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Stochastic differential equations (SDEs) under regime-switching have recently been de-
veloped to model various financial quantities. In general, SDEs under regime-switching
have no explicit solutions, so numerical methods for approximations have become one
of the powerful techniques in the valuation of financial quantities. In this paper, we will
concentrate on the Euler-Maruyama (EM) scheme for the typical hybrid mean-reverting
8-process. To overcome the mathematical difficulties arising from the regime-switching
as well as the non-Lipschitz coefficients, several new techniques have been developed in
this paper which should prove to be very useful in the numerical analysis of stochastic
systems.

Copyright © 2006 Xuerong Mao et al. This is an open access article distributed under the
Creative Commons Attribution License, which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.

1. Introduction

In the well-known Black-Scholes model, the asset price is described by a geometric Brow-
nian motion

dX(t) = uX(t)dt +vX(t)dw (1), (1.1)

where w () is a scalar Brownian motion, y is the rate of return of the underlying asset,
and v is the volatility. In this classical model, Black and Scholes [2] assumed that the rate
of return and the volatility are constants. However, it has been proved by many authors
(see, e.g., [5, 14, 16, 20]) that the volatility is itself an Itd process in many situations.
For instance, Hull and White [16] assume that the instantaneous variance V = »? obeys
another geometric Brownian motion

dv(t) = aV(t)dt+ BV (t)dw, (1), (1.2)
where a, 8 are constants while w,(#) is another Brownian motion and w;(¢) and w;(t)
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have correlation p. Heston [14] assumes that the variance V' obeys the mean-reverting
square root process

dV(t) =a(A—V(t))dt+ BV (t)dw,(t) (1.3)

while the mean-reverting process
dv(t) = a(A =V (t))dt+ BV (t)dw,(t) (1.4)

is also proposed as the volatility process by others. In particular, Lewis [18] proposes the
mean-reverting 0-process

dv(t) = a(A— V(t))dt+ BV (t)dwi(t), (1.5)

where 6 > 1/2. This process unifies processes (1.3) and (1.4).

On the other hand, the rate of return y is not a constant either and there is a strong
evidence to indicate that it is a Markov jump process (see, e.g., [4, 6,7, 10, 17, 22, 23, 25]).
Of course, when the rate jumps, the volatility will jump accordingly. For example, the
hybrid geometric Brownian motion

dX(t) = u(r(8)X(t)dt+v(r(t)) X (t)dwi (2) (1.6)

has been proposed by several authors (see [27, 28] among others). Here, (¢) is a Markov
chain with a finite state space Jl = {1,2,...,N} and y, v are mappings from .l to [0, ®).
Equation (1.6) is also known as the geometric Brownian motion under regime-switching.
We observe that in this model, the volatility is also assumed to obey a Markov jump pro-
cess. Recalling the stochastic volatility models mentioned above, we may more reasonably
assume that the volatility process obeys a stochastic differential equation (SDE) under
regime-switching, for example, the hybrid mean-reverting 8-process

dv(t) = a(r(t)) A(r(t)) = V(®)dt+ B(r(t)) V() dwa(2). (1.7)

Such stochastic models under regime-switching have recently been developed to model
various financial quantities, for example, option pricing [4, 10-13, 17], stock returns [6,
7, 23], and portfolio optimization [22, 25]. In particular, the mean-reverting square root
process under regime-switching or, more generally, (1.7) has found its considerable use
as a model for volatility and interest rate. In general, SDEs under regime-switching have
no explicit solutions so the Monte Carlo simulations have become one of the powerful
techniques in valuation of financial quantities, for example, option price (see [9, 15, 24]).
However, there is currently a lack of theory that guarantees the convergence of the Monte
Carlo simulations for SDEs under regime-switching in finance. This is due to the fact that
most of SDEs under regime-switching in finance are nonlinear and non-Lipschitzian so
we cannot appeal to the standard convergence theory for numerical simulations, as typ-
ified by [26], to deduce that the numerically computed paths are accurate for small step
sizes.

