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Abstract

We use embedding techniques to analyse the error of approximation of an optimal stopping
problem along Brownian paths when Brownian motion is approximated by a random walk.
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1 Introduction

The purpose of this paper is to estimate the rate of convergence of the approximation of an optimal
stopping problem along Brownian paths, when Brownian motion is approximated by a normalized
random walk. Our analysis of the approximation relies on embedding techniques a la Skorohod. In
[4, 5], completely different methods have been used to tackle the same problem and we will compare
our results below (see Remark 2.3).

Throughout the paper, we will use the following notations. Let (B;)¢>¢ be a standard Brownian
motion and F = (F})s>0 its (augmented) natural filtration. We denote by 7T the set of all F-stopping
times and set

Toi={reT|0<1t<1las.}.

We denote by X a real valued random variable satisfying
EX?=1, EX=0,

and by (Xj)r>1 a sequence of iid random variables with the same distribution as X. Let
k
So=0, Se=> X;, k>1L
j=1

We denote by 7 the set of all stopping times with respect to the natural filtration of the sequence
S = (Sk)ken and set
7‘0%:{;/67’5|0§1/§na.s.}.



Let f be a continuous bounded function on [0, 1] x R and

P = sup E f(7,B;).
7'676,1

Given an integer n > 1, we can approximate P by

S,
PM™ = sup E f <K,—V) .
Ve%‘?n n \/ﬁ

It is well known (see [1, 2, 3]) that lim,_,o, P™ = P. We will prove that, if EX* < oo, and if f
satisfies some regularity conditions, P — P = O(1/y/n).

2 Embedding the random walk

We denote by T an embedding time for X, i.e. a stopping time T' € 7 such that
ET=EX%=1,

and Br has the same distribution as X. Various constructions of such a stopping time exist. One
of them, due to Azéma and Yor, is very explicit in terms of the so-called barycentre function of X
(see [7], chapter VI, section 5, or [8], chapter VI, section 51, for details). We note that the condition
E X* < oo implies that T2 is integrable. Given the embedding time 7', we have the following result.

Theorem 2.1 Assume EX?* < 0o and f: Rt x R — R is bounded and continuous and has bounded
and continuous derivatives Of /Ot and 0> f /0x?. Let Lf = (0f /0t)+(1/2)(8%f/0x?) and o =/ Var T.
We have o
P™ — P < —(||ILfllo o
<7 (LS lloo + 110 /0t]|o0)
and

Lf]|
P-pPm < 7 L of ot 1L Tloo
< = QUL oo + 04 /01l|) + 5
It should be noted that the L> norms here refer to suprema on the whole set RT x R and not on

[0,1] x R.

Remark 2.2 The constants in the above estimate depend criticallly on the variance of the embedding
time T. This variance may be different for different embedding times and we do not know of any
construction of an embedding time with minimal variance. An upper bound for ET? in terms of
moments of X can be derived as follows. The process (Bft — 6tB? + 3t%);>0 being a martingale (see for
instance [7], chapter 4, proposition 3.8), we have

1
ET? = 2E(TB%) — gEB%.
Using the inequality 2T B2 < eT? + %B%, for e >0, we get, for 0 <e <1,

ET?< 5% pxt
3e(l—¢)

Therefore (by choosing € = 3 —/6),

< 54_372\/6]3)(4.

ET?



Remark 2.3 The fact that P—P™ = O(1/+/n) has been proved in [5] by completely different methods,
under slightly different assumptions on f. More precisely, the pay-off functions considered in [5] are
of the form f(t,x) = e "tg(ut + x), where g is a continuous bounded function on the real line, with ¢’
bounded and g" bounded below. In particular, the results of [5] apply to standard American options.
So far, we have not been able to capture non smooth pay-off functions using embedding techniques.
The interest of our method lies in the simplicity of the proofs and in the explicit form of the constants
involved.

Another limitation of the embedding approach is that, with the additional condition E X3 = 0,
one may expect a better rate of convergence (see [5], Theorems 1.2 and 5.1 for partial results in that
direction). We have not been able to exploit this zero third moment condition to improve the estimates
of Theorem 2.1 by embedding techniques.

The following Proposition, which follows easily from the scaling property of Brownian motion and
the strong Markov property, shows how the approximating random walk can be embedded in the paths
of Brownian motion.

Proposition 2.4 Given an embedding time T and a positive integer n, there exists a sequence of

stopping times (T,gn))keN such that Tén) = 0 and, for every k € N, (T,g:b_)l - T,i"),B B

) — B | s
Tk:+1 Tk

T B
independent of Forim) and has the same distribution as (—, —T)
k n \/ﬁ
3 Proof of the main result

Let (Tén))keN be a sequence of stopping times as in Proposition 2.4. Observe that the sequence

(BT(n))k N has the same distribution as (Sj/v/7)ren. We denote by F(® the discrete time filtration
€

k

(F, ),k € N), and by T(™) the set of all F(")—stopping times. We also set

T,

T = {veT®[0<v<n as).

