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Abstract

This study aims to investigate a stochastic Volterra integral equation driven by fractional Brownian motion with
Hurst parameter H € (%, 1). We employ the Wong-Zakai approximation to simplify this intricate problem,
transforming the stochastic integral equation into an ordinary integral equation. Moreover, we consider the
convergence and the rate of convergence of the Wong-Zakai approximation for this kind of equation.
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1. INTRODUCTION

Stochastic Volterra equations stand at the intersection of complex systems modeling and stochastic calculus, pro-
viding a robust framework for understanding real-world phenomena influenced by random processes. These equations,
incorporating both Volterra integral terms and stochastic elements, find applications in diverse fields such as finance,
biology, physics, and engineering.

In stochastic Volterra equations, fractional Brownian motion introduces a layer of intricacy. Fractional Brownian
motion, characterized by its self-similar properties and long-range dependence, poses significant challenges regarding
analytical solutions. Consequently, the numerical approximation of solutions emerges as a pivotal avenue for researchers
and practitioners seeking to unravel the behavior of these equations.

In the realm of infinite-dimensional spaces, the exploration of stochastic Volterra equations driven by Brownian
motion was studied in [1]. Subsequently, the study extended to stochastic Volterra equations driven by general
semimartingales, as discussed in [12]. However, despite the progress made in recent years, the numerical solution of
these equations remains a vibrant and evolving research area.

In [7], the authors applied the stochastic §-method to address these equations, demonstrating its mean-square
convergence of order % Additionally, investigations into stochastic equations featuring weakly singular kernels were
conducted in [11].

Exploring alternative approaches, [18] proposed a numerical scheme for nonlinear stochastic It6 Volterra integral
equations, leveraging Haar wavelets. Simultaneously, [13] delved into the shifted Jacobi operational matrix method as
an innovative avenue of research in this domain.

In this study, our focus centers on investigating the numerical solution for a specific stochastic integral equation
driven by fractional Brownian motion, represented as:

X, :X0+/Ot KH(t,s)b(Xs)ds—&—/Ot Ky (t, s)o(X,)dW,, t € [0,1], (1.1)
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where W; denotes Brownian motion and Ky (t, s) is a deterministic kernel. Notably, the process

BH(t) = /Ot Ky (t,s)dWs,

is a fractional Brownian motion (fBm) characterized by its Hurst parameter H € (%,1). For this fBm E(B"(t)) = 0,
and its covariance function is given by

E(BY(t)BH (s)) = % (tgH +s2H |t — s|2H) .
It’s worth mentioning that when H = 3, B (t) reduces to the standard Brownian motion. This process finds practical
applications in diverse fields such as finance, and economics [10].

In previous studies, notable progress has been made in understanding stochastic Volterra integral equations driven by
fBm. In [2], researchers established the existence and uniqueness of solutions for these equations when driven by fBms
with a Hurst parameter H > % Additionally, in Hilbert space, researchers in [6] proved the existence and uniqueness
of mild solutions for similar equations.

The Wong-Zakai (WZ) approximation is a crucial technique for solving stochastic differential equations (SDEs).
This method offers a promising way to simplify the complexity inherent in stochastic equations by transforming
stochastic integrals into ordinary ones. Researchers have demonstrated that by replacing the Brownian motion in
an SDE with a suitably chosen absolutely continuous process (referred to as the WZ process), the solution of the
approximating equation converges almost surely to the Stratonovich form of the original equation [15, 17]. In the
WZ approximation, the Brownian motion is first approximated with an absolutely continuous process before applying
proper time-discretisation schemes. This process serves as an intermediate step in the approximation. The key
advantage of employing the WZ approximation lies in transforming the SDE into an ordinary differential equation
(ODE). In simpler terms, instead of dealing with the complexities of an SDE, researchers can focus on solving a more
straightforward ODE, making the approach notably simpler and more manageable.

In prior research, the WZ approximation has been investigated in various numerical schemes for solving stochastic
delay differential equations, as demonstrated in [3]. Additionally, [8] explored an implicit Milstein method for SDEs
employing the WZ approximation. To approximate Brownian motion within the WZ method, Fourier approximation
techniques were utilized in studies such as [15, 16] and also in [3]. In a different domain, [14] applied the classical
piecewise linear interpolation in combination with WZ approximation to solve stochastic Volterra equations driven by
fBm. However, the rate of convergence was not determined in their study.