In this paper, we will concentrate on the Euler-Maruyama (EM) scheme for the typical
hybrid mean-reverting 8-process (1.7) but the theory established here can certainly be de-
veloped to cope with other SDEs under regime-switching in finance. In Section 2, we will



Xuerong Mao etal. 3

introduce necessary notations and investigate the global positive or nonnegative solutions
to the mean-reverting 0-process under regime-switching. The EM numerical scheme will
be defined in Section 3, where we will explain how to simulate discrete Markov chains,
and hence the EM approximate solutions. In Section 4, we will show that the EM so-
lutions converge to the exact solution. The path-dependent option with the volatility
described by the hybrid mean-reverting 8-process will be discussed in Section 5, while
Section 6 contains applications to other financial quantities.

2. Nonnegative solutions

Throughout this paper, we let (Q, %, {%F,}~0,P) be a complete probability space with a
filtration {&F,} ;0 satisfying the usual conditions (i.e., it is increasing and right contin-
uous while %, contains all P-null sets). Let w(t) be a scalar Brownian motion defined
on the probability space. Let | - | denote the Euclidean norm. Let r(t), t > 0, be a right-
continuous Markov chain on the probability space taking values in a finite state space
M = {1,2,...,N} with the generator I' = (yij)nxn given by

)/,'j6+0(6) ifi # j,
Pir(t+8) = j|r(t) =i} = (2.1)
1+)/ij5+0(6) 1fl=],

where § > 0. Here y;; is the transition rate from i to j and y;; > 0if i # j while

Yii = — Z Yij- (2.2)
j#i

We assume that the Markov chain r(-) is independent of the Brownian motion w(-). It
is well known that almost every sample path of 7(-) is a right-continuous step function
with a finite number of sample jumps in any finite subinterval of R, := [0, ©).

Let 1/2 < 6 < 1. Consider the mean-reverting 8-process under regime-switching of the
form

ds(t) = A(r(t)) [u(r(t)) = S(t)]dt +a (r(t)) S (H)dw(t), t=0, (2.3)

with initial data S(0) = Sy >0 and r(0) = iy € JL. Here A(i), (i), (i), i € M, are positive
constants. The initial data Sy and iy could be random, but the Markov property ensures
that it is sufficient to consider only the case when both Sy and iy are constants. We note
that the case when 6 = 1/2 and the state space of the Markov chain Jl = {1} corresponds
to the classical mean-reverting square root process (1.3) (without regime-switching).

Since (2.3) is mainly used to model stochastic volatility or interest rate or an asset
price, it is critical that the solution S(#) will never become negative. The following lemma
reveals this nonnegative property.
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LEmMMA 2.1. For given any initial data S(0) = So > 0 and r(0) = iy € M, the solution S(t) of
(2.3) will never become negative with probability 1.

Proof. Clearly, the statement of the lemma is equivalent to that the solution of equation
ds(t) = A(r() [u(r() = SO)]dt+ o (r(1) |S(1) | dw(t), =0, (2.4)

will never become negative with probability 1 for any initial data S(0) = Sy >0 and r(0) =
ip € JL. To show this, let ag = 1, and for each integer k = 1,2,...,

¢-klker) if0="2,
ak = 3 1/(1-26) (2.5)
[(20 1)k(k+1)] il g
2 2
so that
Ak—1 d
J u—;‘, —k (2.6)
ax

For each k = 1,2,..., there clearly exists a continuous function (1) with support in
(ak,ak_1) such that

2

0 forar<u<ag_; (2.7)

0=<y(u) <

and ;kk’l Vi (u)du = 1. Define @ (x) = 0 for x > 0 and

or(x) = L dy Ly ve(u)du  forx <0, (2.8)
Then ¢ € C*(R,R) and has the following properties:
(i) =1 < ¢r(x) < 0 for ax < x < a1, or otherwise ¢; (x) = 0;
(i) 1oy (x)] < 2/k|x|?? for aj < x < ax_;, or otherwise ¢(x) =0;
(iii) |x| —ak-1 < @r(x) < |x| forall x € R.
Let A = maxje (i), let f = max;e y p(i), and let & = maxic y 0(i). Now for any ¢ > 0,
by the well-known It6 formula (see [19, 21]), we can derive that

Egi (S()) = 9k (So)

t 2
v [ [2ra0) (tr00) -5t g1 (500 U 5000 g 50 0) |
LS
(2.9)
Hence
—Aaf-1 < [ES’(t) —ag-1 < o't (2.10)

7)
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where $7(¢) = —S(¢) if S(¢) < 0, or otherwise S™(t) = 0. Letting k — oo, we get that ES™(¢)
=0 for all £ = 0. This implies that S(¢) = 0 for all t > 0 with probability 1 as required. [

Furthermore, the following lemma reveals the (strictly) positive property of the solu-
tion.

