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Abstract

A new method based on nesting Monte Carlo is developed to solve high-
dimensional semi-linear PDEs. Convergence of the method is proved and
its convergence rate studied. Results in high dimension for different kind of
non-linearities show its efficiency.

1 Introduction

The resolution of Non Linear PDEs in high dimension is a challenging task due
to the so-called “curse of dimensionality”. Deterministic method can’t cope with
dimensions higher than 4 even using super-computers. In order to solve problems
in higher dimension, effective resolution of Semi-Linear PDEs based on the BSDE
approach first proposed by [21] were developed in [16] and [20]. A lot of liter-
ature on the subject has developed in recent years and the methodology has been
extended to solve full non linear PDEs in [13], [24].

However because the methodology needs some basis functions to project condi-
tional expectation, it faces the curse of dimensionality too by not being able to
solve PDEs in dimension higher than six or seven.

Recently two new approaches have emerged in very high dimensions:

e The first is based on Deep Learning and uses deep neural networks [10],
[9], [15]. The method seems to be effective in dimension over 100 but no
proof of convergence is currently available and therefore we don’t know its
limitations.
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e The second is based on branching methods and is effective for non lineari-
ties polynomial in the solution u and its gradient Du. Convergence results
are given in [18] and numerical results show that the PDEs can be solved
in dimension 100. However the authors showed that the variance of the
method explodes rapidly when the maturity grows or when the non linearity
becomes important: numerical tests confirm that it is in fact the case. This
methodology has being extended for other non linearities in [4] and [3] and
the maturity problem is solved but at the price of the introduction of some
grids meaning that the “curse of dimensionality” is back.

o The third is developed in [12], [11], [19] with an algorithm based on Picard
iterations, multi-level techniques and automatic differentiation permitting to
solve some high dimensional PDEs with non linearity in u and Du. The
convergence of the algorithm is given and a lot of numerical examples show
its efficiency in high dimension.

As for the branching method, the methodology proposed here is based on the
Feynman-Kac representation of the PDEs coupled with the randomization of the
time step proposed in [18]. This approach is combined with nesting Monte Carlo
with a given depth. Then it is possible to get effective schemes to solve non-linear
PDE:s.

Because a truncation after a given number m of nesting is achieved, the method is
biased.

For the demonstration of the convergence of the proposed schemes it is possible to
follow classical approaches as the one used in [22]. It permits to understand how
many particles to use at each nesting level and the number of nesting level m to
take.

Classically the error is composed of a biased term and a variance term. It can be
shown than the bias term goes to zero very quickly with m but to be effective we
need to be able to take m below 5 or 6 such that the nesting Monte Carlo can be
used. Therefore, as we will see, a limitation of the method will be that the maturity
cannot be too large.

However the methodology proposed here has a lot of good properties :

It is very simple to implement,

It needs a very low memory to run on computers,

Its convergence is independent on the dimension d of the problem,

It is embarrassingly parallel so it can be run easily on super computers,



o If the different Lipschitz constants associated to the non-linearity are not
too large, then the number of particles to take at each level to get a given
accuracy is decreasing very fast giving a method very quickly converging.

Practically we will show that the method can be used on a wide set of cases
and that we are able for example to solve all test cases proposed in [10], [9] for
example.

The article has two parts :

e The first part is devoted to the resolution of the problem with linearity in
u. The scheme is given, its convergence studied and numerical results in
dimension 6 and 100 show the efficiency of the scheme.

e The second part is devoted to non linearities in Du. Based on automatic
differentiation [14], we give a first scheme and show its convergence. We
then introduce a second scheme using ideas in [26]. The second scheme
permits to gain little theoretically but numerically we show that is is far more
effective than the first proposed. We test the methods on problems with
dimensions 10 to 100.

In the sequel we use the classical notation for ¥ € R YL = A /Zl‘il Yl.2.

Given two matrix A, B € M?, denote A : B := Trace(ABT), 1, is the unit vector of
R¢ and I, the identity matrix of M.

All numerical experiments are achieved on a cluster using 8 nodes with a total of
224 cores and MPI is used for parallelization. The generation of random numbers
is achieved using Tina’s Random Number Generator Library [1]. All computa-
tional times are given for a configuration of Intel Xeon CPU E5-2680 v4 2.40GHz
(Broadwell).

2 A first non linear case

In this section we study the case of a non linearity in # and we aim at solving the
PDE fort < T, x € R%:

<_alu - -Lu)(t9 X) = f(t’ X, I/l(t, )C)),
ur =g, (D

where

Lu(t, x) := uDu(t, x) + %O'O'T - D?u(t, x), 2)



so that £ is the generator associated to
X, = x + ut + cdW,, (3)

with 4 € RY, o € M? is some constant matrix and W; a d-dimensional Brownian
motion.
We will use the following assumptions:

Assumption 2.1 f is uniformly Lipschitz in u with constant K :
[f(t.x.y) = f(t.x,w)| < Kly—w| VieR*, xeR’ (w,y) e R “4)

Assumption 2.2 Equation (1) has a solution u € C'*([0, T] x RY), such that

o u is 8-Holder with 6 € (0, 1] in time with constant K :

|u(t, x) — u(f, x)| < K|t — 7° V(t,7,x) € [0,T] % [0, T] x RY,

e u(t, x) has a quadratic growth in x uniformly in t,

In this section p(x) = de~* is the density of a random variable with exponential
law.
Denote

F(1) := f B p(s)ds=e Y =1-F(@),

so that F' is the cumulative distribution function of a random variable with density
p.

2.1 Idea of the algorithm

We consider a sequence of i.i.d. random variables (7,,),>1 of density p.
We consider the sequence defined by:

o, = 0,
5
{Tk+1 = (T+TOAT. ©

We further define Ny = inf{n|T,+; > T}.
We also consider a sequence of independent d-dimensional Brownian motion (W}"),,>1,
which are independent of (7,,);>1.

Define W, = W/ for all ¢ € [0, T} ] and then for each k, define

W, = W, + Wi, forallt € [Ty, Tie]. (6)



We define an associated diffusion process (X;)e[r,.7,,,1 by means of the following
SDE:

X = Xr, +pt =T + oW 1€ [Th. Tenl, Tras., (7)

with Xy = x.

Denoting by E; . the expectation operator conditional on X, = x at time ¢,
from the Feynman-Kac formula the representation of the solution u valid under
assumption 2.2 is given by:

T
u(0, x) :EO,X[F(T)—g_(XT) N R AIGR) p(t)dt|

F(T) Jo p()
=Eo,«[¢(0, T1, X7y, u(T1, X1)))],

1i>1) 1

{t<T}
T - S)g(y)+p(t — S)f(t,y, 2).

¢(s,1,y,2) :=

Recursively we have for n < N7, noting u,, = u(T,,, Xr,) :

Un :ETn,XTn [¢(Tl’la Tn+1 s XT,HI s u}’l+1)]7 (8)

We further consider the truncated operator after p switches :

u, =g(Xr,),
ul) =Er, x; [¢(Th, Tpe1, X1,05ub )], n<p, definedif T, <T (9

The goal of this section is to study the underlying algorithm when the resolution of
equation (9) is achieved by nesting Monte Carlo. Starting from the ideas used in
[18] we propose a nesting algorithm calculating all #}, by Monte Carlo. We have to
show the bias associated to the algorithm goes to zero and that the global variance
induced is controlled. In order to get a useful algorithm, we have to show that the
bias goes to zero very quickly so that the number of switches to take is low: indeed
it is well known that nesting Monte Carlo is subject to an explosion of the computer
time. We will show that for many useful cases it is an effective approach.

2.2 Estimator and global error

Let set p € N*. For (Ny, .., N,—1) € NP, we introduce the sets of i-tuple Q; = {k =
(k1,...,kp)} for i € {1, .., p} where all components k; € [1, N;_;]. Besides we define
0" = UL, 0i i

For k = (ki,....,k;) € Q; we introduce the set Q(k) = {l = (ki,..,k;,m)/m €



{1,..,N;}} € Qi+1. By convention Q(0) = {I = (m)/m € {1, .., No}} = Q1.

