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Abstract

This document is the report of an internship done during the second year in the Ecole Normale Supérieure
de Rennes. It was done at the University of Mannheim, during 6 weeks, supervised by Andreas Neueunkirch.
We study the interplay between probability, in particular Brownian motion, and partial differential equation.
We see methods for solving PDEs by simulating random paths of a Brownian motion, more precisely to solve
the Dirichlet Problem, the Heat Equation and other parabolic equations. We also give simulation examples
for the corresponding Monte-Carlo methods.
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Chapter 1

Introduction

Brownian motion is the name given to the irregular movement of pollen suspended in water, observed by the
botanist Robert Brown in 1828. At the beginning of the 20*" century, Louis Bachelier and Albert Einstein
used the Brownian motion for modeling stocks of prices and diffusion processes. But the Brownian motion
was mathematicaly rigurous defined only in 1923 by Norbert Wiener. Brownian motion can be seen as the
distribution limit of a normalized sequence of random walks.

Besides we find partial differential equation in many fields. They can describe many phenomena such that
heat, stocks of prices and quantum mecanics. Sometimes we can solve it easily but often it is hard to find
an exact solution.

However Brownian motion can help us to find solution to such equation. Therefore, we can find an approxi-
mation by the Monte-Carlo methods.



Chapter 2

Brownian Motion

In this chapter, let d be a positive integer and (€2, F,P) be a probability space.

2.1 Continuous-time process
Let I be an interval. A process (X, t € I) defined on a measurable space (E, &) is a collection of random
variables, which take values in (E,&). It can be seen as a map from Q to E',

X : Q = E!
w (X (W) -

As for discrete-time random variables, we have:
Proposition 2.1.1. Let (X, t € I) and (Yz, t € J) be two processes defined on (E,E).
o They have the same distribution if, I = J, and for allm € N*, Ay,..., A, € € and t1,...,t, € I,
P(Xy, € Ay,..., Xy, € Ay) =P(Y, € Ay,.... Y, € Ay).

e They are independant if, for alln € N*, Ay,... Ay, B1,...,B, €&, t1,...,tn, €l and s1,...,8, € J,

P(Xy, € Ay, Xy, € Ap Y5 € By, Y, € By) =P(Xy, € Ay, .. Xy, € An)P(Y5, € By, Y, € By).

Note. As for discrete random variables, we have the equivalents with the expectations of bounded measurable
functions.

We must also define the notion of filtrations for continuous-time processes.

Definition 2.1.1. Let I = [0,7] or RT. We call filtration a nondecreasing family (F;)¢cs of sub-o-fields of
F:
F,CFRCF, 0<s<t<oo.

In the following, we will write (F3) for (F)ier-

We set Foo = 0 (Ur>0F2).
Given a stochastic process, the filtration generated by the process is ¥ = 0(Xs;0 < s < t). It is the
smallest o-field with respect to which X is measurable for every s € [0, ¢].

Definition 2.1.2. The stochastic process X is adapted to the filtration (F:) if, for each ¢ > 0, X; is an
Fi-measurable random variable.

Obviously, every process X is adapted to (.FtX )
Definition 2.1.3. The stochastic process X is called progressively measurable with respect to the filtration
(.FtX) if, for all t € I,

X = ([0,8] x @, B([0,t]) ® F)
(s,w)

(R, B(R))
(Xs(w))

is measurable.

In this case, f(f X ds is well defined on {fg | Xs|ds < oo}
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2.2 First results

We introduce here the Brownian motion and some properties we will need later.

Definition 2.2.1. Let I = R* or [0,7]. A standard, one dimensional, Brownian motion on I is a collection
of random variables (W, t € I) such that:

e Wy =0.

e Forall s <t el, Wy — W; is normally distributed with mean zero and variance t — s.
e Forall s <tel, Wy —W; is independant of Fj.

e Almost surely, the map t € I — W; € R is continuous.

Note that, based on the definition, W; is a real random variable with law N(0,¢). So its probability
density function is:

p(t;0,2) =

1 ( :U2> cR
exp|—=1), =z )
V2rt P 2t
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Figure 2.1: A one-dimensional Brownian sample path on [0, 1].

Definition 2.2.2. Let u be a probability measure on (R, B(R?)). Let W = (W, t > 0) be a continuous
adapted process with values in R, defined on (2, F,P). This process is called a d-dimensional Brownian
motion with initial distribution u, if:

o VA € B(RY) P(W, € A) = p(A).

e For 0 < s < ¢, the increment W; — W is independant of F and is normally distributed with mean zero
and covariance matrix equal to (t — s)Iy, where I is the (d x d) identity matrix.

e Almost surely, the map t € I — W; € R is continuous.

If ;1 assigns measure one to some singleton {z}, we say that W is a d-dimensional Brownian motion starting

at . The probability density function of a Brownian motion starting at x is
P s
2 2t

p(t;x,y) = Wori

Note. For W a Brownian motion and = € R%, z + W is a Brownian motion starting at x.
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Figure 2.2: A two-dimensional Brownian motion.

Note. (Wy, t > 0) is a d-dimensional Brownian motion on R? if and only if its coordinates (Wt(i), t>0),
1 =1,...,d are one-dimensional independant Brownian motions.

Proposition 2.2.1. The Brownian motion has the following properties
o Vte I, E[W;] =0,
eVte I, E[W2 =t,
o Vi, sel, EW, W, =tAs.

Proof. The first two one are obvious since Wy ~ N(0,¢). Then let’s prove the last one.
Assume that t < s, we have E[W; W] = E[(W; — W;)W;] + E[W?] = t because of independance of W — W
from F;. O

Proposition 2.2.2. Let (W;, t > 0) be a Brownian motion on R. So are the processes obtained by the
following transformations:

(Symmetry) —W = {=Ws, Fy; 0 <t < oo}.

(Translation) Y = {Y;, FY; 0 <t < oo} defined for T > 0 by

Yi = Wiar — Wr, for 0 <t < oco.

(Time-reversal) Z = {Z;, FZ; t € [0,T)} defined for T >0 by

Zy =Wp —Wrp_y, for0<t<T.

(Scaling) X = {Xi, Fe; 0 <t < oo} defined for ¢ >0 by

Wct

Ve

Proof. See [1, Chapter 2 p.104] O

X =

, for 0 <t < oo.

We can visualize these properties on Figures and [2.4} if we erase time and space graduations, the
both sample paths are alike. And we can not know which of the preceding transformations we have drawn.

Proposition 2.2.3. Let W be a one-dimensional Brownian motion and T > 0. Then, (Wy, t € [0,T]) and
(Wrpye — Wrp, t >0) are two independant Brownian motions.
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Figure 2.3: Brownian sample path on [0, 1]. Figure 2.4: Brownian sample path on [0,1/10].
Proof. We already know that the processes are Brownian motions. Let’s prove that they are independant.
Let n e N* t; <...<tp, s1<...<spand f,g:R" —= R be two bounded measurable functions. Define
A=E [f(th, ey th)g(WT+51 - WT, ceey WT+sn — WT)] .

Let’s consider a:: (x1,...,2y) — (1,21 + 2, ..., T1 + ... + Tp).
We have

A=E [f © Oé(th, Wtz - Wtw SERE) th - th71>g © a(WT+S1 - WT> WT+52 - WT+S17 ) WT+Sn - WT“!‘Snfl)] .
Using the fact that increments are independants, it follows

A=E [f ° a(Wt17Wt2 - th SRR th - th—l)] E [g © Q(WT-l-sl - WT7 WT+82 - WT+817 ceey WT+sn - WT—&-sn_l)}
=E [f(thv s 7th)] E [Q(WT+51 - WT: sy WT—I—sn - WT)] .

Theorem 2.2.1. For almost every w € 2, we have:

PR L C) R
tl0 /2t loglog(1/t)
2 im0y
10 y/2tloglog(1/t)
g Tm ——@)
t=oo /2t 1og log(t)
Wi(w)

4o im ———=— = -

t—oo /2t loglog(t)

Proof. By symmetry, property 2 follows from 1, and by time-inversion, properties 3 and 4 follow from 1 and
2, respectively. It suffices to show 1. See [I, Section 2.9 p.112]. O

We introduce the stopping time:
Ty, = inf{t > 0; W; =b}, forbeR%
We will now analyse the law of M; = On<1a§t W, when d = 1.
<s<
Note that we have {T}, < t} = {M;y > b}, for t > 0 and b € R.

Proposition 2.2.4. M; et |Wy| are identically distributed.