LemMa 2.2. For given any initial data S(0) = Sp > 0 and r(0) = iy € JM, the solution S(t) of
(2.3) will remain positive with probability 1, namely S(t) > 0 for all t = 0 almost surely, if
one of the following two conditions holds:

(i) 1/2<60<1;

(ii) 6 = 1/2 and o*(i) < 2M(i)u(i) for all i € M.

To show this lemma, let us first invoke the standard results, for example, results of
Gihman and Skorohod [8], to establish the following result.

LemMa 2.3. Consider the mean-reverting 6-process
dX(t) = AMu—X(t))dt + X (t)dw(t) (2.11)

on t = 0 with initial value X(0) = xo >0, where 1/2 < 0 <1 and A, y, o are all positive
constants. Then
(1) with probability 1, the solution X (t) takes an infinite time to reach origin 0 if either
1/2< 0 <1o0r0=1/2with 0% < 2\u;
(ii) with positive probability, the solution X (t) reaches the origin in finite time if 0 = 1/2
and o2 > 2\u.

Proof. The coefficients of (2.11)
a(z) = My - 2), b(z) = 02’ (2.12)

obey the linear growth condition on z € R, so the solution will never explode to infinity
in any finite time with probability 1. We therefore need only to consider if it reaches the
origin in finite time or not.

Consider

B ! *2a(z)
L= JO exp{ -, 2(2) dz}dx. (2.13)

When 1/2 < 0 < 1, this gives

1 Z)le—w 2Ax2—29
Ll—ClL exp(—az(l_ze)+02(2_26))dx, (2.14)

where C; is a positive constant. A simple inspection shows that L, diverges. Hence, the
required result when 1/2 < 6 < 1 follows from Gihman and Skorohod [8, Chapter 21].
Similarly, when 6 = 1/2,

1 1
L= CZJ exp < - ?—flog(x))dx = CZJ x 2 g (2.15)
0 0
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where C; is another positive constant. It is then easy to see that L; = oo if 2Ay > 0% while
Ly < o0 if 2Au < ¢2. The required results corresponding to 2Au > 0% or 2Au < 02 when
8 = 1/2 follow from Gihman and Skorohod [8, Chapter 21] again. O

Using Lemma 2.3, we can now prove Lemma 2.2.

Proof of Lemma 2.2. 1t is well known (see, e.g., [1]) that there is a sequence of stopping
times 0 = 79 < 71 < - - - < T, — o0 such that the Markov chain r(t) has the representation

r(t) = > r(m) [gno (), =0, (2.16)
k=0

where I, is the indicator function of set A. Hence, for t € [0,11], (2.3) becomes
ds(t) = Mro) [u(ro) — S()]dt + o (ro) S%(t)dw(t) (2.17)

with §(0) > 0. This is a mean-reverting 0-process of type (2.11). Applying Lemma 2.3,
we observe that S(¢) > 0 for all ¢ € [0,7;] with probability 1 under the conditions of
Lemma 2.2. Now, for t € [11,12], (2.3) becomes

ds(t) = Mr(m)) [u(r(r1)) = S()]dt + o (r(11)) S (t)dw(t) (2.18)

with initial value S(7;) > 0 a.s. Again, this is a mean-reverting 6-process of type (2.11).
By Lemma 2.3, we see that S(¢) > 0 for all ¢ € [7,7,] with probability 1. Repeating this
procedure, we see that S(¢) > 0 for all £ > 0 with probability 1 as required. O

It is still remaining open whether the solution S(#) will reach the origin in finite time
with positive probability in the case when 6 = 1/2 while ¢2(i) < 2A(i)u(i) does not hold
foralli e M.

3. The Euler-Maruyama method

To define the Euler-Maruyama approximate solution, we will need the following lemma

(see [1]).