We define the following sequence 74 of switching increments always i.i.d. random
variables with density p for k € QF, and a sequence of independent d-dimensional
Brownian motion (W*), which are independent of the (7¢)ieor. Let us define the
switching dates:

T(j) A T,jE {1,.,N()}

{ T(]) - - (10)
ch = (Tk+T]~<)/\T,k=(k1,..ki)€ 0,k € O)

We define an associated diffusion process (Xf),zo by means of the following
SDE
(D) 0 (D) 17 =
Xt = X +,ut+0'W , ZE[O T(,)] i=1,Ny
X = Xk v ut - Ty +oWh,, forke Ok), 1€[Ti Tyl J-as.  (11)
with X9 = x.
We consider the estimator defined by:
_ N G -
g = Ly #0. T(])’XTJ() ()
iy, = NL, Sieow P (Th Tr, X5 Ty i), (12)

fprk =(k1,.k)e Qi1 <i<p,Tp<T,
il = g(X@E) fork € Q,.

Note that in the case where T = T then ¢(T, T}, X’;k i) is independent of &}
so that the recursion is stopped.

Proposition 2.3 Under assumption 2.1, 2.2, we have the following error given by
the estimator (12) :

8 Kzl’e T
E((@? — u(0, x))?) < 14+ — 20 2
(g — u(0, x))) 1_[( Nll T pF(p)+
pzl i i i AT
K T
A i O A
i=0 i j=1 Nj_l A
with
;= B(f(t. X, u(t, X)) + 2B (X7 )2) (2222 1,

and I'(s) = fooo t*~Ye7!dt is the gamma function.
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Proof.  First notice that due to the Lipschitz property in assumption 2.1 and

the growth assumption on u, E( fOT |f(t, Xy, u(t, X;)ldt) < oco. Then notice that
under assumption 2.2, the solution u of (1) satisfies a Feynman-Kac relation (see
an adaptation of proposition 1.7 in [25] ) so that for all k € Q;, and Yk € o(k),

u(Ty, X}, =B (6(Ty, T, Xyt u(Ty, ng))], (13)
Then for k € Q;, i < p, let us define:
E; ZZETk,x';k((ﬁf — u(Ty, X3)) 17,<1)
=Vi + B} (14)
where we note By the bias error for index k as:
Bi:= (B, ¢ (&) = u(Ti, Xp)) 7<r, (15)
and the variance term v; of the estimator:
Vie:= B s (Iner (i =By, e (@)°). (16)

Let us begin with the variance term.
Note that using the equation (13) and the ﬁf definition given by equation (12):

-D —P\\2 1 f(Tf(’X]](“,}’ﬁ]{:) f(T];9X1]{"].\’ﬁ£)
@ =By, @ ner = [ D) “Tmp(—m =B, U=y
keQ(k)
g(xb)
N Z a Tior =7 s En,x; (IT,;ZT——T))]2
k o) F (T T ) k F(T - Ty)
so that
ko b ko-p
1 f(TIE’XTJu]}) f(T/;’XT-’u]}) 2
Vi <2Ep, Xk (= Z (7, ————— —Ep x (Up,————))]+
Ni feOk) p (Tk) T p(T)
g(
2B ok (17, —Ep o (17, )))
TkX [( k%(lk) k> TF(T T ) TkX > TF(T Tk) ]

and using that for independent random variables x;

1 < 1 <
El( Q@i = EG)1 = 55 ) Bl — Ex))’]
i=1 i=1



S (T X7 ) ST X7 1)

Vi <— Z By, x [(Iry, ~Ep e (Ir, ————)]+
N, i) p(Tp) Tk ()
2 g(xk) gXb)
— E; v [, ————— —E ( —L ). 17)
2 T ,X > T X >
N; izeZQ(lio R U A T
Developing
F(T X5 ) F(T X5 )
A= Trer p(Tl}) _ETk,X’;k(lleT p(Tl})
a, f(T,;,XTE,ulf:) — f(T,;,XT%,u(T,;,XT;)))_F
k<t p(t)
f(T, X5 u(Ty, X5 )) f(T, X5 i)
(7. Tk Tk By o (17, TR R
k<T P(T]}) T Xq, " ke p(ch)

that we inject in (17) so that using the relation E(lx—E(x)|?) < E(x?), V; is bounded
following:

f(T,;,X~ &) - f(Ty, X5, u(Ty, X5.)

V <4— E 1 +
kst kz o (1 e 2
€Q(k)
T, X" Tk<T Te Xk WTier =™ N +
l keQ(k) p(Tk)) T p(tp)
g(X%)?
2— > Brx; (1, =————). (18)
1 ked(k) F(T Tk)2

Using that for X, ¥ random variables E(X—E(Y))?) = E(X-E(X))?)+(E(X-Y))%,



then for k € Q(k):

ST X5 u(T, X5)

1 :ETk,X’;k (A7, p(t7)

X%, u(Ty, X%))
(T 3]
o u(T Xk )

S (T,

=Erxt (7,

[Ty, X5

(ETk,X'}k (IT,;<T ) —

(Tk)
AT X u(Ty, X))
p(tp)
o)~ (T X

<Epx (7,

f(T,;,X

f(Tz, X’};, iy)

2
- ETk,XIT{-k(lT];<T )) )

()
f(T13, X’;%, w(Ty, X’;})) )

- ETk ,X’}k a Tier p(ch) +

f(T;;,X%_(, ﬁg)) 5

ETk,X]}k (lTlZ<T ,O(T]})

fTe X5 (T XE))

- ETkyxk (1T1}<T +

p(tp)
M(Tk,Xk ),

E 17.
Tk,ng( 7, ( o)

19)

where the last inequality is obtained by Jensen.
Plugging (19) in (18) and using the relation E(|x — E(x)?) < E(x?) we get :

f(Te X5 #) = f(Ty

Xpu(T X7))

Vk <8N—l Z ETk Xk (1Tk<T
keQ(k)

f@,xg, u(Ti X5))

p(Tp) e

4F > By, xt (17,

I keO(k)

2L D Brx (1 _80p?
N Xt Tt B )2

I keO(k)

)+

o)

)- (20)

Using the Lipschitz property of f and the tower property :

1
Vi <85 D Erxt ((p( ))ZEk)+

i keQ(k)

4— > By, xt (7

N; keQk)

2_ Z ETkX ( =

N; keQ(k)

S (T,

Xp o u(T X3)

o) R

(xky2
S0 21

F(T - Ty)?



Now we take care of the bias term.

(T,;,X’;k,ug) f(T, X5 u(Tk,Xk ))
oty <rk)

2

S
B%: = D, Enx¢ (14(

k€ 0(k)

(22)
Using the fact that all expectations for the & are the same, we get :

2

f(T,;,Xé,a@ f(T X5 (T, XE)
Z Fro, (a0 D
keQ(k) k k
Then using Jensen :

Z B f(T;,Xg,a@ F(T X (T X5))
ot (e () p(Tp)

kGQ(k)

So that using the Lipschitz property of f and the tower property :

1 K?

2

B fﬁ,,Z Ex, xk (p(T 7 £ (23)
keQ(k)

Plugging (21) and (23) in (14) we get:

2
Ey <—(1+—) > Enx, o
Ni” 25t

Ek)+

L e L f(T,;,X%, u(T7. X},) °
N2 Ty, Xk Tk<T - +
Nl keO(k) p(Tk)

2— Z Brox (7, =———). (24)
z 2

We can iterate to get Ep using the tower property

p
1
Ey < ]_[—N +—l ) > - ) B p(T )2Ekp]+
=1 Ke0©) kreQ@krT) o1 P
p—l 2 i 4f(T~;+1 X]'EH[ M(T ol l+l ))2
K 1 kitls k
— N_(1+N_-) > D B, o ASE
i=0 Vi j=1""J7 1 J-1 Hed® kel H] 1p(TkJ)
zg(X];Hl)z
Iz, d ] (25)

T - —
st kT Hlj':1p(Tl}f)2F(T _ T]}’_)2

10



where Ep, = 17, (@(X}, ) = u(Ty,, XJ: )2
We now bound the two terms in the last summation. Using the fact that p corre-
sponds to the density of an exponential law:

‘+1

f(Tgn, X§' MUGED
D :ZE[ITkin i+1

H] (ka)
Ti+l1

lT L g f(TkH—l I'J*' l/t(TkH-] XI;,TJH ))2

H'J+1P(lej) [T o)