Proof. We consider the distribution function. We have, for z € R¢,

PO(Mt > x) = PO(Wt <ax,M; > I’) + ]P)O(Wt >x, My > .T)
= IP’O(Wt <z, My > x) —i—IF’O(Wt > x) , since Wy > x = M; > x.

Now we have to find PO(W; < z, M; > ).

POW, < a, My > 2) =P (W, < 2, T, < t)

= PO(W; > ), as we will see later by the reflection principle.

So it follows
PO(M; > x) = 2PO(W; > x) = PO(|W;| > ),

since —W; is also a Brownian motion. O
Thanks to this Proposition, we get

PO(Ty, > T) = PO(Mg > b) = PO(|Wp| >b), VbeR, T >0.

2.3 Continuous-time Martingales

In this section we will extend the discrete-time notions to continuous-time martingales.
We consider a real-valued process X = (X;, 0 < ¢ < c0) on a probability space (€2, F,P), adapted to a given
filtration (F%) and such that E|X;| < oo, for every ¢ > 0.

Definition 2.3.1. The process {X;, F;; 0 <t < oo} is said to be a submartingale (respectively, a super-
martingale) if, for every 0 < s < t < oo, we have, a.s. E[X{|Fs] > X, (respectively, E[X;|Fs] < X5).
We shall say that {X;, F;; 0 <t < oo} is a martingale if, it is both a submartingale and a supermartingale.

We can now see that the Brownian motion is a martingale in respect to the filtration it generates.
Let 0 < s <t. We know that W; — W is independant of Fy, then

E[Wt’fs] = ]E[Wt - W8|"r8] + Wy = E[Wt - Ws} + Ws = Ws.

2.4 Markov property of the Brownian motion

As in the discrete-time case, a process (X, t > 0) satisfies the Markov property if, for all T > 0, the law of
(X744, t > 0) conditionally to (X¢, 0 <t <T) is the same as the one of (X4, t > 0) conditionally to Xr.
Let 0 < s < t. Let us suppose that we observe a Brownian motion with initial distribution pu up to time s. In
particular, we know the value of W¥', we call it z. Then, W/}' = (W}'—W{')+ W, and we know that W} —W#
is independant of F; (the observations up to time s) and is distributed as W;_s is. So (W/}' — W) + Wi is
distributed as W, is. So, we get

Proposition 2.4.1. Brownian motion satisfies the Markov property. In other words:
PH(W; € A|Fs) = PH(Wi_s € AIW,), 0< s <t, AcB(RY).

And
PHW, € AW, =) =P*(W;_s € A), 0<s<t, AecBRY), zecR?

Proposition 2.4.2 (The Strong Markov Property). Let T' be a stopping time and W a Brownian motion.
Then,
EO[f (Wrs)|Fr) = E°[f (Wrys)[Wr).

In particular, on {T < oo}, (Wipr — Wr) is a Brownian motion independant of Fr.

Proof. See [1], Section 2.6]. O



2.5 Reflection principle

Let {W;, Fi; 0 <t < oo} be a one-dimensional Brownian motion on (Q, F,P).
For b > 0 and t > 0, we have
PO(Tb < t) = PO(Tb <t, Wy > b) + ]P)O(Tb <t,W; < b)
=PO(W; > b) + PY(T}, < t,W; < b).
Let’s have a look on the second term. If Ty < ¢t and W} < b, then sometime before time t, the Brownian path
reached level b and then traveled from b to another point ¢ < b. For every path which crosses the level b and
is at time ¢ at a point below b, call it ¢, there is a "shadow path" which is the reflect about the level b. It

exceeds this level at time t. See Figure These two paths have the same probability, as a consequence of
the strong Markov property. So, heuristically,

PO(Ty, < t,W; < b) = PO(T}, < t,W; > b) = PO(W; > b).
Thus,

+o00
PTy < t) = 2P° (W, > b) = \/E/ e~
bV

By differentiating with respect to t, we get the density of the passage time Tj:

Ty

Figure 2.5: The reflection principle.



Chapter 3

Interplay with Partial Differential Equations

The solutions to many problems of elliptic and parabolic partial differential equations can be represented as
expectations of stochastic functionals. It gives us a way to solve PDEs and get properties of these solutions
and, conversely to determine the distributions of various functionals of stochastic processes by solving related
partial differential equation problems. We see three main partial differential equations: the Dirichlet Problem,
the Heat Equation and more general parabolic equations.

3.1 The Dirichlet Problem

In this section, {Ws, Fi; 0 <t < oo}, (2, F), {P*},cpra is a d-dimensional Brownian family and D is an
open set in R?.
We introduce the time of first exit from D

o 2 inf{t > 0; W, € D°}.
As each component of W is almost surely unbounded (Theorem [2.2.1)), we have

P*(rp < 00) =1, Yz e D cR?Y D bounded.

Let B, be the open ball of radius r centered at the origin. Then its volume is:

A 2rimd/2

"dr(d/2)’

and its surface area is
a2 nd/2_d,
- I'(d/2) e

We define a probability measure u, on 0B, by

S,

pr(dx) = IP’O(WTBT edx), r>0.

3.1.1 Harmonic function and mean-value property
Let’s recall some properties.

Definition 3.1.1. The function u : D — R has the mean-value property if, for every a € D and 0 < r < oo
such that a + B, C D, we have

u(a) :/ u(a + x)p,(dx).
OBy
Then,
1 1 "
/ u(a—l—x)dx:/ Sp/ u(a + x)p,(dx)dp
Vi JB, Vi Jo 9B,
1 s
= / Syu(a)dp, by definition
Vi Jo
= u(a)

10



So,
1
u(a) = Vil u(a + x)dx.

Proposition 3.1.1. If u is harmonic in D, then it has the mean-value property.
If uw maps D into R and has the mean-value property, then u is of class C*° and harmonic.

Proof. See [1], Section 4.2. p.241] for a proof using stochastic calculus. O

3.1.2 The Dirichlet Problem

Let f : 0D _— R be a given continuous function. The Dirichlet problem (D, f) is finding a continuous
function u : D — R such that u is harmonic in D and is equal to f on dD.
In other words, the last condition is that, u is of class C?(D) and

{Au:O in D (3.1)

u=f ondD.

We call such a function, a solution to the Dirichlet problem (D, f). We can see that, using Brownian
motion, we can write down a solution to (D, f):

w(z) EETf(W,,), x €D, (3.2)

provided the expectation exists.
Let’s verify it:

e Boundary values: If a € 0D, u(a) =E*f(W,,) = E*f(a) = f(a), by the definition of 7p.
e if a € D, choose 7 so that a + B, C D,
u(a) =E*f(Wr,) =E* [E* [f(Wr )| Froip, ]| = E*u (W, . ), by strong Markov property

:/ u(a + ),y (de).
OBy

Thus v has the mean-value property, and therefore is harmonic.
So u satisfies The only problem is whether u is continuous up to and including dD.

Proposition 3.1.2. If f is bounded and P*(1p < o0) = 1, for all x € D, then there exists an unique bounded
solution to (D, f) and it is[3.9

Proof. Let u be a bounded solution to (D, f) and D,, = {z € D; 1%1“[) | z —y ||>1/n}. With Itéd’s rule, see
ye

[B:0.1], and [3.1] we have a.s.:

d tATB, NTD, au .
UWinsg, pop,) = ul¥0) + 3 | AN

i=1

We take the expectations and by the property of stochastic integral, we get, for 0 < ¢t < oo, n > 1 and
a € Dy,
u(a) = E*[u(Wo)] = E*[u(Winrg, Arp,, )]

When t — oo and n — 00, u(Winrp, arp, ) converges to uw(Wr,) = f(Wr,) as. And therefore, with the
bounded convergence theorem,

u(a) = E*[f(Wrp)]-

11



3.1.3 Regularity of the solution
We could have found a solution to the Dirichlet problem but it remains the problem of the continuity of u

at the boundary of D. We want to characterize the points a € 9D where

lim B2 (W) = f(a), (3.3)
zeD

for every bounded, measurable function f : 0D — R which is continuous at a.
Let’s introduce the stopping time

op 2 inf{t > 0; W, € D°}.

Definition 3.1.2. A point a € 9D is regular for D if, P*(cp = 0) = 1, i.e. a Brownian path started at a
does not return to D and remains in D€ for a nonempty time interval.

Note. Regularity is local: a € 0D is regular for D if and only if a is regular for (a + B,) N D, for some r > 0.
Note. a is irregular if P*(cp = 0) < 1. By Blumenthal zero-one law, P%(op = 0) = 0.

