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Abstract

This paper develops a new technique for the path approximation of one-dimensional
stochastic processes, more precisely the Brownian motion and families of stochastic
differential equations sharply linked to the Brownian motion (usually known as L and
G-classes). We are interested here in the e-strong approximation. We propose an
explicit and easy to implement procedure that constructs jointly, the sequences of exit
times and corresponding exit positions of some well chosen domains. The main results
control the number of steps to cover a fixed time interval and the convergence theorems
for our scheme. We combine results on Brownian exit times from time-depending
domains (one-dimensional heat balls) and classical renewal theory. Numerical examples
and issues are also described in order to complete the theoretical results.

Key words: Strong approximation, path simulation, Brownian motion, linear diffusion.
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An introduction to strong approximation

The aim of this study is to describe a path approximation of (X;, 0 < ¢t < T) where
X, stands for the one-dimensional Brownian motion starting in x or for a class of one-
dimensional diffusions with non-homogeneous coefficients, and 7" is a fixed positive time. The
usual and classical approximation procedure of any diffusion process consists in constructing
numerical schemes like the Euler scheme: the time interval is split into subintervals 0 <
L - . < "T_lT < T. For each of these time slots, the value of the process is given

n
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or approximated. The convergence result of the proposed approximation is then based on
stochastic convergence theorems: we obtain usually some LP-convergence between the path
built by the scheme and the real path of the process. The approximation error is not a.s.
bounded by a constant.

In this study, we focus our attention on a different approach: for any ¢ > 0, we construct
a suitable sequence of increasing random times (s ),>0 with s§ = 0, lim,,_,», s;, = 400 and

random points zg, 23, ..., ;... in such a way that
sup |X; —zf| <e as. (0.1)
te[0,7

where z{ = ano T Lise <tass, 3 The procedure is quite simple to describe, the sequence
(s2,x%) is associated to exit times and exit locations of well-chosen time-space domains for
the process (t, X).

Let us sketch the main steps of the method here. For this, let us consider a continuous
function ¢.(t) which satisfies: there exists 7. > 0 s.t.

Supp(¢.) = [0,7.] and 0 < ¢.(t) < ¢ for any ¢ € Supp(s.).

We start with (s§, 2§) = (0,x) where «x is the initial point of the path (X;). Then we define,
for any n > 0
Sor = InE{E > 511X — X > 6.t — )

and 27, = X . In other words, s7_, is related to the first exit time of the stochastic
process (t, Xge 14 — 25, )¢>0 from the time-space domain {(¢,z) : |z| < ¢.(t)}, called ¢.-domain
in the sequel.

We observe that:

- the bound (0.1) is satisfied due to the boundedness of the function ¢.

n

the support of ¢..

- the sequence (s3) satisfies s5,; — s}, < r. , for any n > 0, due to the boundedness of

For such an approximation of the paths, the challenge consists in the choice of an appropriate
function ¢. defining the ¢.-domain in such a way that the simulation of both the exit time
and the exit location is easy to construct and implement. Moreover the analysis of the
random scheme is based on a precise description of the number of random intervals [s7, s ;[
required in order to cover [0,7]. Such an analysis is developed in the next section.

Our main motivation is to develop a new approach that gives the e-strong approximation
for a large class of multidimensional SDEs. In this paper the main tools and results of this
topic are developed for some particular SDEs in one dimension. We intend to pursue this
research for more general situations starting with the multidimensional Brownian motion
and Bessel processes.

The study of the strong behaviour of an approximation scheme, and in particular the
characterisation by some bounds depending on ¢ of sup,¢(o 77 || Xt — 27 || where 27 stands for an
approximation scheme, was considered recently by some other authors. In Blanchet, Chen



and Dong [3] the authors study the approximation of multidimensional SDEs by considering
transformations of the underlying Brownian motion (the so-called It6-Lyons map) and follow
a rough path theory approach. In this paper the authors refer to the class of procedures which
achieve the construction of such an approximation as Tolerance-Enforced Simulation (TES)
or e-strong simulation methods. In Chen and Huang [4] a similar question is considered
but the result is obtained only for SDEs in one dimension and the effective construction
of an approximation scheme is not obvious. This last procedure was extended by Beskos,
Peluchetti and Roberts [2] were an iterative sampling method, which delivers upper and
lower bounding processes for the Brownian path, is given.

In a more general context, Hefter, Herzwurm and Miiller-Gronbach [10] give lower error
bounds for the pathwise approximation of scalar SDEs, the results are based on the obser-
vations of the driving Brownian motion. Previously the notion of strong convergence was
studied also intensively for particular processes like the CIR process. Strong convergence
without rate was obtained by Alfonsi [1] or Hutzenthaler and Jentzen [15]. Optimal lower
and upper bounds were also given. For stochastic differential equations with Lipschitz coef-
ficients Miiller-Gronbach [16] and Hofmann, Miiller-Gronbach and Ritter [14] obtained lower
error bounds.

All these results give a new and interesting highlight in this topic of pathwise and e-strong
approximation, but are not quite effective for a numerical purpose due to the limitations of
current techniques. We believe that the construction we give and the results we prove in this
paper provide an important step in the development of the e-strong convergence for general
SDEs. The main advantage of our approach is that we give an explicit and constructive
procedure of the scheme and this conducts to an easy to implement algorithm. Furthermore
the construction is based on explicit distributions of the exit time for time-space domains,
closely related to the behaviour of the underlying process. This construction is thus deeply
guided with the dynamic of the process.

For practical purposes the approximation scheme is the object of interest and in order
to characterize and control its behaviour we are looking for sequences which have the same
distribution. We need thus to introduce the following definition:

Definition 0.1. The random process (y5) is an e-strong approzimation of the diffusion pro-
cess (Xy) if there exists (x5) satisfying (0.1) such that (y5) and (x5) are identically distributed.

The material is organized as follows. In Section 1, we focus our attention on the number
of space-time domains used for building the approximated path on a given fixed time interval
[0, 7. This number is denoted by N%. The main specific feature related to our approach is
the randomness associated to the time splitting. A sharp description of the random number of
time steps N7 permits to emphasize the efficiency of the e-strong simulation. The first section
points some information in a quite general framework, that is 2E[N%] is upper bounded in
the & small limit, while the forthcoming sections permit to go into details for specific diffusion
processes. Section 2 introduces the particular Brownian case and families of one-dimensional
diffusions (L-class and G-class of diffusion in particular) are further explored in Section 3.
In each case, an algorithm based on a specific ¢.-domain (heat ball) is presented (Theorem
2.1 and Theorem 3.8) and the efficiency of the approximation is investigated (Proposition
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2.2 and Theorem 3.13). We obtain the convergence towards an explicit limit for the average
expression e2E[N5] as € tends to 0. In the particular diffusion case, there exists a constant

> 0 such that
p(T) 1
/ L
0 n?(z + Bs)

where 7 and p are both functions related to the approximation procedure and (B;)>o stands
for a standard one-dimensional Brownian motion.