L+l 7i+1

AT f(T]}iH , X]%k . M(T];,-H s Xl]i,yﬂ ))2

E 1T~1+
i [T (i)

i+1 i+1

71! T—t' = -
k! ki+t i+1
/11+1f f f E[f(zl t]’XZI+1 /7u(z tj X21+1 ,)) dt dtl
]:

e’ 2
: E(f(t, Xy, u(t, X)), 26
TAHL (1 + 1)) t:{gg} (f (&, Xy, u(t, X1)7) (26)

)

+1

e
<'—
_/11+1

where E(f(¢, Xy, u(t, X)))?) < oo due to the Lipschitz condition on f and the quadratic

growth of u.
We know deal with the last term using the fact that distribution of X7 is independent

11



of the switching dates :

8,
H; ::E[ITIEI'+1>T1T/E!'<T i zk‘ 2]
[Toy p)F(T = Tp)
lr. <
=E[lr,,,  — L JE(g(X7)%)
CT T, pa P E(T = Ty)?
ity 2
ZE[IT,;i+I>T1T/;i<T 22 & K ]E(g(XT) )
2T 5
ZFE[lTﬁHﬂ1T;,<T]E(8(XT) )
2T o (T e N
=———E(g(X X — Ae”Pdydx
o Be(Xr)7) | D J y
AT i
e T
=— —FE(g(X7)*) fori>0,
T B ) for
]}Hl 2
Hy <E[l7. 7o T ]
=e'"E(s(X7)?). 27)
where we have used the fact that T} follows a gamma law with density Ax'! %
At last using the Holder property of u with respect to #:
K%
F:=E[lr,_, ——Ej]
TS
° % e
=E[17. )(~ _uT~)7X~ ]
[ Tip o1 H?:lp(Tl}j)Z(g( Tkp) ( kP Tkp))
N 1
<K*’T*K*E[lr, ]
kP<T H?;] p(TTcJ')Z
K 5950 21T:p K? sppr [T APxP!
_ﬁT K E[l7y,<re”"#] = WT K fo e ) dx
K2p AT R TP
<2 ¢ pwRr L (28)

AP pr(p)

12



Plugging (26),(27) and (28) in (25)

p 2p AT
1 8 K-r ~y TP
Ep < l_[ N—(l + N—) Z Z /Uf TZGKZ r +
=1 T Heow  weor) )
p=l g i i AT
K 8 Te 4T
— | Ja+ )— : sup E(f(t, X;, u(t, X;))*)+
SN L TN (/l(1+1)!,€[0,pT] (e, X utt, X,
Liso
2E(g(X7)*) (e + 1i
(8(Xr) )(iF(i) i=0))
p 2p AT
8 K°P .
= ]_[(1 P )
" Ni-y”  ar pI(p)
p=l g i i AT
K 8 T'e 4T
— | |a+ )— : sup E(f(t, X;, u(t, X;))*)+
N L TN G Sup BUC X ult. X,
Liso
2B(¢(Xr)*) (= + 1izo)) (29)
ir'@@)
which is the desired result. Observe that it is necessary to solve accurately

each inner iteration with enough simulations in order to get convergence. This is
due to the By estimation (23) for which we have to take enough simulations to
avoid bias propagation. The result is classical in nested Monte Carlo : not enough
convergence in inner iteration can lead to a bias on upper iterations.

The convergence result is quite obvious:

e the bias propagates multiplied at each switching dates by a square of the
Lipschitz constant but decrease due to the fact that the probability that the
branching dates doesn’t reach 7' goes to zero. In fact using Stirling formula
I'(p) =~ 2n(p - 1)(’%1)” ! we see that the bias term goes to 0 exponen-
tially fast meaning that for not too long maturities only small values of p are
needed to reach a very good accuracy.

The variance term can be bounded by

)

p—

2,

i=l

1

=z

1

with C; going to zero very quickly meaning that we should take N; with de-
creasing values. . .
Besides if we consider series {(N/, ..,NIJ7 _}j>0 such that the correspond-

ing (ﬁg)j goes to the bias term, it is reasonable to take (Nj ,..,N; _1) =
MI(NY, .., Ng_l) where M/ goes to infinity.

13



Remark 2.4 For f regular it could be tempting to try to use the ideas developed in
[22]. The approximation in this article for f regular uses the fact the bias goes to
0 in order to declare that terms depending on the square of the bias are negligible
compared to terms depending on the bias at each iteration of the nesting procedure.
This is not true in our case.

Remark 2.5 The previous result in proposition 2.3 is also valid for more complex
SDE as soon as the SDE can be simulated exactly.

Remark 2.6 We could have a tighter expression for the variance terms by keeping

lg(Xr)~E(e(Xp)II5 and ||f (2, X, u(t, X)) ~E(f (¢, X;, u(t, X)))|[3 instead of |1g(X7)|13
and ||f(t, Xy, u(t, Xt))”% respectively.

Remark 2.7 When the coefficients u and o are not constant the methodology is
exactly the same except that the SDE has to be approximated by an Euler Scheme.
Two ways to implement it can be used :

o the first consists in getting the coefficients of the SDE on a fixed grid with a
given time step picking the values from the grid. Then the error added due
to the discretization is classical [23].

o a second numerically more effective consists in using an Euler scheme be-
tween the switching dates essentially meaning that the Euler grid depends
on the trajectory. This approach is suggested in [26].

At last we see that the method converges with a speed independent of the dimension
of the problem meaning that it is possible to solve non linear PDEs in very high
dimension.

2.3 Numerical results for the first non linear case

We will first study a first toy case in high dimension then we will move to a realistic
test case in finance.

2.3.1 A first toy example

In this first case we take 2 maturities 7 = 1, T = 2. The SDE coefficients are

ﬂld with yg = 0.2, o9 = 1.

,Ll=l§]ld,0'=‘/;l

14



We take for x € RY, gx) = cos(Z?:1 x;) and the non linearity:

d 0’3 d
t,x,u) =cos( > x)a+ —2)e T 4 gin( ) x)uge™ -
£, x,u) (Z‘ a+ =) (Z‘ Ho
d
I’COS(Z x)2&2MTD 4 (=T v (4 A 4T 7DY)?
i=1
witha = 0.1, r = 0.1,d = 100.
Equation (1) admits the classical solution u(t, x) = e“(T")cos(Zl‘.lzl x;). The Lips-
chitz constant associated to f is K = 2re?’ and the solution is Lipschitz in time
(6 = 1) with a Lipschitz constant K = ae.
Notice that

E(g(X7)») < 1,

and
2

g
sup B(f(, Xp,u(t, X)) < (a+ =7 + o) 770,
t€[0,T]

In tables 1, 2 we give the different coefficients associated to error expression in
proposition 2.3:

e Bias p corresponds to term

KZp AT . TP
b(p) = — —TYR—— (30)
AP pI(p)
e Var i corresponds to the variance term
TiAT
V(i) = K2 ji ;. 31)

We check that the bias and the variance terms decrease rapidly with p for small
maturities.

Intables3and 4, for T = 1and T = 2, 1 = 0.4, we give the level p and the number
of particles to take at each level to reach a given accuracy.

On figure 1, we plot for different values of A the solution with 7' = 1 obtained
with one or two switches with a number of particles No = 1000 x 2 1part 4pg
N; = 50 x 2 PAt With one switch the solution is clearly biased while the bias is
indistinguishable from O with 2 switches whatever the A taken.

On figure 2, we plot for different values of A the solution with 7 = 2 obtained
with one, two or three switches with a number of particles Ny = 1100 x 2 1Part,
Ny =110x2 ipart’ Ny, =25x%x2 ipart. For all A, we have to take three switches to
have a good precision. The best solution seem to be reached with 4 = 0.2.

