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Abstract

A generalized bridge is a stochastic process that is conditioned on N linear functionals of its path.
We consider two types of representations: orthogonal and canonical. The orthogonal representation is
constructed from the entire path of the process. Thus, the future knowledge of the path is needed.
In the canonical representation the filtrations of the bridge and the underlying process coincide. The
canonical representation is provided for prediction-invertible Gaussian processes. All martingales are
trivially prediction-invertible. A typical non-semimartingale example of a prediction-invertible Gaussian
process is the fractional Brownian motion. We apply the canonical bridges to insider trading.
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-SA
license (http://creativecommons.org/licenses/by-nc-sa/3.0/).
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1. Introduction

Let X = (X;)se[0,7] be a continuous Gaussian process with positive definite covariance
function R, mean function m of bounded variation, and Xg = m(0). We consider the
conditioning, or bridging, of X on N linear functionals Gr = [G’T]INZ , of its paths:

N

T T
GT(X):/O g dX; = [fo gi(t)dXt] . (1.1)

i=1
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We assume, without any loss of generality, that the functions g; are linearly independent. Indeed,
if this is not the case then the linearly dependent, or redundant, components of g can simply be
removed from the conditioning (1.2) without changing it.

The integrals in the conditioning (1.1) are the so-called abstract Wiener integrals (see
Definition 2.5 later). The abstract Wiener integral fOT g(t) dX; will be well-defined for functions
or generalized functions g that can be approximated by step functions in the inner product ({-, -))
defined by the covariance R of X by bilinearly extending the relation (1[0 s), 1{0,s))) = R(¢, ).
This means that the integrands g are equivalence classes of Cauchy sequences of step functions
in the norm ||| - ||| induced by the inner product ((-, -))). Recall that for the case of Brownian
motion we have R(¢,s) =t A s. Therefore, for the Brownian motion, the equivalence classes of
step functions are simply the space L?([0, T']).

Informally, the generalized Gaussian bridge X#7Y is (the law of) the Gaussian process X
conditioned on the set

T N T
{fo g(r)dxt=y}=ﬂ{/o giu)dx,:yi}. (1.2)

i=1
The rigorous definition is given in Definition 1.3 later.

For the sake of convenience, we will work on the canonical filtered probability space
(2, #,F,P), where 2 = C([0, T]), % is the Borel o-algebra on C([0, T']) with respect to
the supremum norm, and P is the Gaussian measure corresponding to the Gaussian coordinate
process X;(w) = w(t): P =P[X € -]. The filtration F = (.%})¢[0,] is the intrinsic filtration of
the coordinate process X that is augmented with the null-sets and made right-continuous.

Definition 1.3. The generalized bridge measure P&Y is the regular conditional law
T
PE&Y =PEY[X € -] =]P’|:X € - f g(r)dX, =yi|.
0

A representation of the generalized Gaussian bridge is any process XV satisfying

r T
P[Xg;ye -]=Pg;y[Xe J=P|Xe '/0 g(t)er=Y]~

Note that the conditioning on the P-null-set (1.2) in Definition 1.3 is not a problem, since
the canonical space of continuous processes is a Polish space and all Polish spaces are Borel
spaces and thus admit regular conditional laws, cf. [20, Theorems A1.2 and 6.3]. Also, note
that as a measure P%Y the generalized Gaussian bridge is unique, but it has several different
representations X&Y. Indeed, for any representation of the bridge one can combine it with any
P-measure-preserving transformation to get a new representation.

In this paper we provide two different representations for X&Y. The first representation,
given by Theorem 3.1, is called the orthogonal representation. This representation is a simple
consequence of orthogonal decompositions of Hilbert spaces associated with Gaussian processes
and it can be constructed for any continuous Gaussian process for any conditioning functionals.
The second representation, given by Theorem 4.25, is called the canonical representation.
This representation is more interesting but also requires more assumptions. The canonical
representation is dynamically invertible in the sense that the linear spaces % (X) and % (X&)
(see Definition 2.1 later) generated by the process X and its bridge representation X&Y coincide
for all times ¢+ € [0, 7). This means that at every time point t+ € [0, T) the bridge and
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the underlying process can be constructed from each others without knowing the future-time
development of the underlying process or the bridge. A typical example of a non-semimartingale
Gaussian process for which we can provide the canonically represented generalized bridge is the
fractional Brownian motion.

The canonically represented bridge XY can be interpreted as the original process X with
an added “information drift” that bridges the process at the final time 7. This dynamic drift
interpretation should turn out to be useful in applications. We give one such application in
connection to insider trading in Section 5. This application is, we must admit, a bit classical.

On earlier work related to bridges, we would like to mention first Alili [1], Baudoin [5],
Baudoin and Coutin [6] and Gasbarra et al. [13]. In [1] generalized Brownian bridges were
considered. It is our opinion that our article extends [1] considerably, although we do not consider
the “non-canonical representations” of [1]. Indeed, Alili [1] only considered Brownian motion.
Our investigation extends to a large class of non-semimartingale Gaussian processes. Also,
Alili [1] did not give the canonical representation for bridges, i.e. the solution to Eq. (4.9) was not
given. We solve Eq. (4.9) in (4.14). The article [5] is, in a sense, more general than this article,
since we condition on fixed values y, but in [5] the conditioning is on a probability law. However,
in [5] only the Brownian bridge was considered. In that sense our approach is more general. In [6,
13] (simple) bridges were studied in a similar Gaussian setting as in this article. In this article we
generalize the results of [6] and [13] to generalized bridges. Second, we would like to mention the
articles [9,11,14,17] that deal with Markovian and Lévy bridges and [12] that studies generalized
Gaussian bridges in the semimartingale context and their functional quantization.

This paper is organized as follows. In Section 2 we recall some Hilbert spaces related to
Gaussian processes. In Section 3 we give the orthogonal representation for the generalized bridge
in the general Gaussian setting. Section 4 deals with the canonical bridge representation. First
we give the representation for Gaussian martingales. Then we introduce the so-called prediction-
invertible processes and develop the canonical bridge representation for them. Then we consider
invertible Gaussian Volterra processes, such as the fractional Brownian motion, as examples of
prediction-invertible processes. Finally, in Section 5 we apply the bridges to insider trading.
Indeed, the bridge process can be understood from the initial enlargement of filtration point of
view. For more information on the enlargement of filtrations we refer to [10,19].

