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Abstract. In this paper, we apply Girsanov’s theorem on the change of probability measures
to obtain an approximation result and a numerical method for certain classes of Markovian
coupled forward—backward stochastic differential equations. As a deterministic application,
by using the Feynman-Kac’s formula, we obtain a new time-space discretization scheme for
certain classes of quasi-linear parabolic partial differential equations.
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1. Introduction

Backward stochastic differential equations, (BSDEs for short), represent a new class of
stochastic differential equations, (SDEs), whose value is prescribed at a terminal time T.
BSDEs have received considerable attention in the probability literature as they provide a
probabilistic formula for the solution of certain classes of quasi-linear parabolic partial
differential equations, (PDEs), that are related to viscosity solutions of these PDEs. The theory
of BSDEs has found wide applications in areas such as stochastic control, theoretical
economics and mathematical finance problems, (we refer the interested reader,e.g. , to El
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Karoui et al. [5] for several applications to option pricing). As of 1973, linear BSDESs were
first introduced by Bismut [2], who used them to study stochastic optimal control problems in
the stochastic version of Pontryagin’s maximum principle. Then in 1990, Pardoux and Peng [9]
considered the general case of BSDEs and established existence and uniqueness of their
solutions under some assumptions such as Lipschitzianity of the generator. More precisely,
they studied BSDEs of the form:

T T
Yi=é+ [ s ¥aZods - | ZadWs, te[0.T)

where (Wi)o<i<r IS a d-dimensional Brownian motion on a filtered probability space
(QF, (Ft)oer<r,P), T is a fixed finite horizon, (), is the natural Brownian filtration.
The random function f : [0,T] x Q x Rk x R®¢  R¥ js the generator of the BSDE, and the
R¥-valued &Fr-adapted random variable & is the terminal condition. The existence of the
uniquely adapted solutions of these BSDEs is proved in [9] under the assumptions (NX1):
o f is uniformly Lipschitzian in (y,z), i.e., there exists a finite positive constant Cs, such that
forall (y,z,y',2"),

|f(t,y,Z) - f(t,y/,Z/)| < Cs (ly - y/|+||Z - Z/”)'
& and (f(t,0,0))+jo,m Satisfies the square integrability condition:

T
e (I + [t 0,00 o) < oo,
0
It should be noticed that in the case of linear BSDEs, valued in R, and defined as:
T T
Yi = 5+I (@sYs + bsZs + Cs)ds —J. ZIdWs, 0<t<T,
t t

the previous assumptions become (N >):
« aand b are bounded progressively measurable processes valued in R and R¥,
« £ and c satisfy:

T
E(1eP + [ lod? dt) <420,
0
and we have explicitlyl_
Yi = F{1E|:§F-|- +jt cssds |Ft:|, (1)
where

I - epr; bedW, — 1 j;|bs|2ds+j; asds}.

Formula (1) will be useful to prove the main approximation in this paper. It was also used
in [7] and [11] to prove a useful comparison theorem for BSDEs. Recently, in 1992, Pardoux
and Peng [10] showed that the solution of some Markovian BSDEs is related to some forward
classical SDEs, corresponds to a probabilistic solution of a non-linear PDEs, and obtained a
generalization of the classical Feynman Kac’s formula. This probabilistic representation leads
to a numerical method for solving PDEs, relying on Monte-Carlo simulations of the forward
diffusion process X, whose convergence rate does not depend on the dimension of the problem.

