t,w, x) — $4(w,x
B(Ly(H))). In addition

able mapping from (R, x Q x £, P®E) into (LO(H)
let 1 denote a finite positive measure on (E, ).
Fix T > 0. By localization we get the following version of

(w,
5(

Theorem (The Stochastic Fubini Theorem). Assume that

T
/0 /EH@t(ZE)H%g(H)u(dx)dt < oo, P—a.s.

Then there exists an Fpr @ € -measurable version &(w,x) of the stochastic
integral fo O, (x)dW, which is p-integrable P-a.s. such that

/Eﬁ(x)u(das) = /OT ([E (I)t(l'),u(dl’)) AW, P—a.s.

Theorem 6.3. Under the conditions of Theorem 6.2 , the process
u(t) = S(t)¢ + /Ot S(t— s)BdW (s), tel0,T)
is a weak solution to
du(t) = Au(t) + BdW (s), te[0,T), T <oo, u(0)=¢
Proof. We note that process (6.9) is predictable with integrable trajectories

as a sum of processes with these properties. To prove (6.7), we take arbitrary
t€[0,7) and y € D(A*) and consider the integral

/0<u(s),A*y)Hds:/0 <S(s)§,A*y)Hds+/0 (Wal(s), A™y)yds.  (6.12)

Since A generates the strongly continuous semigroup {S(¢), ¢t > 0} in H, its
dual A* generates the strongly continuous semigroup {S*(t), t > 0} in H*.
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Therefore, for y e D(A*), property (6.4) of a strongly continuous semigroup
implies

[ s anaas= [es@an = (s [ S(A°us)

_ <§, / t %w*(s)y)a@ — (6 (S () — SOy u

= (S =&y = SOy — (& Yn

for the first term in (6.12). we apply the stochastic Fubini theorem to the
second term in (6.12) and obtain

/Ot (Wals), A%y)y ds = /Ot </0 S(s —r)BdW (r), A*y>HdS

_ </Ot /:5(3 - r)Bdde(r),A*y>H.

By the definition of the stochastic integral and using the properties of the
adjoint operator and the continuity of inner product, we have

t n—1 t
/ (Wa(s), A%y) y ds = < lim Z (/ S(s— rm)Bds) (W (rp +1) — W(rn)), A*y>
0 n—00 o oo -
n—1 t *
= i 3 (W) = W), ([ (= rapas) avy)
n—oo m=0 Tm H
n—1 t
= lim <W(rm+1) W(rm), </ B*S*(s — rm)ds) A*y>
n—00 ~ o %
n—1 t
= lim > <W(rm+1) — W (rm), / B*S*(s — rm)A*yds>
oom—O Tm H
n—1 t d
= lim <W(rm+1) W(rm),/ —(B*S*(s — rm)y)ds>
n—roo £ . ds H



= lim >~ (W(ra) = W), [B'S"(s = vyl )

_ < / (S(t—r)B - B)dW(r),y> = (Wa(®),9) i — (BW(£),9) 4.

H

Substituting the above expressions in (6.12), we obtain

/0 (u(s), Ay, ds = (SOEy) gy — (& v)y + Walt), )y — (BW(L),9)y

= (W(t),y)y — (& vy — (BW (), 1)y
which proves (6.7).

To prove that the solution (6.9) is unique we need the following result.

Lemma 6.1. Let u(t), t € [0,T) be a weak solution to (6.1) with & = 0. Then
for arbitrary y(-) e C'([0,T); dD(A*)) and t € [0,T) we have the representa-
tion

(w(t), y(t)) = / (uls), 5/ (5) + Ay(s)) s ds+ / (BAW (s), y(s) . (6.13)

Proof. First, let us consider the function y(-) of the form y(t) = f(t)yo, t€[0,T),
where yo € D(A*) and f(-) e C'([0,T)). For any t € [0,T), we have

(ult), yo) g = / (u(s), A%yo) g ds + (BW(2), yo) .-
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For the real-valued process (u(s),vo) f(s), s€[0,T), Itd's formula gives
d((u(s),y0) g f(5)) = f(s)d (uls), yo) r + f'(s) (u(s), o)y ds.
Hence,
(u(t), / f(s) (u(s), A"yo) ds+/0 (BAW (s), f(s)yo H+/ f'(s Yo) p ds,

which implies (6.13) for the functions y(-) considered. Since these functions
form a dense subset in C'([0,T); D(A*)), the proof is completed.