2. Abstract Wiener integrals and related Hilbert spaces

In this section X = (X;)/¢[0,7] 1S a continuous (and hence separable) Gaussian process with
positive definite covariance R, mean zero and X = 0.

Definitions 2.1 and 2.2 give us two central separable Hilbert spaces connected to separable
Gaussian processes.

Definition 2.1. Let ¢ € [0, T]. The linear space £, (X) is the Gaussian closed linear subspace
of LZ(Q, %, P) generated by the random variables X, s < ¢, i.e. % (X) = span{X;; s < t},
where the closure is taken in LZ(Q, F,P).

The linear space is a Gaussian Hilbert space with the inner product Cov[-, -]. Note that since
X is continuous, R is also continuous, and hence .Z; (X) is separable, and any orthogonal basis
(&n);2, of Z;(X) is a collection of independent standard normal random variables. (Of course,
since we chose to work on the canonical space, L>({2, %, P) is itself a separable Hilbert space.)

Definition 2.2. Let ¢ € [0, T']. The abstract Wiener integrand space A;(X) is the completion of
the linear span of the indicator functions 15 := ljg), s < ¢, under the inner product (-, -)))
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extended bilinearly from the relation

{1y, L)) = R(s, u).

The elements of the abstract Wiener integrand space are equivalence classes of Cauchy se-

quences (f,,)o2, of piecewise constant functions. The equivalence of (f,,)° , and (g,)5 > ; means

that
W fn — galll = 0, asn— oo,

where || - Il = /-, -]

Remark 2.3. (i) The elements of A,;(X) cannot in general be identified with functions as
pointed out e.g. by Pipiras and Taqqu [22] for the case of fractional Brownian motion with
Hurst index H > 1/2. However, if R is of bounded variation one can identity the function
space |A;|(X) C A;(X):

t t
4,1(X) = {f € RO, /0 /0 £ (5)f )] [RI(ds, du) < oo}.

(i) While one may want to interpret that A;(X) C A;(X) for s < ¢ it may happen that
f € A/(X), but fl1; € Ag(X). Indeed, it may be that ||| f 15[l > [l flll. See Bender and
Elliott [7] for an example in the case of fractional Brownian motion.

The space A, (X) is isometric to .%;(X). Indeed, the relation
IX]1 =X, s<t, (2.4)

can be extended linearly into an isometry from A, (X) onto .%; (X).

Definition 2.5. The isometry ftX A (X) — Z(X) extended from the relation (2.4) is the
abstract Wiener integral. We denote

t
/O f(s)dX, = FX[f].

Let us end this section by noting that the abstract Wiener integral and the linear spaces are
now connected as

LX) ={ALf] f € L(XO}.
In the special case of the Brownian motion this relation reduces to the well-known Itd isometry

with

t
(W) = {/o f($)dWs; f € L*([0, t])}.

3. Orthogonal generalized bridge representation

Denote by ({(g))) the matrix
T

T
e, = g &) = Cov[ /0 4i(1) dX,. /O g,mdxt].
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Note that ((g))) does not depend on the mean of X nor on the conditioned values y: ((g))
depends only on the conditioning functions g = [gi]fvz | and the covariance R. Also, since
g1, ..., gn are linearly independent and R is positive definite, the matrix ((g))) is invertible.

Theorem 3.1. The generalized Gaussian bridge XY can be represented as

T

XEY =X, — (1, g0 " (en ! ( /O g(u)dX, — y) : (3.2)

Moreover, X&Y is a Gaussian process with
T
E[XEY] =m) — (1.0 (e~ ( /O g(u) dm(u) — y) :
Cov [ XEY, XEY] = (10, 1) = (1. 2D T (&) ™" (15 2

Proof. It is well-known (see, e.g., [24, p. 304]) from the theory of multivariate Gaussian
distributions that conditional distributions are Gaussian with
T

T
E [Xz [0 glu)dX, = Y} =m@) + (1, 20" (gh " <y —/0

g(u) dm(u)) )

Cov |:X,,XS

T
/0 g(u) dX, = y} = {(1r L)) — ((1e 20 T (@ (KL, -
The claim follows from this. [
Corollary 3.3. Let X be a centered Gaussian process with Xo = 0 and let m be a function of

bounded variation. Denote X8 := X%9 ie., X8 is conditioned on {fOT g(1)dX; = 0}. Then

T
X +mfY=xF+ (m(r) — 1, 2N T em ! /0 g(u) dm(u)) + (1, gn " em .

Remark 3.4. Corollary 3.3 tells us how to construct, by adding a deterministic drift, a general
bridge from a bridge that is constructed from a centered process with conditioning y = 0. So, in
what follows, we shall almost always assume that the process X is centered, i.e. m(z) = 0, and
all conditionings are with y = 0.

Example 3.5. Let X be a zero mean Gaussian process with covariance function R. Consider the
conditioning on the final value and the average value:

X7 =0,

1 T
T Jo

This is a generalized Gaussian bridge. Indeed,

T T
X7 :/ 1dX, =:/ g1(t)dX;,
0 0

e Ty T
— Xt dr Zf dX[ =:/ gz(t) dXt
T/o o T 0
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Now,

(1, g1 =E[X: Xr] = R, T),

] T 1 T
(11, 22) :E[X’T/o X, ds} _ ;fo R(, 5)ds,
(g1, 1) = E (X7 X7] = R(T, ),

1 7T 1 T
) =E[XT? /0 X, ds] - /O R(T, ) ds,

1 T 1 T 1 T T
(g2, &2 :E[T/o XstT/O Xu du:| = ﬁ/o /0 R(s, u) duds,

1 T T
[ = ﬁ/o /0 R(T, T)R(s,u) — R(T, s)R(T, u) du ds

and

L T ee)  —(en e
€ = Tam [—(«gl,gz)» (g1, g1 }

Thus, by Theorem 3.1,
{1e, g0 (g2, g2 — K1s, 820 g1, 82 /T
[{(g 0

(s, g2l (g1, g1 — (1, 1)) (g1, 82)) /T
e

_ foT foT R, T)R(s,u) — R(t, s)R(T, s)ds du ¥
foT foT R(T,T)R(s,u) — R(T, s)R(T, u) ds du