In this paper, we employ the Wong-Zakai approximation to simplify Equation (1.1), transforming the stochas-
tic integral equation into an ordinary integral equation. Furthermore, we investigate the convergence and rate of
convergence of the Wong-Zakai approximation for this specific type of equation.

Moving forward, the structure of the paper unfolds as follows: the subsequent section provides necessary preliminary
information. Section 3 offers a concise overview of the WZ approximation technique and outlines the method’s specifics.
Finally, in section 4, we delve into establishing the rate of convergence for the WZ approximation method applied to
stochastic Volterra equations.

2. SETTING OF THE PROBLEM

Let (22, F, P) be a probability space and {W; : 0 <t < 1} be a Brownian motion defined on this space. Consider
the following stochastic Volterra integral which is the Stratonovich form of Equation (1.1):

t t
Xt:X0+/ Kp(t.) [H(X) + a0’ (X,)] ds+/ Ku(t,$)o(X)dW,, te [0,1], (2.1)
0 0
where Xy € R
2H — 1 2HT(3 — H) >3 1
- r(C — H)YT(H - = 2.2
T OH 1 <F(H+;)r(22H) (5 —H)IH=3), (22)
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and b and o satisfy in the following assumption:
A. Let b € C}(R), 0 € CZ(R) be functions such that for all X1, Xo € R we have

oo’ (X1) — 00’ (X2)|* + [0(X1) — 0(X2) > + [b(X1) — b(X2)[* < L|X1 — Xa|?, (2.3)

where L is a positive constant.
From now on, fix H € (3,1) and consider the deterministic kernel Ky : [0,1] x [0,1] — R by

CustH [Yu—s)H-3yH3du, 0<s<t<l1
Kg(t,s) = s ’ =T =7 2.4
u(t:s) { 0, otherwise (24)
where
1 2HT(3 — H
C’H(H2)\/ 1(2 ) .
I'(H + 3)I'(2—-2H)
In the next proposition, some elementary properties of Ky are introduced [4, 5] .
Proposition 2.1. The mapping s — K (t, s) is continuous on the {0 < s < t} and
e There is a positive constant O which satisfies this condition
Kp(t,s) <Oys? M 0<s<t<l. (2.5)
o Forevery0 <s <t
t
/ | Ky (t,r) — Kg(s,r)|2dr = (t — s)*H. (2.6)
0
e The mapping t — Kg(t,s) is differentiable and
0
LKyt s)=Cg(2)s—H(t — s)H-%, (2.7)
ot t
[}
t
aKH(t,S) 2(1H -1
———Zds = t . 2.8
/O a T t1 (28)
° Let1§p<ﬁ , then
sup ||Kg(t, .)||Lp([0,1]) < 0. (2.9)
0<t<1
[}
/ KH(S,T)d’I“ZaHSH—"_%, (2.10)
0

where ap is defined in Equation (2.2).
The following proposition shows the existence of the solution of the Equation (2.1).

Proposition 2.2. [/] Let assumption A holds, then Equation (2.1) has a pathwise unique continuous solution Xi,
which satisfies the following condition

sup E(|X¢|?) < oo. (2.11)
0<t<1

(=)=

E)NE
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3. WONG-ZAKAI APPROXIMATION

Kloeden and Platen [9] introduced the Karhuen-Loéve expansion of Brownian motion as follows:

00t
W(t) = Z/ m;(s)ds€; 0 <t <T =1, (3.1)
j=0"0
where m;(t),j =1,2,3,..., are a set of complete orthonormal bases in the Hilbert space L?[0,1] and &,7=1,2,... are
defined by

&= [ maw. (39)

Clearly, ¢;,j = 1,2, ... are Gaussian random variables such that E(&;) = 0. The isometry property of the Ité integrals
ensures that

E[flfj] :A mi(s)mj(s)ds = 52’,]’7 (33)

where 0; ; represents the Kronecker delta function. Consequently, &;,¢ = 1,2, ... are independent standard Gaussian
random variables.