Theorem 6.4. The weak solution (6.9) to the problem (6.1) is unique.

Proof. By the properties of the well-posed deterministic abstract Cauchy
problem, it suffices, to prove that the weak solution (6.9) corresponding to
¢ = 0 is unique. Let yo € D(A*) and t € [0,T). We apply Lemma 6.1 to
y(s) = S*(t — s)yo, s € [0,t]; using the properties of strongly continuous
semigroups, we obtain

/0 (y(s), BAW (s)),; = / (S*(t — )y, BAW (5)) 5 = / (o, S(t — 5)BAW (),

Since D(A*) is defined in H, we conclude that u(t) = Wx(t), t € [0,7T).
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The following result is devoted to the continuity of the obtained weak solu-
tion to (6.1).

Theorem 6.5. Assume that U = H, B =1, and for some a > 0,

T
|5 elIs ) fsds < .
0

Then the weak solution to (6.1) has a continuous version.

Thus, we have discussed weak solutions to (6.1). For strong solutions, the
following result holds.

Theorem 6.6. Let ) be a trace class operatorin U, U = H, and A € Lgs(H).
Let £ € D(A), P a.s. Then (6.9) is a strong solution to (6.1).

In accordance with this theorem, the existence of a strong solution to (6.1)
is not guaranteed even for a bounded operator A. A strong solution exists
only for Hilbert-Schmidt operators. This condition on A is connected with
requirements (i) and (ii) of Definition 6.4 : the stochastic convolution should
take values in D(A) and trajectories of the process {AWa(t),t € [0,T)}
should be integrated almost surely. The lack of smoothness of a Wiener
process implies a stronger requirement as compared with the requirements
on A in the deterministic case. Therefore, the existence of weak solutions
is more interesting from the applied point of view. The regularity for the
deterministic problem w'(t) € Au(t) + f, we need A be a bounded generator
for strongly semigroup and also f ¢ C*([0,T]; H), where f has a form

f = BdW (t).
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Chapter 7

The Heath Jarrow Morton
Model

We now present the stochastic model of a bond market riskless zero coupon
bonds, and we take advantage of our short excursion in the world of infinite
dimensional stochastic analysis to generalized the HJM model.

We introduce the time value of money by valuing the simplest possible fixed
income instrument. Like for all the other financial instruments considered in
this book, we define it by specifying its cash flow. In the present situation,the
instrument provides a single payment of a fixed amount (the principal or
nominal value X) at a given date in the future. This date is called the
maturity date. If the time to maturity is exactly n years, the present value
of this instrument is:
1

P(X,n) = T

This formula gives the present value of a nominal amount X due in n years
time. Such an instrument is called a discount bond or a zero coupon bond
because the only cash exchange takes place at the end of the life of the
instrument, i.e. at the date of maturity. The positive number r is referred to
as the annual discount rate or spot interest rate for time to maturity n since
it is the interest rate which is applicable today on an n-year loan.
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7.1 The Bond Market

Throughout this chapter we assume the existence of a frictionless market
(in particular we ignore transaction costs) for riskless zero coupon bonds of
all maturities. As before, we follow the convention in use in the financial
mathematics literature and we denote by P(t,T') the price at time t of a zero
coupon bond with maturity date T" and nominal value 1 euro. So we assume
the existence of a filtered probability space (§2, F,{Fi}i>0,P) and for each
T > 0, of a non-negative adapted process { P(¢,7);0 < t < T'} which satisfies
P(T,T) = 1. We shall specify the dynamics of the bond prices in an indirect
way, namely through prescriptions for the instantaneous forward rates, but
as explained earlier, this is quite all right. We assume that our bond prices
P(t,T) are differentiable functions of the maturity date T, so we define the
instantaneous forward rates as:

F(4T) = _Olog P(1,T)

or

P(t,T) = exp (- /t ' f(t, s)ds) .

We shall use also Musiela’s notation:

in such a way that:

P(x)=P(t,t+2z) and fi(z) = f(t,t+x), t,z>0.

7.2 The HIM Evolution Equation
One of the goals of this chapter is to analyse the HJM equation:
9 — i
dfy(z) = (%ft(x) + at(x)) dt + ; oy (z)dw; (7.1)

where {w®}; are independent scalar Wiener processes, and where the drift
is given by the famous HJM no-arbitrage condition

a,(z) = 2 oi(z) ( /0 " i) du + A;’) . (7.2)
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The theory of financial mathematics is based upon the assumption of (long
term) arbitrage opportunities. This Assumption is compatible with the the-
ory of generator function in financial mathematics.