Finally numerical examples permit to illustrate the convergence result of the algorithm
in the last section.

lim 2E[N:] = uE , Y(T,r) eR. xR (0.2)
E—>

1 Number of random intervals needed for covering the
time interval [0, T

The sharpness of the approximation is deeply related to the number of random intervals
5,55 41 used to cover [0,T7]. If (X;) is a homogeneous Markovian process, then we observe

n’

that U7, = s;, ., — s;,, for n > 0, is a sequence of i.i.d. a.s. bounded variables. Obviously
we have:
n
5=y U;.
i=1

The number of variates corresponds to

Ni:=inf{n>1: s >T}.
We can control, for any j € N and A > 0:
P(N; >j)=P(s§ <T) = P(e™5 > ™) < AME[e™] = ME[e i), (1.1)

This calculus proves that the upper-bound essentially depends on the Laplace transform of
Us.

Nota 1.1. Before stating a first result let us give an important convention. All along the text
we need to control (upper or lower bounds) several quantities. In order to do this we use C
and k to design positive constants, whose value may change from one line to the other. When
the constants depend on parameters of prime interest, we use, for example, the notation Cr
to suggest that the constant C' depends in some way on T and o, where T and « denote here
some parameters.

eps d . -
Proposition 1.2. For e > 0, let us assume that Uj @ e2U where U is a positive random

variable independent of the parameter €, (here and all along the paper @ stands for equality



in distribution).
1. If there exist two constants C > 0 and > 0 such that Ele™*V] < & for all A > 0, then

IR
) ., VjeN~ (1.2)

2. If E[U?] < oo, then for any § > 1, there exists g > 0 such that

oeT

EINF] < g

Ve < &gy.

Proof. For the result in 1., by using both the Markov property (1.1) and the condition
concerning the Laplace transform of U, we obtain:

C

52/@)\/1

J
P(N;>j)§e”< ) . YA>0.

By choosing the optimal value of A given by A = % we obtain (1.2).
For the result in 2., we can also remark that (1.1) leads to

EINF) = 5BV > ) < 1 (13)
=0
If E[U?] < oo, we get
Ele V] = 1 — A’E[U] + o(Ae?), A > 0.
The particular choice A = 1/7 implies the announced result. O

Remark 1.3. If the condition E[U?] < oo, is not satisfied, we can construct another approach
which leads to less sharp bounds. Indeed if N5 denotes the number of r.v. (UZ) such that
snz. = T, then the strong Markov property implies

E[V5] < KE[NG,,], vk € N
Taking A = k/T in (1.3) and afterwards k = |T/e*| we obtain

< ke | T/?|e el c 0
— ~ as :
=1 _E[e+U/T] ~ 1— E[e-T/220/T] ~ 22(1 — E[eV))

E[Nz]
This result is less sharp than the statement of Proposition 1.2 since 1 — Ele™V] < E[U] but
it works even if the second moment of U is not finite.

Let us just note that the large deviations theory cannot lead to interesting bounds in our
case. Indeed the rate function I used in Cramer’s theorem satisfies:

limsupnInP(N7 > n) <limsupnlnP(s; <T)=— inf I(x)=—o0.

n—00 n—00 z€[0,T7]



2 Approximation of one-dimensional Brownian paths

We recall that for our approach it is essential to find a function ¢, with compact support
[0, 7] which satisfies sup,¢(y .| -(t) = ¢ and such that the exit time s{ of the ¢.-domain is
simple to generate.

The choice of ¢, is directly related to the method of images described by Lerche [11]
and to the heat equation on some particular domain, called heat-balls and defined in Evans,
Section 2.3.2, [9]. More recent results on this subject can be found in [8], [7] and [6].

BROWNIAN SKELETON (BS),

1. Let € > 0. We define ¢.(t) := /tIn(e2e/t), for t € I. := [0, r.] with r. = ec?.

2. Let (A,)n>1 be a sequence of independent random variables with gamma distribu-
tion Gamma(3/2,2)

3. Let (Z,)n>1 be a sequence of i.i.d. Rademacher random variables (taking values +1
or -1 with probability 1/2). The sequences (A;,),>1 and (Z,),>1 are independent.

Definition: For ¢ > 0 and for any function  : R — R, the Brownian skeleton (BS),
corresponds to

Up = pP(a5 ) et s =) Uf,
(U2, (53)nz1, (@5)uzo)  with

= Ty + Zan(ag )G (225, 21) Uy), Yn =1

and z§ = .

Theorem 2.1. Let ¢ > 0 and let us consider a Brownian skeleton (BS),, with n = 1. Then
T = ano Ty lss <t<ss, |} 1S an e-strong approzimation of the Brownian paths starting in x.
Moreover the number of approzimation points on the fized interval [0,T] satisfies:

BTw(3/2,2,8)"
je?

i8
P(N: > j) < ( ) , VjEN, V8 >2, (2.1)

with w a constant defined in the appendiz, (4.5). Moreover, for every 6 > 1 there exists
g0 > 0, such that the following upper-bound holds,

o 3V3T
E[NT] S 52 )

Ve < gy.

Proof. First we remark easily that sup,.; ¢.(t) = ¢ as required. So we start the skeleton of
the Brownian paths (BS); with the starting time-space value (0, z§ = z). Then (0+ U§, 2§+
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Z1¢-(U7)) stands for the first exit time and exit location of the time-space domain originated
in (0, z5) whose boundary is defined by ¢..

The second step is like the first one, it suffices to consider the new starting point (s, z7) :=
(Ui, x5 + Z16:(U5)) and so on... Using the results obtained in Lerche [11] and Deaconu -
Herrmann [7], we know that these exit times are distributed like exponentials of gamma
random variables (see, for instance, [7]). In particular, the probability distribution function
of Uy satisfies:

be(1) In(e2e/t)
Ju (©) eV 2ert e/ 2emt ()
We deduce that U and ee?W defined in Lemma 4.1 are identically distributed (with the
parameters o = % and § = 2). By Lemma 4.1, we get for any ' > 2

3 1\
Efe™] _w<2,2,ﬁ> (ea2)\)

Proposition 1.2 permits to obtain the bounds of the number of points needed to approximate
the Brownian paths on the interval [0, 7], as E(W) = 3/3. O

Let us just notice that for U a standard uniformly distributed r.v. and G a standard
Gaussian r.v. independent of U, W = U2e~¢" is random variable with the PDF presented
in Lemma 4.1 associated to the parameters a = % and 8 = 2.

We can easily improve the description of the number of approximation points. Since
(U )n>0 is a sequence of independent random variables, (N )¢ is a renewal process and the

classical asymptotic description holds:

Proposition 2.2. The number of approximation points satisfies:

T
lim e’E[N5] =

e—0 e

332,

Moreover the following CLT is observed:

lim 1/ W <2N€ T33/2)—G in distributi
51—I>I(1] 520'2T £ T . = m arstrioution

with G a N(0,1) standard Gaussian random variable, y = e37%/? ~ 0.5231336 and o? =
(5732 — 373) % &~ 0.3872285.

Proof. Let us consider (N;);>o a renewal process with arrivals (e!=47),>; independent ran-
dom variables defined in Theorem 2.1. Since A; is gamma distributed, the arrival variable
satisfies E[e!™41] = eL4(1) where £4 stands for the Laplace transform of A;. It is well
known that £4(s) = (2s +1)7%/2.