Theorem 3.1.1. Ford > 2 and a € 0D, the following are equivalent:

1. }}11}1}1 E*f(Wr,) = f(a) for every bounded, measurable function f: 0D — R which is continuous at a.
xzeD

2. a is reqular for D.

3. Ve>0, limP*(rp>e)=0.
€D

Proof. Without loss of generality, we can assume that a = 0.
1 = 2: Let’s suppose that 0 is irregular, then thanks to the previous Note, P*(cp = 0) = 0. Since a Brownian
motion never returns to its starting point (See [I, Section 3.3 p.161] for more details), when d > 2,

}%PO(WUD € B,) =P'(W,, =0) =0.

Let 7 be such that PY(W,, € B,) < 1/4. We choose §,, such that 0 < 6, < r and 6, J 0 for all n. Let’s
define 7, = inf{t > 0; || W; ||> n}, for n € N. We have PY(7,, | 0) = 1 and so li_>m P(7, < op) = 1. Let n

be large enough so that P°(7,, < op) > 1/2, we have

> PYW,, € B,)

=
IV
=
()

(Wop, € Bp,m < 0D)

> / ]P’O(WUD € By, <op,W,, €dzx)

> / P*(W,,, € B.)P'(1, < op, Wy, € dx)
DﬁBgn

> / P*(W,, € BT)PO(Tn <op,W;, €dx)
DﬂB(gn

> inf P*(W,, € B, P(r, < op, W, €d
- zegrlesn ( b )/DmBL;n (T 7 " a:)
> inf  P*(W,, € B)P'(1, < op)

IGDﬂB&n

1
>— inf P* B
-2 :vGéIFITB(;n (WTD < 7‘)

So, li)nfB P*(W,, € B;) < 1/2. Thus, there exist x,, € D N Bs, such that P*»(W,, € B;) < 1/2. Now,
reDNBs,,

we choose a bounded continuous function f: 0D — R, such that,

12



. J(0) =1,
e f <1 inside B,,
e f =0 outside B,.

With such a function, we obtain,

lim P (W,, € B,) <1/2 < 1= f(0).

n—oQ
But,
lim E* f(W,,) = lim [ f(x)P"™(W,, € dz)
= nh_g; . f(z)P*(W,, € dx)
< lim P*(W,, € dz)
n—oo B’l‘

< n@(} P*(W,, € By).
So 1 fails.
2 = 3: See [I], Section 4.2 p.247|.
3 = 1: See [Il, Section 4.2 p.247]. O

Definition 3.1.3. Let a € dD. A barrier at a is a continuous function v : D — R which is harmonic in D,
positive on D\{a}, and equal to zero at a.

Proposition 3.1.3. Let D be bounded and a € 0D. If there exists a barrier at a, then a is reqular.

Proof. Let’s suppose that v is a barrier at a, let f : 9D — R be a bounded, continuous at a, function. We

define M = sup |f(z)|. We want to show 1 of Theorem Let € > 0, and ¢ such that
xz€0D

x€dD, ||[z—all<d=|f(z)— fla)| <e.

Then let k& be such that kv(z) > 2M for z € D and || x —a [|> 4.

Then for z € D, |f(z) — f(a)| < € + kv(z).

Thus for z € D, |E* f(W;,) — f(a)| < € + kE*v(W,,) = € + kv(z), because of Proposition [3.1.2]

But v is continuous and v(a) = 0 so lim [E”f(W7,) — f(a)| < €. And so a is regular. O
zeD

Example 3.1.1. Let D C B, C R? be an open set, where 0 < r < 1 and assume that (0,0) € dD. If log is
well-defined on D\ (0, 0), we let

1 _ log(y/a7 +a3) (¢1,22) € D\(0,0),

e N —_— . 9
log(z1 + ix2) |log(x1 + ix9)|?
0, ({L‘l, $2) = (0, 0).

>

v(z1,2)

Indeed, v is the real part of an analytic function, so v is harmonic, and as 0 < \/:U% + ZB% < r < 1in D\(0,0),
v is positive on this set. So v is a barrier at (0,0).

Proposition 3.1.4. Let D C R? be open, and suppose that a € OD has the property that there exist a point
b# a in R2\D, and a simple arc in R?\D connecting a to b. Then a is reqular.

Note. We call a simple arc an arc which never crosses itself.

Proof. We can assume without loss of generality that a = (0,0). We choose r such that 0 < r <[] b || AL.
We see before that it suffices to show that b is regular for D N B,. We know that C' is a simple arc in R?\ D
connecting a to b. On B,;\C, log is well-defined because we can not turn around the origin. Then, the

Example [3.1.1] gives us a barrier at a and so by Proposition B.1.3] a is regular.
O
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Example 3.1.2 (Lebesgue’s Thorn). Let us see an example of an irregular point. With d = 3 and {e;, }n>1
a sequence of positive numbers decreasing to zero, we define

E= {(z1, 0, 23); =1 <21 <1, x% —l—a:% < 1},

A — —
Fo = A{(z1,m9,23); 27" <1 <277, af 423 < e}

and D 2 B\(| ] Fy).

n>1

We know that IP)O((Wt(Q), Wt(g)) = (0,0), for some t > 0) = 0, so the P'-probability that W = (W1, W) W)
ever hits the compact set K, 2 {(z1,29,73); 27" < 21 < 27" 25 = 23 = 0} equals to zero. Moreover,
tlim | Wi ||= oo a.s., thus, if €, is enough small, we can assume that P°(W; € F,, for some ¢t > 0) < 37", If
— 00

W, starting at the origin, does not return to D immediatly, it must avoid D by entering | J,,~, F,. That is
to say,

+oo
P%(op = 0) < PY(W; € F,, for some t >0 and n > 1) < 237" <1
n=1

And thus, 0 is an irregular point.

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

I I

Figure 3.1: Lebesgue’s Thorn.

Definition 3.1.4. For y € R4\ {0} and 0 < @ < 7, we define the cone C(y,0) with direction y and aperture
0 by
Cly.0) ={z eR% (z,y) 2| z || - ||y || -cos6}.

Figure 3.2: The cone C(y,#) with direction y and aperture 6.
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Definition 3.1.5. The point a € 0D satisfies Zaremba’s cone condition if, there exist y #0 and 0 < 0 < 7
such that the translated cone a + C(y, #) is contained in R?\D.

Theorem 3.1.2. If a point a € 0D satisfies Zaremba’s cone condition, then a is reqular.
Proof. See [I], Section 4.2 p.250). O

Thus we have a complete solution to the Dirichlet problem for many open sets D. If every bounded
points of D is regular and D satisfies P?(7p < oo) = 1 for all @ € D, then the unique bounded solution to

(D, f) is given by 3.2
3.1.4 Integral formulas of Poisson
If D is a half-space or a d-dimensional sphere, we can compute the solution to get Poisson integral formulas.

Theorem 3.1.3. Ford > 2, D = {(z1,...,2q);x4 > 0} and f : 0D — R a bounded and continuous function,
the unique bounded solution to the Dirichlet problem (D, f) is given by

w2 Jop |y —a @7

Proof. See [1l, Section 4.2.D|. O

Theorem 3.1.4. Ford >2, B, = {x € R% || z ||< 7}, and f : B, — R continuous, the unique solution to
the Dirichlet problem (B, f) is given by

w(e) = 2 [Py [ 1@

oB, ly—z|*’
Proof. See [1], Section 4.2.D|. O

Example 3.1.3. Let u be the stationnary temperature on the unit-disk, then u verifies the Laplace equation
Awu = 0. Let assume we have the Dirichlet condition u(1,0) = ¢(f) for all § € [0,27), on the unit circle.
Then, thanks to the integral formula of Poisson on the 2-dimensional sphere, u is given by

1 [™ 1—r2
0)=— t dt, 0<r<1, 0#€]0,2n).
ur0) = 5= [ 60—t 0<r <1 0e0.2m)

3.2 The one-dimensional Heat Equation

This equation describes the temperatures in infinite, semi-infinite, and finite rods. We consider an infinite
rod, insulated and extended along the z-axis of the (¢, x) plane, f(z) denotes the temperature of the rod at
t = 0 and location x. Let u(t,x) be the temperature of the rod at time ¢ > 0 and position = € R. Then u
satisfies the heat equation

ou  10%*u

ot 202 (3.4)

u(0,z) = f(z), x€R.