Let us consider the parabolic heat equation:
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o 1 _ k
a2 AxVv =0, [0,T)xR" @)

v(T,.) =h() RK
It is well known that the solution to (2) is given by

_x=y)?
v(t,X) = J‘h(y)%e 4T-1 dy.,
(4 (T-1))2

From the Gaussian distribution of W, we observe that the solution v can also be represented
as:

v(t,x) = E[h(x + Wry)], (t,x) € [0,T] x R,

which gives a Monte-Carlo method for computing an approximation of v by the empirical
mean:

V(t,X) = V(%) = & D h(x+ W),
i=1

where (W'),_ j , is an n-sample drawn from an exact simulation of W. The convergence of v"
to v is ensured by the law of large numbers, when n goes to infinity. While the rate of

convergence, obtained from the central limit theorem, is equal to % and independent of the

dimension k of the heat equation. More generally, let us consider the linear PDE:

N | ~ k
= +3v+f=0 0,T) x R®,
ot [ (3)

v(T,.) =h() RK
where 3 is the second order Dynkin operator:
3Iv = b(x).Dxv + +tr(a(x)a " (x)D3V).

Under standard conditions on the functions b, o, f and h defined on R¥, there exists a unique
solution v to (3), which may be represented by the Feynman-Kac formula:

T
V(t,X) = E|: | t f(s,xg’x)dsm(x%x)} (t,x) € [0,T] x RK, (4)
where X% is the solution to the (forward) diffusion process:
X = x+ | “h(X)du + [ To(X)dW,, t<s<T,
t t

starting from x € R at time t. Notice that the Feynman-Kac formula (4) can easily be derived
from 1t6’s formula when v is smooth. Indeed, in this case, by defining the pair of processes
(Y,2):

Yi = v(t, Xy), Zy =0 ' (X)DeV(t,Xy), 0<t<T
and applying 1t6’s formula to v(s, Xs) between t and T with v satisfying the PDE (3), we obtain
T T
Yo =hoxn) + | s, Xs)ds - | ZsdWs, 0=t <T. 5)

Equation (5) can be viewed as a BSDE in the pair of adapted processes (Y, Z) with terminal
condition h(Xr). Then by taking the conditional expectation in (5), we retrieve the
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Feynman-Kac’s formula (4).

In this paper, we use the Girsanov’s theorem on the change of probability measure to
obtain an approximation result and a numerical method for certain classes of Markovian
BSDEs. As a deterministic application, by using the Feynman-Kac’s formula, we devise a
time-space discretization scheme for certain classes of quasi-linear parabolic PDEs.

2. The Main Results

Here we entertain classes of one-dimensional Markovian BSDEs driven by one-dimensional
Brownian motion.

2.1. An approximation result for Markovian BSDEs

Consider theTMarkovian BSDEs .
Yt = h(XT) + J.t f(S, XS1YS; ZS)dS - J.t ZSdWS’ t € [O1T:|’ (6)
where X is a forward diffusion process of dynamics

t t
X¢ = X + fo b(s, Xs)ds + j 5 (8. X)AWs,

with x € R and b, o, f and h are valued in R with Lipschitzianity and square integrability
conditions. We invoke the following numerical approximation of the BSDE (6), and refer the
interested reader, e.g., to [1], [3] and [6]. Let = be a partition of time points
0=ty <ty <...<ty=Tof [0,T], with a fixed time step At; := tj,, — tij and a corresponding

AWy, == Wy, — Wy, to write

[ XE =x YE = h<p),
X{T X (ti,X{?)A'[i +G(ti,Xﬁ)AWti, i <n,
< (7
[ 7fAWt ‘(ﬂ} i<n,
[ | ‘(Ft]"'f(tlyxt Yt Z%T)Atly i<n
~

The practical implementation of the numerical scheme (7) requires the computation of
conditional expectations which can be approximated for example by non-parametric regression
methods, based on the projection on a set of basis functions, (see for example [6]), however
this method is highly technical in practice which is the reason why BSDEs have not been used
by practitioners yet.

Now we begin the statement and proof of the main result of this section. We start with
nominal reference deterministic (non random) trajectories denoted by (X, ¥,Z), and defined viz
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/
t
Xt = X+ Io b(s,Xs)ds,

< 2t = E(Zy), (8)
¢ = E(T) + | tT E(f(s,%s.,¥s,25))ds, te [0,T].