We use here classical results for the renewal theory, see for example [5]. The elementary

renewal theorem leads to
. E[N{] 1 33/2
lim = = .
tooo  t Ele!=41] e




In order to obtain the first part of the statement, it suffices to observe that:
Ni =infin >0: zn: s TV i
r=infin>0: e > 5y = Nrje.
k=1

We deduce that

. S . EN] T
g 'EINF] = iy B ] = Ji T =

The same argument holds for the CLT: if we denote by u = E[e!=41] and 0? = Var(el=41)
then

— 33/2
. .

tpd (N, 1
lim ¢/ 22 (—t — —) = G in distribution,
e=0V o2 \ ¢ "
where G is a N(0,1) standard Gaussian random variable. The statement is therefore a
consequence of the link between Nf and Ny .. O

3 The particular L and G classes of diffusion

Let us now consider some generalizations of the Brownian paths study. We introduce solu-
tions of the following one-dimensional stochastic differential equation:

dXt = O'(t, Xt)dBt + ,u(t, Xt) dt, X(] = X, (31)

where (B;, t > 0) stands for a standard one-dimensional Brownian motion and o,y :
[0, +00) xR — R. Let us consider two families of diffusions introduced in Wang - Pétzelberger
[17]:

1. (L-class) for o(t,x) =7 (t) and u(t,z) = a(t)x + b(t), r € R
2. (G-class) for o(t,z) = gx and p(t,z) = a(t)z + b(t)xIn(z), x € Ry,

where 7, a,b : R, — R are continuous functions and o € R.
Let us note that, in such particular cases, the solution of the SDE (3.1) has the same
distribution as a function of the time-changed Brownian motion:

Xt = f(t, To + Bp(t))7 t> O, (32)

(where f and p denote functions that we specify for each class afterwards).

For L-class diffusions for instance one particular choice of the function f (this choice is
not unique) is given by (see, for instance, Karatzas and Shreve [12], p. 354, Section 5.6 for
classical formulas and Herrmann and Massin [13] for new developments in this topic):

0
10 =77

T+ ¢(t), (3.3)
with

t ) t .
C(t) = efo a(s)ds / b(s)e_ J3 a(u) du dS, and p(t) — / 52(8)6_2 Jo a(u) du ds.
0 0
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Remark 3.1. If we have a diffusion in the L-class characterized by some fized function
f(t,x) given in (3.2) then we can obtain a diffusion of G-class by using the function e/®®
instead of f(t,z). Obviously the corresponding coefficients a,b, and o need to be specified
with respect to those connected to f(t,x).

Proposition 3.2. Let us define the following diffusion process
Xy = f(t,zo + Bywy), t=>0, (3.4)

where f is given by (3.3). Then Xy is a weak solution of the stochastic differential equation
(3.1).

Proof. We can write the previous expression for f on the form
t
F(t, z) = z.edoa® 4 o= “(S)ds/ b(s)e™ Jo awdugg, (3.5)
0

We denote also by
t
I :/ v p'(s)dBs. (3.6)
0

In order to prove the result we need to prove that X, = f(t,zo + [;) satisfies the equation
(3.1). For the initial condition we can see that:

Xo = f(0,20) = wo. (3.7)

Let us now evaluate

t
dX, = [a(t)ef5a<s>d8(xo+ﬂt)+a(t)ef$a<s>ds / b(s)e™ Jo aduqg 4 elo a)dsp () Jo als)ds | gy
0

+o(t)dB,
= [a(t) f(t,x0 + L) + b(t)] dt + T(t)dB; = [a(t)X; + b(t)] dt + TdB;.
(3.8)
This ends the proof of the proposition. O

In this section, we consider particular diffusion processes which are strongly related to
the Brownian paths. It is therefore intuitive to replace in (3.2) the Brownian trajectory by
its approximation. If the function f is Lipschitz continuous, then the error stemmed from
the approximation is easily controlled (the proof is left to the reader).

Assumption 3.3. The diffusion process (Xi)i>o satisfies
X = f(t,x0 + Boy))
with f a Lipschitz continuous function:
[f(t,2) = f(s.9)] < Kpp(T)(Jw =yl + |t = s[),  V(w,y) €R® V(s,t) € [0,T]"  (3.9)

where Kp;,(T) stands for the Lipschitz constant. The function p is an increasing continuous
function with initial value p(0) = 0.



Proposition 3.4. Consider T' > 0 and € > 0 fized. Let the diffusion process (X;) satisfy
Assumption 3.3 and let
= Zzz1{52§t<sz+l}

n>0

be a 0-strong appmxzmatzon of the Brownian motion (see Theorem 2.1) with 6 = eKLZp(p_l(T))
on the time interval [0, p~*(T)], where K1, (T) is defined in (3.9), then

yt = Zf n » L 1{se<p(t)<sn+1}

n>0
is an e-strong approzimation of (X;) on [0,T].

Unfortunately the Lipschitz continuity of the function f is a restrictive condition which
is not relevant for most of the diffusion processes. In particular, a typical diffusion belonging
to the L or G-class does not satisfy the Lipschitz condition. Consequently we introduce a
weaker framework.

Assumption 3.5. The diffusion process (Xi)i>o is a function of the time-changed Brownian
motion:

Xt = f(t, Ty + Bp(t))
where p is an increasing continuous function with initial value p(0) = 0, f is a CH1 (R, x

R, R)-function satisfying

(t ) } < F(z?), VreR, (3.10)

sup max '—
te[0,T]

with a strictly increasing C*-continuous function F. Moreover there exist two constants k;
and ko such that max(F, F', F")(2?) < k1€™® for all z > 0.

Assumption 3.6. Ik, > 0 such that p'(p~(x)) > Kmin for all x € R.
Remark 3.7. One can check easily that the L and G-class diffusions verify these hypothesis.
Let us define the function 7 to be

n(z) = !

Ly ) F(222+1)

(3.11)

( mln

This function is strictly decreasing and Lipschitz continuous.

Theorem 3.8. Let € > 0. Let (X;);>0 be the solution of (3.1) satisfying Assumptions 3.5
and 3.6 and let us consider the Brownian skeleton (BS),, associated to the function n defined
n (3.11), then

yt = Zf n y Ty 1{5E <p(t)<s§ i1} (312)

n>0

is an e-strong approzimation of (X;) on [0,T].

10



Proof. Let us assume that t satisfies s;, <
p~1(s5) and A} = f(t, 25 + Byw) — f(t5,
n g af g g € g &
At = (t - tn)a(tn + T(t - tn>7xn + T(xO + Bp(t) - xn))
of

+ (25 + By — a7) - (1, + 7t = 15), 25, + 725 + By — 27,))-

oz
Under the assumption (3.10) we have

A7 < (18 = tal + 105 + By — w5l - P(a5 + 7(25 + By — 23))%).