15



A 0.2 0.4 0.8
Biasp=1 | 0.01458 0.008902 0.00664
Biasp=2 | 0.00178 | 0.0005437 | 0.0002028
Bias p=3 | 0.000145 | 2.213e-05 | 4.128e-06
Bias p=4 | 8.854e-06 | 6.759e-07 | 6.302e-08
Bias p=5 | 4.326e-07 | 1.651e-08 | 7.697e-10
Vari=0 21.54 14.65 13.15
Vari=1 2.929 1.077 0.5374
Vari=2 0.2628 0.05125 0.01371
Vari=3 | 0.01753 0.001791 | 0.0002515
Vari=4 | 0.0009291 | 4.93e-05 | 3.588e-06

Table 1: Coefficient in the error analysis in proposition 2.3 for T = 1

A 0.2 0.4 0.8
Bias p=1 0.2125 0.1585 0.1764
Bias p=2 0.0634 0.02364 0.01316
Biasp=3 | 0.01261 0.002352 | 0.0006542
Biasp=4 | 0.001881 | 0.0001754 | 2.44e-05
Bias p=5 | 0.0002245 | 1.047e-05 | 7.28e-07
Vari=0 59.96 46.95 57.2
Vari=1 18.78 7.668 5.005
Vari=2 3912 0.8287 0.2856
Vari=3 0.6101 0.06674 0.01202
Vari=4 | 0.07596 0.004276 | 0.0003996

Table 2: Coefficient in the error analysis in proposition 2.3 for 7' = 2
i 0 1
N; | 129684 | 5299

Table 3: Number of particles to take for p = 2,4 = 0.4,T = 1, an accuracy

By + %15 N TTin(1 + 52) = 1.088E — 03,

2.3.2 A second test case

We use the test case presented in [17]. This is a test case in low dimension but the
author gives some numerical bounds on the solution so that we can compare our
methodology to some deep learning solution.
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i 0 1 2
N; | 59885 | 9780 | 1057

Table 4: Number of particles to take for p = 3,4 = 0.4,T = 2, an accuracy

By+ 570 S Tiy(1 + ) = 4.720E - 03.

—— Nb switch =1 —— Nb switch =1
101 Nb switch = 2 101 4 Nb switch = 2
—-- Reference — .- Reference
] 1 2 3 4 5 6 7 ] 1 2 3 4 5 6 7
ipart ipart

A1=0.2. A=04.
1.08 4
T e e
: \/_/\
T 104
102 /
—— Nb switch =1
1.00 Nb switch = 2
—-- Reference
° 1 2 3 3 5 6 7
ipart
A=0.8.

Figure 1: Convergence for different number of switches for case 1, T = 1.

The author considers the PDE obtained from a CVA valuation problem.
1
Lu(t, x) := uDu(t, x) + EO'O'T :Dzu(t, X), (32)

2
taking y = —%0 I, o = o9ly, and a non-linearity

f(t’ X, I/l) = ﬁ(l/l+ - M)’
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value
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1.075 | 1.075 1

1.050

1.050 1
—— Nbswitch =1

Nb switch = 2
—-= Nbswitch =3
—— Reference
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Nb switch = 2

—-:= Nbswitch =3

—— Reference

1025 1.025 4

10001 . . . . - - - 10004 . . . . - - -
o 1 2 3 4 5 6 7 o 1 2 3 4 5 6 7
ipart ipart
1=02 1=04
1.20 s
AN
7 o ==
/
1154 —
N K7

105
—— Nbswitch=1

Nb switch = 2
—-- Nbswitch =3
—— Reference

(] 1 2 3 4 5 6 7

Figure 2: Convergence for different number of switches for case 1, T = 2.

with 8 = 0.03,09 = 0.2. The initial value for the SDE is Xy = 1I; . The final
function g(x) = Zle(l — 2l,4vs1) and T = 1. Some bounds on the solution in
dimension till 6 are given. For d = 6 a lower bound calculated is 48.80, an upper
bound is 48.83 whereas with 8 = 0 the solution is 47.73.

On this simple problem we don’t try to optimize the number of particles taken
at each level nor the A taken. On figure 3, we plot for 4 = 0.1 and 4 = 0.2,
the solution obtained with one, two or three switches with a number of particles
No = 36000 x 2 1Pt N = 140 x 21Part n, — 21Part . with 1 = 0.1 with 3
switches and ipart = 8 we get 0.4880 while with 4 = 0.2 we get 0.4882 so that
both values are in the very tight bounds proposed in [17].
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Figure 3: Convergence of the scheme on the CVA case.

2.3.3 A third test case

In this part we take a test case coming from [10] modeling the valuation of an
European claim in dimension 100 using a Black-Scholes dynamic of the assets
supposing the existence of a default risk. The default is modeled by the first jump
time of a Poisson process with intensity Q. When a default occurs, the claim’s
holder receive only a fraction 6 € [0, 1] of the current value. We want to valuate
the claim conditionally that the default hasn’t occurred yet. The dynamic of an
asset S, with trend pg and volatility o following the BS model satisfies

a2
S, = Sgeto= oo (33)
such that taking X; = log(S;), the X; dynamic follows
2

g,
dX, = (uo — 7°)dt + aodW,. (34)

Supposing that all the assets are independent and follow the same equation (33),
the value of the claim given by [10] can be equivalently given as the solution at
date 0 and point x = log(100)1; of (1) where

Lu(t, x) := uDu(t, x) + %O‘O’T :D*u(t, x), (35)

2
with u = (up — %)]Id, o = ooly.
Following [10], the final function g satisfies for x € RY,

100
gx) = miln(ex"),
1=

19



while the non-linearity is given by

)’h

yh

!
f(t, x,u) = — (1 = 6) minfy", max{y!, =— ZI (=" + 9"+ R) u
where R is the interest rate of the riskless asset (see [2]). We take the same param-
etersas in [10]so 7 = 1,6 = 2, yp = 0.02, o9 = 0.2, V" = 50,v/ = 70, y" = 0.2,
¥' = 0.02. As pointed out by [10], the solution obtained by Monte Carlo ignoring
the default risk is approximately 60.78. This reference can also be obtained by the
algorithm taking f = 0 as shown on figure 4.

60.95
— A=0.2
A=0.4
60.90 4 —:= A=0.8
—— Estimated 68.78

60.85

g
& 60.80
d IS

60.75 g /- e

60.70 - /

ipart

Figure 4:  Convergence of the scheme on the Black Scholes case without default
taking f = 0 in the algorithm with a number of particle N = 100000 x 21Part,

Let us study the value of the different terms :

e K=(1-60y"+R=0.086,

E(g(Xr)?) < E(X1)?) = §2e2+90T ~ 10000 where X' stands for the first
asset log value,

Noting # the solution without default

sup B(f(t, X;, u(t, X,))?) <K sup E(u(1,X,))
1€[0,1] 1€[0,1]
2 A 2 2 152
<K~ sup E(a(t, X;)") < K° sup E((X;)")
1€[0,1] 1€[0,1]
=K2S2 sup e+ ~ 50,
1€[0,1]

At last the solution may not be uniformly Lipschitz in time but remember
that K272 is a bound from an expression ¢ = sup,(o. 71 E(@(t, X;) — 8(X))?)
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so that using the previous estimations

Y <2 sup E(u(t, X)* +g(X))
1€[0,T]
<282 sup (6470 + (G = 40000
te[0,1]
so that K>T% can be replace 40000.

In table 5, we give the coefficients of equations (30) and (31) involved in proposi-
tion 2.3. By taking 4 = 0.8 , p = 3, on table 6 we give the number of particles to

A 0.2 0.4 0.8
Bias p=1 1988.0 1214.0 905.4
Bias p=2 37.32 11.4 4.25

Biasp=3 | 0.4672 0.07134 0.0133
Bias p=4 | 0.004387 | 0.0003349 | 3.122e-05
Bias p=5 | 3.295e-05 | 1.258e-06 | 5.863e-08
Vari=0 | 28450.0 33540.0 49120.0

Vari=1 1031.0 618.3 457.0
Vari=2 19.13 5.77 2.139
Vari=3 0.238 0.036 0.006682

Vari=4 | 0.002226 | 0.0001687 | 1.567e-05

Table 5: Coefficient in the error analysis in proposition 2.3 for the Black Scholes
case with default risk.

take to have an accuracy of 0.01.

i 0 1 2
N; | 110796 | 1030 | 4

Table 6: Number of particles to take for p = 3,4 = 0.8, an accuracy
=1 v@) 11i 8 \ —
B, + Z,-pzo % H’jzo(l + m) =4.1F -2.