The WZ approximation stands as a semi-discretization technique, involving the truncation of the spectral expansion of
Brownian motion as depicted in Equation (3.1) prior to any discretization in time. It’s important to note that various
forms of the WZ approximation exist, and in this study, we employ a specific orthogonal expansion of Brownian
motion, as described below:

N 7N—1 t | |
W) =>" /0 m;(s)dsg; t€[0,1]. (3.4)
7=0

Now by fcaking a partition 0 =ty < t; < ... < ty_1 <ty =T =1 and choosing a truncated complete orthonormal
bases m!(t), i = 1,2,3,..., Ny in L?[tj, ;4] for j = 0,1,2,..., N we derive the following piecewise spectral expansion
from Equation (3.4):

—1 Ny t )
W) =>">" mi(s)dse, (3.5)
j=0 k=1"%

ti+1
tj
defined as follows:

where ¢ = mi (s)dWs. Let the orthonormal bases mi () in L?[tj, t;11] be selected as trigonometric functions

, 1 : 2 (k — V)m(t —t;)
m? (t =, m? (t) = cos( J )’ ]@::2,3,.__7 telt; t; . 3.6
1() m k() tj_;,_l*t] t]—‘rl*tj [J J"Fl] ( )

Wuan in [19] showed that by choosing m;(t) as trigonometric functions the expansion (3.4) converges in a mean
square sense to (3.1). Consider a WZ approximation of X (¢) in (2.1) as follows

t t
xN :X(§V+/ KH(t,s)b(XQ’)der/ Ky(t,s)o(XM)aw>, telo,1], (3.7)
0 0

where X§ = Xj. The given equation is, in fact, an ordinary integral equation, offering a considerably simpler solving
process compared to Equation (2.1). In the subsequent section, we establish the mean square convergence of X}V to
X; and ascertain its convergence rate.

(&)
ENE
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4. MAIN RESULTS
Let N e Nand tj41 —t; = h, j =1,2,..., N — 1, with h = % Define Ny, = [h™%], where x € RY satisfies the
following inequalities,
13 1 3
_575—2]’[} fOI' 5 <H< Z,
1 3
ac<min{H—§7 —2H} forZ<H<1.

T < min{H 1)

For ease of presentation, it is important to note that throughout the remainder of this paper, the symbol C represents
a random constant. Importantly, this constant remains independent of h and may vary from line to line, simplifying
our notation. The subsequent theorem serves to demonstrate the regularity of both the solution (2.1) and the WZ
approximation (3.7).

Lemma 4.1. Let X; and XY, t € [0,1] be the solution of (2.1) and (3.7) respectively. Fors € (tj,tj+1),j =0,1,..., N,
we have the following inequalities

E[|XY - xN2 < e,

(4.2)
E[| X, — Xy, ] < Coh® 72,

where C and Co are some positive constants.

Proof. By Equation (3.7) we can write
tj tj
XN -x) :/ [Kn(s,7)— KH(tj,r)]b(XﬁV)dr+/ (K (s,r) — Ky(tj,r)]o(XN)dw;"
0 0
+/ KH(s,r)b(XgV)dH/ Ky (s,r)o(XN)awXr,
t; t;

therefore, by substituting the WZ approximation (3.5) we get

2

E(1xY - xV1?) < C<E / CKns,r) — Kty )] (X N)dr

2

j—1 Np tnt1 .
FEICS [ Kulsr) = Kutty )] mi (o (v
n=0k=1"1tn
S 2 Nh s 2
+E[ [ Ky(s,mb(XN)dr| +E> [ Ky(s,r)ymi(r)o(XN)dre] )
t k=17t

By applying Cauchy Schwarz’s inequality, 1t6’s isometry, and relying on assumption A, we derive

+
—
Bl
T
2
2
\
=
T
=
SH
I
o
3
N—
/N
—_—
3

)
—
=
S
o
S
N—

+h/us(s,r)dr+h§h: (/S K}L{(S,T)dr>%(/tjﬂ(mi(r))‘ldr);)_
tj i .

J J
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Based on Equations (2.6), we deduce

E(|X;V —thy|2) < Ch2H+C'Nh/ [Ku(s,T) —KH(tj,r)]er—FC'h/ K% (s,r)dr
0 tj

s 2

+Ch2N, ( K?,(sm)dr)

tj

1 1 3
< C(1+ Np)h* + Ch sup / K% (s,r)dr + ChZN, < sup / K}ﬂ(s,r)dr)
0 0

0<s<1 0<s<1
1 1
< C1h2N, < Cih27%.

N|=

Now, let’s proceed to estimate E(| X, — Xy, [?). Let by(X,) = b(X,) +ags? " 200'(X,), so we can express

tj

X, X, = / K (5,7) = Kty )] b (X,)dr + / K (s,7) — Krr(t,7)] o(X,)dW,
0 0

| Ku(s,bu(X,)dr+ | Ka(s,r)o(X,)dW,.