An arbitrage opportunity is a portfolio that generates a certain process.

We would like to think of the forward rate curve = — f;(x) as an F; measur-
able random vector taking values in a function space F. Once we choose an
appropriate space F, we will interpret Eq. (7.1) by rewriting it as a stochastic
evolution equation in F.

We consider w = {w®} a cylindrical Wiener process. The cylindrical Wiener
process is a generalization of the Q-Wiener process.

Definition 7.1. A cylindrical Wiener process on a Hilbert space V' is a fam-
ily of mappings W (t,w) : V — Ly (2, F, P; R)v such that for every u e V, the
real-valued random variable W (t,w)(v) := (W (t,w),v) follows the centered

normal distribution N(0,t) and E[W (t,w)(v1)W (t,w)(ve)] = t(vy, v2)y.

We would also like to think of our Wiener process as a cylindrical Wiener
process defined on a real separable Hilbert space G.

We do not even need any special features of the space G except that it is
infinite dimensional. Because the eigenvalues of a HilbertSchmidt operator
must decay fast enough for the sum of their squares to be finite, assuming
that G is infinite dimensional does not disagree with the principal component
analysis, used to justify the introduction of models with finitely many factors
or HJIM models with finite rank volatility. No generality would be lost letting
G = {5 and the reader is free to substitute ¢, everywhere G appears in what
follows. Of course, choosing G = /5 is equivalent to fixing a basis for G and
working with the coordinates of vectors expressed in this basis. We prefer,
though, to keep our presentation free of coordinates whenever possible. Also,
keeping GG unspecified allows for the possibility that the Wiener process takes
values in a function space. Equivalently, the infinite dimensional Wiener pro-
cess may be viewed as a two parameter random field with a tensor covariant
structure. In any event, we pick our favorite GG once and for all, and fix it for
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the remainder of the chapter. To simplify the presentation, we will always
identify G with its dual G*.

7.2.1 Function Spaces for Forward Curves

The first ask is term structure modelling is to choose the state space I for the
forward rate dynamics in such a way that the mathematical analysis of Eq.
(7.1) is clean. However this space should be general enough to accommodate
as large a family of models as possible. We now list the assumptions that we
use to carry out this analysis.

Assumption 7.1. 1. The space F' is a separable Hilbert space and the
elements of I’ are continuous, real-valued functions. The domain y of these
functions is either a bounded interval [0, x,,q,] or the half-line R, . We also
assume that for every x € y, the evaluation functional:

0o (f) = f(x)

is well-defined, and is in fact a continuous linear function on F) i.e. an ele-
ment of the dual space F™.

2. The semigroup {S;}i>0 where {S;} is the left shift operator , is strongly
continuous and defined by:

(Sef)(x) = f(t + ) (7.3)
The generator of {S;};>0 is the (possibly unbounded) operator A.

3. The map Fp sy is measurable from some non-empty subset D C Lys(G, F)
into F' where the HIM map Fy ) is defined by

Frgu(o)(z) = (070,,0" 1)

for each 0 € Lys(G, F), where G is a given real separable Hilbert space and
The definite integration functional I, defined by

1.(f) = / " f(s)ds
98



is continuous on F for each x € x since

/fds

and Supse[O,x} H(SS‘

< sup |f(z)| <z sup ||Js]

se[0,x] se[0,x]

fllr

F*

p~ is finite by the Banach-Steinhaus theorem.

Let us remark on these assumptions. The most important property that
the space F' should have is that elements of F' should be locally integrable
functions indeed, the formula for the bond price:

).

should make sense. For instance, the classical Lebesgue spaces L,(R; ) have
this property. Recall, however, that space L,(Ry) is in fact a space of equiv-
alent classes of functions. As such, its elements are only defined almost
everywhere, and they cannot be evaluated on a set of measure zero.

In our analysis, we will find it necessary to be able to evaluate a forward
curve (i.e. an element of the space F') at a given time to maturity.
Fortunately, almost everyone working with the term structure of interest
rates would agree that the forward curves should be smooth functions of the
time to maturity. Hence our Assumption 7.1.1 is reasonable. Of course, the
elements of F' are locally integrable, but more is true.