On figure 5, we plot for different values of A the solution obtained with one, two
or three switches with a number of particles No = 36000x2 1part A = 40x2 1part
Ny =2 1part The solution seems to be 57.28 (value obtained for 3 switches with
both 4 = 0.1 and A = 0.2 and also obtained with deep learning techniques [5]) and
close to the value obtained in [10] who game 57.30.

Two switches are enough to get a good accuracy. For example 57.27 is reached
with two switches taking Ny = 1152000, N; = 4480 in 90 seconds with 1 = 0.2.
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Figure 5: Convergence of the scheme on the Black Scholes case with default

value

] —— Nbswitch=1
Nb switch = 2
—-- Nbswitch = 3

1 Estimated =57.28

value

Nb switch = 1
Nb switch = 2

- Nb switch =3

Estimated =57.28

3 The semi linear case

In this section we extend the previous scheme obtained to the semi-linear case. To
simplify the setting, without restriction, we just take a function depending on Du:

where £ is always given by equation (2) and the dynamic of the underlying SDE is
still given by (3) with u € R?, and o € M? is here some constant non-degenerated

matrix.

(=0 — Lu)(t, x) = f(t, x, Du(t, x)),

ur =8,

t<T, xeRY,

We will take the same kind of assumption as in the previous section:
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Assumption 3.1 f is uniformly Lipschitz in Du with constant K :

Ift,x,y) = f(t,x, w)| < Klly=wll,  Yre[0,T],x € R, (w,y) € R x R?,
(37)

Assumption 3.2 Equation (36) has a solution u € C'*([0, T]1 x RY), such that

e Du is §-Héolder with 6 € (0, 1] in time with constant K :

\Du(t, x) — Du(7, x)|| < K|t — 7° V(1,7 x) € [0,T] X [0, T] x R,

o u(t, x) and Du(t, x) have a quadratic growth in x uniformly in t.
Assumption 3.3 g is uniformly Lipschitz such that for K > 0:

lg(x) — gl < Kllx —yll2  ¥(x,y) € RY x RY,

3.1 General idea of the algorithm

We will propose two algorithms that are some extensions of the algorithm previ-
ously given.
As in the previous section, the sequence (7)o is defined by equation (5) but the
(Tm)mx1 are i.i.d. random variables of density p which follow a general gamma
distribution so that

—Ax

T(w)’
and the associated cumulated distribution function is

y(u, Ax)
F(x) = Tw
where y(s, x) = fox t*~le~!dt is the incomplete gamma function.
In order to have a converging method we will see that we will have to take # < 1 in
p expression (38) excluding the exponential distribution. This a weaker constraint
than in [18] where, using branching for some polynomial non-linearities, converg-
ing results were only obtained for u < 0.5.

px) = 171

u>0 (38)

Under the regularity assumption on u, from the Feynman-Kac formula, the
representation of the solution u is

g(Wr) " ra Xz,Dtb)t(t » X)) (Z)d[]

ZE()’x[(ﬁ(O, Tl . XvTl N Du(T1 . XT1 ))], (39)

u«)x)—onPKT)
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with

3(s,1,%,7) 1= _Lien) g(x)+ Lu<n) £(t, %, 7). (40)
F(T - s) p(t—s)

then we define Du(T'1, Xr,) using the automatic differentiation rule :

W, - Wr
Du(T1, Xr,) = Er, x;, [0' Tﬁ(b(TlaTZ,XT1>XT2aDM(T2,XT2))]’ (41)
with
1t>T} {t<

¢(s,1,x,y,2) = f( ¥, 2) (42)

p(t -

— @ —gx))+
s)

where the g(x) acts as a control variate term.

The automatic differentiation used here is based on the Malliavin integration by
parts formula (see [14] for its use in the context of Monte Carlo approximation and
the extension to other sensitivities) and has been used in a similar context as the
one presented here in [8], [18].

Recursively we define for n < Ny:

+Wr,., —Wr,
¢(Tn7 Tn+1 XT 9XT +15Du11+1)]7 (43)

Du :ET,,,X o —-
g Tn[ Tn+1 Tn

As in the previous section we besides consider the truncated operator after p switches:

ub =E($(0, T1,XTI,Dup))
Wr,

P _ - +1
Dun —Ern,xgn [O’ ”—

D
T},H_] _ Tn (Tnv Tn+1’XTn3XTn+1’Dun+1)]s 1 S n< p

Duj, =Dg(Xt,).

The goal of the following section is to present two algorithms based on the previ-
ously defined recursion and to show their convergence.

3.2 A first estimator

We take the same notations as in the section 2.2 for the set Q;, i < p, the set O(k)
for k € Q;. The 14 are as before some switching increments. They are always
i.i.d. random variables with density p and for k € QP the W¥ are some independent
d-dimensional Brownian motions, independent of the (74)iegr too. The switching

24



dates are defined by equation (5) and (XZ‘)IZQ defined by (11).
We propose the following estimator defined by:

T L yvNo 5 ) PP
iy = x5 oy 80, Ty, Xz, Diag)), )
> 1%
71 U o N vk vk _py, T T Tk
Duk - N ZkeQ(k) ¢(Tk’ Tk’ XTk’ XT;(’ DM]; )0' ﬁ (44)

fOI:k = (k],kz, k,) € Q,‘,i <p,
Dug = Dg(X%) fork € Q,

Remark 3.4 An estimator of the gradient at the initial date is off course available
too as

WT(/')

No
1 .
-p _ . )] P\, T
Dify = z; 90,7, x. Xy, D’y )or
J:

Proposition 3.5 Suppose that p is the density of a gamma law so that p(x) =
—Ax

/l“x“_l%, suppose that u < 1, and suppose that assumptions 3.1, 3.2_, 3.3 are

satisfied then there are two functions C and C depending on o and one C depend-

ing on u, o and T such that using estimator (44) to solve equation (36), we have

the error estimate
8 F(u)pe/lT T(l—u)p+1+26
N T (- @ —w

)4
B((@) - w0, x)%) < [ |a+ CoY ' R* K+
i=1

p=l o i i+1 AT p(l=u)(i+1)+1

K 8 I T ~ A
4y [ ]a+<—) W™ e . E(o) Fr
SN LD TN AR (- wie-w

p=l o i i+1 AT (1-w)i+1 = i1 2
K 8 T e T Clu,o, T)C(o) 'K
) (148 T@" R (1,0, T)C(0)
Al N A (A -w@-uw) T =y, aT)

2 T(x)

2
N T = Gy S )
(45)
where
F = sup BLf(t. X;, Du(t, X;))*]?, (46)

t€[0,T]

Proof. Under assumption 3.2, the solution u of (36) satisfies a Feynman-Kac
relation so that for all k € O(0)

u(0, x) =Eo 1[#(0, T, X5, . Du(Ty, X5, )], 47)
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and that for all k € Q; with i < p, and Vk € Q(k), the gradient is given by:

vk

_ =T, T
Du(Ty, X7,) =B, i [0 Tk (T Ty X5, X5, Du(Ty, X5 )], (48)

T -
We then introduce for k € Q;, 1 <i < p:

Ey :=Ep, i (1D - Du(Te, X3 )51 7<1).

In exactly the same way as in the demonstration of proposition 2.3, we have the
following result similar to the one given by equation (24):

( )T -1 _TWE-, K2
<—(1+—) Z ETka( 5 &

)2
l keOk) T/; p(Tk)

(W" )TO"IO'_TW" f(T3, Xk Du(Tk,X" )
Z Br,x; (7, . £( )+

; keQ(k) L P(Tk)

(WE_p ) To™lo™TWE ;. (a(X%) — g(XE ))?
2— E; i
N; ke%) r e (T'= Ty Fr-np

(49)

Using equation (24) with k = 0 obtained in demonstration of proposition 2.3:

2
E((# - (0, x))’ )<—<1+—> > e
keQ(0)
(T, X%, Du(Ty, X))
Z E( Tk<T f - d o d )2)+
p(TR)

0 ke0(0)

g(xky?
. B (1, =———). (50)
Ny S “F(T - Ty)

——Ep+

Iterating from 1 to p — 1 we get:
E((ﬁg - u(0, x))z) <A +4A; + 2A3, D

where

Nici Fed® kreldEr-1)

_ l_[_(1+_) Z Z Bi(k', ... kD) (52)
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p=l poi i
K 1 8
a=) el gm0 DU D B LEY, (53)
J i KeQ@ ki+leQk)

and

p=l g0 i
K 1 8 AR
A=Y S0+ D Y BEL LR, (54

i=0 j=1 Nj-1 Ni-1 KeQ® kitleQ(ki)
where noting
v = (WE)To o™ TWE
72 ’
Je = f(Th, Xi . Du(Ty, X5,), (55)

we have:

Bi(®, .. k") E[]—[ e )2]_[% Wl
k]

i+1 i+1

- o A 1
Byk', K =B[1r,,  (u? [ | === [ [vw]
j=1 p(TkJ) j=2

(g(X?H) - lizlg(Xii))z
1T7<[<T F(T _ Tf(i)Z 1_[ P( /)2 l_l l’bkj

kL NT -1, T yikit!
(W )0‘ o Wr_,

By(k', . kY =E[17,

H+lsr

(T - Tu)? b O
kl

where Ep, = l7,,_, (Dg(X P Du(T,;,,,Xi';p))z.