Note. We observe, it will be useful later, that the transition density of the one-dimensional Brownian motion
p(t;z,y) = iIP’:”(Wt edy) = Le*(x*y)z/% t>0, z,yeR
) ) dy \/% ) ) ) )

satisfies the partial differential equation
op 1 0%p
ot 20x2
We call p(t; x,y) a fundamental solution to our problem.
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Theorem 3.2.1. Let f : R — R be a Borel-measurable continuous function satisfying

+oo 5
| et < o

—00

for some a > 0. Then
+oo

u(t,r) 2T (W) = / F@p(t 2, y)dy (3.5)

—00

is defined for 0 <t < 1/(2a), x € R, has derivatives of all orders, and satisfies the heat equation .

Proof. w is well-defined thanks to the condition on the integral. Then, by derivating under the integral, u has
derivatives of all orders. Since p satisfies the heat equation [3.4] u satisfies the partial differential equation.
And by dominated convergence theorem,

li 7 £ (W) = lim B £ + Wy) = f(2).

3.2.1 The Tychonoff uniqueness theorem

Definition 3.2.1. We say that a function v : R™ — R has continuous derivatives up to a certain order on

a set G, if these derivatives exist and are continuous in the interior of G, and have continuous extensions to
the boundary 0G.

With this convention, we can now give the following theorem, about uniqueness.

Theorem 3.2.2. If u is CY2 on the strip (0,T] x R, satisfies the heat equation there and if there exist
K and a such that

li t,y) = R .
tljglu(,y) 0, zeR, (3.6)
y—=T
sup |u(t,z)| < Ke® | zeR2 (3.7)
0<t<T

Then w =0 on (0,7] x R.

Note. If uy and ug satisfy the heat equation [3.4] the condition [3.7] and
lim uq (¢, y) = lim us(t
10 1( 7y) £10 2( 7y)7
y—x Yy—x

then we can apply Theorem to u1 — uo and get the uniqueness.

Proof. Recall that we note T}, the first passage time of W to y. Let € R, ¢t € [0,T") and choose n > |z|.

We define R,, = T,, NT_,, and v(0, x) 2 u(T—t—0,x), for 0 <0 < T —t. By Itd’s rule, and since u satisfies
the heat equation [3.4] we have, a.s., for 0 < s < T — ¢,

SAR, SAR,, SAR,,
v(s A Ry, Wipr, ) = v(0,Wy) + / Opv (s, Ws)ds + / Opv(s, Wg)dW, + 3 / d2v(s, W)ds
0 0 0

SAR,
= (0, Wp) +/ Byu(s, Wy)dW,.
0

Then we take the expectations, and because of properties of the stochastic integral, we obtain

u(T —t,z) =v(0,2) = E*v(s A Ry, Wipr,,)
= Ex [U(S’ W5)15<Rn] + EI [U(RTIJ WR'IL)]‘SZR'/L]'

But
o |v(s,Ws)lscr,| < max |u(T —t—s,y)| < Ke™’ as., because of,
0<s<T—t
lyl<n
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o lim v(s,W;) =0 a.s. because of

s—T'—t
o [v(Ry, Wgr,)1s>r,| < Ke™ as., as before, since [Wg, | = n a.s.,

[ ] hgl U(Rn,WRn) s>R, :U(RnaWRn)lTﬂbRn a.s. .
s—T—

So from the bounded convergence theorem, we get, for s — T —t,
uw(T —t,z) = E*[v(Ry, Wr, ) 17—t>R, ]
And,
(T —t,2)| < Ke® P*(R, < T —t)
< Ke™ [PYT, <T —t,Ty < T_p) + P*(T_p, < T —t, Ty, > T_p,)]

2

<K [PUTpoy <T —t,Tp—y < Toppeg) + POUT oy < T —t, Ty > T_pp—y)]

2

< Ke [IF’O e <T)+PY (T < T)] by symetry of the Brownian motion,

2

< Ke™™ [P'(Mp <n—z)+P'(My < n+az)]

< Keo [\[ / e 24y 4 \[ / Z2/2dz] .
T J(n—a)/VT

Thanks to Lemma [A.0.1] by letting n — oo, we get u(T — t,z) = 0 because a < 1/(2T). We can extend
it to the case where a < 1/(2T") does not hold, by choosing Tp = 0 < T} < ... < T = T such that
a<1/(2(T; —Ti-1)), i € {1,...,k} and then showing that u = 0 on each strip.

O

Note. The function 5
ht,2) = Sp(tix,0) = ——p(tie,0), t>0, 2 €R, (3.8)
T

satisfies the heat equation[3.4]on every strip of the form (0, T] X R, the condition[3.7]for every 0 < a < (1/2T),
as well as[3.0] for every x # 0.

3.2.2 Nonnegative solutions of the Heat Equation

Thanks to the representation [3.5] if the initial temperature f is nonnegative, the temperature u should remain
nonnegative for all ¢ > 0. We now want to characterize the nonnegative solutions of the heat equation.

Theorem 3.2.3. Let v(t,x) be a nonnegative function defined on a strip (0,7) x R, where 0 < T < co. The
following four conditions are equivalent.

1. For some nondecreasing function F': R — R,

+oo
v(t,z) = / p(T —t;z,y)dF(y), 0<t<T, zeR. (3.9)

—00
2. v is of class C%2 on (0,T) x R and satisfies the backward heat equation

o 10%

on this strip.

3. For a Brownian family {Ws, Fs; 0 <s < oo}, (,F), {P*}.cr and each fized t € (0,T), x € R, the
process {v(t +s,Ws), Fs; 0<s<T —t} is a martingale on (Q, F,P?).

4. For a Brownian family {Ws, Fs; 0 <s < oo}, (Q,F), {P*},er we have

v(t,z) =E*v(t+s,Ws), 0<t<t+s<T, zeR (3.11)

17



2

0 10
Proof. 1 = 2: We have ap(T —t;z,y) + fﬁp(T —t;z,y) = 0, then by differentiating under the integral,
x

v satisfies the backward heat equation We have for a > 1/(27),

/R e~ AF(y) = \/ZU(T —1/24,0) < oo,

it is the same condition as in the Theorem B.2.1l We conclude likewise.
2=3:For0<s<T—tand a <z <b, we apply the [t6’s rule and use the backward heat equation,
to get

SATL AT,
v(t+ s ATy ATy, Wepr,amy) = v(t, Wo) + /0 %U(t + 0, Wy)dW, as. .
Then, by taking the expectations, we obtain
v(t,x) =E vt + s ATy ATy, Wspr,a3,)]- (3.12)
Therefore, by Fatou’s Lemma, by letting a | —oo and b — +o0, we get
v(t,x) > E*v(t+s, W), 0<t<t+s<T, zeR. (3.13)
Let 0 < s1 < s9 < T —t, by the Markov property, we have
E*[u(t + s2, Wi, )| Fsi] = f(We,), (3.14)

where
f(y) = Eyv(t + 52, WS2—51)'

From [3.13] we obtain
v(t + s1) > E*[v(t + so, W, )| Fs, |-

Thus {v(t + s,Ws), 0 < s < T — t} is a supermartingale on (Q, F,P*). Let us now prove the reverse
inequality. We use [3.12

v(t,x) = E*[u(t + s A To ATy, Wspr,AT3)]
= Ex[’l)(t + s, Ws)lsSTa/\Tb] -+ Ez[v(t + T, a)lTa<5/\Tb] + ]Ex[v(t + Ty, b)lTb<s+Ta]
< Ex[v(t + s, Ws)] + Ew[v(t =+ Tay a)lTa<S] + Ex[v(t + Tb7 b)lTb<s]'

Now we want to show that the two last terms converge to zero when a (respectively b) converges to —oo
(respectively +00). Both are the same, we do it only for b. Let us show that for B large enough,

+oo
/ E*[v(t 4 Ty, b)17,<4]db < +o0.
B

We choose t e R, 0 <t <T,0<s<tsothat s+t <T. We have

b
P*(T, € do) = 2T 2?20, - h(o,b —x)do, b>zx,0>0.
2mo3

For B > x enough large and b > B, h(o,b— x) is an increasing function of o € (0, s). Therefore for r € (s,t)

and B perhaps larger, we have
r
h(s,b—x) </ =p(r;z,b).

+00 —+o00 s
/ E*[u(t + Ty, b) 17, ] db — / / ot + 0, B)h(o, b — z)dodh
B 0

B
r S +o0o
SHSP’/O /B v(t + o,b)p(r,z,b)dbdo
ro[ .
§”33/0 E*v(t + o, W, )do
§,/;/ v(t+ o —rz)do < oo with B.13l
0
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It proves forz e R,0<t<t+s < T with s <t Now we want to remove the restriction s < t.
We prove by induction on k that 0 < ¢t <t+ s < T and s < kt implies v(t,z) = E*v(t + s, W,). We have
etablished £ = 1. Assume it for £ > 1, then as we have done, {v(t 4 s, W), 0 < s < kt} is a martingale. Let
S9 € []ft, (k + 1)t]7 S1 € [0, kt) with 0 < s9 — s1 < t. Then,

E*v(t + s2, Ws,) = E* [E* [v(t + s2, W, )| Fs,]]
= E"v(t + s1, W, ) thanks to [3.14]
= v(t, ) by induction.