LemMma 3.1. Given A >0, let rf = r(kA) for k = 0,1,2,.... Then {r{, k=0,1,2,...} isa
discrete-time Markov chain with the one-step transition probability matrix

P(A) = (Pij(A)) yuy = €. (3.1)

Given a step size A > 0, the discrete-time Markov chain {rkA, k=0,1,2,...} can be
simulated as follows: compute the one-step transition-probability matrix

P(A) = (Pij(A)) gy =€ (3.2)
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Let 1} = iy and generate a random number & which is uniformly distributed in [0,1].
Define

ii—1 i
it ifi; €M~ {N} issuchthat > P i(A) <& <> P i(A),
= Nt T = (3.3)

N if D P i(A) <&,
-1

where we set 37, P;,. i(A) = 0 as usual. Generate independently a new random number
&, which is again uniformly distributed in [0, 1] and then define

i—1 i
iy ifiy €M~ {N}issuchthat > P (A) <& < > Pai(A),
j=1

= N-1 = (3.4)
N if 3 Pai(A) <&,
j=1

Repeating this procedure, a trajectory of { rkA, k=0,1,2,...} can be generated. This pro-
cedure can be carried out independently to obtain more trajectories.

After explaining how to simulate the discrete-time Markov chain {r{, k = 0,1,...}, we
can now define the EM approximate solution for (2.3). Given a step size A > 0, let t; = kA
for k = 0,1,2,.... Compute the discrete approximations sx ~ S(t) by setting sy = So, 15 =
ip and forming

ka1 = Sk FA(rD) (u(rd) —sk) A+ o (rf) | sk | “Awp, k=0,1,2,..., (3.5)
where Awg = w(try1) — w(ty). Let
§(t) =sk, F(t)=rp fort€ [ttis1), k=0,1,2,..., (3.6)

and define the continuous EM approximate solution by

() = so+j0A(f(u)) [ (F(u)) — ()] + L o (7)) |5 | “dw(u).  (3.7)

Note that s(fx) = 5(tx) = sk, that is, s(¢) and 5(t) coincide with the discrete approximate
solution at the grid points.
4. Convergence of the EM approximate solution

Since the coefficients of (2.3) satisfy the linear growth condition, by [26], we have the
following lemma.

LemMa 4.1. Let S(t) be the solution of (2.3). Then for any p = 1, there is a constant K, which
is dependent on only p, T, Sy but independent of A, such that the exact solution and the EM
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approximate solution to (2.3) have the property that

[E[ sup |S(t)|p]v[E[ sup |s(t)|‘D]sK. (4.1)

0<t<T 0<t<T

From this follows easily the following useful result.

LEMMA 4.2. There is a constant C, which is independent of A, such that
E|s(t)—3()|* < CA®, Vie[o,T]. (4.2)

Proof. From now on, C used in the proofs below will be a generic positive number inde-
pendent of A but may have different values where it appears.

For any t € [0, T], let k; = [t/A], the integer part of #/A. By Lemma 4.1, we then derive
that

E|5(H) —s(t) > <40 v Aav o)E[ (1+ |5 |*) (A% + [w(H) - w(kd) |*) ] < CA. (43)

So, since 1/2 < 0 < 1, by the Lyapunov inequality, we get

E|5(t) - s(6) | < [E|5() - s(1) |2]9 <A’ (4.4)

as required. O
We can now state one of our main results.

THEOREM 4.3. For each integer k = 1,2,...,

sup E|S(t) —s(t)| < e”[ek(k”/2+462T+ (k1+1>(CA9+o(A))], (4.5)

0<t<T k 11]2(0

where C is a constant which is independent of the step size A and A, & have been defined in

the proof of Lemma 2.1.
Proof. Note that

t
S(t) —s(t) = JO [A(r () (r () = A7 () p (F(u)) = A(r () S(u) + A (7(1)) $(u) ] du

t
# [ o) 151" = o) 56| Jdwiw),
(4.6)
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Let ¢ be the same as defined in the proof of Lemma 2.1. Applying the It6 formula gives

Eqr (S(t) —s(1))

& [ 94500 = s0) L)) ~ A7) 0)