.
Clearly by the Lipschitzianity assumptions, the triplet (X,¥,2) exists. So it is possible to
write

( 5 - H6%sYu29
S — ax ]
6 . of s, Xs, Y. Zs)
S — ay ]
~ of s, Xs, Vs, Zs)
Q6= 0z :
&s = (s,%s, Vs, Zs) — E(f(S,Xs,Vs,Zs)) — ZsCs,
I)\(’s = Xs — Xs,
L gs = asxs +e3.

Theorem 2.1. If the processes b and § satisfy the assumptions (H2), and the process &s
satisfies Novikov’s condition, then there exists a new probability measure Q such that the
following approximation

T
Visin = 91+ TS| Pr(h(Xr) — EOO) + [ 9:dsfF |
of the solution Y to the BSDE (6), holds. Here "estim" stands for the estimated value.

Proof. We define the error as the difference between Y; and V¢ viz Y; = Y¢—¥:. Next by
combining (6) and (8), we obtain the following dynamics for Y;

V= o) + [ ToXs, Ys,Zs)ds - [ Zsaws, te [0,T) 9
where
h(X7) = h(X7) — E(h(XT)),
T(s,Xs,Ys,Zs) = (5, Xs, Ys, Zs) — E(f(5, %s, Vs, Zs) ).

_Toarrive at a linear approximation of the BSDE (9), we make a Taylor series expansion of
f(s, Xs, Ys,Zs) around (Xs, Vs, Zs), (assuming that the partial derivatives exist):

+ T, o of (5,%s, Vs, Zs) & of (5,%s, Vs, Zs) ~ of (5, %s, Vs, Z -

f(S,Xs,Ys,ZS) ~ f(S,XS,ys,Zs) + (S X(;Xys ZS) Xs + (S Xasyys ZS) YS + (S Xaszys ZS) (ZS - Zs)
This leads to the approximate linear model:

~ o~ T~ T

Vi = h(XT) + jt (bs¥s +&sZs + §s )ds - jt ZsdWs, te [0,T]. (10)

Now, define
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= L L (! x2
Zi = exp{—IO CsdWs — = IO csds},
A)=| ZrdP, VAe&,
Q) = [, Zr c
t
W = W, - jo & ds,
and suppose that the process € satisfies the Novikov’s condition:

T
E[exp(% J.O|és|2ds>:| < 0

Then by the well known Girsanov’s theorem (see for example cite: O), (W?)OStST is a
Brownian motion under the new probability measure Q. Therefore, (10) becomes

~ ~ T,~ ~ T
V¢ = h(X7) +jt (BsVs +@s )ds - jt ZsdWSR, t e [0,T]. (11)

Satisfaction of the assumptions (X2) by b and § and of (1), leads to
t .
It = exp(j‘0 bsds),
~ ~ T
Yt = Ft_lEQ (rTh(XT) +J. §5F3d8|3jt),
t
which completes the proof. H

Remark 2.1. If the generator f is deterministic (non random), then (s, Xs,Vs,Zs) = 0 and we
have:

Visin = ¢ + TP TEC(OMIF) — EMOG)] + T | EA@F T,

Example 2.1. Consider the following nonlinear BSDE:
—dVp = Ve - Yp (2 - Yp)dt-Zedwy, & =h(xp), te[01], (12)

where h(y) = 1+11 and the process X! = xexp(—Wt— %) is the solution to the forward
X

diffusion process:
t t
X %
Xe=x+| Zeds—[ XodWs, xeR*,

In this equation the process Y represents the potential of a membrane. This equation is
called the stochastic FitzHugh-Nagumo equation, (see [12]) and is used in physics, genetics
and biology, among other fields. The exact adapted solution of (12) is

exp( -W; —

1+exp(—Wt L) (1+exp(-w - ))2

(Ytreal ) Ztreal ) =

The relationship:
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Y- Y (2 - Vo) = Y (1 3xq),
indicates that the BSDE (12) is equal to the BSDE:

T T
Yt = h(X7) + jt %1 — 3 Xsds— ft Zs dWs. (13)

Clearly the generator in (12) satisfies the Lipschitzianity assumptions, but the generator in
(13) does not. However, we can use (13) to test the sensitivity of our numerical method to
dependencies of the driver of the BSDE on the processes X and Z, (see the numerical results
obtained below).