Utilizing Cauchy-Schwarz’s inequality, It&’s isometry, and assumption A, we conclude

tj
E(IXs - X¢,|?) < C<tj/ |Kpi(s,r) = Kp(tj,7)]" dr + tj/
0 0

tj
\Kp(s,7) — Kg(t,r)|*dr

+h/ K?{(s,r)dr—k/ K%(s,r)dr)
tj tj

< c(/o K (s,m) — Ky (tj,r)]” dr + /O (K (s,m) — Ky (tj,r)]” dr + / K3 (s, r)dr).
tj
By using (2.5), (2.6) and the mean value theorem we get
E (X, — Xy, *) <CR*" + C(h+1) / ri=2Hdr < Cop?* M.
‘s
Thus (4.2) is satisfied. J

489

O

In the following theorem, we show that the WZ approximation (3.7) is convergent to the solution of the stochastic

Volterra equation (3.4), and we will obtain the rate of convergence.

Theorem 4.2. Let X; represent the exact solution of the stochastic Volterra equation (2.1) and X} be its WZ

approximation as defined in (3.7). Assuming that assumption A is satisfied, we can establish that
E (X} = X[*) = o(n"),
where

1
vy=min{(2H —1—2z),(3 —4H — 22)}, for§<H<Z,

and
fy:min{(272fo),(2H7172x),}, for%<H<1.

Proof. By subtracting (3.7) from (2.1) we deduce
XiN_Xt :aN+5N7

(4.4)
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where
t
an(t) = / Ko (t,5) [b(XY) = b(X.)]ds,
0
t t t .
Bn(t) :/ Ky(t, S)O’(Xév)deN*/ Kg(t,s)o(Xs)dW, —aH/ Ky (t,s)s 200" (X,)ds.
0 0 0
Assumption A, CauchySchwarz’s inequality and (2.5) yield
t t
Ellan(t)’] < C/ Kt s)E(IXY — X,?)ds < C/ s'THE(IXY — X, %) ds
0 0

For the second term, i.e, 8y, we can write

Bn(t) = Bna(t) + Br2(t) + Brs(t),

where
N=1 et t
B (t) = / Kt )o(XX)AWN — [ Kyt 5)o(X)dW,,
=0 t; 0
N—-1 Ny tit1 ) s u K .
By alt) = / Ky (t, s)mi(s) / a’(Xg)( / a}éi(wwg(XfV)dW,N)dudsgi
=0 k=1"ti tj 0 u
t
—ay | Ky(t,s)s? 200 (X,)ds,
0
N—1 Np tit+1 . S w aK u,r 1
B a(t) = / K(t, s)mi(s) / o' (xM)( #b(&f\] )dr) dudsé.
§=0 k=171t 4 0

To estimate Sn 1(t), we break it down into two components

j+1 j+1
vt z / Kt )o (X)W — aw,] + z / Kn(t,9)[o(X)) — o(X,)ldW,
= bN,l( ) +bn2(t).
Breaking down by 1(t), we can express it as:

bni(t) = Otl Kpy(t,s)o (XN)[dWN dW; JFE:/%+1 [Ku(t,s) — Kul(t,tj)lo (XN)dWN

N Z / i1 Ku(t,t;) (XN)[dWN dW,] + Z / ah (Ku(tt;)— KH(t,S)]O'(XtJ;’)dWS

4
= Z bé\/‘,l (t)
i=1
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Assumption A and Cauchy-Schwarz’s inequality yield

B 08 =B[| [ Kntt. 0 0am — [ Kt o0
2} +20E|| /tl Ku(t, s)o(xY)

t1

KH t,s)m(s )ds‘ +2C K% (t,s)ds
0

< 2CE /tl Kp(t,s)o(X))d
< 202( KH (t s)ds)(/otl(mg(s))st) +20/0t1 REY

t1
<20(Np, +1) / st ds = 20(Ny, 4+ 1)h? 721
0

therefore
E[lbk1 (1)) < CNyh>=2".