Since

Snt1 du
= 6] < o =t = o i) =0 0 = | [ S|
o o e Pl ()
we obtain
It —t;] < kpialsiniy — sl = filUn | < e kpine®n(as,).

min min n

Moreover, by the definition of the BM approximation,
|75 + Bpy — 27| < enflas,).
Finally due to the monotone property of F',

AP < (ermne™?(25) +en(ar) ) - F((a5, + 7(2§ + By — 27))%)

min

< (ermne™n?(@;) +en(ay) ) - F(2(27)° + 2%0%(27)).-

p(t) < s;., for some n € N. We denote t, :
). We obtain, there exists 7 € (0,1) such that:

There exists g9 > 0 such that e2n?(z) < 1/2 for all z € R and ¢ < . Then, by the definition

of the function n, for ¢ < ¢(, we have

[AY| < (et + Den(as) - F(2(a7)* +1) <e,

for any t € [s},s5,,]. We deduce that the linear interpolation between (y), where y, :
f(p7(s5),25) and n < inf{k > 0 : sx > p(T)} is a e-strong approximation of (X, ¢

n

0,77).

rn

Let us now describe the efficiency of the e-strong approximation. We introduce

Ny :=inf{n>0: s >t} and Nf = Ny,

S
U

(3.13)

where s, is issued from the Brownian skeleton (BS),,. N¢ corresponds therefore to the number
of random points needed to approximate the diffusion paths on [0,¢]. Let us observe that
the random variables U are no more i.i.d. random variables in the diffusion case (different
to the Brownian case), therefore we cannot use the classical renewal theorem in order to

describe Ny .

11



Proposition 3.9. Let (N7, t > 0) be the counting process defined by (3.13). Then, under
Assumptions 3.5 and 3.6, for any x € R and t > 0, the average Y°(t,z) := E[N{|z§ = x| is
finite. Moreover there exists a constant A\g > 0 such that the Laplace transform Ly®(\, x) 1=
[° e MyE(t, ) dt is finite for any A € C satisfying Re(X) > Xo.

Proof. The mean of the counting process is defined by

r) =Y P(Nf >n)=> P(s <t).

n>1 n>1

Let us denote by m¢, := ming<x<,_1 n*(z5), where n is defined by (3.11) and introduce the
following decomposition:

P(ss <t) =P(s5 <t, ms >n"23) +P(s5 <t, ms < n~2/3). (3.14)
By the definition of the sequence (s%), we get
s =emn(af)e ™M F et ) e T > ml (e M 4 e,
Hence, for any A > 0, we have

U () = Pls, < t, mi, > n %) <P 4 el <P
=P <€Xp {—%n‘2/362(61‘A1 + ...+ el‘A”)} > e—%)
< e Elexp(—n~/3e2e! 41", (3.15)

Since the second moment of e!=41 is finite (see Lemma 4.1 with parameters a = 3/2 and
f = 2, any moment of this random variable is in fact finite), we obtain the Taylor expansion:

—2/3.2 2, —4/3.4,2
E [exp(—%n_Z/i”ngl_Al)} -1 An""e% + (é) noee o(n=43).

2 33/2 2 2. 53/2
By using the classical relation In(l1 — z) = — (x + 2y , for x € (0,1), we can
2 3
deduce that
A n \ enl/3s2
E {exp (—in_z/gazel_"h)] = exp [—567;37/;] +o(1) as n — 400 (3.16)
which implies that
\enl/322
ZPS <t, mg > n"23) <Zexp[ 3 3 < 00. (3.17)

n>1 n>1

Let us just note that this result is still true if we consider the terms 5, () := [~ e~ ug (t) dt.

Indeed (3.15) leads to

ﬂ;:z()‘) S/ -\t ME |ieXp< ;\TL 2/35261 A1):| dt = ;E |:6Xp< ;‘n 2/38261 Al):| .
0

12



Since the upper bound is the term of a convergent series, we deduce by comparison that

D w(N) <00, VA>0. (3.18)

n>1

Let us now focus our attention to the second term of the r.h.s in (3.14). Since we consider
the Brownian skeleton (BS),, the sequence (s3,z5) belongs to the graph of a Brownian
trajectory. Consequently the condition mZ < n=2/3 can be related to a condition on the
Brownian paths:

vE(t) = P(s5 < t, mS < n~¥3) <P(3s < ts.t. n?(xf + By) < n 3,
where B is a one-dimensional standard Brownian motion. Using the upper-bound of the
function F' in Assumption 3.5 and the definition of the function 7, we obtain the bound:
there exists C' > 0 and x > 0 such that n(z) > Ce "I*l. Let us note that 2§, = z. The
Brownian reflection principle leads to

vE(t) <P (7| sup |z + By | <n %3
s€[0,t]

1
< IP’( sup |z + Bg| > — ln(nC?’))
s€[0,t] 3K

<B( sup |B > 3~ In(nC?) — [z])

s€[0,t] 3K
1
< 21P’<|Bt| > = In(nC*) — |:)3|)

12 1 2 3/ .3k|z|
< KVt exp(— n”(nC /26 ))
In(nC3 /e3lzl) /27 18k2t

Since W > 21In(n) for large values of n, we deduce that the r.h.s of the previous

equality corresponds to the term of a convergent series. Therefore

Z]P)(Si <t,ms <n ) < 0. (3.19)

n>1

Let us now define 75(\) := [ e~*vg(¢) dt. The previous inequalities permit to obtain:

€ - — 1 K|z 2 -
7 (\) g/o e M2IP(|Bt\ > — In(nC?/e™ ')) dt = \/;//R e o g dE du
+

where a,, = o In(nC*®/e**). Hence



By the change of variable u = 1/7(2Xa2)'/4, we have

(2)\05721)1/4 o] L
)\\/ 2T 0 \/7

1 4
(2xa2)Y e—any/341) 4, +/ a e—ony/ 3 (3 47) dr}.
>\\/ 2m f r

Using the change of variable r — ; in the first integral leads to
2\1/4  poo 1/4  poo
(2Xy) (i n ﬂ) /T 4+) < 2(2>\a ) o—an /3" g
M 21 1 \/7_" r3/ M 21 1

1 2\5/4 >
<A
Ty, \A

Since «;, ~ i Inn, the upper bound is a term of a convergent series as soon as A > Ay :=
18x2. Therefore, by comparison,

> TN <00 for A> A (3.20)

n>1

Combining (3.14), (3.17) and (3.19) leads to the announced statement ¢° (¢, z) < co. Since

/OO e MYt (ta)dt =Y w(A) + > T5(N)
0

TL>1 nZl

eonV/EC 4 g,

7, (A) <

7n(A)

IN

the convergence (3.18) and (3.20) of both series for A > Ao implies that the Laplace transform
is well defined for A > \g. Of course, this result can be extended for complex values A € C
satisfying Re(\) > Ao. O

Proposition 3.10. Under Assumption 3.6, the function (t,x) — (¢, z) = E[N{|z§ = z] is
continuous.

Proof. Let us consider the Brownian skeleton (BS), which corresponds to the sequences
(Us)n>1, (85)n>1 and (25),>0 with 2§ = x. We consider also a second Brownian approxima-
tion (US)n>1, (85 )ns1 and (28,50 with 25 = &, both approximations being constructed with
respect to the same r.v. (A,)n,>1 and ( n)nZl The corresponding counting processes are
denoted by Nf and N;.