We first bound B;.

We introduce i, = 2, where

¢ =Glo o7 TGy, (57)

and G; € R? is composed of centered unitary independent Gaussian random vari-
ables.
We introduce C(0) = E(¢x) which is independent of k. Using the Holder property
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of Du, the tower property, the independence of the 7; an the ¢, we get:

p p
Bi(k',... k) =E ]_[ (]_[ B l_[askmkl,. )]

1 &1

P | T

(T /)2

§k2T29K2pC(U)p_1E[ 1 Twer

Ty

Using the expression for the density of p given by (38), we have the bound:

j=1 P G Th
TC(u)? AT T 1 T 1
< (”3; f —dx (| =0
0o X 0o X
r(u)pe/lT T(l—u)p+1
= — : (58)
2 (1-uwr'2-u)
so that
B 5 T(1)? AT T(l—u)p+1+29 .
B, kP < LWle Co)y ' R2K?P. (59)

2 (1-wr 12 -u

In a similar way introducing C(o7) = E(¢i)% and using the tower rule, the indepen-
dence of the different random variables and Cauchy Schwartz,

i+1 i+1
I 1 1
By(k', . kY =B, 7B, | | dp/mis o Tpin)
e ll:zl vk ot )? BP(T;;J')ZT/;j
i+1 1 i+1 1
< sup E[f(t, X, Du(t, X)) PE([ | 62)7E(1r, <1
r<l0.T] t t l,_! v - (T/zl)zgp(ﬁzj)zﬂzj

r i+1 ,AT T(l—u)(i+1)+1 5 )
e ———C(o) sup ELf(t. X, Du(t, X))
A (I-w@2-uw 1€[0,T]

(60)

For B3 we divide the calculation into two cases :

71N _ 2
B3(k") =E(1>1 F(T)2E(8(XT) )
1
—ﬁE(g(XT) )
r

W pet ). (61)

“T(w) — y(u, AT)
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For i > 0, using the Lipschitz property of g, the tower property, the independence
of the different random variables, and noting

C(u, o, T) = E[QIUBT + 20loGrint I3 1,

we have the following bound:

N o QUUIBT + 2lloGrin 112z S 1
Bs(k', ...k <E[lr,,, 17, Kz( ul -H zk e Cle) 2 1—[ 2
TR F(T) p() p(Ty) Ty
C(u,o, T)K? i_lr(u)ie’lT i1
SWC(O-) yT f o 1d)c (f —dx) f p(x)dx
1" u i+1 T(l—u)i+] C , o, T KZ AT

A (1=uwi'2-u) T(u) —ywu,AT)

Plugging (59), (60), (61), (62) into (52), (53) and (54) that we insert into (51) gives
the desired estimation.

3.3 A second estimator

In this section we present a scheme derived from [26].

We extend the notations from the previous section 3.2. Let set p € N*. We con-
struct the sets Q7 fori = 1, .., p, such that Q7 = {(ky), (k])} where k; € {1, .., N1}, so
that to a particle noted (k;) € Qy, we associate a antithetic particle noted k. Then
the set Q7 are defined by recurrence :

Q;)+1 = {(kl""ki9 ki+1)/(k1’“9 kl) € QIO’ ki+1 € {1"~’Ni+1’ 1_"~’Ni:_]}}

To a particle k = (ki,...k;) € Qf we associate its original particle o(k) € Q; such
that o(k) = (ki,..k;) where k; = Lif k; = [ or I". Further, when k = (ki,-- , k;) is
such that k; € N, we denote k™ := (ky, -+ , ki1, k; ).

By convention Ty = Tyu), Tk = Tox) and WK = W/ ® Fork = (ky, ... k;) € Q7 we
introduce the set

o 0°0) = (Il = (ki ..o kiym)/m € {1,.,N}} € 02,
o and Q°(k) = {l = (ki, ... kiym)/m € {1,..,N;y 17, ., N7} € 0%,

For k = (ki,..,k;) € Q7 and k = (ki,...ki kis1) € Q”(k) we define the following
trajectories :

Wk Wk + lk,HeNW () - lkMgNV_VO(]}) and (63)
XEi=x 4 ps+ oWE, Vs € [Th, Ty, (64)
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Using the previous definitions, we consider the estimator defined by:

_p _ 1
Uy No & j=1

- 1 Tkl % k — 2 T -
D} = 3 Sicoon) WEL((Ty, T,;,X’}%,Du]f:) — H(Ty, T,;,X’}];,Dulf:_)), (65)
for k = (k], kl) S Q?,i <p,
Dag = Dg(X%) fork € Q5

G015, 00 )30 X5 01, )
2 ”

. . iy
where ¢ is defined by equation (40) and W* = O'_T% .

The idea is that, for a given k = (ki,...k;) € Q7 and a given k € Q°(k), if we have
V_VT;_Tk very small then
1 . A n - A o _ _
S O(T. T, X, D) = §(Ti Ty X . D)) =Dud(T Ty, X, Di)(Ditf ~ Di )+
2 k - k k=
Dx¢(Tk’ T]'%’ XT[;, Dug)(XTE - XT]:)

~C

So W’}%(qAﬁ(Tk, T3, X%_(,Dﬁg) — &(Ty, T,;,ng,Dﬁgf)), as function of 7'7‘, should be
bounded, and we hope that estimator (65) has a much smaller variance than esti-
mator (44).

Remark 3.6 As in a previous scheme an estimation of the gradient is obtained as:

1 Wr, . - . o

=D _ E : -T_ 'O () P () =D

by = — 27 T (0, T(j)’XT(j)’Du(j)) - 900, T(j)’XT@ ’Du(j)*))
]:

We need other assumptions on the solution and the driver to fully exploit this
scheme:

Assumption 3.7 Du is uniformly Lipschitz in x such that for K > 0:
IDu(t, x) = Du(t, )l < Kllx =yl V(£ x,y) € [0, T] x R x R
Assumption 3.8 f is uniformly Lipschitz in x such that there exists K > 0
£t x,2) = (6.7, 9] < Kllx = ylb,  Y(t,%,2) € [0,T]x R x R x R,

We now give the error estimate with the second scheme
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Proposition 3.9 Suppose that p is the density of a gamma law so that p(x) =
—Ax
/l”x”_l%, suppose that u < 1, and suppose that assumptions 3.1, 3.2, 3.3,3.7

and 3.8 are satisfied then there are two functions C and C depending on o and one
C depending on K, K, K and o such that using estimator (65) to solve equation
(36), we have the error estimate

8 F(u)pe/lT T(l—u)p+1+26
NS T v (-wrC-w

)4
E((@y - u0, 0 < [ Ja+ CoY ' R* K+
i=1

p=l o i i+1,AT (1-wi+3-u
K 8 ] T T
B0+ w)Cio K. R, ooy € ——t
P Nl' =1 Nj—l Al (2—M) (1 —I/t)l
Pzl i i R ()it AT (1-wi+1
K 8 <) ] T
K o+ ooy KW e~y —
ZAETVE S M) — Y@, AT) @ = w1 —uy
4 Tw T2 . 2 (1) )
SWar T py 2 W px
No 4 ¢ 2=ut T N TG =y ) 8T

(66)

with F given by equation (46).