= A(r(w) S(u) +A(7(u))§(u) | du

+ %[EJ 9 (S(u) = s(u) [0 (r() | Sw) |* = o (7(w)) | 5(u) | 9]2du =1()+ %](t).
0

(4.7)
By property (i) of ¢x,
t
1) < E | 19780 = s(0) D)) = A7) (7))
() S(u) + A (7)) 5(w)] | dus
t (4.8)
<E [ 1Mr)r(w) M) (70) | du
t
+[EL A (r (1)) () — A(F(u)) 5(10) | .
Let n = [T/A], the integer part of T/A. Then
rEj | A(r () e (r () = A (7 () e (F(w)) | dus
(4.9)

n e+l
= X[ IAC(r) - AF@)a(w) |
with t,,11 being now set to be T. Let I be the indicator function of set G and compute

[ELHI |A(r(u))‘l/l(7'(u)) —A(f(u)) r(u |du < ZA[JEJ e II{,(u)%r(tk)}du

7381 tir1

<2\ P(r(u) # r(t))du = 2\ > P(r YP(r(u) #ilr(ty) =i)du
Ik f e

:21/1 klzp Z(Yﬂ]( —tx) +o(u—Tg))
% et j#i

< Z)ty[ max (- yl,)A+o(A)]
(4.10)
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Therefore,
T -
[EJ [A(r(uw)p(r(u)) —A(f(u))[,t(f(u))|dus2lﬂ[max (—y,-i)A+0(A)]. (4.11)
0 1<i<N
On the other hand,

t
E || 1A0)S) ~Mr)s) | du

t ‘ (4.12)
< EJ |A(r(u)) = A(F()) | [5(u) | du+ EJ A(r(u)) | S(u) = 5(u0) | du.
0 0
But
t
[EJ IA(r(u) = A(F(w) | |5(u) | du
0
n i1
= 3 [ ELELACG) A 0) 6] 1 Epciri e )

= ZJ ELE[[A(r(w)) =A(r (8)) | | Tty roon JEL sk | | Tirt oy 115

where in the last step we use the fact that sy and Ij,)4r(,); are conditionally independent
with respect to the o-algebra generated by r(#x). In the same way as in (4.10), we have

£ [ 100) - A7) |50 | du

(4.14)
) T
< ug[gg (= yi)A +o(A)] jo E|5(u)| du.
So, by Lemma 4.1,
t i}
[EI A(r(w)) = A(F(w))8(w) | du < 201 +K)/\;2[ max (= yi)A + o(A)]. (4.15)
0 1<i<N
Substituting (4.15) into (4.12) and using Lemma 4.2, we obtain
t
E | 1A0:00)00 - A(7(0))5(0) | di
< CA+o(A) +/X[Ef |S(u) —5(u) |du (4.16)
0

< CA+o(A) +imf |S(u) = s(u) | du,
0
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where C is a positive constant independent of A and it may change line by line. This,
together with (4.11), yields

t
11| = CA+0(A)+1[EJ 1) — s(u) | dus (4.17)
0
In the following, we will estimate J(#):

[J(t)| <26 [EI | o (S(u) = s(u)) |<|S u)| —|5(u)| )

(4.18)
+28 [ 19} (5060 s | o @) ~ 000 (00|
Using property (ii) of ¢ and Lemma 4.2, we have
t
E | i (5 = s (15601~ 15601 ”) du
<[ 1y (50 - s() | 560 - )|
<21 [ g () - s 500 ()|
0
+2271E Jt |9}, (S(u) = s(w) | |s(u) = 5(u) |** du
0
2 L2 B _ AT CA°
< Z[EJO EI{“"<|S(“)_S('A)‘<“"’1}du+2JO @E | s(u) —5(u) | d < k +—z a i"
(4.19)
In the same way as (4.15) was proved, we can show that
t
E | 108 (560 - s60) [ o) ~ 0 () " |80 |
t2 CA+o(A) (420
20 0
= EJQW[G(r(u)) r(u |S | du < Tie
Substituting (4.20) and (4.19) into (4.18), we have
@) < 82T CA9+0(A) (421)

+
k ka?®
Therefore,

42T CA%+o(A)
+
k ka2?