Step 1. Let us describe the distance between these two schemes. The function 7 is bounded
so we denote by M = sup,.g n(x) and Ly, the Lipschitz constant of . Hence

1% (%) — n?(2%)] < 2M Ly |2t — &), ¥n > 0.

nl
Using the definition of the approximations (BS),,, we have
i | = |25y — @5y + eZudr () (n(h_y) — 0(@5y))]

<oy — a5 4| + e, _y) — nl;,_)|
< (1 +eLup)|aq_q — 351 < (1 + eLyip)"|xg — 25].

|zf —

14



We deduce
max |7’] (l’k) 2(!2’2” S QMLLip(l + ELLip)n|ZL' — i’| (321)

0<k<n

Step 2. Since NNy is a N-valued random variable, we get

V(tx) =Y PNy 2n) =) P(s, <t) =) P(s; <t 8, <)+ Y Pls; <t, & > 1)

n>1 n>1 n>1 n>1
=) P <) = Y P(E <t s >+ Y P(sh <t 8 > 1),
n>1 n>1 n>1

We deduce that

[9F(t ) =97 (6,8)] < D g () + ) (), (3.22)

n>1 n>1

where u; (t) = P(s; < t, s; > t) and @, (t) = P(s;, < t, 8 > t). Since u,(t) < P(s5, < t)
which is the term of a convergent series (see Proposition 3.9), then for any p > 0 there exists
ng € N such that

D w(t) < p. (3.23)

e
TL>TLO

Moreover

w(t) =P(s; <t, s+ (5 —s)>t) <Pt—0<s, <t)+P(s — s >0).

n

The random variables (s;,)i1<n<ns are absolutely continuous with respect to the Lebesgue
measure. Consequently
g
Vp >0, 30.>0 such that ZP(t —6. <5, <t)<p. (3.24)

n=1

It suffices therefore to deal with the remaining expression: an P(s: — s& > 0.). By Step
1 of the proof and by the definition of (s) and (55), we have for n < ng

|57, — 80l = €%(n(x5) — n(@5)e' ™" + ...+ (P (a5 _y) — (@5 _)e'

< 2 2 1-A; 1-Ap
< max |r(af) - PEIE + ..+ )

< Ce¥a—z|(el M 4. el T,
with C' = 2M Ly;,(1 + eLy;,)™. Hence

g
Vp >0, dk.>0 suchthat |z—2|<k. = ZP(éiL — s >0:) <p. (3.25)

n=1

Combining (3.23), (3.24) and (3.25), we obtain

Vp >0, dk.>0 suchthat |z—2|<k. = Zﬂi(t) < 3p.
n>1

15



Let us use now similar arguments in order to bound the series associated to u(t). Using the

following upper-bound,

up (t) =P(s;, > t, 57 + (8, —s5,) <t) <Pt <s;, <t+0)+P(& — s, >9),

we deduce that all arguments presented so far and concerning @5, (t) can be used for u5 ().
Finally (3.22) leads to the continuity of z +— ¥*(¢, x):

Vp >0, 3Jk.>0 suchthat |z—2| <k = [P°(¢t,z)— (¢, z)| < 6p.
Let us end the proof by focusing our attention on the continuity with respect to the time
variable. Since
Vit o) =) P(s; <),
n>1

where s; is an absolutely continuous random variable, the Lebesgue monotone convergence
theorem implies the continuity of ¢ — 1°(t, z). O

We give now an important result concerning the function ¢°(¢, x) = E[N§|z§ = x].

Proposition 3.11. Under Assumption 3.5 and Assumption 3.6 , there exist Cr > 0, kK > 0
and 9 > 0 such that

g2 (t,x) < Crel®l Vvt e[0,T), Vo € R, Ve < &. (3.26)

Let us note that the constant k is explicit: it suffices to choose Kk = 3v2ky where Ky corre-
sponds to the constant introduced in Assumption 3.5.

Proof. The proof follows similar ideas as those developed in Proposition 3.9. We introduce
here m¢ := ming<j<,_1 n°(x5) and recall that

Yt m) =) P(s; < 1). (3.27)

n>1
We aim to control
S (tw) = (U5 (¢, o) + €205 (t, 7)) (3.28)
n>1
by using similar notations as those presented in Proposition 3.9, that is
us (t,z) = P(s5 < t;ms > e'n 23 = ), (3.29)
vE(t, 1) = P(s5 < t;ms < e'n 23 as = x). (3.30)

Here a suitable choice of the exposant v should ensure the required boundedness. We shall
discuss about this choice in the following.
Step 1. Consider first the sequence (u$(t,x))n>1. The definition (3.29) leads to
us(t,z) <P (el_Al 4. el < tn2/35_(“f+2))
At

<P (exp —%71_2/35“’“(61_’41 + ...+ el_A”)] >e 2 (3.31)

< e% {E (exp (—%57"'271_2/361_141))} , V(t,z)€[0,T] xR, Vn > 1.

16



Using the explicit distribution of the random variable A;, we obtain that
e t2p1/3¢

9 332 ) , Y(t,z) €[0,T]x R, Vn > 1. (3.32)

2us (t, 1) < 2™ exp <—

Since the function z +— exp(—z) is non increasing,
)\ €'y+2 1/3 ) +oo by 6*y+2z1/36
£ ;GXP ( 33/2 ) <eg /0 exp <—§W) dz. (333)

By performing the change of variable y = £2z we have

+oo A e7+251/3, +o0 A 5v+2—§yl/3e

2 _AETETE _ _Ne T syTe
€ /0 exp ( SREETE ) dz /0 exp | —5 R dy. (3.34)

Therefore choosing v = —3 gives
A 12l 3¢
> et ) <% ZeXp( 2W) (3.35)
n>1 n>1
AT 400 A y1/3

<ex i exp( B 33/2)dy— Y. < 4o0. (3.36)

Let us just note that the upper-bound does not depend on the space variable x.