Remark : Let X,Y be normed spaces and let S C B(X,Y"). Assume that

P(t,T) = exp (- 0

D :={z e X|sup||Tx|| < oo}
TeS
is fat in X. In particular, D = X.

The financial implication of Assumption 7.1.1 is that the short interest rate
r; 1s well-defined as:

Ty = ft(o)

Once the short rate is defined, the money-market account is defined by:

t
B, = exp </ rsds)
0
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It is the solution of the ordinary differential equation dB; = r;B;dt which
satisfies the initial condition By = 1. It is a traded asset that pays the floating
interest rate r; continuously compounded. We shall use it as a numeraire,
i.e. the unit in which the prices of all the other assets are expressed. Prices
expressed in units of the numeraire are denoted with a tilde and are called
discounted prices:

P(z) = By 'P,(x) = exp (— /0 t ryds — /0 ’ ft(y)dy) . (7.4)

We should mention that the assumption that F' has the structure of a sep-
arable Hilbert space is motivated rather by mathematical convenience than
financial considerations.

The left shift operator {S;}:>¢ defined in Assumption 7.1.2 allows us to pass
from the time of maturity notation f(¢,7") to Musielas time to maturity nota-
tion fi(x) where fi(z) = f(t,t+x). Note that all of the evaluation functionals
0, = Sidp can be recovered by a left shift of the functional dy. The connection
between the shift operators and the presence of enough smooth functions re-
lies on the fact that the shift operators form a semigroup of operators whose
infinitesimal generator A should be the operator of differentiation, in the
sense that one should have Af = f whenever f is differentiable.
Assumption 7.1.3 is intimately related to the no-arbitrage principle. In par-
ticular, we will need the function Fp ), in order to define the drift term of
an abstract HJM model.

Note that since the elements of F' are continuous, the function x +— Fy (o) (2)
is continuous for all o € Lys(G, F). However, it is not necessarily true that
Fryy(o) is an element of F. In fact, for the spaces we shall consider, it is
generally false that Fy sy (o) is an element of F' unless the operator o is an
element of a proper subset D C Lys(G, F).

Assumption 7.1.]3) is usually hard to check in practice. We give a sufficient
condition.
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Assumption 7.2 The space F' satisfies Assumption 7.1.1 and 7.1.2. Fur-
thermore, there exists a subspace F° C F such that the binary operator %
defined by the formula

(f % 9)(@) = f(z) / " g(s)ds

maps F° x F? into F, and is such that for all f, g € F'° the following bounded
holds:

L > gllr < ClIfllrllgllr

for some constant C > 0.

Proposition 7.1. Let the space F satisfy Assumption 7.2. Then the map
Fy v satisfies the local Lipschitz bound

|Frrav(or) — Faom(o2)||r < Clloy + o2l|cysa.mllor — o2l|cusa,s)

for all Hilbert-Schmidt operators 1,09 € Lys(G, F°) with ranges contained
in F°. In particular, the map Fy sy is measurable from D = Lys(G, F°) into
F.

Proof. We have the simple estimate:

1fxf =g xgll=SII(F ~ )% (F+0) +(f +9) < (f ~ 9l

< CIf = gllllf + gll-

Notice that the HIJM function Fy ) is then recovered by the norm convergent

series
[oe)

Fru(o) = Z(ng') *(09i)

i=1
for o € Lys(G, FP), where {g;}i is a complete orthonormal system for G.
The proof is now complete since we have

1 Frne(01) = Fagar(0)llp < [1(019:) * (029:) = (029:) * (0193)| e

i=1
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[e.9]

= CY (o1 —0290)l|rl|(01+02)gil[p < Cllor = 0al|yys(c.m) |01+ 02| | 2gsiar)
=1

by the triangle and Cauchy-Schwarz inequalities.

0

In the same way that the short rate is defined as the value of the forward
rate curve at the left hand point of the time to maturity interval [0, Z,mu],
the long interest rate ¢; is defined as the value of the forward rate curve at
the right end point of the domain x. This is possible when x = [0, Zpqz] is
bounded, in which case:

Et = ft(xmax)a

but it requires a special property of the space F' when the domain y = R,
is the halfline. Indeed, in order to define:

ly = fi(o0)

we need to make sure that, for all f ¢ F, the limit:

foo) = lim f(z)

T—00

exists.