Eor (S(t) —s(1)) < +CA+o(A)+ Z/X[EJ'; [S(u) —s(u) |du.  (4.22)
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Noting that
Epi (S(t) —s()) = E[S(£) = s(t) | — ax—1 (4.23)
gives
46°T 1 0 < (!
E[S() ~s(0)| < a1+ 20+ [W ; 1] (CAY +0(A)) +AJ E|S(u) = s(u) | dus
aj 0
(4.24)
The required assertion follows finally from the Gronwall inequality. O

Next, we derive a bound for a stronger form of the error. This version uses an L?-
distance and places the supremum over time inside the expectation operation. The result
below involves the L!-error which is explicitly bounded in Theorem 4.3, and hence is also
computable.

THEOREM 4.4. One has

[E[ sup (S(t) —s(t))z] < (8074201 (CA+0(A)+862T sup E|S(u) —s(u)|).

0<t<T 0<u<T

(4.25)
Proof. Forany 0 < t < T, using the Cauchy-Schwarz inequality, we have
(S() = s(1))*
< Tj () = A7) (F() — A(r(0)) S(10) + A7) ()
)
+(L[ (r(w) | )| * = o (F()) | 5(u0) | ]dw(u). .
In the same way as (4.11) and (4.16) were proved, we derive
[EJ(: [A(r () (r(u)) = M) (7 (1)) = A(r (1)) S(ut) + A (7(1))5(w1) | du
<2 [ A (@) ptriu) - A0 (7(0) Pl
(4.27)

+ [EJ 1)) (1) = A(F())5() ] dus

<CA+o(A)+ 2)12[EJ (S(u) — s()) du
0
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Using the Doob martingale inequality (see [19]), we find that for any ¢, € [0,T],

[E[ sup (Jt [o(r(w)Sw)|” - o (7(w)) IS'(u)Ie]dW(u))z}

0<t<t 0

< 4[EJ 1 [a(r(u)) |S(u) | o o (7(u)) | 5(w) | g]zdu
0 (4.28)

t
< CA+o(A)+ 862EJ | S(u) — s(u) Izgdu
0

< CA+o(A)+852F Lt |S(u) — s(u) | du+ 852E fl |S(u) — s(u) | *du.
0

Therefore,

[E[ sup (S(t) —s(t))z]

0<t<t

< CA+o(A)+ (852 +2)_t2)[EJ't1 (S(u) - s(u))2d1,1+8('72[EJ't1 |S(u) — s(u) | du
0 0

< CA+0(A)+(8(72+2)12)Jt1 [E[ sup (S(u)—s(u))z]dv

0 0O<u<v
+86%T sup E|S(u)—s(u)].

0<u<T

(4.29)

An application of the Gronwall inequality completes the proof. O

5. Options under stochastic volatility and regime-switching

In this section, we study the Heston stochastic volatility model under regime-switching,
namely

dX(t) = b (r() [ (r(1)) = X(O)]dt + 01 (r(1)) X () V() dw: (1), (5.1)

dv(t) = A (r(0) 2 (r(1)) = V(£)]dt + oo (r(1)) VO (t)dws(t), 0<t<T. (5.2)

Here V(1) is the volatility that feeds into the asset price X(f). The Brownian motions
w1 (#) and w,(t) may be correlated. Naturally, we assume that the initial values X (0) and
V(0) are both positive constants. Moreover, A;, 0, and so forth are all mappings from Jl
to R,.

We begin with a lemma showing that the positivity in the initial data leads to the
positive solution X (¢).

LemMmA 5.1. IfV(t), t € [0,T], is given by (5.2), then

P(X(t)>0V0<t<T)=1. (5.3)
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Proof. By the well-known variation-of-constants formula (see, e.g., [19, Theorem 3.1,
page 96]), X (t) can be expressed explicitly as

X() = ¥(t) (X(O)+Lt/%ds>, (5.4)

where
w0 =ep ([ [ 1)~ 0t VO |dst [ o) WVEdme).  65)
The assertion follows clearly. 0

Applying the EM method to (5.2) gives
Vier = v+ () ( (r) = vi) A+ oy () e | Awa, (5.6)
where Aw k. = wa(tks1) — w2 (#), while applying the EM method to (5.1) gives
Xer = X+ Ao (1) (2 (1) = x) A+ 02 ()2 | v [ Aw g, (5.7)

where Awyx = wi (tks1) — wi(fe).
Let

() =xx, V(t)=w Ft)=rf fort€ [ttkn), k=0,1,2,..., (5.8)

and define the continuous EM approximate solution by
() = x0+ L A (7)) [t (1)) = () du+ L o (F(w)) 2 [7() [dwi (), (5.9)
t t
W) = vo+ L Yo (F)) [ (F(w)) — ()] + L 0> (Fw) | 7(w) | Pdwn (). (5.10)

In the following, we will prove the result of strong convergence of the asset price X (¢).