Step 2. Let us focus now on the second part, that is, the terms e2vf(¢,z). Using the
properties of F' (see Assumption 3.5), there exist C' > 0 and & > 0 such that 7(z) > Ce™"/l
(the value of k here corresponds to v/2xy where ky is the constant appearing in Assumption
3.5)

e2vi(t,z) <e'P (s <tst ?(Bs+a) <en/?)
<e IP’(C'2 exp ( — 2k sup |Bs + ZL’|) < 5”n‘2/3>
s€[0,4 (3.37)
5 1/k
< 521P’<exp ( — sup |Bs +x|) < <C’_155n_1/3) >,
s€[0,t]
for all (¢,z) € [0, 7] x R. We need here an auxiliary result.
Lemma 3.12. Let us define the function
Rz, z) = IP( sup |z + By| > ln(z)). (3.38)

s€[0,t]
For any (z, z) € RxR% we have R(x,z) > 0 and z — R(z, z) is non increasing. Furthermore
for any 6 > 0, there exists Cr > 0 such that
+o0

Rz, 2% dz < Cp ¥# Y(t,z) € [0,T] x R. (3.39)
0

17



We postpone the proof of this lemma. We observe therefore

A Cnt/3\1/x 1 Cn'/3
vi(t,x) <R <x, (W) ) P (8561?0}1] |z + By >~ <W)) : (3.40)

We define n(¢) = inf{n > 0 s.t. Cn'/3 > £7/2}. Then

n(e)
Z (t,x) —az Z vfl(t,x)
n>1 n>n(e)+ s
Senoeet 3 R( [ I

n>n(e)+1
~+o00 C 1/3 1/k
< e¥n(e) + &2 / R(:c, (Z—/2> )dz.
n(e) e

In the last expression only the term under the integral depends on x. We perform the change
of variable in this term of the form y = 2z and obtain:

+o0 Cyl/3 \1/x
2 € 2 Y
€ § :'Un(tax) S € n(g) _I—/ )R ([L’, (82/3-1-7/2) ) d

n>1 e (3.42)
< e?n(e) + R(x, CVEyt 39 dy < e2n(e) + Cre®rlel,
0
by using the particular value v = —4/3 and Lemma 3.12. In order to conclude we need to
control €?n(e). By the definition of n(e) we have
= inf > > 1 < 1 4
n(e) =in n_()s.t.n_gzc3 _62C3+1. (3.43)
This allows us to conclude that e?n(e) < Z5 + 1. Combining the two steps of the proof leads
to the announced upper-bound (3.26). O

Proof of Lemma 3.12. The proof of the first two properties is obvious by using the definition
of R. Let us show that (3.39) is true. By using the reflection principle of the Brownian motion
we can evaluate

Rz, 2Y°)dz = /

0
< S+l 4 4/

ed(1+|=z])

eS(+|z|)

+o0 +o0

R(zx, zl/‘;)dz+/ R(z, 2Y°)dz

RICEED)
1

p(c> %(5 In(z) - [z]) )dz (3.44)

< 0+zD 4 4/@6(1) IP’(G > % (% In(z) — \x|)>dz,

0 oo
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where G denotes a standard normal random variable N'(0,1). We used the fact that for any
u > 0 we have P(G > u) < \/#—e “7. Hence, for z > ¢+l

VT 2
IP(G > %(5111(2) — |x\>) < () i 57;\)\/% exp{ — %(% In(z) — |x\> }

VT 2
< \/—2% exp{ - %(% In(z) — |x\> }

We deduce

+o00 4\/7 1 2
Rz, z/%)dz < 21HD — — (= In(2) — dz.
i (x,27°)dz 5= e exp{ 2T<6 n(z) |x\> } z

By doing the change of variable z = e’y we have

+oo 1 ] 2
(e 80z < o 4 VT [ TGO+ )
0 2 J1
WT (7 (14 5 In(y))
< i) e 2r 5 W qy] = e,
21 J1
The upper-bound holds for any (¢,z) € [0,7] x R as announced. O

Since Proposition 3.9 and Proposition 3.10 point out different preliminary properties of
the average number of steps needed by the Brownian skeleton to cover the time interval
[0, T, the study of the e-strong approximation of both the linear and growth diffusions can
be achieved.

Theorem 3.13. Let (X;)o<i<r be a solution of the stochastic differential equation (3.1)
satisfying both Assumptions 3.5 and 3.6. Let (y)o<t<r be the e-strong approzimation of
(Xy)o<t<r given by (3.12) and N5 the random number of points needed to build this approz-
imation. Then, there exist > 0 such that

p(T) 1
/ _ b g
0 n? (x + BS)

where (By)i>o stands for a standard one-dimensional Brownian motion.

lim e2E[N;] = nE . Y(T,z) eRy xR (3.45)
e—

Remark 3.14. 1. The constant appearing in the statement is explicitly known. Let us
introduce M the cumulative distribution function associated to the random variable e*=4
with A ~ Gamma(3/2,2). We denote by M(f) = [ f(s)dM(s), for any nonnegative
function f. Then

and M (¢?) = M(Id) = €372 ~ 0.5231336. (3.46)

B 1
=)
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2. Let us note that the link between the function n, defining the approximation scheme,
and the function F introduced in Assumption 3.5, permits to write

~ p(T)
lim 2E[N5] = (ergi + 1)* uE / F2(2(x + B,)? + 1)ds
E—r 0

~ (erghy + V2B | [ 240" + D ()]

The last equality is just an immediate application of the occupation time formula (see,
for instance, Corollary 1.6 page 209 in [18]), Li(y) standing for the local time of the
standard Brownian motion. A proof of Theorem 3.13 based on the local times of the
Brownian motion and therefore on a precise description of the Brownian paths could
be investigated, we prefer here to propose a proof involving a renewal property of the
average number of points in the numerical scheme.

Proof of Theorem 3.13. We start to mention that the notation of the constants is generic
through this proof: C' := Cjy or k := Ky if the constants depend on a parameter 6.

The proof of the theorem is based on the study of a particular renewal inequality. The
material is organized as follows: on one hand we shall prove that u®(¢, x) := e*E[Nf|z5 = ],
N§ being defined in (3.13), satisfies a renewal equation. On the other hand, we describe
U(t, x) defined by

U(t,x) := uE [/Ot mols] = (5%)1)1@ Uot F?(2(x + By)*> + 1)ds|, (3.47)

where p corresponds to the constant introduced in the statement of the theorem and de-
scribed in Remark 3.14. Then we observe that the difference:

De(t,x) == u(t,x) — U(t, x) (3.48)

satisfies a renewal inequality which leads to lim._,o D*(¢,z) = 0.

Step 1. Renewal equation satisfied by °(t,x) = E[N;|z; = x]. Let us note that
= (t, x) satisfies the following renewal equation:

V() = MU E) + 3 5 / e (= s, a o+ ien(hon(s)) M)

i=+1
(3.49)
where M corresponds to the cumulative distribution function associated to the random
variable el with A ~ Gamma(3/2,2). Indeed, we focus our attention to U the first
positive abscissa of the Brownian paths skeleton (BS),. Either Uj > ¢ and consequently
Nf = 0 either Ui = se’n?(x) < t which implies that Nf given 2§ = z and 1 + Ni 22 ()
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with initial position x5 are identically distributed (Markov property). Hence

g

t/(e2n?(x))
= M(t/(22(z)) + /0 E W(t — se’n’(x), z7)

t/(e2n?(x))
¢€(t7 .CL’) = / E [E |:1 + Nte—saznz(x)
0

xy = x] dM(s)

xy = x] dM(s).