X% =X, - g1(t) dX;

&) dX;

T [ R(T, T)R(,5) — R(t, T)R(T, 5)ds /T Tt
t-
0

- foT foT R(T,T)R(s,u) — R(T, s)R(T, u)ds du T

Remark 3.6. (i) Since Gaussian conditionings are projections in Hilbert space to a subspace, it
is well-known that they can be done iteratively. Indeed, let X" = X8!»=8n:Y1.-Yn and let
XY := X be the original process. Then the orthogonal generalized bridge representation XV
can be constructed from the rule

R (§ PO UT el }
xn = xn-l R Dol () dX — Y,
P 2n> gnMuit LJo & W% =

where (-, -))),,—1 is the inner product in %7 (X n=ly,

() Ifgj =1, j=1,..., N, then the corresponding generalized bridge is a multibridge. That
is, it is pinned down to values y; at points #;. For the multibridge X" = X el sy yn
the orthogonal bridge decomposition can be constructed from the iteration

X)) =X,
Ry—1(2, ty)

Xn — Xl’l—] AN s I:Xn—l _ :I’
! ! Rn—l(tna tn) n o
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where
Ro(t,s) = R(t,s),

Rn—l(tv tn)Rn—l(tnv S)
Ry—1(ty, tn) .

Ry(t,s) = Ry—1(t,5) —

4. Canonical generalized Bridge representation

The problem with the orthogonal bridge representation (3.2) of X®Y is that in order to
construct it at any point ¢ € [0, T') one needs the whole path of the underlying process X up
to time 7. In this section we construct a bridge representation that is canonical in the following
sense:

Definition 4.1. The bridge X%V is of canonical representation if, for all t € [0,T), X¥¥ ¢
Z(X) and X; € L (XEY).

Example 4.2. Consider the classical Brownian bridge. That is, condition the Brownian motion
W with g = g = 1. Now, the orthogonal representation is

t
xW:m—Tm.

This is not a canonical representation, since the future knowledge Wr is needed to construct Wl1
for any ¢t € (0, T'). A canonical representation for the Brownian bridge is, by calculating the E;
in Theorem 4.12,

t N 1
M:m—f/ dw, ds
0 OT—M
ro
=(T -1t dWs.
o [ =aw,

Remark 4.3. Since the conditional laws of Gaussian processes are Gaussian and Gaussian
spaces are linear, the assumptions th;y € % (X) and X; € Z (X&) of Definition 4.1 are the

. Y - . gy
same as assuming that X tg Yis 3ti -measurable and X, is ftx -measurable (and, consequently,

FX = ZX*7). This fact is very special to Gaussian processes. Indeed, in general conditioned
processes such as generalized bridges are not linear transformations of the underlying process.

We shall require that the restricted measures P,g’y = P&Y|.Z, and P, := P|.%; are equivalent

for all + < T (they are obviously singular for t = T). To this end we assume that the
matrix
&y = E[(6500 - 6,0) (6400 - 6/ 0)]
T T
= E[/ gi(s)dXs/ gj(S)dXs] “4.4)
t t

is invertible forall t < T.

Remark 4.5. On notation: in the previous section we considered the matrix ((g))), but from now
on we consider the function ({(g)) (-). Their connection is of course ({(g))) = {((g))(0). We hope
that this overloading of notation does not cause confusion to the reader.
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Gaussian martingales

We first construct the canonical representation when the underlying process is a continuous
Gaussian martingale M with strictly increasing bracket (M) and My = 0. Note that the bracket
is strictly increasing if and only if the covariance R is positive definite. Indeed, for Gaussian
martingales we have R(z, s) = Var(Mas) = (M)ps-

Define a Volterra kernel

Lo(t,5) = —g' (1) (&N~ () g(s). (4.6)

Note that the kernel £, depends on the process M through its covariance ({-, -}), and in the
Gaussian martingale case we have

T
g () = / 4i(5)g; () (M)
t

Lemma 4.7 is the key observation in finding the canonical generalized bridge representation.
Actually, it is a multivariate version of Proposition 6 of [13].

Lemma 4.7. Let £y be given by (4.6) and let M be a continuous Gaussian martingale with
strictly increasing bracket (M) and My = 0. Then the Radon—Nikodym derivative dIP,g /dP; can
be expressed in the form

dPg t ps 1 t s 2
Y exp f / Cg(s. 1) dM,dM, ——/ (f eg(s,u)dM,,> d(M),
dP; o Jo 2 Jo \Jo

forallt € [0, T).
Proof. Let

. — 1 ! Ty-1
p(y; m, X) '_WCXP{_E(Y_M) ) (y—u)}
be the Gaussian density on RY and let

ad(dy) =P [GT(M) € dy y,’”]

be the conditional law of the conditioning functionals Gy (M) = fOT g(s)dM; given the
information ZM.
First, by Bayes’ formula, we have

dPf  dof

= —(0).
P~ dat

Second, by the martingale property, we have

dt  p(0:G00, (@)
dag " p(0;Go(M), (2N(©)

where we have denoted G, (M) = fé g(s)dM;.
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Third, denote

p(0: 6,00, (2)0) <|<<<g>>> ©)
» (0; Go(M), ((2)) (0)) [N ()

1
)2 exp {F (1, G:(M)) — F(0, Go(M))},

with

1 t T t
F(t, G (M)) = ) (/0 g(s)dMS> en ") (/o g(S)dMs> .