LEmMA 5.2. For any given pair of positive numbers p and q, define the stopping time

Tpq = inf {t = 0: X(t) > por |v(t)| >q}. (5.11)
Then
lim[E( sup |X(tA1pg) —x(t A Tpg) |2) =0. (5.12)
A=0 No<t<T
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Proof. Fix p and q arbitrarily and write 7,y = 7. Forany 0 < ¢, < T,

X(tAT)—x(tiAT)

_J I () X (1) = o (P(0) (1) |
HAT
] [ XV @) - o1 () s [0 | |dwi )

=J (A1 (r () pir (r(u)) = Ay (F(w)) i (7(w)) | du (5.13)

HAT

HAT
- X(w)[A(r(w) — M (7(w)) ]du — Jo M (7)) [ X (1) — x(u)]du

0

HAT

+ X(u)\ V()01 (r(w) — o1 (7(w)) |dw: (u)

0

HAT
+J o1 ()7 [ X (1) — () | dowy (10)

0
+ J:Mal (F(u) X (u) [w/V(u) — /| () | ]dwl(u).

By the Holder inequality and the Doob martingale inequality, we have

[E( sup |X(t/\r)—x(t/\T)|2)

0<t; <t
tAT

< 32(F Jo (A (r(u)) pr (r(u)) —)h(f(u)),”l(f(u))]zd”

AT

+32tF L X2(u)[ M (r(u)) = Ay (F(w)) ) du

AT

; 32t[EJO 2 (F(w) [X () — %(10) 2l (5.14)

AT

2 _ 2
+128[EL (X VW) o1 (r(w) - o1 (7(w)) " du

AT

; 123&]0 (o0 () 7(00)) [X () — %) Pl

AT

#1288 | (01 () X0)* [V 00~ 760) ||
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Using Lemmas 4.1 and 4.2, the definition of 7, and the techniques of the proof of (4.15),
we derive that

[E( sup | X(f AT)—x(ti AT) |2)

o<t <t

tAT
<32[t+ p*t+4p*K*+467 p*] (CA+0(A)) +32[tA} + 45,9 E JO [X (1) — %(u)] du

tAT

< CiA+0(A) +CoF ) [X(u) — %(u)]*du

tAT tAT

< CiA+o(A)+ GE [X(u) —x(u )] du+C2[E [x(u) — x(u )] du,
’ (5.15)

where C;, C,, and the following Cs, and so forth are positive constants which may change
line by line. For 0 < u < t A 7, let [u/A] be the integer part of u/A. Then

x(u) — x(u) = L ) M (F(w) [ (F(w)) — %(u) |du+ L /A]A o1 (7F(w) x(u)+/ | v(w) | dw (),
(5.16)
which yields
" 2
| x(u) - u)| <4\ (@2 +p? )A2+20pq<w1( ) — Wl([K]A>> . (5.17)
Therefore
tAT )
[EJ [x(u) — #(u)du < GsA. (5.18)
0
By (5.15) and (5.18), we have
[E( sup | X(t AT) —x(t AT) |2)
0t <t
e , (5.19)
< C4A+0(A)+C5J [E( sup | X () —x(t1) | )du.
0 0<ti<u
By the well-known Gronwall inequality,
[E( sup | X(t AT) —x(t AT) |2) < [CsA+0(A)]eT. (5.20)
o<t <t
The required assertion (5.12) follows by letting A — 0. O
LEmMMA 5.3. The continuous EM approximate solution (5.10) obeys
[E( sup |v(t) |> < (14 29+ 20,5, T)e?2 99T T >, (5.21)
0<t<T

where A, = max;e A2 (i) and iz and &, are defined similarly.
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Proof. By the well-known Burkholder-Davis-Gunday inequality, we derive from (5.10)
thatforO<t<T,

£ sup [v()]) =0+ [ 12700 (00 ~ 700 |

o<t <t
¥ 3[5“(: (02(760) | 700)|) "l "