Proof. First notice that under assumption 3.2, u satisfies (39) and then, for j €
[0, Nol

$(0. 70, X . Du(T(j, X;)) + $(0, T(j. Xy . Du(T (5, X7 )
2 b

u(0, x) = Eo,|

and because u satisfies equation (41), we have that for k € Q7, ke Q°(k),

1 . 7 7 R i 7

k - k k k k
Du(Ty, X;,) :ETk,thk (T T T §(¢(Tk, T3, XT;’ Du(Ty, XT;)) - Tk, Ty, XT,;’ Du(Ty, XT;)))
Then we can introduce fork € Q;, 1 <i < p:

Ex =B, o (IDE] ~ Du(Ti. Xp I3 17,<1).

In exactly the same way as in the demonstration of proposition 3.5, we have the
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following result similar to the one given by equation (49):

( )To_—lo_—kak 1 :
_ —_ . 7Py —
Ey < ,(“ ,) 2. Enw (U, - Tt T X1 D)

ke Qe (k)

f(T3 Xy, Dl ) = f(Ty, X7, Du(Ty, X7.)) + f(Tg, Xr,» Du(Tg, X7 ))*)+
(WEE)TO'_IO'_TW%

Z Br, x (7., .

T

N; ker(k) k
(T Xy Du(Ti, X§)) = f(T Xp L DuTe. X5))
(—— A k =)+
2p(ty)
(WE_ ) To o TWE . (g(xE) — g(xk))?
B, vk k * — . (67
Z Tk, X ( Tk>T (T _ Tk)2 4F(T _ Tk)2 ) ( )

N; kGQ”(k)

Using (a + b)? < 2a® + 2b, the Lipschitz property of f, we get

(Wi‘;)TO'_lo'_T sz K2

Ey Sﬁ(l + —l)keél(k) TeXf, ( T;% p(T,;)inc)-i_
Tolo-TwWk
Z ETk X" (1Tk<T( ) 2 WT;
t keQ"(k) k
f(Tk, Du(Tk,X" ) — f(Ty, X5 Du(Tk,Xk )
P(Tk) )+

S B (Wi g0 o Wi 6Ot = g2
ING S e (T -T? F(T - Tj)?
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Similarly to (50)

D =E((@y — u(0,x))°)
K? )
<—(1 + _O)ke;?@) B(l1s i )z(f(Tk,XT D)+ (69)
f(Ty X5, DAY ) = f(Ty, Xk, Du(Ty, X5 ) = f(Ty. Xk, Du(T, X5 ))2)+

f(Te Xp., Du(Ty, X7)) + f(Th X7, Du(Ty X7)

Z IE(1Tk<T ))+
N} ) 2p(tp)
(g(Xﬁ + g(X5)?
2_ Z ETkX ( >T 4; T TTZ (70)
0 ker(@) ( - k)
so that using the Lipschitz property of f
) K2
B — u(0, x)) )<—(1 ¥ —) D, Blr,— o Pt
ke 0 (0)
f(Ty, Xk, Du(Ty, X5 )
Z E(lr;_,( > (T) . i
No i PRk
Y g(xXk)?
- E; v (17 —) (71)
2 TkX Tisr 2
0 Tedr(0) F(T —Ty)
Then we get that
E((@h - u(0, x))%) <Ay + Az + A3, (72)

where the terms A; , A, and 143 are given by:

Bi(k', ., k'Y  (73)

fo N l"cler(@) FreQotir-)

where B is given by (56) and bounded by (59),
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. _
As > B+

N2
NO kIEQ(’((D)
KZZ i - |
i+
Z HQN <+—> DD D B®.LE,
i=1 l jl kleQ”((Z)) k’EQ"(k’ l)k“'lEQ"(k'

(74)
where Bj is given by equation (56) and bounded by equation (60) so that

r e
(”) AT T I p
2-u
with F given by equation (46), and where using notation given by (55)

By(k') < —= (75)

i+1 i+1

ByR', . K =E[17,,, (fren — fory- )2]_[ o )zﬂwk,] (76)

(77
where using notation given by (55)
i+ T+~
XS = lpgXy O i

By(k!, ., K+ =E[1 . _ i .y
3( ) =Bl 11y F(T - Ty)? U p(t)? l;l Vi

Wip ol "Wy, (78)

(T - Tkl-)

We can bound B, using definitions in equations (55) and(57)
' i+1
B2(k1 9 ooy kl+1) :E[ITIZi+1<TE((f]~CHI - f&]}in)—)z l_[ ¢]}j|chl 9 seey T]”(Hl)
j=2

1 7 1 1
T];i+1p(T1;;+1)2 IJ:II p(T}j)z =2 chj].
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Using assumptions 3.1, 3.7 and 3.8,
fooer = For | 2RNCWE 1 Il + KIDu(T g, X5 ) = DT, Xk Dl

<2(K + KK)llchk 1yl

so that :
i+1
R =E((fpn1 — f(lgm)f)z l_l PrilTin, oo Tiinn)
j=2
< C(0, K, K, K)C(0) .
Then
1 S Ry
By, ..,k <C(o, K, K, K)C(o) ' E[1 —
A ) <Co K R RCe En, s [ orm [T
_ _ - F(u)l+le/lT T 1 .
<C(0, K, K, K)C(@) ™ —— fo xu_ldx)2< fo —d0,
_ _ - r(u)i+le/lT T(l—u)i+3—u
=C(o, K, K, K)C(o)! : — 79
(O- —) (0-) /11+1 (2 _ u)2(1 _ u)z—l ( )
Similarly
By(k") = By (k") (80)

with Bz given by (61).
For the general Bz term for i > 0, using assumption 3.3 and using the notation
C(0) = E[4¢gilloGris ||%]i

Xk‘” x®ED7y2 i i+1
Bk BT Bl 11y (((T - T;)Fg((r - Tk))z) p(;)z 1_[ rk,pm,)z Q‘M
SC(‘T)i_lF{<T2>2E[4“’k’“”‘TG"’“”2 BT k"<fp<rl~1>2 ,i n;f-p(lnmz
<Clo)- IK;;Z;EZY C(o) f "L [ ptoas
<C)” ZF((;;:U'H €0 —Tu()l(lu )l—+ 1u)i—l &1

Plugging (59), (75), (79),(80),(81) in (73), (74), (77) and (73), (74), (77) in
(72) give the result.
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Remark 3.10 The result obtained is however a little bit disappointing: in the case
of the linear driver the result can be improved and it can be shown that the error
goes to zero even using an exponential law. In the general case, proposition 3.9
gives us that the variance is finite using an exponential law for p only if p < 2.

Remark 3.11 In the case of non constant coefficients, most of the time it is nec-
essary to use an Euler scheme. As ready pointing out in [26], the first estimator
has an exploding variance because the integration by part has to be achieved on
the first time step of the Euler scheme using a mesh of size At. It gives a Malliavin
weight in O(VLB) leading to an explosion in variance as the step size goes to zero.
This second estimator doesn’t suffer from this problem.

3.4 Numerical tests for the semi-linear case

In this section we give some numerical results illustrating the previous results ob-
tained. In the whole section the number of particles taken at each level will be a
sequence (N;p a"),-zo indexed by ipart such that:

NPT = NO x pipart, (82)

1 1

3.5 A Biirgers test case.

We take the test case proposed in [9] which is derived from a test in [6]. We take
the same parameters as in [9]: u = 0, o = dl;, T = 1, the driver is given for
xeRYyeR,zeRY by

2+d d
fx3.2) = 0= —)d ) ).
i=1

and the final function is :

( eT+$ Z?’:] Xi
X)= —/—} .
= i
The explicit solution given by [9] is

eH'% L
u(t, x) = —————.
1+ e*a Xz %
We solve the problem in dimension d = 10 and d = 20 at date t = 0 and for x = 01,
such that the reference is equal to 0.5.
We test the different schemes for a gamma law given by (38) with 4 = 0.1 and
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A=0.2.

For the first scheme we take u = 0.8 in (38) and give the results obtained on figure
6 and 7 for estimator (44) with (NJ, N?, N3, N9) = (1000, 40, 40, 30) in (82).

In dimension 10 and 20, we obtain very good results with 4 switches and ipart = 4,

e getting in dimension 10 a value 0.496 for 4 = 0.1 in 80 seconds and 0.4910
for A = 0.2 in 1000 seconds,

e getting in dimension 20 a value 0.501 for 4 = 0.1 in 350 seconds and 0.5006
for A = 0.2 in 1400 seconds.