To estimate E[|b3; (t)|*], by assumption A we have

N=1 Nn ;4
B (0F =B Y. > [ 1Ku(t.s) - Kn(t.t;)lo (XY m(s)dse]
j=1 k=1"%
N—1 N, ti A 2
<C E / [Kp(t,s) — Ku(t, t;)]o(X) ymj (s)ds
j=1 k=1 |/
N-1 Nn ti+1 ZES N
<C |Kp(t,s) — Kul(t, tj)|2ds> < (m], (s))2d5> :
7=1 k=1 </tJ " " ‘/tj ’

Since s <t <1 and |s — ;| < h, by simple calculation we get

1
|Kp(t,s) — Kp(t ;)] < Cls3 =T — 4271 4 O(s — )73,
Hence, employing the mean value theorem, we can deduce:

N—1 Np, tit1 1

N—
E|b3 . (1) < C QZZ/ (s~ —t; M2as+23

j=1 k=1 j=1
< C (2Nph? + 2N, k2P 1) < 20N, [h2 + h2H 1

ol /tj+1 )2H-1
E ds
¢

k=1""%

For the estimation of b3, (¢), by assumption A and the fact that ft]“ dW? = AW; = W (tj41) — W(t;), we have

2

tj+1 ti+1
/ dwh — dw,| =o.
t

tj

N—
Z Kp(t,t;)?o0®(X))E

J
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Finally, for the estimation of b‘}\m(t), we employ a similar calculation as for b?v71(t), and find

N-1

ti+1
B (0 <0 Y [ (Kultty) ~ Ku(t.s)Pds
j=1 7t
N-1 tit+1 . 1 N— tit+1
<20 / (s27 M —127 M24s 4 20 Z/ 2145
j=1 "t j=1 71
< 2C[h? + ¥
Therefore, we conclude

E[|bn1(t)?] < ONp[p2H1 4 p272H], (4.5)

Now, to estimate by 2(t), we can express it as follows:

Nl oty
bna() = Kp(t,s) [U(ng ) — a(Xs)] aw,
j=0 7t
N-1 et - tjt1
- Ku(t.s) [o(X) = o) e 37 [ Kutos) [o0x) = a(x.)] aw.
o Jt; - t;

J
= bzlv,Q(t) + b?\m (t).

For by ,(t), we can use Lemma 4.1 and Equation (2.5) to obtain the following estimate:

J+1 Jj+1
Elby o (t) Z/ E3(ts)E( XY — XN ds < Ch2 N, Z/ K% (t,s)
(4.6)
< Ch%N, sup / K% (t,s)ds < Ch2 Ny,
0<s<1J0
and
ji+1
Elb% ,(t)]* < C Z/ Kt s)E(IXY — X,/?)ds
(4.7)
< C/ s'TPHE(IXY — X [?)ds
0
From (4.5)-(4.7) we conclude
B[loxa(0] <O+ 0 [ SRR - X Py (45)
0

where y = min{2H —1,2—-2H, %}
Now, we will estimate E[|Bn 2(t)|?], for this aim we can decompose By 2(t) into different terms as follows:

Bt Zﬁm

(=)=
E)NE
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where

) N-—1 ) N Np, tit1 j s t; GKH(u,r) N N i
oW =2 0'xXNY. [ Kattsmi(s) [ ([ EEo(XN)aw) ) dudsg].
j=0 k=171 tj 0 du
NZ1 Nn o tjin , s 4 OK (. r ,
a0 =23 [ Kuttomits) [ o) - o) ([ I o aw )auds,
=0 k=1"ti i
N—1 Np Ny tit1 ) s Y AOK o (u. . .
=5 [ Kattomi) [Cooe)([ I ) )o(x¥) - o) ar)dusele]
=0 k=11=1"ti i i
N-—1 Nh Nh tj+1 . S
=33 [ Kattomie) [ 200 - o (X))
§=0 k=11=1"% ts
DK (u, ) | .
" 2 o(X,)m] (r)dr)duds&l &
([ g ottomiyar)dudsgie
N—1 N Np tit1 K . .
?V,Q(t) = oo’ (Xy,) Kg(t,s) / / 9 H u7) my (r)drdudséi&]
§j=0 k=11=1 tj
t
—ay | Ky(t,s)s" 200’ (X,)ds,
0
N—1 Np Np tit1 . S u aK u. T 3 .
?V’Q(t) = Z a’(X,f) Kyt s)mfc(s)/ #m{ (1) [o(X]Y) — o(X,)]drdudsélé]
§=0 k=1 1=1 t tj Vit
N-1 Nh Nh

“OKy(u,T)

ot = | Kl [ o) - o'x,)] ] (1) (X,)drdudsglg].