3 = 4 : With the previous proof, we have the result.
4 = 1: See [Il Section 4.3. p.260].
O

Corollary 3.2.4. Let u(t,x) be a nonnegative function defined on a strip (0,T) x R, where 0 < T < 0.
The following four conditions are equivalent.

1. For some nondecreasing function F': R — R,

“+oo
u(t,x) = / p(t;z,y)dF(y), 0<t<T, zeR. (3.15)

—00
2. u is of class C¥? on (0,T) x R and satisfies the heat equation there.

3. For a Brownian family {Ws, Fg; 0 < s < oo}, (2,F), {P*}rer and each fized t € (0,T), x € R, the
process {u(t — s, W), Fs; 0 < s <t} is a martingale on (Q, F,P?).

4. For a Brownian family {Ws, Fs; 0 <s < oo}, (Q,F), {P*},er we have
u(t,z) =E*u(t —s,Ws), 0<s<t<T, zeR (3.16)

Proof. When T < oo, we use the previous Theorem with v(t,z) = u(T — ¢, z).

When T' = oo, let us define for alln € N, x € R and 0 < ¢t < n, v,(t, ) 2 u(n — t,x). Then we apply
Theorem [3:2.3] to each v, with T' = n and get that 2, 3 and 4 are equivalent. They are implied by 1 and
they imply that there exists for all n € N*, a nondecreasing function F': R — R such that we have [3.15 on
(0,n) x R. Then, for t > n, we have from

=5 () Gl
_/R/Rp<g;z,y>p<t—g;x,z> dzdF(y)
=/Rp(t;fc,y)dF(y)-

Thus 1 is proved. O

Proposition 3.2.1. Let v(t,x) be a nonnegative function defined on the half-plane (0,00) x R. With T = oo,
conditions 2, 3, and 4 of Theorem[3.2.3 are equivalent to one another and to :

1. for some nondecreasing function F': R — R,

400 1
v(t,x) = / exp(yr — §y2t)dF(y), 0<t<oo, z€R. (3.17)

—00

Proof. The equivalence of 2, 3 and 4 follow from Corollary 3.2.4] If v satisfies [3.17} then by differentiating
under the integral, justified as in Theorem [3.2.3] we get the backward heat equation, and thus 2. Now, if v
satisfies 2 then u defined by

/2 2 1
v(t,x) = %exp (;)u<t,f), 0<t<oo, z€R,

satisfies condition 2 of Corollary and then condition 1 of the same Corollary. Thus follows O
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3.2.3 Boundary crossing probabilities for Brownian motion

We have established stochastic representations for the temperatures on different rods and we can now use it
to compute boundary-crossing probabilities for Brownian motion.

The representation has some consequences. Let us consider a positive function v(¢,z) which is defined
and of class C1? on (0,00) x R, and satisfies the backward heat equation . Then v admits the represen-
tation [3.17] for some F', thanks to [3:2.1]

We differentiate under the integral and get

1 1
8v(t,x)——/y26xp yr — —y*t ) dF(y) <0, 0<t<oo, z€R,
ot 2 Jx 2

And because of the backward heat equation v(t,-) is convex for each t > 0. In particular, ltiﬁ)l v(t,0) exists.

Now we assume that this limit is finite, and, without loss of generality (by scaling), that

ltlf(r)lv(t,O) =1 (3.18)
We also assume that
tlggo v(t,0) =0, (3.19)
xggxrloov(t, z) =400, 0<t< o0, (3.20)
and mlig_noov(t, z)=0, 0<t<o0. (3.21)

3.18 are satisfied if and only if F' is a probability distribution function with F'(0+) = 0. By imposing
this condition, becomes

400 1
u(t,z) = / exp <y:c - 2y2t> dF(y),0 <t < o0, z € R, (3.22)
0+

where F(4+00) = 1 and F(04) = 0. This shows that v(¢,-) is strictly increasing. Thus by the implicit
function theorem, for each ¢ > 0 and b > 0, there is an unique number A(¢,b) such that v(¢, A(¢,b)) = b and
A(-,b) is continuous. We can verify that A(-,b) is strictly increasing. We define A(0,b) = hﬁ]l A(t,b).

t

We want to know how one can compute the probability that a Brownian path W will eventually cross the
curve A(+,b). Computing the probability that a Brownian motion crosses a given, time-dependant continuous
boundary {¢(t); 0 <t < oo} is thereby reduced to find a solution v to the backward heat equation which

also satisfied and v(t,¥(t)) =b, 0 <t < oo, for some b > 0.

Let {W, Fi; 0 <t < 00}, (Q,F),{P*},er be a Brownian family, and define
Zy 2 o(t,Wy), 0<t< oo
For 0 < s < t, we have from the Markov property and condition 4 of Proposition
EO[Zi|Fs] = f(Ws) = v(s, Wy) = Zs  as.,

where f(y) 2 EYv(t, Wy_s). That is to say that {Z;, F;; 0 < ¢t < oo} is a continuous, nonnegative martingale.

Let {t,} be a sequence of positive numbers with ¢, | 0, and we can define Zy = lim Z;, . We have that,
n—0o0

thanks to the Blumenthal Law, Z; is a.s. constant.

Lemma 3.2.1. Z = {Z, Fi; 0 <t < oo} is a continuous, nonnegative martingale under P° and satisfies
Zo=1, 75 =0, PV-q.s.

Proof. See [1], Section 4.3 p.263 |. O
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We can now obtain the probability that a Brownian path ever crosses the boundary {A(¢,b); 0 <t < oo},
for b € R. Define the stopping time T 2 inf{t > 0; Z, = b}. Then, {Zrr, Fi, 0 <t < oo} is a martingale.

It follows that for every A € Fy and t > 0,
E° [Zolan(zy<by) = E° [1an(zo<n}B° [Zrne| Fol]
=E° [ZT/\tlAn{Zo<b}]
= E° [blangzo<trnir<ey] +E° [Zelan(zo<tynir>1}] -

But Z;17 < b and tlim Zilp< = 0. So, by the dominated convergence theorem, we obtain
—00

E° [Zolan{zy<by) = VE° [Langzo<b}niT<oco}]
= bE" [E° [1an{zo<tin{r<t}| Fo) ]
= bE® [1 47,0} P (T < 00| Fo)] -

Z
It follows that ?0 =PY(T < | Fy) a.s. on {Zy < b}. And then, using that Zy =1 a.s.,

1
P%T<KQ:gWﬂ<b%HWGZb)
So the probability that a Brownian path ever crosses the boundary {A(t,b); 0 <t < oo}, for b € R, is

) 1 ith<1
PlT<oo)=01 414
; .

3.2.4 Mixed initial-boundary value problems

Let’s discuss about the temperature in a semi-infinite rod and the relation of it to Brownian motion absorbed
at the origin. We suppose that f : (0,00) — R is a Borel-measurable function and that there exists a > 0
such that

(/+me_mﬂfuﬂdx<cm. (3.23)
0

We define

1
u(t, ) 2 B[ (W) Ligysny)s 0<t< o, a>0. (3.24)

Moreover, we have
P*(W >y, Top > t) =P*(Wy > y) —P* (W >y, Ty < t)
=PY(W; > y) = P*(Wy < —y),
where the last equality comes from the reflection principle. Indeed, the Brownian path has to go to zero
before ¢, so as we have done previously, we can draw a "shadow path" which is the reflect about the level

zero. See on Figure [3:3]
Then by derivating, we obtain

P*(W; € dy, Ty > t) = (p(t; 2, y) — p(t;x, —y))dy,

fort >0,z >0, y > 0 and thus

+oc0 0
w(t, ) = /0 F)p(ts 2, y)dy — /_ F—p)p(tsz,y)dy. (3.25)

As seen before, u; has derivative of all orders, and if f(y) = —f(—y) for all y > 0, satisfies the heat equation

B.4
= li t
fla) = limua(t,y)
Yy—
at all continuity points of f and
1
li t,y) =0, 0<t< —.
lim i (£, y) 50
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Figure 3.3: The reflection principle.