7.3 The Abstract HJM Model

In this section, we formulate a precise definition of an HJM model in a func-
tion space F. We assume that F' satisfies Assumption 7.1. We fix a complete
probability space (2, F,P) with filtration {F;}+>0 satisfying the usual con-
ditions and such that there exists a Wiener process W defined cylindrically
on the separable Hilbert space GG. Let P be the predictable sigma-field on
R, x 2. We now state a definition of an HJM model for the forward rate:
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Definition 7.2. An HJM model on F is a pair of functions (A, o) where:
(i) X is a measurable function from (Ry x Q x F,P ® Br) into (G, Bg),

(i) o is a measurable function from (Ry xQx F, PRBp) into (D, Bz, 4(c,s));
such that there exists a non-empty set of initial conditions fy € F for which
there exists a unique, continuous mild F-valued solution { f; >0 of the HIM
equation:

dft = (Aft + CL(t, ° ft))dt + O'(t, *y ft)th (75)

where
a(t,w, f) = Fyjpoo(t,w, f)+ o(t,w, f)A(t,w, f).

If (o,A) is an abstract HIM model on the space F' with initial condition
fo € F, then the forward rate process { f;}:>o satisfies the integral equation

ft = Stf(] + /0 St_sa(s, ° fs)dS -+ /0 St_sO'(S, ° fs)dWs (76)

We now use the Proposition 7.1 to give a sufficient condition for the existence
of an HJM model.

Proposition 7.2. Suppose that the state space F satisfies Assumption 7.2,
and let the closed subspace F* C F be such that ||f * gllr < C||fllFllg]|F
for f,g € FO. Assume that for every (t,w, f) e Ry x Q x F the range of the
operator o(t,w, f) is contained in the subspace F°. If o is bounded and if the
Lipschitz bounds

||U(taw>f) - U(taw>g)||ﬁHs(G,F) < C1||f - g||F

lo(t,w, Mt w, f) = o(t,w, ) At w, 9)|lr < C|If = gllr

are satisfied for some constant C' > 0 and allt > 0, w e Q and f,g € F, then
the pair (A, o) is an HIM model on F. Furthermore, for any initial forward
curve fo € F' there exists a unique, continuous solution to the Eq. (7.5) such
that B{supyo 1) || fell%} < oo for all finite T >0 and p > 0.
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7.3.1 Drift Condition and Absence of Arbitrage
We now fix an HIM model (o, \) with initial condition fy € F, and we denote

by {fi}+>0 the unique solution to Eq. (7.5). To simplify the notation, let
At = AMt,w, fi) and oy = o(t,w, f;).

Theorem 7.1. If we have

1 t t
E{exp <—§/0 H)\S||é+/0 )\des)}zl

t t
/ R / 10,2 du}2ds < +o00
0 0

for allt > 0 then the market given by the HJIM model (o, \) admits no arbi-
trage.

and if

Proof. We compute the dynamics of the discounted bond price f’(t,T ) =
B;'P(t,T). We will make use of the relation S'I, = I, , — I,, which is
revealed in the following calculation:

si1)g = [ Sa)e)ds = [ ots+ s

u+a
= / g(s)ds = (LL+a - Ia)g-

Let us compute the dynamics of the bond price:

t t
— log P(t, T) = [T — tft = [T—tSth + / TT_tSt_Sast + / O':St_SIT_tdWS
0 0

t t t t
= Irfo— Lirg + / Ir_sa.ds — / Li_sa.ds + / Ip_jodW, — / ol dW,
0 0 0 0
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Now by the stochastic Fubini theorem and the assumption of the theorem

we have . . .
/ (/ a(s)*ét_udWs) du = / o Li_sdWs.
0 0 0

Using log P(0,t) = — 1, fy and

t t t
/ TS(O)dS = Ith + / ]t_sast + / O';k[t_des.
0 0 0

we conclude that
t t
log P(t,T) = log P(0,t) —i—/ (fs(0) — Ir,aq)ds —i—/ orIr,dWs.
0 0

Now in { P(t, T) }1ej0,7) is in the form of an /6 process. Applying /td’'s formula
yields

PT) = PO.T)+ [ P(sT) (£10) - s+ Gt ) ds
0

t
—/ P(S,T)O’:[T_sdws
0

Finally, substituting a; = Fy sy (0s) + 05\, the discounted bond prices are
given by

t
P(,T) = P(0,T) — / P, T) Iy ud WV,
0

where W, = W, + fot Aqds. But the Cameron — Martin Girsanov theorem
says that there exists a measure Q, locally equivalent to P such that the
process W, =W, + fot Asds defines a cylindrical Wiener process on G for the
measure Q. We will find that for each T" > 0 the discounted bond prices are
local martingales under the measure Q. Hence, by the fundamental theorem,
there is no arbitrage.