In this case, we have: x; = xexp( 1) and
r =

f (S!)_(S!y5123) = 3

3%s),  T(5,%s,9s,25) = 0,

Therefore

Vo= exp( ]| 2L §2)ds ) EANGK))IF 1~ Eh(Xn)]
+ exp( It s (1 —xs)ds> J —yszs( 2%s + X )exp(jj 2T”(l - %)‘(u)du)ds
+ exp(—j - %)‘(s)ds> j 239,27, [EQ(exp(-Ws — $))IF ]

exp“ Zu (] —xu)du}ds

=1+ 12 +exp(-Wi— D13,
where we have used in the last equality the fact that by the martingale property, we have :
EQ[exp(-Ws — £)[F ] = exp(-W: - %) exp(S).

Finally, we will develop a discretization time scheme and a Monte Carlo simulation (with
Ati = 1) as follows :

1. Yestlm Y1 =2¢
2. The deterministic nominal reference trajectory z is given by (7) as:

t.
s _ N 1+1
7, = FE[ Yesiim AWt |

then, we apply the Monte Carlo simulation.
3. The deterministic nominal reference trajectory y is given by the Euler scheme:

E(h(X1),
=Vt + f:”l YsZs (1— —xs>ds i <n.

<I
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Therefore
y1 = E(h(X7),
Y, _
Vt; = i<n.
1- Zt +th Zt

4. We consider 't = exp(lt)[EQ(h(XT)Wft) - E(h(XT))J, where | is obtained by the
Euler scheme:

IT =0,
Zt. _ .
I, =~ It + Tl(l_ %xti)l, 1 <n.

Use, further, the Markov property and the Monte Carlo method for simulation of the term
[EQ(xmIFp ~ EQhexm) .
5. Then let

2 _
Ji =

I

T

—2X
exp(—jg %(1—%Xs)d8) jt 4X y525< ] )
[exp JZ %T“(l - %)‘(u>dqus

to write

V)

I = I o2t (2>'<ti + %)GXPHOI 75( e )ds]%

and

2 2
I, i1

exp[—I;i %Ts(l—%xs)ds} ) exp[—I;i La-2 s)ds}
- —yt zt< 2%t, + )exp“t' Zs (1— xs)ds]%.

Therefore
=0,
\ 12~ 13 exp(y — 1y,) - 29020 (2% + X )&, i<
6. In the same way, it is possible to write
(1B-n,
\ 13~ 13 exp(ly —1y;,) - yt Zt, [exp(t' )}% i<n.

A
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7. Finally, we have : Ygstim =Yt +¥t.
By using our main (R)-codes, we obtain for x = 1 the results exhibited in Figures 1 and
2.

Figure 1 : Trajeclories of Yreal and Yeslim via (12)
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Figure 2 : Trajecterles of Yreal and Yeztm via (13)
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Clearly, we can see the sensitivity of our numerical method to linkage of the driver of the
BSDE with the processes X and Z.

2.2. Markovian BSDEs and PDEs

In this subsection, as an application of theorem 2.1 we use a generalization of the classical
Feynman-Kac’s formula, which establishes a connection between BSDEs and PDEs. For more
details of this fact, we refer the interested reader, to El Karoui et al. [5] and [10]. This leads to
a time-space discretization scheme for certain classes of quasi-linear PDEs.