We can see ui(t,z) as the temperature in a semi-infinite rod along the nonnegative z-axis, when the
temperature at x = 0 equals to zero and the initial temperature at y > 0 is f(y). Now we suppose that the
initial temperature in a semi-infinite rod is identically zero, but the temperature at the endpoint x = 0 at
time ¢ is g(t), where g : (0,1/2a) — R is bounded and continuous. We write

A g
us(t, ) = E*[g(t — To)1{1,<t)]

t

_ / g(t — $)h(s, 2)ds (3.26)
0
t 1

= / g(s)h(t —s,x)ds, 0<t< —, x>0,
0 2a

with h given by g is a solution to the heat equation [3.4] because h is (Note [3.2.1)) and h(0,z) = 0, for
z > 0. We can rewrite it to

1
up(t,z) =B [g(t — To)lyp,<ny], 0<t< 5 ©>0.
By bounded convergence theorem, we get that

1
li = —
Sll}IIIfUQ(S,l') g(t), 0<t< 5
z)0

lim uo(t,y) =0, 0<z < oo.
in us(t, y)
Yy—

So now we can add u; and ug to get a solution to the problem with initial datum f and time-dependant
boundary condition g(t) at z = 0.

3.3 The parabolic equation and the formulas of Feynman and Kac

We will now see a representation for the solution of the parabolic equation

ou 1 d
{ e + ku = §Au +g, (t,x) € (0,00) xR (3.27)
u(07$) = f(x)7 T e Rdu
for k: R = [0,00), g: (0,00) x R? = R and f: R? — R.
In the case g = 0, we define the Laplace transform
A +o0 . J
zo(z) = / e “u(t,x)dt, =z eR% (3.28)
0
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We have

1 1 [t
—Az, = / e~ Audt
2 2 Jo

e —at du :
= e e + ku ) dt by using 3.27]
0

. . . . —at _
=(k+a)zo — f by using tilinooe u(t,x) = 0.

Let {W;, Fi; 0 <t < oo}, (2, F), {P"},cra be a d-dimensional Brownian family.

3.3.1 The multidimensional formula

Definition 3.3.1. Let f : R? - R, k: R? = [0,00), and ¢ : [0,7] x RY — R be continuous functions. We
suppose that v is a continuous, real-valued function on [0, 7] x R?, of class C*? on [0,T) x R? and satisfies

1
- g: + kv = §Av +g, on [0,T) x RY, (3.29)

o(T,z) = f(z), z=eRL (3.30)

We call such function a solution of the Cauchy problem for the backward heat equation |3.29 with potential k
and Lagrangian g subject to the terminal condition

Theorem 3.3.1. Let v be as in the previous definition and assume that there exist some constants K > 0
and 0 < a < 1/(2Td) such that

t t,z)| < Keollel® R¢. 31
ax |v(t,z)| + max |g(t, z)| < Ke®T, Vo € (3.31)

Then v admits the stochastic representation

v(t,x) = E* [f(WTt)exp (— /OTt k(Ws)ds> + /OTtg(t + 0, W) exp <— /06 k:(Ws)ds) de} ,0<t<T, zecR?

(3.32)
And thus, v is unique.
Note. If ¢ > 0 on [0, T] x R%, then we can replace the condition by
max |v(t,z)| < KelI” vy e RY, (3.33)

0<t<T

since the second integral is well-defined.
Note. If v satisfies and the differential inequality

) 1
_67: + kv > iAU on [0,7T) x R?,

with a continuous potential k : R? — [0, 00), then by applying Theorem v>0on [0,7] x R%
Proof. Define S, = inf{t > 0; || W; ||> nVd}, for n > 1. Let 0 < r < T —t. By Itd’s rule, we have

d [v(t+ 6, Wp) exp (— /09 k(WS)ds>] =0, <v(t + 0, W) exp (— /00 k(WS)ds>>

+ 0, <v(t L0, W) exp (— /09 k(WS)ds>>

Lo <U(t 0, Wy) exp (— /Oek(Ws)ds>>

— exp <_ /0 ' k:(WS)ds> [0-v(t + 0, Wo) — k(Wp)u(t + 0, Wp)]
+exp (_ /0 ek(Ws)ds> [axuma,wg) 4 ;aﬁv(tw,w@)]
— exp <— /00 k(WS)ds) [0zv(t + 0, Wy) — g(t + 6, Wy)] with [3.29
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Now, let us integrate on [0,7 A S,], we get a.s.,

T/\Sn T/\Sn 0
v(t+rASp, Wias, ) €xp (—/ k(WS)ds) = ou(t, Wo)—i-/ exp (—/ k(WS)ds> [Opv(t 4+ 0, Wy) — g(t + 6, Wy)]
0 0 0

Then we take the expectations,
rASn rASh 0
v(t,z) =E* [v(t + 7 A Sp, Wins, ) exp (—/ k(WS)ds)} + E* [/ exp (—/ k(WS)ds> g(t+0, Wg)dﬁ]
0 0 0

_ e [v(t 47, W,) exp <— /0 k(Ws)ds> 1r<5n] 4 E” [v(t 4 S, W) exp <— /Osn k(WS)ds> 1T<Sn]

+E® [/OMSR exp (— /09 k(Ws)ds> g(t + 0, Wg)d&] .

Therefore, we have

rASh 0 T—t
/ exp <—/ /-c(Ws)ds> g(t+ Q,Wg)de‘ < / lg(t +6,Wy)|do,
0 0 0

which has a finite expectation because of By dominated convergence the last term of the right-hand

side converges to
T—t 0
E” [/ exp (—/ k(Ws)ds> g(t+90, Wg)d9:| ,
0 0

asn — oo and r T T — t. Then, the second term is dominated by

E* [[o(t + Sn, Ws, )| Ls, <7—i] < Ke®™ P*(S, < T)

d

< K edn? E P <maX ‘Wt(J)‘ > n>
— 0<t<T

ji

< 2K e jzz:lw (W zn) + P (-W = n).

But, with Lemma and since 0 < a < 1/(27'd),

eaanIPﬁ (:EW(J) > 7’L> < eadn2 z 1 . e—(n:l:a:(j>)2/2T —5 0.
T V 21 n + 2() n—s+00

By the dominated convergence theorem, the first term converges likewise to

E® [v(T, Wi, exp (- /0 Ttk(Ws)dsﬂ ,

asn — oo and r T T — t. Thus, we get the Feynman-Kac formula [3:32] O

Corollary 3.3.2. Assume that f : R = R, k: R? = [0,00), and g : [0,00) x R? = R are continuous, and
that the continuous function u : [0,00) x R? — R is of class C*? on (0,00) x R? and satisfies . If for
each finite T > 0 there exist constants K >0 and 0 < a < 1/(27'd) such that

< Keol=l? R
O%B%XTIU(t,w)I+0r§ta§leg(t,:v)l_ e®I7, vV eR,

then u admits the stochastic representation

u(t,z) = E*[f(W;) exp (— /Ot k(Ws)ds> + /Otg(t — 0, Wy) exp <— /Oek‘(Ws)ds> df], 0<t<oo, zeR%
(3.34)

In the case g = 0, we can think of u(¢,z) as the temperature at time ¢ > 0 at the point = € R? of a
medium which is not a perfect heat conductor but instead dissipates heat locally at the rate k (heat flow
with cooling).
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Example 3.3.1. Let us consider the equation

0 1
—8*1:(%75) + zPu(z, t) = 5Au, T ER, >0,

with initial condition
u(0,z) =42, Vx € R.

Thanks to the formula of Feynman and Kac, u admits the stochastic representation for z € R and ¢ > 0,

t t n
u(t,z) = 42E° [exp (—/0 Wfds)] = 42E” |exp (— nh—g)loﬁ E Wiﬁ)] :
k=1

The Figure [3.4] shows the solution.

Figure 3.4: Solution to the problem.

The Feynman-Kac formula suggests that this situation is equivalent to Brownian motion with killing
of particles at the same rate k. The probability that the particles survives up to time ¢, conditional on the
path {Ws, 0 <s <t} is exp{— fg k(Ws)ds}.

3.3.2 The one-dimensional formula

Definition 3.3.2. A Borel-measurable function f : R — R is called piecewise-continuous if, it admits left-
and right-hand limits everywhere on R and it has only finitely many points of discontinuity in every bounded
interval. We note Dy the set of discontinuity points of f. A continuous function f : R — R is called piecewise
C9,j > 1if, its derivatives f,1 < i < j—1, are continuous, and the derivative fU) is piecewise-continuous.