Then, straightforward differentiation yields

CYF L[ 2
f—(s,Gs(M))dS=——/ </ Eg(s,u)dMu) d(M)s,
o 0s 2 Jo 0

t 3F t s
/ — (s, G5 (M)) dM; :/ f Lo(s, u)dM, dM;,
0 0x o Jo

a2 |<<<g>>>|(r>>5
| E (s, Gy (M) d(M), = log | NEWI)
2/0 ox2 & G (M) diM); = log <|<«g>»|<0>

and the form of the Radon—Nikodym derivative follows by applying the Itd formula. [

Corollary 4.8. The canonical bridge representation M? satisfies the stochastic differential
equation

t
dM; = dM® — / Lg(t, s) dME d(M),, (4.9)
0
where Lg is given by (4.6). Moreover (M) = (M#).
Proof. The claim follows by using Girsanov’s theorem. [

Remark 4.10. (i) Note that for all £ > 0,

T—¢ t
/ / Ly(t, 5)? d(M)s d(M), < oo.
0 0

In view of (4.9) this means that the processes M and M2 are equivalent in law on [0, T — €]
for all ¢ > 0. Indeed, Eq. (4.9) can be viewed as the Hitsuda representation between two
equivalent Gaussian processes, cf. Hida and Hitsuda [16]. Also note that

T t
| [ 92 amn,amn, = oo
0 0

meaning that the measures P and IP® are singular on [0, T].
(i) In the case of the Brownian bridge, cf. Example 4.2, the item (i) above can be clearly seen.
Indeed,

1
Lo(t,s) =
g( s) T —;

and d(W),; = ds.
(iii) In the case of y # 0, the formula (4.9) takes the form

t

dM, = dM¥Y + (gT(,)«<g>»—1(,)y - f Lg(t, 5) dM%y) d(M);. (4.11)
0



T. Sottinen, A. Yazigi / Stochastic Processes and their Applications 124 (2014) 3084-3105 3093

Next we solve the stochastic differential equation (4.9) of Corollary 4.8. In general, solving a
Volterra—Stieltjes equation like (4.9) in a closed form is difficult. Of course, the general theory of
Volterra equations suggests that the solution will be of the form (4.14) of Theorem 4.12, where ZZ
is the resolvent kernel of £g determined by the resolvent equation (4.15). Also, the general theory
suggests that the resolvent kernel can be calculated implicitly by using the Neumann series. In
our case the kernel {g factorizes in its argument. This allows us to calculate the resolvent £
explicitly as (4.13). (We would like to point out that a similar SDE was treated in [2,15].)

Theorem 4.12. Let s <t € [0, T). Define the Volterra kernel

Ez(t’ s) = —Lg(t, S)M

[{((@M1(s)
g(s)

= T o =2 4.13
[(gWI(Hg' )M (t)| @ne) (4.13)

Then the bridge M?® has the canonical representation

t
dM® = dM, —/ (e, 5) dMy d(M),, (4.14)
0

i.e., (4.14) is the solution to (4.9).

Proof. Eq. (4.14) is the solution to (4.9) if the kernel Eg satisfies the resolvent equation

t
Le(t,s) + E;(r, s) = / Lg(t, u)EZ(u, s)d(M),. (4.15)

This is well-known if d{M), = du, cf. e.g. Riesz and Sz.-Nagy [23]. In the d(M) case the
resolvent equation can be derived as in the classical du case. We show the derivation here, for
the convenience of the reader:

Suppose (4.14) is the solution to (4.9). This means that

t
M, = (dM, —/ it 5) dMy d<M),>
0

t s
—/ £g(t, s) (dMS—/ E;(s,u)dMud(M)s) d(M),,
0 0

or, in the integral form, by using Fubini’s theorem,
t t t t
M; = M, —/ / Zz(u,s) d(M),dM; — / / Ly(u,s) d(M),dM;
0 Js 0 Js

t 13 N
+ / / / Lg(s, v)Zz(v, wyd(M), d(M),dM,.
0 Js u

The resolvent criterion (4.15) follows by identifying the integrands in the d(M ), dM,-integrals
above.

Finally, let us check that the resolvent equation (4.15) is satisfied with £g and Zg defined by
(4.6) and (4.13), respectively:

t
f ta(t, 05w, 5) A(M),

t
=— / g' () {e) " (Hgw) |<<<g>>>|(u)gT(u>«<g>»—1(u>ﬂ d(M),
s (g 1(s)
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t
=—g' (Ogn '« )| «<g>(»|)( ) g() (g 1ag " () (g~ () d(M),
T 1 g(s) 2 —1
= d
g () (g~ (>| e ?)l) & M~ )l g | ) d (g ()
g

T 1 _
=g O(eh ()|«< T )><|((<g))>l(t) |(<(g)>)|(S))

_ T 1 |{(g () o7 )
=g O ®gls )|((( W) () ()gls)
= E;(t, s) + Lg(t,s),

since

d((gm (1) = —g" ()gn)d(M),.
So, the resolvent equation (4.15) holds. [J

Gaussian prediction-invertible processes

To construct a canonical representation for bridges of Gaussian non-semimartingales is
problematic, since we cannot apply stochastic calculus to non-semimartingales. In order to
invoke the stochastic calculus we need to associate the Gaussian non-semimartingale with some
martingale. A natural martingale associated with a stochastic process is its prediction martingale:

For a (Gaussian) process X its prediction martingale is the process X defined as

%, =K [Xﬂf/"lx] .
Since for Gaussian processes X ; € £ (X), we may write, at least informally, that

t
X = / p(t,s)dX;,
0

where the abstract kernel p depends also on T (since X depends on T'). In Definition 4.16 we
assume that the kernel p exists as a real, and not only formal, function. We also assume that the
kernel p is invertible.