For any given (t,x) € [0, T] x R, consider the following classical 1t6’s SDE, defined on
[0,T],

XEX = j b(u, X5)du + j ou,Xdwy, t<s<T, (14)

starting from x € R at time t. We then consideTr the associated BSDE,
Y% = hod )+j (s, X5X, Y 5%, 28X du - | : zZWXawy, t<s<T. (15)
Here, standard Llpsch|t2|an|ty conditions are assumed on the coefficients.

The measurability properties of the solution X*,s e [t, T] of (14) still hold for the solution
(YS,Z8),s e [t, T] of (15). More precisely, the solutlon of the BSDE (15) is adapted to the
future o-algebra of W after t, that is, it is Fi-adapted where for each s e [t,T],
F! = o(Wy—W;, t<u<s), (see Proposition 4.2, in [5], page 44). Let v be a function that is
smooth enough to be able to apply 1t6’s formula to v(s, Xs*). u is supposed to be the solution of
the following quasi-linear PDE:

vy sv+f(txv(t x),o(t, x)a") -0 [0,T) xR,

ot (16)

v(T,.) =h() R,
where 3 is the second order Dynkin operator:
Sy = N L 120t ) OV
Jv = b(t,x) o T 20 (t,x) o
Then v(t,x) = Y{* which is deterministic, with (Y¥*,Z),s e [t, T] is the unique solution of
BSDE (15) Also, we have:
(%,Z8%) = v(s.X§), 0(s. X§) L (s, XE%), t<s<T. (17)

Example 2.2. Consider the so-called “deterministic KPZ’ equation, (see [4]):
v 1% L) - R
CH0+ 3040+ 3(5Ht0) =0, @0 [0 xR, 8)

v(T,x) = h(x), x e R,

Such an equation admits too a "Cole-Hopf explicit solution” that writes as

v(t,x) = logE[exp(h(x + Wr_))].

Clearly the BSDE associated with (18) is:
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T 2 T
Yt = h(XT) +jt %zs ds—It ZsdWs, (19)

withb = 0,0 = 1and X; = X + Ws.
The changes of variables P; = exp(Y:) and Q: = Ziexp(Y) with the Itd’s formula, lead to
the equation:

P = exp(h(Xn) - [ QudW,

and the solution of (19) is given by:
= InE(exp(h(X1))|F ).
Using the Markov property of W, we have:
= InE(exp(h(Y + x + Wy))),
where Y = Wt ~ N(O, T —1).
Therefore
V(t,X) = Yo = log E[exp(h(X + W1_t))]

Finally, by using the Monte Carlo simulation for h(x) = sin(2zx) and our (R)-code, we obtain
the results for v(t,x), shown in Figure 3.

Figure 3 : Monte Carlo method for v(t,x)

.r‘T"'_

- - mﬂl pu,, _H__H_

ﬁ‘\ .‘!‘“;,L{f" * ’m,

———

Consider now the translated Brownian motion B and its associated filtration defined by:
Bs =Wt —-W; , Fe=Fty, 0<s<T-t Let X, 0<s<T-t be the F, adapted
solution of the SDE

S S
Xs = X +j b(u, X;,)du +I o(u,X;)dBy,
0 0

and let (Y5, Zg, 0 <s < T-1) be the solution of the associated BSDE. By uniqueness, we have
X$ = Xep and (Yo, Zoy) = (Y§5,2¢%), t<s<T. Consequently, X¢* and (Y*,Z5*) are &
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adapted. Finally, we are able to simulate the solution of the PDE (16) as follows:
1. We apply theorem 2.1 to (X’,Y',Z’),
2. Use the formulas: Y%X = Y/s—t and v(t,x) = Y%’X,
3. Finally, take v(t,x) = Y(').

Example 2.3. Use the same example given in the previous application of theorem 2.1,
(subsection 2.1). Here we have the estimated solution: v(t,x) = Y%, and the real (exact)
solution given by (17). Computations of the error in v(t,X)esim relative to v(t,x) are finally
exhibited in Figure 4.

Figured : Errer between vit.w) real and wit,x) estm
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