Theorem 3.3.3. Let f: R — R and k : R — [0,00) be piecewise-continuous functions with

+oo
/ |f(z+ y)|e_|y|mdy <oo, VzeR, (3.35)

—0oQ
for some fixed constant o > 0. Then the function z defined by
+oo

d@)=E [ FW)exp (—at - /0 t k(Ws)ds> dt (3.36)

0
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is piecewise C? and satisfies

(a+k)z= %z" + f, on R\(Dy U Dy,). (3.37)

Note. With the Laplace transform computation,

oo 1 2 1 oy
e Mg = ——lIV2a 50, £ ER,
/0 V27t V2« ¢

we can replace [3.35] by the equivalent condition
+oo
EI/ e~ F(W)|dt < 00, Vi € R, (3.38)
0

Proof. We define the resolvent operator G, for a piecewise-continuous function g, by

+o0
A _ 1 —|r—yl 2
Gagx:IEI/ e g (W) dt = —— [ e P ¥V2a50)dy, z€R.
@2 E [t myar = — [ ety

We differentiate it and obtain

—+o00 x
@wW@Z/ emﬂ@wmw/ VR (Y z R

—0o0

and
(Gag)” (x) = =29(x) + 2a (Gag) (z), = € R\Dy.

Let us apply this equality for ¢ = f and g = kz, we obtain
(Gaf)" (z) = =2f(2) + 20 (Gaf) (x), = €R\Dy

and
(Gok2)" (2) = —2k2(x) + 20 (Gokz) (z), 2 € R\ Dy,

Moreover, we will show later that

(Gokz) = (Gaf) — 2 (3.39)
and that
(Galkz]|) () <00, z€R. (3.40)
Thus,
(Gof)' — 2" = (Gak2)" = —2kz 4 2a (Go f) — 202
S0,

—2f + 20 (Gof) — 2" = =2kz 4+ 2a (G f) — 2a2.
Thanks to it follows, on R\(Ds U Dy),

1
52// + f=zk+ ).

With the dominated convergence theorem, we can show that z is continuous, so Dy, C Dy and we have [3.37]
By integrated we check that 2’ is continuous.
Now we have to show 3.391 We observe that

0< /Ot k (W) exp (- /:k(Wu)du> ds = /Otk (W) exp (— /Otk:(Wu)du + /Oskz(Wu)du> ds
— exp (- /0 tk(Wu)du> [exp ( /O Sk(Wu)duﬂ;
~ 11— exp <— /Otk(Wu)du> <1
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Then we have, for x € R,

(Gof — 2) (z) = E* /O e (W) <1—exp<—/0tk(Ws)ds>>dt]

/ oot f (W, / (W) exp <— / tk(Wu)du> dsdt}
0 s
=[E* / / h et f (W) exp (— /St k(Wy) du> dtds} by Fubini’s theorem,

r +oo t
k (WS)/ e f (W) exp (—/ k(W) du> dt] ds by Fubini’s theorem,

/e
_ /0 g k (W) =0 /O T et (W) exp (— /0 e (Werw) du) dt] ds
A - e

I
=
3
5
5
N—
|
Q
V)
=
8
| a—
S—
_l’_
3
ml
Q
=
~=
—~
=
+
ih_/
[©]
o
i)

by Fubini’s theorem,

oo

=E* / e k(W) z (Ws) ds] by Markov property,
LJO

= (Gak2) (x).

We have proved
Now let’s replace f by |f| in[3.36, then we get a nonnegative function Z > |z| and thanks to[3.35] for z € R,

(Galkz]) (z) < (Gakz) (z) = ((Galf]) — 2) (z) < oo
We have proved O

Let us see some applications of Theorem [3.3:3]
As for the discrete-time random walk, we have:

Proposition 3.3.1 (Arc-Sine Law for the Occupation Time of (0,00)). Let I'y(t) fo (0,00)(Ws)ds. Then
o/t ds 2 \/5
PYT.L(t) <) = = — arcsin , 0<6O<t. 3.41
( +( ) = ) 0 \/ﬁ T ¢ ( )

Proof. For a > 0, and 8 > 0, we define

+o0 t
z(z) 2 Ez/ exp <—Oét - ﬁ/ L(0,400) (Ws) ds) dt, z € R.
0 0

By Theorem [3.3.3] it satisfies the equation

1//
Bz+1 x>0,
CtZ:{%,, r <0

and the conditions

2(0+) = 2(0-), 2'(0+) =2/ (0-).

So bounded solutions of this equation have the form

() Ae~=V2ath) 4 %5 x>0,
z(x) = @
Berv?e 4 1 z < 0.
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Using the continuity of z and 2’ at z = 0, we get

_VatB-va
(a+B)Va
Thus oo . .
0 —at oy _ — — )
E [/0 e “exp ( B/O L(0,400) (Ws) ds> dt] z(0) aida
But ot +oo ,—30 oot
[ g [ [ g
1 [t>®e (a—l—ﬂ)@ too ,—as
— ——dsd#
7r/o \f 0 Vs ’
1
~ Vala+ )
= 2(0),
since

oo o=t 1 (1> \/? 50
a = R v .
o VI VA \2 ¥

The uniqueness of Laplace transform implies

R0~ BT+ (t /
0o m\/O(t —
And thus,
0/t
U <= —P  o<o<t
0o my/s(l—s)
O
Proposition 3.3.2 (Occupation Time of (0, 00) until First Hitting b > 0). For > 0, b > 0, we have
0 A 0 T 1
E —pT4(Ty)) = E - 1 Wsds | = ————. 3.42
exp (=T (1) 2 Bexp (=6 [ 100 Wts) = 0 (3.42)

Proof. For b, o, B, v positive numbers, we define

A t
(0 2 [ 1) (W) ds

and
A

“+oo
z(x) Em/o L0,400) (Wi) exp (—at — BT () — (1)) dt, = €R.

We have

+oo
2(0) = EO/O 1(0,400) (W) exp (—at — BT () — ATy(t)) dt
0 Ty 0 +o0
=E /0 L(o,400) (Wi) exp (—at — BT'4 (1)) dt + E /T L(0,400) (W) exp (—at — BT (t) — 4T(t)) dt.
b
Since T'y(t) > 0 a.s. on {7}, < t}, we obtain

Ty
lim 2(0) = EO/ L(0,400) (Wt) exp (—at — BT (t)) dt
Y1400 0

and T
b
lim li Oon/ L0400y (W3) exp (=BT (t)) dt
;%VTI—?OOZ() ; (0,400) (W) exp (=BT+(2))
Ty
_ RO / exp (—at — BT, (£)) T4 (#)
0

[1 = E° exp (=BT+(Ty))] -

@M—‘

28



According to Theorem [3.3.3] z is piecewise C? on R and satisfies

ar=1"+f x <0,
zo=352"+1 0<z<b,
(c+7)z=3"+1 z>b,

where 0 = o + S.
The bounded solutions have the form

Ae®V32a z <0,
z(x) = BetV2e 4 CemtV2e 4 1 o<az<y,

DetVET 4 L p,

Now, using the continuity of z and 2’ at x = 0, we get the value of A, B, C' and D. In particular, using
2(0) = A, we obtain as v T 400 and then « | 0 that

1
E% exp(—AT 4 (T})) = cosh by/a5

3.4 Monte-Carlo methods and Coding

3.4.1 Theory

Let g be a measurable function such that E*|g (W;)|?> < oo and = € R By the Law of Large Numbers, we
have

n—-+00

Al - 1),T A
up(x) = - Zg (Wt( ) ) — u(z) =Eg (W) as. .
i=1

uy, is called to be a Monte-Carlo estimator. It is unbiaised since Eu,(x) = E*g (W;). We now use the
Central Limit Theorem to find a confidence interval. We have

0’/\/’5 n?oo N(O’l)’

where o = E*¢? (W;) — u?(z). We approximate o with

n

o = %Z (9 <Wt(i)’x> - un(x)>2 = iiQQ <Wt(i)7w) - u%(x)
i=1

i=1

Thus, we get the confidence interval of 95% for u(z)

~

|:un(l‘) ~ 1,962

%; up(x) + 1, 960} .

NG

3.4.2 Dirichlet Problem in the two-dimensional unit disk
We consider the Dirichlet problem on the two-dimensional unit disk B,
{ Au(X)=0 X = (z,y) € B,

w(X)=3n[(z —2)%+y*] X =(z,y) €Sk

(3.43)

u can be defined on B, and is harmonic there. So the exact solution to this problem is given by

u(X) = %ln (z—2)*+v*], X=(z,9)€B.

Let us now use our Monte-Carlo estimator to approximate the value of our solution at points (0,0),
(0.25,0.25) and (0.5,0.5). See Figure

Let M be the number of random walks we use to do the mean. We can calculate the absolute error
between the approximation and the real value, the confidence interval and also the running time. See Figure

. 12
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Figure 3.5: Dirichlet problem on unit disk.