Definition 4.16. A Gaussian process X is prediction-invertible if there exists a kernel p such
that its prediction martingale X is continuous, can be represented as

t
X, =f p(t,s)dX;,
0

and there exists an inverse kernel p_l such that, for all ¢ € [0, T], p_l(t, ) e L*([0, T, d()A())
and X can be recovered from X by

t
X, =f p~ @, s)dX;.
0

Remark 4.17. In general it seems to be a difficult problem to determine whether a Gaussian
process is prediction-invertible or not. In the discrete time non-degenerate case all Gaussian
processes are prediction-invertible. In continuous time the situation is more difficult, as
Example 4.18 illustrates. Nevertheless, we can immediately see that if the centered Gaussian
process X with covariance R is prediction-invertible, then the covariance must satisfy the
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relation
tAS ) | .
R(1,5) = / p ot u)p= (s, u) d(X)y,
0

where the bracket ()A( ) can be calculated as the variance of the conditional expectation:
(X)y = Var B [X7| 7)) .
However, this criterion does not seem to be very helpful in practice.

Example 4.18. Consider the Gaussian slope X; = t&, t € [0, T], where & is a standard normal
random variable. Now, if we consider the “raw filtration” %X = o0(Xs;s < t), then X is not
prediction invertible. Indeed, then )A(() =0but X r = Xp,ift € (0, T]. So, X is not continuous.
On the other hand, the augmented filtration is simply ﬁ,X =o(&)forallt € [0, T]. So, X=X T.
Note, hoyvever, that in both cases the slope X can be recovered from the prediction martingale:
X = 5 X;.

In order to represent abstract Wiener integrals of X in terms of Wiener—Itd integrals of X we
need to extend the kernels p and p~! to linear operators:

Definition 4.19. Let X be prediction-invertible. Define operators P and P~! by extending linearly
the relations

P1,] = p(t, ),
Pl 1=pta, ).

Now the following lemma is obvious.

Lemma 4.20. Let f be such a function that P~'[f] € L*([0, T1,d(X)) and let § €
L2([0, T1, d(X)). Then

T T
/O f(t)er=/0 P 1) dX,, 4.21)

T T
/0 g1 dX; =/0 P[g1(r) dX;. (4.22)

Remark 4.23. (i) Egs. (4.21) or (4.22) can actually be taken as the definition of the Wiener
integral with respect to X.

(ii) The operators P and P~! depend on 7.

(iii) If p~!(-, s) has bounded variation, we can represent P! as

T
PUfIG) = f&)p~ (T, 5) + / (f() — f(s)) p~l(de, s).

A similar formula holds for P also, if p(-, s) has bounded variation.
(iv) Let ((g))X (r) denote the remaining covariance matrix with respect to X, i.e.,

T T
<<(g>>)f§(t) =E [/ gi(s) dX; / 8j(s) dXs] .
t t
Let (((Q)))f( (#) denote the remaining covariance matrix with respect to X, ie.,

N T
(e ) :/ 8i($)8;(s) d(X)s.
t
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Then

5 T
WeNE@ = (P~ [gy; () = / P~ gi1(s)P™ " [g;1(s) d(X);.
t

Now, let X2 be the bridge conditioned on fOT g(s)dX; = 0. By Lemma 4.20 we can rewrite
the conditioning as

T T
/ g(r)dX, = / P_l[g](t) dX () =0. 4.24)
0 0
With this observation the following theorem, that is the main result of this article, follows.

Theorem 4.25. Let X be prediction-invertible Gaussian process. Assume that, for all t € [0, T']
and i = 1,...,N, gl; € A;(X). Then the generalized bridge X& admits the canonical
representation

t t
X8 = X, —/ / (¢, )P [ég(u,-)] (s)d(X), dX;, (4.26)
0 Js
where
g =P g,

B0, 0) = 1@ 10E @ o —E

(@M~ 1)
X ! ;
(G ) =/ 2i()8(s) d(X)s = (g} ().
1
Proof. Since X is a Gaussian martingale and because of the equality (4.24) we can use
Theorem 4.12. We obtain

~ n s R R
dX® = dXx, — / C5 (s, u) dXy d(X);.
0

Now, by using the fact Atl}at X 1is prediction invertible, we can recover X from X , and
consequently also X2 from X2 by operating with the kernel p~! in the following way:

t ~
x® =/ p~ @t s)dX?
0

t s
= Xt—f p L, s) <f Eg(s,u)df(u) d(X)s. (4.27)
0 0

The representation (4.27) is a canonical representation already but it is written in terms of the
prediction martingale X of X. In order to represent (4.27) in terms of X we change the Wiener
integral in (4.27) by using Fubini’s theorem and the operator P:

XE= X, - f 1(tv>f B35, dX, (),

f/ P~ wP B0 9 a), ax,. D
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Remark 4.28. Recall that, by assumption, the processes X2 and X are equivalenton %, t < T.
So, the representation (4.26) is an analogue of the Hitsuda representation for prediction-invertible
processes. Indeed, one can show, just like in [25,26], that a zero mean Gaussian process X is
equivalent in law to the zero mean prediction-invertible Gaussian process X if it admits the
representation

t
X=X —/ f(t,s)dX;
0
where

t
f(t,s)= / PN, WP [w(u, )] (s) d(X)y

N

for some Volterra kernel v € L2([0, T1?, d()A() ® d()?)).

It seems that, except in [13], the prediction-invertible Gaussian processes have not been
studied at all. Therefore, we give a class of prediction-invertible processes that is related to a
class that has been studied in the literature: the Gaussian Volterra processes. See, e.g., Alos
et al. [3], for a study of stochastic calculus with respect to Gaussian Volterra processes.

Definition 4.29. V is an invertible Gaussian Volterra process if it is continuous and there exist
Volterra kernels k and k~! such that

t
Vi =/ k(t,s)dWs, (4.30)
0

t
W, = / k', s)dV;. 4.31)
0

Here W is the standard Brownian motion, k(¢, -) € L2([0,¢]) = A,(W) and k~1(¢, ) € A, (V)
forallt € [0, T].

Remark 4.32. (i) The representation (4.30), defining a Gaussian Volterra process, states that
the covariance R of V can be written as

INS
R(t,s) = / k(t,u)k(s, u)du.
0

So, in some sense, the kernel & is the square root, or the Cholesky decomposition, of the
covariance R.

(ii) The inverse relation (4.31) means that the indicators 1;, ¢ € [0, T], can be approximated in
L2([O, t]) with linear combinations of the functions k(z;, -), t; € [0, t]. Le., the indicators
1; belong to the image of the operator K extending the kernel k linearly as discussed
below.