Let us now introduce u(t, z) := €2°(t, x) and define for any nonnegative function h:

t/(e*n* (x))
Mh(tz) =Y % /0 h(t — selp(a), :E+i577(:£)¢1(s)> dM(s). (3.50)

i=+1
Then the following renewal equation holds
uf(t, ) = 2 M(t/(*n*(z))) + M (t,x), V(t,z) € Ry x R. (3.51)

Step 2. Description of the function U (¢, ) introduced in (3.47). Due to As-
sumption 3.5, F' is assumed to be a C2-continuous function with at most exponential growth.
Lebesgue’s theorem permits therefore to obtain that z — U(t, z) is also a C*-continuous func-
tion. Moreover, combining It6’s formula and Lebesgue’s theorem leads to the C?-regularity
with respect to both variables ¢ and x. Since U is regular and has at most exponential
growth, it corresponds to the probabilistic representation (see for example Karatzas and
Shreve [12], p. 270, Corollary 4.5) of the unique solution:

ou M(¢?) 0*U

We just recall that M (Id) = M(¢?) (see Remark 3.14).
Let R > 0. Using the Taylor expansion in order to compute the operator defined in (3.50),
we obtain

(t,x) + (er i + 1)2F*(22* +1), U(0,z) = 0. (3.52)

min

MU (t,z) =U(t, 2) M(t/(e*n*(x))) — 62n2(x)M(1d)%—g(ta )

2

0?U
+ @M 7 (1) + or(D),

where og(1) tends uniformly towards 0 on [0,7] x [-R, R] as € — 0 (let us just note that
ogr(1) is a generic notation in the sequel). The equation (3.52) and the particular link between
both functions F' and n imply

MUt ) = U(t,z)M(t) (0% (2))) — 2 + 20p(1), V(t,z) € [0,T] x [-R,R].  (3.53)

Step 3. Study of the difference D*(t,x) introduced in (3.48). Since both u® and
U are continuous functions satisfying an exponential bound (immediate consequence of the

21



regularity and growth property of F' for U and statement of Proposition 3.11 for u®), so is
D¢, Hence, there exists C' > 0 and x > 0 such that

|De(t,2)] < Cel*l. V(t,2) € [0,T] x R. (3.54)
Moreover combining (3.53) and (3.51) implies
De(t,x) = (U(t,z) — ) (1 — M(t/(e*n*(2)))) + M.D*(t, x) + e%or(1). (3.55)

The support of the distribution associated to M is compact. Moreover 7 defined in (3.11)
is upper-bounded. Consequently there exists p > 0 (independent of x and ¢) such that
M(t/(e*n*(z))) = 1 for all t > pe? and x € R. For small values of ¢, that is t < pe?, it
suffices to use the regularity of U with respect to that variable in order to get a constant
Cr > 0 such that |U(t,z)| < Cre? for all z € [-R, R]. To sum up the observations for any
value of t: there exists Cr > 0 such that

|D*(t,z)| < M |D?|(t,z) + Cre’ly<pery +€%0r(1), V(t,z) €[0,T] x [-R,R].  (3.56)

Step 4. Asymptotic behaviour of D*®(t,x). It is possible to link the operator M. to
the approximation scheme of the Brownian motion: the Brownian skeleton (BS),. We recall
that s5 = Y ,_, Us and that (s5,25),>0 is a skeleton of the Brownian paths: the sequence
(Markov chain) has the same distribution than points belonging to a Brownian trajectory. It
represents the successive exit times and positions of small ¢.-domains also called heat-balls,
the radius of any heat-ball being upper-bounded by £7(0). We observe that

M (h)(t,z) = E[h(t — Ur, 27){rs<sy|2g = 2], for any nonnegative function h.
Consequently, for any (¢,z) € [0,7] x [-R, R], (3.56) becomes
|Da(t, ZL’)| S EHDa(t — Ula, [L’i)|1{UlsSt}|£L'8 = [L’] + CR 521{t§pa2} + €2OR(1). (357)

Since the sequence (s%, x5 )n>0 is a Markov chain, the aim is to iterate the upper-bound a
15

large number of times. In order to achieve such a procedure, we need to ensure that «f, ...,z
belong to the interval [—R, R]. We introduce

Tre =1inf{n > 0: z; ¢ [-R, R|}.

The ¢.-domains associated to the Brownian approximation are bounded (their radius is less
than en(0)), we therefore obtain that |z, | < R+ en(0) and (3.54) implies the existence of
C > 0 and k£ > 0 such that |D*(t,z,, )| < Ce™, for any t < T and ¢ < 1. Let us note
that for notational convenience we use P, (resp. E,) for the conditional probability (resp.
expectation) with respect to the event xf = x. Hence (3.56) gives

[D¥(t,0)| < Eal|D*(t = 51, 25) [ Lsgrs afl<my] + Eall D7t = 5, 2D)[Lgss, <t mm—1y]
+ Ckr 521{t§p52} + 20g(1)
< E,[|De(t — 51, 29) [Tqse <t as|<ry] + C’e'{RIP’:,;(sil_{,E <t tp.=1)
+ Cre*lcpery + 20g(1).
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In order to simply the notations when iterating the procedure, we introduce the following
events:

Tre = {s;, <t} N{1re > n}.
By iterating the upper-bound, we obtain
|D*(t,2)| < Eu[|D*(t — 55, 25) 152 | + CrePult — pe” < 57 <t Tp.)
+ C et Pu(st,. <t Tre <2)+ Cr 1< pe2y +2%0R(1)
<SE|IDA(t — 85, 25) [ 1gp ]+ Cre® Y Pt — pe” < s < 575 )

k>1
+ C ettt Po(st,. <t Tr: <n)+ éR 1< pe2y + ne’op(1)
< Cr(Ai(R,2,) + As(R,€) + Ag(R) + Ay(R.,m)), (3.58)
with
Ai(R,e,n) = P.(Th,), Ax(R,g) = Pyt — pe® < 55 <t TR L),

k>1

A3(R) = e"P(3s <t: a2+ By ¢ [-R,R]), AiR,e,n)=e’1y<pe2y +neop(l).

We shall now describe precisely the bound of each of these terms. The crucial idea is to first
fix R sufficiently large and then to choose n = £|1/£2] for ¢ large enough and depending on
R. Let 6 > 0. We shall prove that there exists £y such that |D*(t,z)| < ¢ for e < g.

1. Due to the reflection principle of the Brownian motion, there exists R large enough
such that

R — |1
Vit

where G is a standard Gaussian variate. From now on, R is fixed s.t. (3.59) is satisfied.

As(R) < 4e"FP(B, > R — |z]) = 46"‘RIP<G > ) <5/4,  (3.59)

2. Let us consider the term Ay. We introduce the particular choice n = £|1/£2] with
¢ € N. By the definition of the Brownian skeleton, s; <t corresponds to

€l1/e?]

Z elpP(ag_y et~ <t
k=1

where (Ag)r>1 is a sequence of i.i.d random variables. Since 7 is an even function and
decreases on R, we observe :

2 gl1/e2) "

n 1-A

jR,gC ? Z e kgi&?ﬂ(R)’ R \VfEN
k=1

By the law of large numbers, the left hand side of the inequality converges towards
E[e!=41] as ¢ — 0. Hence, as soon as & > t/(n*(R)E[e!~41]), there exists £; > 0 such
that A;(R,e,n) < §/4 for e <&y and n = £|1/?].
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3. Let us now deal with A4. The parameters R and £ have already been fixed and
n = £|1/€%]|. Tt is therefore obvious that there exists a constant e > 0 such that
Ay(R,e,n) < §/4 for e < e,.