_ _ t
SVO+A2‘[{2T+A2J’ [E|17(u)|du
0

+362[E[<osslt1£t [v(t1) |29—1> J: 5| du] 12

, (5.22)
SVQ‘FizﬂzT‘Fin’ [E|17(u)|du
0

+%E< sup |v(t1)|2 >+ OZ[EJ [ (u)|du

0<ty <t

< vo+i2ﬂ2T+%[1+[E< sup |v(t) |)]

0<t; <t

t
+ <12+2622>J’ [E( sup |v(t1) |>du
2 0 0<t;<u

This yields

) i t
[E< sup |v(t) |) <1+2vo+2MiT+ (2/12+9622)J [E( sup |v(t) |>du (5.23)

0<t <t 0 0<t;<u
An application of the Gronwall inequality implies assertion (5.21). O

Broadie and Kaya [3] have recently shown how to simulate exactly the solution to the
Heston model without regime-switching when the volatility process is described by the
mean-reverting square root process (1.3). This is due to the closed form of the solution
to the mean-reverting square root process (1.3). However, there is so far no closed form
for the solution of the mean-reverting 6-process (1.5) if 1/2 < 6 < 1, not mentioning the
hybrid mean-reverting 6-process (2.3). However, the EM method established above pro-
vides us with a numerical scheme to carry out the Monte Carlo simulation for the option
price if the underlying asset price follows the Heston model under regime-switching (5.1)
and (5.2).

Let K be the exercise price. Define the payoff for the European put option

P =E[(K-X(T))"]. (5.24)
Accordingly, the payoft based on the numerical method (5.8) is

Pa=E[(K-x(T))"]. (5.25)



18 EM approximation in mean-reverting regime-switching model
THEOREM 5.4. In the notation above,

lim | = 2| = 0. (5.26)

Furthermore, let us consider the more complicated barrier option which is a path-
dependent option. Let K be the exercise price and let b be a barrier. For the Heston model
under regime-switching (5.1) and (5.2), the payoff for the barrier European put option is
given by

U =E[(X(T) - K) Tip=x(n=bo=t=1} |, (5.27)
while the payoff based on the numerical method (5.8) is
Un = E[(%(T) = K) "Tio<s()<b,0<t<T} |- (5.28)
THEOREM 5.5. In the notation above,
lim | Uy - U =0. (5.29)

Theorem 5.4 and Theorem 5.5 can be proved in the same way as in [15] using Lemmas
5.1-5.3 as well as the strong convergence results established in the previous sections since
the proofs presented in [15] depend only on the strong convergence properties and the
conclusions of Lemmas 5.1-5.3 rather than the specified form of the underlying equa-
tions. It is in this spirit that we see that our results can be applied to compute other
financial quantities numerically as described in the following sections.

6. Further applications to finance

In this section, we assume that the underlying asset price obeys the mean-reverting 6-
process under regime-switching, namely (2.3). We will omit the proofs, since they are
similar to the proofs without regime-switching presented by [15].

6.1. Bonds. In the case where S(¢) in (2.3) models the short-term interest rate dynamics,
the price of a bond is given by

B(0,T) = E[ exp~ 0 040 ], (6.1)
Using the step function §(¢) in (3.6), a natural approximation to B(0, T) is
B(0,T) = E[ exp( I 00 ], (6.2)

For this approximation, we have the following result.

THEOREM 6.1. One has

lAiil’(l) |B(0,T)—B(0,T)| = 0. (6.3)
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6.2. Single barrier option. We now consider a single barrier option, which, at expiry
time T, pays the European value if S(t) never exceeded the fixed barrier b, and pays zero
otherwise. We suppose that the expected payoff is computed from a Monte Carlo sim-
ulation based on (3.5). The following theorem shows that the expected payoff from the
numerical method will converge to the exact expected payoff as A — 0.

THEOREM 6.2. Let S(t) and 5(t) be defined by (2.3) and (3.6), respectively. Let K be the
exercise price and let b be a barrier. Define

V = E[(S(T) = K) " Tjo=sty<bo<t=T} |

) . (6.4)
Va = E[(S(T) = K) Tjo<s(t)<b,0<t=T} ]-

Then

1A1£r(1)|VA—V| =0. (6.5)
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