1

Precisely as with the kernels p and p~!, we can define the operators K and K~! by linearly

extending the relations

K[1,]:=k(t,-) and K7'[1,]:=k"'@, ).
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Then, just like with the operators P and P~ ! we have
T T
/0 F(0)dV, = /0 KI£1(0) dW;,

T T
fo ¢ dW, = fo K~ [g](1) V.

The connection between the operators K and K~! and the operators P and P~! are

Klg]l = k(T, )P~ '[g],
K '[g]l =k~ '(T, -)P[g].

So, invertible Gaussian Volterra processes are prediction-invertible and the following corollary
to Theorem 4.25 is obvious:

Corollary 4.33. Let V be an invertible Gaussian Volterra process and let K[g;] € L*([0, T])
foralli =1,..., N. Denote

g(1) == Klgl(®).

Then the bridge V& admits the canonical representation

t t
v,g=v,—/ / k(t, w)K™! [Zg(u,-)] () du dvy, (4.34)
0 Js
where

. i i W 3(v)
T, v) = 1@ 1ET @ (@n") " ) —e
’ @™ 1(v)

T
@ @ = / 8i(9);(s) ds = (&N ().
t

Example 4.35. The fractional Brownian motion B = (B;);c[0,7] With Hurst index H € (0, 1) is
a centered Gaussian process with Byg = 0 and covariance function

1
R(.) =3 (zZH + 520 —s|2H).

Another way of defining the fractional Brownian motion is that it is the unique centered Gaussian
H -self-similar process with stationary increments normalized so that E[Blz] =1.

It is well-known that the fractional Brownian motion is an invertible Gaussian Volterra process
with

KIFI) = ens 10 [0 7] o), (4.36)

K110 = s [ ] 0. (4.37)

1
CH



T. Sottinen, A. Yazigi / Stochastic Processes and their Applications 124 (2014) 3084-3105 3099

H-1 l_H
Here I, * and I are the Riemann—Liouville fractional integrals over [0, T'] of order H — %
and % — H, respectively:

T
! / f) ds, for H > 1
) ?

3
o r( ~1 s—13H

_—1£/TL(1
r(%—H)df i (s —nH-1

and cy is the normalizing constant

1
, forH < —,
2

=)

2HF(H+%>F<%—H) :
r2—2H)

CH =

Here
o
I'(x) = f el ar
0

is the Gamma function. For the proofs of these facts and for more information on the fractional
Brownian motion we refer to the monographs by Biagini et al. [8] and Mishura [21].

One can calculate the canonical representation for generalized fractional Brownian bridges
by using the representation (4.34) by plugging in the operators K and K~! defined by (4.36)
and (4.37), respectively. Unfortunately, even for a simple bridge the formula becomes very
complicated. Indeed, consider the standard fractional Brownian bridge B!, i.e., the conditioning
is g(t) = 17(¢). Then

g(@) =K[Ir](t) = k(T, 1)
is given by (4.36). Consequently,

T
WY o = / K(T. 5% ds.
t
&% (u, v) = k(T u)&
s STk, w)2 dw

We obtain the canonical representation for the fractional Brownian bridge:
i " ~1 k(T, )
B, = B; — k(t, u)k(T, u)K — | () dudB;.
0 Js 7 kT, w)?dw

This representation can be made “explicit” by plugging in the definitions (4.36) and (4.37). It
seems, however, very difficult to simplify the resulting formula.

5. Application to insider trading

We consider insider trading in the context of initial enlargement of filtrations. Our approach
here is motivated by Amendiger [4] and Imkeller [18], where only one condition was used.
We extend that investigation to multiple conditions although otherwise our investigation is less
general than in [4].
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Consider an insider who has at time ¢ = 0 some insider information of the evolution of the
price process of a financial asset S over a period [0, T]. We want to calculate the additional
expected utility for the insider trader. To make the maximization of the utility of terminal wealth
reasonable we have to assume that our model is arbitrage-free. In our Gaussian realm this boils
down to assuming that the (discounted) asset prices are governed by the equation

ds;

S =a; (M), + dM;, G.D
'

where So = 1, M is a continuous Gaussian martingale with strictly increasing (M) with My = 0,
and the process a is F-adapted satisfying fOT a,2 d(M); < oo P-a.s.

Assuming that the trading ends at time T — ¢, the insider knows some functionals of the
return over the interval [0, T]. If ¢ = O there is obviously arbitrage for the insider. The

insider information will define a collection of functionals GiT M) = fOT gi(t)dM,, where
gi € L*>([0, T1,d(M)), i =1, ..., N, such that

rds
/ g(t)?t =y=0ilY,, (5.2)
0 t

for some y € RV, This is equivalent to the conditioning of the Gaussian martingale M on the
linear functionals Gy = [G’T]lN: , of the log-returns:

T T
Gr(M) =/0 g(ndM; = [/0 gi(l)sz]

Indeed, the connection is

N

i=1

T
/0 gt)dM, =y — ((a.g)) =y,

where
N

T
(ta, g0 = [{a, g ML, = [fO axgi(t)d(M>t]

i=1
As the natural filtration F represents the information available to the ordinary trader, the insider
trader’s information flow is described by a larger filtration G = (%;);¢[0, 7] given by

4, =Fvo(Gh,...,GY).

Under the augmented filtration G, M is no longer a martingale. It is a Gaussian semimartingale
with the semimartingale decomposition

- t
dM; = dM; + </O Ly(t,s) dM; — gT(t)«(g»)_l(t)Y’) d(M);, (5.3)

where M is a continuous G-martingale with bracket (M), and which can be constructed through
the formula (4.11).

In this market, we consider the portfolio process 7 defined on [0, T — €] x {2 as the fraction
of the total wealth invested in the asset S. So the dynamics of the discounted value process
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associated to a self-financing strategy 7 is defined by Vy = vy and

dV; ds
L =m=t fortel0,T —¢l,
V[ Sl

or equivalently by

t t 1
V; = vg exp ( / 7y dM; + / (n‘yax - 5;13> d(M)S) i (5.4)
0 0

Let us denote by (-, -})) and ||| - [l the inner product and the norm on L2([0, T — ], d(M)).
For the ordinary trader, the process m is assumed to be a non-negative F-progressively
measurable process such that

@) P2 < ool = 1.
(ii) P[{(r. f)), < ool = 1, forall f € L2([0, T — &1, d(M)).