4. Finally we focus our attention on the last term A, (R being fixed). We introduce the
notation x(A, B) = 14~p and the stopping time

j=inf{n >0: s >t— pe?}.

Then

e 2Ay(R,e) =E Zx(t —p? <si <t k< Tre)| =E

k>1

Zx(si <t k< TR,a)]

k>3

<1+E

> XUz +.. + ;Mgt—s;,“km&g)].
k>1

By definition US = &¥np?(25_,)el ™4 > &2p?(R)e!~4» for any n < 7Tg., since 7 is
decreasing on R, and corresponds to an even function. Moreover the definition of 3
implies t — s < pe?. We deduce that

e 2A3(R,e) <1+ E

Sox(em e < Bk <) |
= n*(R)

Since (e!=4"),5; is a sequence of i.i.d random variables, we can define the associate

renewal process (N;)s>o already introduced in the proof of Proposition 2.2. We obtain

- - P
Zx<el Mg el Ak§m>

k>1

SI—I—E[N P ]<OO.

n2(R)

e 2Ay(R,e) <1+E

In other words, there exists €3 > 0 s.t. Ay(R,¢) < /4 for any € < e3.

Let us combine the asymptotic analysis of each term in (3.58). Then, for any 6 > 0, we
define ¢y := min(ey, 9, e3) which insures the announced statement: |D*(¢,z)| < ¢ for any
e < ¢gg. ]

4 Numerical application

Let us focus our attention on particular examples of L-class diffusion processes. We recall
that these diffusion processes are characterized by their drift term a(t)z + b(t) and their
diffusion coefficient @ (¢). In many situations, both the particular function f(¢,z) and the
time scale p(t) which permit to write the diffusion process as a function of the time-changed
Brownian motion X; = f(t, o + B,«)) have an explicit formula. We propose two particular
cases already introduced in exit problem studies [13].
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For each one of these cases we first illustrate some of the results obtained in the theoretical
part. Secondly we compare our approach with classical schemes like the Euler scheme. Even
if this comparaison is quite difficult as our method looks for a control on the path with an ¢
approximation while the classical methods do not follow this objective, we construct a rough
comparaison that we explain later on.

Example 1 (periodic functions). We set:

cos(t)

a(t) = Tt sn(D)’ b(t) = cos(t), and T(t) =2+ sin(t). (4.1)

Then the three basic components of the e-strong approximation (see Theorem 3.8) are given
by p(t) = 4,

flt,x) =2+ sin(a:))(% +1In (1 + sir;(t))) and F(r)=3+ @

We observe that the simulation of a e-strong approximation of the diffusion paths (X, t €
[0, 1]) requires a random number of ¢.-domains illustrated by the histogram in Figure 1.
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Figure 1: Histogram of the number of ¢.-domains used to cover the time interval [0, 1] for £ = 0.1
(left, sample of size 10 000) — Average number of ¢.-domains versus the inverse strength 1/¢2 (right,
sample of size for each point: 1000). For both pictures: xg = 0.

As said before, it is quite difficult to compare such a method with other numerical
approximations of diffusion processes: the other methods don’t lead to build paths which
are a.s. e-close to the diffusion ones. Let us nevertheless sketch a rough comparison: the
simulation of 10 000 paths on [0, 1] with € = 0.1 requires about 255.7 sec and one can observe
that the average time step is about 3 - 107°. If we consider the classical Euler-scheme with
the corresponding constant step size, then a similar sample of paths requires about 41.3 sec
(on the same computer). One argument which permits to explain the difference in speed is
that the e-strong approximation needs at each step to test if the number of ¢.-domains used
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so far is sufficient to cover the time interval, such a test is quite time-consuming. Let us also
note that the e-strong approximation permits to be precise not only in the approximation
of the marginal distribution but also in the approximation of the whole trajectory. In other
words, it is a useful tool for Monte Carlo estimation of an integral, of a supremum, of any
functional of the diffusion.

This first example illustrates also the convergence result presented in Theorem 3.13. Since
the limiting value is expressed as an average integral of a Brownian motion path, the use of
the Monte Carlo procedure permits to get an approximated value: 347.1 on one hand and
on the other hand the estimation of the regression line in Figure 1 (right) indicates

Ce 1
M(NT) = 3443 x —5 + 4185

where M corresponds to the estimated average value for the sample of size 10 000.

Example 2 (polynomial decrease). We consider on the time interval [0, 1] the e-strong
approximation of the mean reverting diffusion process given by

11
214+t

a(t) b(t) =0, and o(t)=2. (4.2)

Then we obtain the time-scale function p(t) = 41In(1 +¢) and f(¢t,z) = xv/1 4+ t. We choose

therefore F(x) = v/2+ \ém The number of ¢.-domains is illustrated in Fig 2. The simulation
of a sample of trajectories on the time interval [0, 1] of size 10000 requires also about 261
sec for the particular choice ¢ = 0.01 while the classical Euler scheme generated with a

comparable step size 3.3 - 107° requires 30 sec.
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Figure 2: Histogram of the number of ¢.-domains used to cover the time interval [0, 1] for £ = 0.01
(left, sample size: 10000) — Average number of ¢.-domains versus the inverse strength 1/¢2 (right,
sample size 1000). For both pictures: zy = 0.

26



Appendix

Let us just present here useful upper-bounds related to the log-gamma distribution.

Lemma 4.1. Let o > 1 and § > 1 and let us assume that W is a random variable of a
log-gamma distribution type. Its probability distribution function is

fn(t) = (al) ﬁa(—1nt)a—1t1/6—11[0,1](t), vt ER.
(1) Then
<) ; PGl + k:ﬁ (4:3)
(2) In particular, for o = 1, we get
Ele™"] < Pﬁ(il/ /ﬁ). (4.4)

(8) In the case: o> 1, for any B’ > (3, we obtain
(@ —1)*'T(1/p)
T(a)BoerL(3~L — gr—1)a-l

Proof. For (1), let us first note that an easy computation leads to the following moments,
for any k£ > 1:

Ele Y] < w(a, 8,8 (4.5)

L ,
W, with M(Oé,ﬁ,ﬁ) =

E[W* = (1 + kB)~ (4.6)
After summing over k (4.6) we deduce the expression of the Laplace transform (4.3).

For (2), let us first consider the particular case: o = 1. Using the expression of the PDF
and the change of variable u = Az, we obtain

Ele "] = % /01 e = Fﬁ(j\{/i) T5(Y),

where I3(\) = ﬁ fo/\ e “ut/P~1du. We observe that A — I3()) is increasing and limy_, o, I5(\) =
1 which leads to (4.4).
For (3), let us now assume that a > 1 and consider 5’ > . Then

1 o
Ele™) = 1)5 / e (= /AN D 1y ) LA gy
a)pb* Jo

< a—1 ot L /1 _’\:”xl/ﬁl_ld:c
= \ep/e(g1-p1)) T(a) ), © ’

since —u” Inu < (re)~!. Moreover the change of variable u = Az leads to

Bl ) < 00 1),

The bound Iz (A) <1 directly leads to (4.5).
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