§=0 k=11=1"1 i 2 Ou
For estimating By 5(t), we can proceed as follows
Nh Nh t S t
2 Y OKg(u,r
ka0 =2 300 [ Kuttomis) [ ([ o (x i dr ) dudselel
k=11=1 1 1
o on ti+1 , s "OKy (u,r .
+ Z ZZU/(Xt]j) KH(t,S)miﬂ(s)/ (/0 #a()(ﬂv)m?(r)dr)dudsﬁiflo
j=2 k=11=1 t tj
N—-1 Ny j—1 h tj+1 . tnei aK U, ,r
XYY ) [ Katsmis) [ ([ D (N g (r)ar)audsley
j=1 k=1n=1 =1 tj tj tn
= 611\;,12 t) + 511\]22 (t) + ﬁjl\}?z (t)
2
For estimating E ‘ 5]1\,”12(15)‘ by assumption A, we obtain
Nu Nip r nt s /gt 2
2 Y OKg(u,r
BlskbOP < S| [ knt ol [ ([T mplar ) duas| Bihed?)
k=11=1 Wt t
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By using Cauchy Schwarz’s inequality, mean value theorem and (2.8) we conclude

Blothor) < ([ aaas) ([Te-m ([ 000 )

ty t1 ~J0 du
o N [ 1om " * oH-1
< . _ _
< Cay 2 (/t1 s ds)(/t1 (s tl)/tlu duds)
< CN}ER?

Again by Cauchy Schwarz’s inequality and assumption A we get

N—-1 Np Np

E[|85% ()] Z [/tm Kot ) |m (s |/ / M| ?(r)|dr)dudsr
;7“ KH(t,s)ds)(/t7+l s—t)) / /tl MHiuw)) drduds)

t

C ti+1 ti+1

> / 81_2Hd8> / (s —t; / / yE2H( 7‘)2H_3drduds>7
=2 tj tj

mean value theorem implies that

INA
&

&
M
—~

IN
&
~—

N-1
E[I8x2(OF] <ONE ) = 1w < ongh.
j=2
By applying similar arguments to IE[|B]1V32 (t)|?], we have
N—1
E[|ﬁ]1\;?2(t)‘2] < CN}%hQ Z j2—2H < CNgh2h2H—3 _ CN}%I’L2H_1.
j=1
Consequently, we can deduce that
E“ﬁ]l\lg(t)‘g] S CN}?h2H—1 S ChQH_l_QI. (49)

In the same manner we can conclude

E[|Bx2(t)?] < Ch2H-1727, (4.10)
Our next goal is to estimate E[|B% ,(t)[?], where

Np Ny ty

V=35 [t [ ey ([ TG i) [o(62) — o) s

k=11=1
N—-1 N Np tit1 ) s uaK . ..
- 3 / K (t,s)mi,(s) / o' (x)( / %wm [o(XN) = o(X,)]dr ) dudsgle]
j=1 k=11=1"1 tj tj
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by the mutual independence of all Gaussian random variables ﬁi, k=1,2,...,Np, j=0,1,..., N and by assumption A
we get

E[18%5 ()]
Nn oty s u
SQEHZ | guttomit) [ (| O] 1) [o () — o) ar ) duas()?] |

—|—2E Z / Ky (t,s)m(s )/ 0’(X1]LV)(/OU Mlgigf’ﬂm?(r) [U(va) _g(XT)]dr)dudsf,%lO’Q}

k#l=1

<2CZ[/O Kn(ts)mie)] [ [T 2<r>|drduds]2E[<§2>41

va0 35 [t i [ [ 2 g e e

kel=1,kl
Applying Cauchy-Schwartz’s inequality, (2.10) and Fubini’s theorem we conclude that

E“Biflz(t)ﬂ ;(Nh + Np) / Ky(t,s / Ky(s r)drds)

ghCQ(NthNh)( 0 K%,(t,s)ds) /0 /OKH(s,r)dr)st>

< ;(Nh +Nh)(/0t1 31_2Hd5) /Otl (/Os KH(s,r)dr)zds

C 2 h 1-2H h 1+2H
< R
_aHhQ(Nh+Nh)(/O s ds)(/o s ds)
< C(N}E + Np)h? = Ch*2%,

For estimating E| Bi}é(t) 2], by (2.5), Cauchy Schwartz’s inequality, Fubini’s theorem, mean value theorem and by the

same arguments as IEH,B?\}}Z(t)P], we get

samr <o Y- ([ e ([ [,

j=1 j j j
Consequently,
N1
BB (0F) < ONER S s,
Jj=1

As a result of these calculations, we deduce
1 3
E162()) < Ch =2 for L < b <2,
; (4.11)

E“/BJSV,Q(t)\Z] < Opt—4H=22 g5 % < H < 1.