Our first Lemma relates P to the embedded random walk.
Lemma 3.1 We have P™ = sup E f (l//TL,BT(n)).
veT™ Y
0,n
Proof: Let P™ = sup o) Ef (I//’I’L, BT(n)). Applying dynamic programming (see for instance [6],
v 0,n v

chapter VI), we have P(") = U, where the sequence (Uk)o<k<n is defined by the following backward
recursive equations:

= f (LBT(n))

Un
Up = max (f (%,BTM) B <Uk+1 | fT(n>>) , 0<k<n-1

k k
On the other hand, P(™ = U(0,0), where the sequence (U(k,-))o<r<n is defined by

U(TL,) = f(17')
{U(kz,x) = max(f(%,x),EU(k:—i—l,x—l—%)), 0<k<n-1, zeR.



Now, let U, = U <k,B ) We have U,, = f (1,BT(n)) and

()
Tk

E (U n = E|(\U(k+1,B Fo(n
<k+1\leg >) ( (+ TM)\ 7! ))

k+1 k

=V <k‘—|— 1,BTI£n)> ,

where

X
= 1 — .
V(k+1,2) EU<k+ ,x+\/ﬁ>

Here, we have used the fact that B is F, (" -measurable and B
k
with the same distribution as X/v/n. It follows that Uy = Ug.

) — B
T k+1 Tk

Lemma 3.2 Let P(" = SUpP, _1(n) Ef (T,En),BT(n)). We have
0,n v

oo 5

Proof: For any v € 76(72), we have

(10 y0) = ()| = ]

Hence, using Lemma 3.1,

‘p(")—P(")‘ < H%H sup E ‘TV(")—K .

o0, c 7?)(,77? n

Now, 7™ _ (k/n kN 1S an F(”)—martingale, so that
k

sup E TV(”)—K = E‘Trgn)—l‘
ueﬁ)(’:? n
<
0
= 7

Theorem 2.1 follows easily from Lemma 3.2 and from Lemma 3.3 and Lemma 3.4 below.

Lemma 3.3 We have P — P < | Lf|] o

\/_

- 1 2
Lemma 3.4 We have P — P™ <||Lf|| (— + —U).
n

vn

is independent of F, Rk

<&



Proof of Lemma 3.3: Fix v € 76(72). ‘We observe that Tyn) € T. Indeed, for t > 0, we have

{Tim <t} = U {n <thniv =14}
k=0
Since v is an F(™-stopping time, {v = k} € Fopm, for k=0,...,n. Hence {T,S") < t} € Fi.
k

Using the definition of P and Ito’s formula, we have

E [ (T, Byw) = B[ (TS AL B, ) +Ef (T, Byw)
~E [ (T{" A1, By,

7™
P+ E Lf(s,Bs)ds
7 A1

P+[|Lfl[<E (T ~1)

IN

IN

IN

P+[|Lflloo || = 1]|

I
g
_|_

)

S

g

For the proof of Lemma 3.4, we need the following result, which will be proved at the end.

Lemma 3.5 Let (Zy),cn be a sequence of iid square integrable random variables. We have

E sup Zp <E Zy++/(n+1)Var Z,.

0<k<n

Proof of Lemma 3.4: Fix 7 € 7y and let
V:inf{kGN\Tén) ZT}.
We observe that v € T, Indeed,

(v<k}={T">r}e F oo

We have
Ef(r.B:) = BJ(T\nByw ) +Bf(rB:) ~B [ (T30 By )
< P"WLEf(r,B;)-Ef (TIE7\)7L7BT(M ) -
Now, let
AL=E (f(r,By) = £ (T By ) Loy
and

Ay =B (f(r.B:) = f (T By )) Lvny-



We have
Av = B () =1 (T Brgy )) Lo oy

E /T,(L") Lf(By)ds 1{T7(Ln)<7}

ILflloE (r = T+

n

< ILAlI<E (L= T)+ < [ILfllso

IN

o
%.
We now estimate As.
Ay = E (f(r.Br) = f (T By ) ) Ly
= B (f (. Br) - f (Tv(n)’ BTV(”))) Lirm s nagen

T
= —E/ Lf(37BS)ds1{T,§")27}m{u§n}
T
- -E Lf(s,Bs)ds 1{1<y<n}
< LB (T = T8) Loy
< Lfll<B  sup (T - T
0<k<n—1

Applying Lemma 3.5 with
O ]

we obtain

A< 0f (5 + )

<

Proof of Lemma 3.5: We may assume without loss of generality that E Zy = 0. In that case, we

have
E sup Z, < |JE sup Z}
0<k<n 0<k<n

<&
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