We denote this class of portfolios by II(IF). By analogy, the class of the portfolios disposable
to the insider trader shall be denoted by II(G), the class of non-negative G-progressively
measurable processes that satisfy the conditions (i) and (ii) above.

The aim of both investors is to maximize the expected utility of the terminal wealth V7_,, by
finding an optimal portfolio w on [0, T — €] that solves the optimization problem

m;lxIE [U(VT%)] .

Here, the utility function U will be the logarithmic utility function, and the utility of the process
(5.4) valued at time T — ¢ is

T—¢ T—¢ 1
log Vr—, = log vy +f 7y dM, +/ (nsas - 513) d(M);
0 0
T—¢ 1 T—¢
=]ogvo+/ ndeS+§/ 1wy 2as — mwy) d(M);
0 0
T—¢ 1
— log vo + / s dM, + 3 (. 2 = 7). (5.5)
0

From the ordinary trader’s point of view M is a martingale. So, E ( fOT_g s dM, s) = 0 for
every w € II(F) and, consequently,

1
E[U(Vr-o)] = logvo + SE[ (7, 2a — 7)), ].

Therefore, the ordinary trader, given II (F), will solve the optimization problem

1
max E[U(Vr_g)|=1o + - max E|{{m,2a — 7
 max [U(Vr—e)] =Tlogvg 3 e [((, 2a — 7)).]

over the term (7, 2a — 7)), = 2{(m, a)), — I~ ||||§. By using the polarization identity we obtain

(. 2a — W = NallZ — llx — all? < Nalll?.
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Thus, the maximum is obtained with the choice 7, = a, fort € [0, T —¢], and maximal expected
utility value is

1
E[U(Vr )] =1 SE[all?]
 max [UVr—o)] =logvo + SE | llalll;

From the insider trader’s point of view the process M is not a martingale under his information
flow G. The insider can update his utility of terminal wealth (5.5) by considering (5.3), where M
is a continuous G-martingale. This gives

T—e¢ » 1
log Vi = log vo + / iy Ay + 3 (7, 20 = ),
0

+ (n, /0 'egc,t) dMm, —gT<<<g>»—1y/) .

&

Now, the insider maximizes the expected utility over all 7 € I1(G):

1
max [E|logVr_.| =logvg+ - max E
7ell(G) [tog Vr—] BT e

x [(ﬂ 2 <a + /Olﬁg(u 1) dM; — gT«(g»)IY’) - ﬂ) } :

The optimal portfolio  for the insider trader can be computed in the same way as for the ordinary
trader. We obtain the optimal portfolio

t
T =a +/ lg(t,s)dM; —g" () (gD~ )Y, 1€l0, T —el.
0
Let us then calculate the additional expected logarithmic utility for the insider trader. Since

E [(a /0 '€g<-,s> dM, — gT<<<g>>>—1y’) } =0,

we obtain that

Ar—e = max E[U(Vr—o)] - nlenﬁ?m]E [U(Vr—)]

11(G)
2:|
&

_ g y dM, — g () 'y
=3 A gl 9)dMs —g (g 'y
Now, let us use the short-hand notation

t
G; 2=/0 g(s) dM;,

WM, s) = M (®) — e (s),
Wem . s) = weh (0 — e ).

Then, by expanding the square || - ||||§, we obtain

. 2
| T

=E[lls" (2) ™" (¢ + G) I
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=E [ /0 H YT ien g O (en T 0y d<M)ti|
+E [ fo H G/ (@)~ mewe" O (e~ (G d<M>t} :
Now the formula E[x " Ax] = Tr[ACovx] + E[x] " AE[x] yields
207 = /0 o YT (eh T mgng O (en T Oy dM),
+ /0 Tn :<<<g>>>‘1(r)g(r)gT(r)<<<g>>>‘1<r><<<g>>>(0, r)] d(M),

=y (e (T — &, 0

T—e -
+ /0 Tr[ (@)~ Og0E” O (@) ™ O(en O | an),

- fo e weoe 0] o,
= - (B aN (@77~ 20 - (& a)
+Tr [ (@ (T = &, 0) (@) (O] + log
We have proved the following proposition:

Proposition 5.6. The additional logarithmic utility in the model (5.1) for the insider with
information (5.2) is

Ar_o = max E[U(Vr_)]|— max E[U(Vr_)]
nell(G) mell(F)

1
=50 (ean” (T - - (@)™ ®) v - (& a

2
1 _ _ 1 [{{gM (T —¢)
oT T — ) — 0 0) |+ = log 22— )

+ 7 I [((((g») ( e) — e ( )) g ( )] + 5 log (@10

Example 5.7. Consider the classical Black and Scholes pricing model:

ds

=L — udt + odW,, So =1,

St

where W = (W;)s¢[o,7] 1s the standard Brownian motion. Assume that the insider trader knows
at time ¢ = 0 that the total and the average return of the stock price over the period [0, T] are

both zeros and that the trading ends at time 7' — ¢. So, the insider knows that

T
Gl = / g dw, =2 — Eer 100 = —Eer, 1))
0 o o o

T
Gt = / &) dW, = 2 E(((gz, Ir) = —= g2, 1)),
0 o o o

=
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where

g1(t) = 17(),

g (t) = T_

Then, by Proposition 5.6,

1 2
Ar-e = 5 (5) (e 10" (@) ' = o) — (@)~ ©) (& 1))
1 _ - L NI —e)
=T T —¢) - Lo 0 ~log ———7——,
5T (@@ o)~ (@)™ ©) (2@ ] + 3 1og =1

with

Wem o =

6/ T \> 12/ T \°
T\T -1t T\T—t

forall t € [0, T — €]. We obtain
1 2 T\> T\? T
AT_gz—(ﬁ) 3T <—> —6T (—) 4T (—)—T
2 \o e e e
T\’ T\> T T
+2(—) =-3{—) +2—)—2log(—)—1.
I & & I

Here it can be nicely seen that Ay = 0 (no trading at all) and Ay = oo (the knowledge of the
final values implies arbitrage).