By the same calculations for E[[8} ,(t)[?] i = 4,6,7 we get
i 1
E[18k ()] < OW 472 for < 1 < 2,
; (4.12)
E“ﬂJi\I,Q(t)‘Q] < CpA4H=22 for 1 < H < 1.
Bo
BB
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We express the term 515\,72(75) in the following manner

4
B?V,Q(t) = Zag\l(t%

KH(tj,

rym] (r)dr)ds

=1
where
tj+1
=ay Z / Ky(t,s) [UO'/(th) — o0’ (X,)]ds,
t;
N-l Nh ti+1 ) s ) tj
ax(t) = Z Z oo’ (X)) [ Ky (t,s)mj.(s) (/ Ky (s,r)m](r)dr —
j=0 k=11=1 L 0 0
tit1 1 oo
o [ Kult9)s" das] g
tj
N—1 N, Ny o tyi1 )
ad(t) =ag Z UU’(th)<§i§lJ — 1) Ky (t,s)s"~2ds,
j=0 k=1 1=1 tj
N-1 Nn Nn tis1 , t; o
ay(t) = oo’ (Xy,) [ Ky (t, s)m)(s) /o mj (r) (KH(tj, r)— Kg(s, r))drds} &gl
§=0 k=1 1=1 t

From (2.5) and assumption A we conclude that

j+1
EJay(t) <CZ/ E(|Xs — Xy, [?)ds,

so, from Lemma 4.1, it follows that
Ellay (®)?] < Ch*721.

For the next term, the same reasoning as in IE[|B?V12 (t)|?] yields

N—-1 Nj Ny tit1 t;
E[lak ®)?] < C ZZ Kg(t, s)m / Kg(s,r) ]r)drf/ Ky(tj,r
j=0 k=11=1 "% 0
tjt+1 2
—aH/ KH(t,s)sH_2ds)
tj
N1 Nu Nu = ;0 1 s
<C Kg(t,s) [ﬁ(/ Kg(s,r)
j=0 k=11=1 “ti 0 0
Cauchy Schwarz’s inequality, together with Equation (2.10) implies
N—-1 N, Np tit+1 1 N HJ,»l N 2
k(0] < 0y 33| [ Kt [ (74 =) = 72 a
j=0 k=11=1 7t
N—-1 Nj Np t;
C J+1 2
<s3 2 KH(t,s)(sH*%(s - tj+1)>ds
§=0 k=11=1 "1
C N—-1 Nj Ny tit1 1
< 7z (/t (s —tjt1) ds)( t K2 (t,s)s*H 1ds>

m{ (r)dr) ds

tj 2
dr — KH(t]-J)dr)ds—aHsH_%]ds‘ .

(4.13)

(4.14)
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Similarly, the independence of fi and Elj , (2.5) and Cauchy Schwarz’s inequality assert that

N—-1 N, Ny tj41 e
Ellak 0] <c Y3 S E@Ed - 1) ‘ K (t,5)s" 3ds|
3=0 k=11=1
N-l N tj+1 (4.15)
< Ch ( K2,(t, 5)s2H 1ds)
=0 k,l=1k#l “ti
< CNENR? < Ch'™2®
Furthermore
N—1 Nn Ny ti+1 . ty 2
E[lad(t)] < © Ku(t, s)mi (s) / mi (1) [Kn(ty, ) — K (s, )] s
j=0 k=11=1 "t 0
N—-1 N Np ts t; s
C’ j+1 j+1
< 72 ( K?I(t,s)ds) (/ 8(/ [KH(tj,r) - KH(S’T):|dT)2dS
=0 k=11=1 7t tj 0 (4.16)
c il b ti+1 - '
< ﬁNh (/ KH(t,s)ds)(/ s(s —tj) ds)
=0 7] tj
—1
<CNhh2Z -2— 2H<CN2N3 2Hh2<Ch2H 1- 29:
7=0
From (4.13)-(4.16) we conclude that
E[|B 2(0)°] < CNZRH=1 < € (R2H1727 4 p272H ) (4.17)
Consequently, according to (4.9) — (4.12), and (4.17) we get
E[|Bn2(t)?] < Che, (4.18)
where
. 1 3
a:mln{(2—2H),(2H—1—2x),(3—4H—2x)} for 3 <H< 7
and

a:min{(272H),(2H7172m),(474H72x)}for%<H<1.