3.4.3 Dirichlet Problem on the square

In this section, we consider the Dirichlet problem on the square [0, 1] x [0, 1],

Au(X) = X = (z,y) €[0,1] x [0,1]
Z% _ ?“(x) 0sat (3:44)
u(0,y) =u(l,y) =0 0<y<l,
where )
fla) = { Igg(l—x) L{%iiii’

Note. The sine series for f is

n=1

Assume that the solution to this problem is given by

450+§ sin (%57)

u(@,y) = m? £~ n?sinh(nr)

sin(nmz) sinh(nmy).

As previously we use our Monte-Carlo estimator to approximate the value of our solution at points (0.5,0.5),

(0.25,0.25), (0.25,0.9) and (0.5,0.9). See Figure Because of the boundary conditions which are often
zero, we use an € border. That is to say that we define f on [0,1] x [1 — €,1 + ¢|. Here we choose ¢ = 0.05.

See Figure [3.13]

/(@)
X X
0 X 0
X
0

Figure 3.6: Dirichlet problem on the unit square.

30



As we can see, the error is not very good. It could be due to the fact that a Brownian motion goes
uniformly in the four directions and that three directions on four have a zero boundary. The error is
proportionnal to the value of u.

3.4.4 Dirichlet Problem using the Spherical Process

In this section we will use a property of the Brownian motion: a Brownian motion is uniformly distributed
on the 2-dimensional unit circle, it goes uniformly in all directions. So, instead of doing all the path of the
Brownian motion still it goes out our domain 2, we will proceed differently. Let X be the starting point,
the point where we want to calculate the value of our solution. Let ¢ be a positive number. We calculate the
distance from X to the boundary of . And then using the fact that W, is distributed as r(cos(U),sin(U)),
where r = dist(X,09Q) — € and U is uniformly distributed on [0, 27), we take X1 = r(cos(U),sin(U)). And
we repeat the same with X until there exist n such that dist(X,,0f2) < e. Then we keep X,, as W;,. See
Figure to see such a path.

0.9 4

0.8

0.7

0.6 o

05 *
0.4
03
0.2
0'1__ v
o - — T T T T T T T T T T T T T T I
o 0l 0.2 03 04 05 06 07 08 0.5 1

Figure 3.7: A path starting at (0.5,0.5) in the unit square, according to the spherical process.

With this method, we obtain quite the same results concerning the absolute error but the running time
is much better. See B.8

X = (0.5,0.5)
M =100 | M =1000 | M = 10000
running time (sec) 0.02 0.22 2.08

Figure 3.8: Running time for the spherical process.

Let us now use our method to calculate the solution of

{ Au(z) =0 X = (z,y) € D, (3.45)
u(z,y) = flz,y) X =(z,y) € 0D, '
where

f(xay):_y+2 1§y§27 [EG{O,I},

f0,y) =y 0<y<l,

flz,)=2—2z 1<z<2,

f(z,y) =0, else,
and D is a L-shaped domain, see Figure [3.9]
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Figure 3.9: The L-shaped domain D.

Figures and show the solution obtained with this method. The Figure was made with
M = 10, the approximation in the middle of the shape is not pretty good but we can see the continuity of
the function. Whereas on Figure [3.11] which was made with M = 100, the approximation is quite better in
the middle but we can’t see very well the continuity of the function on boundaries. In the second Figure,
the discretisation step is not the same in the middle of the shap and on boundaries: it is chosen smaller on
the boundaries in order to have a better approximation of the solution.

Figure 3.11: Solution with M=100.
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X =(0,0)

M =100 | M =1000 | M = 10000
absolute error 0.016 0.002 0.001
confidence interval 0.073 0.023 0.007
running time (sec) 0.3 2.8 31.6
X =(0.25,0.25)
M =100 | M =1000 | M = 10000
absolute error 0.027 0.003 0.0004
confidence interval 0.073 0.023 0.007
running time (sec) 0.3 2.6 25.5
X =(0.5,0.5)
M =100 | M = 1000 | M = 10000
absolute error 0.029 0.014 0.0006
confidence interval 0.006 0.019 0.006
running time (sec) 0.2 1.5 15.3

Figure 3.12: Results for the unit circle

X =(0.5,0.5)
M =100 | M =1000 | M = 10000
absolute error 7.874 7.963 7.953
confidence interval 0.049 0.04 0.012
running time (sec) 0.2 1.7 16.0
X =(0.25,0.25)
M =100 | M =1000 | M = 10000
absolute error 2.075 2.064 2.045
confidence interval 0.017 0.012 0.006
running time (sec) 0.1 1.2 12.3
X =(0.25,0.9)
M =100 | M =1000 | M = 10000
absolute error 15.429 15.483 15.455
confidence interval 0.126 0.043 0.015
running time (sec) 0.1 1.2 12.5
X =(0.5,0.9)
M =100 | M =1000 | M = 10000
absolute error 28.532 28.547 28.582
confidence interval 0.252 0.050 0.0172
running time (sec) 0.2 1.3 15.5

Figure 3.13:

Results for the unit square
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Appendix A

Some results

Lemma A.0.1. For all z > 0,

T2 < o e v 2dqy < 167962/2.
1+ a2 . T

Proof. Let x > 0. Using integration by parts, we get

“+oo —u?/2 too +oo ,—u?/2
/ e 2y = [6 ] —/ eiQdu
x U x U

Then, using integration by parts again, we obtain

+oo $2 2 2 +oo 2
/ —26_“ 12qy = ge */2 - / e %/ 2qy.
x U X

And then,

The first inequality follows. O

Proposition A.0.1 (Blumenthal zero-one Law). Let {W;, Fi; 0 < t < oo}, (Q,F), {P"},cpa be a d-

dimensional Brownian family. If F € Fy 2 Ns>0Fs, then for each x € R, we have either P*(F) = 0 or
P*(F) =1.

Proof. See [1l, Section 2.7. p.94]. O
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Appendix B

Stochastic calculus

Here are some properties of stochastic calculus we need.

Theorem B.0.1 (Ito’s rule). If W is a Brownian motion and f is a function of class C% on R?, then

t 1 t
£V = $Wo) + [ POV 5 [ Fvds as.
0 0
If f depends on time and is continuous differentiable in time, then
¢ t 1 rt
F6 W) = FO.W0) + [ 0f(sWads + [ 0up(s WdWi+ 5 [ 02 (s, Wods as.
0 0 0
Moreover if X is a stochastic process such that for almost all w € Q, t — Xy(w) is differentiable, then
t ¢ 1 [t
FOVDX, = F(Wo)Xo + / X.f (W)W, + / FOV)XLds + / Xof"(Wo)ds as. .
0 0 0

Proof. See [1], Section 3.3. p.149].

Proposition B.0.2. Let X be a process, W be a Brownian motion on R and I an interval of R, then
E / X dWy = 0.
I

Proof. See [4].
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Appendix C

Scilab Code

Here is the main code used to do the simulation.

function [Xt,Yt]=BMcircle(X0,YO,N,r,a0,b0)

h=1/N

x=X0; y=YO;

while (x-a0)**2+(y-b0)**2 <r**2
bruitX = grand(1,1,"nor",0, sqrt(h));
bruitY = grand(1,1,"nor",0, sqrt(h));
x=x+bruitX;
y=y+bruitV;

end

Xt=x; Yt=y;

endfunction

Listing C.1: To calculate W, starting at (X0,Y0), where D is a circle of radius r and center (a0, b0).

function [Xt,Yt]=BMrect(X0,YO,N,r, R, a0, b0)
h=1/N
x=X0; y=YO0;
while (abs(x-a0)<r/2) and (abs(y-b0)<R/2)
bruitX = grand(1,1,"nor",0, sqrt(h));
bruitY = grand(1,1,"nor",0, sqrt(h));
x=x+bruitX;
y=y+bruitV;
end
Xt=x; Yt=y;
endfunction
Listing C.2: To calculate W, starting at (X0,Y0), where D is a rectangle of largor r, high R and center
(@0, b0).

function [Xt,Yt]= BMuniform(X0,YO,D,eps)
// D is an array nx2 containing the coordinates of the domain.
pt=[X0,Y0]
r=orthProj(D,pt)
while r>eps
U= 2 * %pi * grand(1,1,'def")
pt=[r * cos(U), r * sin(U)]
r=orthProj(D,pt)
end
Xt=pt(1); Yt=pt(2);
endfunction

Listing C.3: To calculate W, starting at (X0, Y0), where D is a domain, using the spherical process.
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