_____

0.35 —_—
00 05 10 15 20 25 30 35 40 00 05 10 15 20 25 30 35 40
art ipart
A=0.1 A=02

Figure 6: Biirgers case: convergence with estimator (44) in dimension 10 using a
gamma law with # = 0.8.

For the second scheme (65), taking u = 0.9 in (38), we give the results obtained
on figure 8 and 9 for estimator 44 with (NJ, N, N9, N3) = (1000,40,40,30) in
(82). In dimension 10 and 20 , we obtain very good results with 4 switches and
ipart = 3,

e getting in dimension 10 a value 0.487 for A = 0.1 in 27 seconds and 0.49509
for A = 0.2 in 130 seconds,

e getting in dimension 20 a value 0.5040 for A = 0.1 in 40 seconds and 0.4979
for A = 0.2 in 186 seconds.

At last we use an exponential law for p, leading to u = 1 in (38) and we use the
estimator (65). We take (N, N¥, N, N3) = (1000,40,40,4) in (82) and only give
the results on figure 10 for the most difficult case d = 20.

With 4 switches, ipart = 3 we get very good results :
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value

074

0.6

054

0.4+

034

024

014

0.0

—— Nbswitch =1
Nb switch = 2
—-= Nbswitch =3
—— Nbswitch =4
—-=-- Reference

0.0 0.5 10 15 2.0 25 3.0 35 4.0
ipart

1=0.1

0.65

0.55

— Nbswitch=1—_______

Nb switch = 2
—-- Nbswitch=3
—-- Nbswitch = 4
——- Reference

Figure 7: Biirgers case: convergence with estimator (44) in dimension 20 using a
gamma law with u = 0.8.

value

0.60 q

0.55 4

1 —————————————— — Nbswitch=1
Nb switch = 2
—-= Nb switch = 3
—— Nb switch = 4
—--- Reference

0.0 0.5 10 15 2.0 2.5 3.0 35 4.0
ipart

value

—--- Reference

Nb switch = 1
Nb switch = 2
Nb switch = 3
Nb switch = 4

Figure 8: Biirgers case: convergence with estimator (65) in dimension 10 using a
gamma law with u = 0.9.

e A solution equal to 0.499 with a computational time equal to 14 seconds

with 4 = 0.1,

e A solution equal to 0.506 with a computational time equal to 55 seconds

with 4 = 0.2.

The variance using exponential laws seems to be lower and the generation of an
exponential law takes far less time than with general gamma laws.
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{ —  —— Nbswitch=1

Nb switch = 2
—-- Nb switch = 3
—— Nbswitch =4
——- Reference

—_—— —— Nbswitch=1
075 Nb switch = 2
—-- Nbswitch = 3
—— Nbswitch =4
070 ——- Reference
065
v
El
£ o060
0554 .7
050
045
0 1 2 3 4 5
ipart

Figure 9: Biirgers case: convergence with estimator (65) in dimension 20 with a
gamma law with u = 0.9.

—— Nbswitch=1
Nb switch = 2

Y~ —-= Nb switch = 3
~s _ — Nbswitch=4
S --- Reference

0.0 0.5 1.0 15 2.0 2.5 3.0

A=0.1.

—— Nbswitch=1
070 Nb switch = 2
—-= Nb switch =3
—— Nbswitch =4
065{ — ——- Reference
w
2
] 0.60
0.55
0.50
0.0 0.5 1.0 15 2.0 25 3.0
ipart

Figure 10: Biirgers case: convergence with estimator (65) in dimension 20 with
an exponential law.

3.5.1 A second case

We then take the HIB equation test case taken from [9],[10], [7]. As in [10] we
solve the problem in dimension 100 to show the efficiency with the same charac-
teristics as in [9],[10]:

u =0,

o=\2l, T=1,

f(t,x,2) = - 6llll3,
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such that a semi-explicit solution is available :
1
u(t, x) = ~ log (E[e™*"* Va0, (83)

In the example, we take the g function as in [9]:

1+ 11113

g(x) = log( ),

and we want to estimate the solution at date + = 0 and for x = 01; using our
algorithm.

We treat three cases with increasing difficulty by taking 6 = 1, then 6 = 10 then
at last 8 = 20. The difficulty comes from an increasing value of the non linearity.
Using a Monte Carlo approximation of equation (83) we get some references and a
good approximation of the solution is 4.59 with 6 = 1, 4.49 with 8 = 10, and 4.36
with 8 = 20. In order to fit the framework we modify the non linearity to

f(t,x,2) = —6min(||z]13, 1),

but the truncation has in fact no effect on the method.

First for 6 = 1 we plot on figure 11 the results obtained by estimator (44) taking
in equation (82): (NO, N?, Ng) = (1000, 20, 20). The convergence with this scheme

— Nbswitch=1 5.50 —— Nbswitch=1
5.0 Nb switch = 2 Nb switch = 2
—-- Nbswitch =3 525 —-= Nbswitch = 3
484 —— Reference —— Reference

461

444 =
42 e -
40 -~ -

384 ~. P

3.6 4

Figure 11: HIJB convergence case for § = 1 and estimator 44 using a gamma law
with u = 0.8.

is quite slow for both 4 = 0.1 and A = 0.2. The number of switches to take to have
a very good accuracy seems to be equal to 3 but the variance observed with this
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estimator is quite high. Experiments with 6 = 10 or § = 20 show that this kind of
singularity is hard to cope with so high Lipschitz constants of the driver.

For the three values of 6 on figures 12, 13 and 14 we plot the results for gamma
law given by (38) with # = 0.9 and estimator (65) taking in equation (82):

o (NJ,NY,N?) = (1000, 10, 1) for 6 = 1,
o (NJ,NY,N9) = (1000, 10, 5) for 6 = 10,
o (NJ,NY,N9) = (1000, 40, 20) for 6 = 20,

such that as the different Lipschitz constants increase we increase the numbers of
samples taken in inner nesting.

As for the results obtained using estimator (65), a good accuracy is obtained using
2 switches:

o withf = 1,1 = 0.1, ipart = 3, we get 4.57 whereas taking A = 0.2, ipart = 4
gives 4.58.

e with 8 = 10, 4 = 0.1, ipart = 3, we get 4.47 whereas taking 4 = 0.2,
ipart = 4 gives 4.48.

e with 8 = 20, 4 = 0.1, ipart = 4, we get 4.37 whereas taking 4 = 0.2,
ipart = 4 gives 4.33.

5.0+ 5.4

52
4.8

5.0

4.6

4.4 4

424

4.0

a8

4.6

a4

4z

4.0

Figure 12: HJB convergence case for 6 = 1 and estimator (65) using a gamma law

with u = 0.9.
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Figure 13: HJB convergence case for 6 = 10 and estimator (65) using a gamma
law with u = 0.9.
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Figure 14: HJB convergence case for 6 = 20 and estimator (65) using a gamma
law with u = 0.9.

At last on figure 15, we plot the solution obtained for the most difficult case (6 =
20) using an exponential law for p and (NO,N?,NS) = (1000,40,10). A good
solution is obtained in 10 seconds for 4 = 0.1 with 2 switches with a precision
of less than 0.5% using (Ng, N1) = (8000, 320). To get a very accurate solution
with a precision of 0.1% with both A4 it is then necessary to use 3 switches with
(No, N1, Np) = (64000, 2560, 640) and the computational time explodes to nearly
30000 seconds with A = 0.1 and 80000 seconds with 4 = 0.2.
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44 = Nb switch = 2 === Nb switch = 2
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/7 —— Reference e —— Reference

|
o
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Figure 15: HJB convergence case for # = 20 and estimator (65) using an exponen-
tial law.

4 Conclusion

An effective method to solve semi-linear equations has been developed and tested.
The most effective way to solve these equations consists in taking the second
scheme proposed to treat the gradient term. The limitation due to Lipschitz con-
stant and the maturity of the problem can be easily postponed using cluster of CPU
or perhaps GPU.

Besides even if cannot prove that the second scheme can be used with an exponen-
tial law, it seems to be the most effective. A better understanding of its efficiency
could pave the way to solve full non linear PDEs.
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