Finally, the term E[|3xy 3(t)|?] can be handled in the same way as follows

Np t1

° “OKp(u,r) j
alt) =3 | Kt [ o[ LR dudse

N—-1 Np ti+1

Ky (t, 8)mi(s) /t ) a'(X;V)( /O ! M(%igf’ﬂb(Xﬂv)dr)dudsgi

j=1 k=174 i

+
(]
T
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So we have
Np,

E[|Bx5(t) <OZ[/ K (, 5)|[mi (s I/ /aKHUT)d>duds]2

sch[/otl \KH(t,s)l/s/u MHiEf’”drdudsr
/ K2 (t,s)ds (/ (/Os uH =% du)? ds)

< C’Nhh2 2H(/ 2H+1ds) — CN, I,
h 0

and

N, ti+1 K
<ooh [/ |KHts\/ / a’{77”%1 duds]
h ‘s ¢ ou

j=1 3

Ny, tj+1 bt s
< Ca3—= K2 (t,s)ds / / uf=2du)?ds
Hh_(tj H<>)(tj (o )2ds)

< C% ( o K#(t, s)ds) (/tHI(SHJré - tf+%)2ds).
t; tj

By the mean value theorem we deduce
N-1
E[|B%5(0)]*] < CNph® >~ § 21+ 1)1 <ONG N3 2H < ON 2 = on?te,
j=1
consequently, we obtain
E[|An3(t)]?] < CNyh*T = Ch?H =2, (4.19)

Finally, by applying Equations (4.8), (4.18), and (4.19) we conclude
t
E (XY — X|?) < Ch + c/ 'R XY - X, |2ds,
0

where
3

fy:min{(QfZfo),(%fas),(2Hf172x),(374H72:17)}, for%<H<Z,

and
. 1 3
7:mm{(2—2H—x),(5—x),(zﬂ—1—2x),(4—4H—2x)}, for T < H<1.
By using Gronwall’s lemma we get
E (XY - X?) < Cn,

where
. 1 3
v=min{(2H —1—2z),(3 —4H — 2z)}, for §<H<Z’

(=)=

E)NE
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and
'y:rnirl{(2—2lEf—ﬂc),(2H—1—2x),}7 for%<H<1,

which is the desired conclusion. O

5. NUMERICAL EXPERIMENTS

In this section, we discuss the implementation of the numerical method (3.7) by providing an example, and we
present the theoretically obtained results in numerical form.

Example 5.1. Consider the following integral equation
t t
X = / Ky(t,s)sin(X;)ds —|—/ Ky (t,s)cos(Xs)dWs, t € 0,1], (5.1)
0 0

where W, denotes Brownian motion and Ky (¢, s) is a deterministic kernel given by (2.4).

In Figures 1 and 2, we have compared the results obtained from the numerical method with the theoretical results.
To achieve this, we obtained the mean square errors by averaging over 1000 independent Brownian paths over [0, 1]
and as a reference solution, we used numerical approximation with the step-size 2713,

In 1 we obtained the results with H = 0.6, N, = [h~"] with z = 0.05 and apply the numerical method (3.7) with
64, 128, 258, and 512 steps. From Theorem 4.2 we conclude

E(1X) — X.[?) = O(h"). (5.2)

We have plotted the best linear approximation (least squares) of the mean square errors from the numerical data and
compared it with the line obtained from the theoretical outcome, whose slope is 0.1. Clearly, Figure 1 confirms that
the numerical results from the Wong-Zakai method closely match the theoretical results. Moreover, Figure 2 shows
the numerical results with the Hurst parameter H = 0.8 and z = 0.1. In this case, from Theorem 4.2 we conclude

E (XY — X¢?) = O(h"?). (5.3)

In Figure 2, we have compared the best linear approximation (least squares) of the mean square error from the
numerical data with a linear line having a slope of 0.3. Clearly, this figure confirms the obtained theoretical results.
It should be mentioned that we have used the Trapezoidal rule for the numerical integration.

an
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2—6.8 [ -
2-7 | .
277‘2 [ -
2—7.4 . -

e MS error H = 0.6

® Line with slope 0.1
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h

FIGURE 1. Mean square(MS) errors of the Wong-Zakai approximation for Hurst parameter H = 0.6
for Example 5.1.
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FIGURE 2. Mean square(MS) errors of the Wong-Zakai approximation for Hurst parameter H = 0.8
for Example 5.1.
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