O

The current framework may be too general for practical needs. At this level
of generality, we only know that the discounted bond prices are local mar-
tingales. They are bona-fide martingales if

1 T t B
E© [exp <—§/ l|ox Ir_4||Z —l—/ O:IT_SdWS)} =1
0 0
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We can ensure that the discounted bond prices are martingales if we can
check the well-known Novikov condition

1 T
EQ [exp (5/ ||a;‘IT_S||é)} < 4o0.
0

Alternatively, we can ensure the discounted bond prices are martingales if
the forward rates are positive almost surely, since if the rates are positive,
the discounted bond prices P(t,T) = exp(— fot fs(0)ds — OT_t fi(s)ds) are
clearly bounded by one.

7.3.2 Long Rates Never Fall

There are some differences in modeling the forward rate as a function on a
bounded interval [0, Z,,q.] versus the half line R, . In particular, when we
work on the half-line and define the long rate by the limit ¢, = lim,_,. f;(z),
an unexpected phenomenon is found: The long rate never falls. We give an
account of this result in the context of the abstract HIM models studied in
this chapter.

Let F' be the state space. Throughout this subsection, we grant Assumption
7.1, as well as one additional assumption

Assumption 7.3 Every f e F'is a function f : R, — R such that the

limit f(o0o) = lim,_, f(z) exists, and the functional o, : f < f(o0) is an
element on F™.

Fix a probability space (2, F,P), and let {f;}:>0 be an F-valued forward
rate process given by an abstract HIM model, and let ¢, = f;(c0) be the long
rate. We prove that the long rate is almost surely increasing.

Theorem 7.2. For 0 < s <'t, the inequality £, < l; holds almost surely.
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Proof. We use the following observation: For fixed (¢, w) we have limy_,o, P(¢,7)
e~ where

1T _

Pem =ow (- [ nos [ aws)

are the discounted bond prices. Since we are interested in an almost sure
property of the forward rate process, we may work with any measure which
is equivalent to the given measure P. In particular, from the discussion of
the previous section, there exists a measure Q equivalent to IP such that the
discounted bond price processes {P(t,T ) }eeo,7) are local martingales simul-
taneously for all 7" > 0. All expected values will be calculated under this
measure Q.

Let & be a positive and bounded random variable. By the conditional versions
of Fatous lemma (Let f, >0, then [, liminf f,dy <liminf, [, f.du)
and Holders inequality we have

E{e "¢} =E{ lim P(t,7)/7¢} = E{E{ lim P(t,T)"/"¢|F.}}

< E{liminf BE{P(t, 7)"/"¢| F.}} < E{lim inf E{P(t, T)| F.} /T E{"/ D F}00/T)
—00 —00

< E{liminf P(s,T)/"E{"/ "V FJTDTY < B{e ).
— 00

We have used the fact that {P(, T') }1ejo,1) is a super-martingale for Q. Since
¢ is positive but arbitrary, the result follows.

0

Notice that the above proof needs very little of the structure of the abstract
HJM models introduced earlier. In fact, it is easy to see that the result holds
in discrete time and with models with jumps. All that is assumed is that
the long rate exists. We note that the popular short rate models produce
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constant long rates. For instance, for the Vasicek model the short interest
rate satisfies the SDE

th = (a — ﬁ’f’t)dt + wat

for a scalar Wiener process {w; }1>9. The forward rates are given by

a a’

B 2B

where f;(0) = r,. Note that not only the long rate is well-defined, but it is
explicitly given by the constant

fi(z) = e Py + (1 — e7P7) (1 — e Po)?

a a®

“T5
independent of (¢,w). There do exist models for which the long rate is strictly
increasing. Consider an HJM model driven by a scalar Wiener process
{w;}1>0 with a constant volatility function given by o(x) = oo(x + 1)/2,
Since Fp o o(x) = 203(1(x + 1)Y2) and [ (x +t — s)~"/2dw, converges to
zero a.s., it follows that the long rate for this model is the increasing process

Et = E() + 20'gt
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