Acknowledgments

We thank the referees for their helpful comments.
A. Yazigi was funded by the Finnish Doctoral Programme in Stochastics and Statistics and by
the Finnish Cultural Foundation.

References

[1] L. Alili, Canonical decompositions of certain generalized Brownian bridges, Electron. Commun. Probab. 7 (2002)

27-36.
[2] L. Alili, C.-T. Wu, Further results on some singular linear stochastic differential equations, Stochastic Process.

Appl. 119 (2009) 1386-1399.
[3] E. Alos, O. Mazet, D. Nualart, Stochastic calculus with respect to Gaussian processes, Ann. Probab. 29 (2001)

766-801.
[4] J. Amendiger, Martingale representation theorems for initially enlarged filtrations, Stochastic Process. Appl. 89

(2000) 101-116.

[5] E. Baudoin, Conditioned stochastic differential equations: theory, examples and application to finance, Stochastic
Process. Appl. 100 (1) (2002) 109-145.

[6] F. Baudoin, L. Coutin, Volterra bridges and applications, Markov Process. Related Fields 13 (3) (2007) 587-596.

[7] C. Bender, R. Elliott, On the Clark—Ocone theorem for fractional Brownian motions with Hurst parameter bigger
than a half, Stoch. Stoch. Rep. 75 (6) (2003) 391-405.

[8] F. Biagini, Y. Hu, B. @ksendal, T. Zhang, Stochastic calculus for fractional Brownian motion and applications,
in: Probability and its Applications (New York), Springer-Verlag London, Ltd., London, 2008.


http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref1
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref2
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref3
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref4
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref5
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref6
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref7
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref8

[9]

[10]

[11]

[12]
[13]

[14]
[15]

[16]
[17]

[18]
[19]

[20]
[21]

[22]
[23]

[24]
[25]

[26]

T. Sottinen, A. Yazigi / Stochastic Processes and their Applications 124 (2014) 3084-3105 3105

L. Campi, U. Cetin, A. Danilova, Dynamic Markov bridges motivated by models of insider trading, Stochastic
Process. Appl. 121 (3) (2011) 534-567.

M. Chaleyat-Maurel, Th. Jeulin, Grossissement gaussien de la filtration brownienne, in: Th. Jeulin, M. Yor (Eds.),
Grossissements de Filtrations: Exemples et Applications, in: Lecture Notes in Mathematics, vol. 1118, Springer,
1985, pp. 59-109.

L. Chaumont, G. Uribe Bravo, Markovian bridges: weak continuity and pathwise constructions, Ann. Probab. 39
(2) (2011) 609-647.

S. Corlay, Partial functional quantization and generalized bridges, Bernoulli J. 20 (2) (2014) 716-746.

D. Gasbarra, T. Sottinen, E. Valkeila, Gaussian bridges, in: Stochastic Analysis and Applications, in: Abel Symp.,
vol. 2, Springer, Berlin, 2007, pp. 361-382.

D. Gasbarra, E. Valkeila, L. Vostrikova, Enlargement of filtration and additional information in pricing models:
Bayesian approach, in: From Stochastic Calculus to Mathematical Finance, Springer, Berlin, 2006, pp. 257-285.
Y. Hibino, M. Hitsuda, H. Muraoka, Construction of noncanonical representations of a Brownian motion, Hiroshima
Math. J. 27 (3) (1997) 439-448.

T. Hida, M. Hitsuda, Gaussian processes, in: AMS Translations, 1993.

E. Hoyle, L.P. Hughston, A. Macrina, Lévy random bridges and the modelling of financial information, Stochastic
Process. Appl. 121 (4) (2011) 856-884.

P. Imkeller, Malliavin’s calculus in insider models: additional utility and free lunches, in: Conference on
Applications of Malliavin Calculus in Finance (Rocquencourt, 2001), Math. Finance 13 (1) (2003) 153-169.

Th. Jeulin, M. Yor, Filtration des ponts browniens et équations differentielles linéaires, in: Séminaire de Probabilités
XXIV, 1988/89, in: Lecture Notes in Mathematics, vol. 1426, Springer, 1990.

0. Kallenberg, Foundations of modern probability, in: Probability and its Applications, second ed., Springer, 2002.
Yu.S. Mishura, Stochastic Calculus for Fractional Brownian Motion and Related Processes, in: Lecture Notes in
Mathematics, vol. 1929, Springer-Verlag, Berlin, 2008.

V. Pipiras, M. Taqqu, Are classes of deterministic integrands for fractional Brownian motion on an interval
complete? Bernoulli 7 (6) (2001) 873-897.

F. Riesz, B. Sz.-Nagy, Functional Analysis, Frederick Ungar Publishing Co., New York, 1955. Translated by Leo

F. Boron.
A. Shiryaev, Probability, second ed., in: Graduate Texts in Mathematics, vol. 95, Springer-Verlag, New York, 1996.

T. Sottinen, On Gaussian processes equivalent in law to fractional Brownian motion, J. Theoret. Probab. 17 (2)
(2004) 309-325.

T. Sottinen, C.A. Tudor, On the equivalence of multiparameter Gaussian processes, J. Theoret. Probab. 19 (2) (2006)
461-485.


http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref9
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref10
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref11
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref12
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref13
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref14
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref15
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref16
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref17
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref18
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref19
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref20
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref21
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref22
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref23
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref24
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref25
http://refhub.elsevier.com/S0304-4149(14)00087-8/sbref26

	Generalized Gaussian bridges
	Introduction
	Abstract Wiener integrals and related Hilbert spaces
	Orthogonal generalized bridge representation
	Canonical generalized Bridge representation
	Application to insider trading
	Acknowledgments
	References


