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Abstract

In this paper, a class of new Magnus-type methods is proposed for non-commutative
Itd stochastic differential equations (SDEs) with semi-linear drift term and semi-
linear diffusion terms, based on Magnus expansion for non-commutative linear
SDEs. We construct a Magnus-type Euler method, a Magnus-type Milstein method
and a Magnus-type Derivative-free method, and give the mean-square convergence
analysis of these methods. Numerical tests are carried out to present the efficiency of
the proposed methods compared with the corresponding underlying methods and the
specific performance of the simulation It6 integral algorithms is investigated.
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1 Introduction

It is now generally accepted that stochastic differential equations (SDEs) can describe
some problems more accurately than deterministic differential equations. For exam-
ple, input data may be uncertain or systems may be subject to internal or external
random fluctuations. It is often difficult to obtain explicit expressions of exact solu-
tions for SDEs and so numerical methods become an important tool to provide good
approximations.

In this paper, our main focus is the numerical approximations of the semilinear It6
SDEs

dy = (Aoy +g0)dr + Y (Aiy + g AWi (1), y(0) = yo €R%, (1)

i=1

where W;(t), j = 1, ..., m, are independent Wiener processes on a complete prob-
ability space (£2, F, P) with a filtration {#;},.( satisfying the usual conditions. Here
gj: RY — RY, J = 1,...,m, are nonlinear functions of y and A; € Réxd
j =0,...,m, are constant matrices. The random initial value satisfies E || yo I? < 0o
and E is the expectation.

Numerical integrators for (1) in the sense of It6 and Stratonovich are thoroughly
studied in [1] based on the stochastic Runge—Kutta Lawson methods under the
following commutative conditions

[A7, Al = AjAr — AyA; =0 forall [,k=0,1,...,m, 2)

where [A, B] = AB — BA is called the Lie-product or matrix commutator of A
and B. Under this commutative condition, Euler and Milstein versions of exponen-
tial methods are investigated in [2], and the strong convergence analysis of these
two methods is given. Their numerical results show that these exponential meth-
ods are more effective than the corresponding underlying methods. Under similar
commutative conditions, Yang, Burrage and Ding [3] investigate (1) in the sense of
Stratonovich and construct structure-preserving stochastic exponential Runge—Kutta
methods to the case of time independent matrix Ag = A(?), Ay =0, k=1,...,m.
There is also some interesting work on the exact solution and the corresponding
numerical solution under the commutative condition where Ag is a constant matrix
and Ay = 0, k = 1,...,m. For example, an exponential Euler method is con-
structed for the stiff problem and it is applied to solve an ion channel model in [4].
A class of weak second-order exponential Runge—Kutta methods is investigated for
non-commutative SDEs in [5].

It is worth noting that when the commutative condition is not established, even the
solution of the linear system cannot be expressed explicitly. We know that Magnus
gave the deterministic Magnus expansion [6] in 1954, which expresses the solution
as an exponential infinite matrix series. This topic has been further studied in [7—
9]. In recent years, the Magnus-type expansion for SDEs has attracted an increasing
number of researchers. The Magnus expansion for linear autonomous Stratonovich
SDEs was derived by Burrage and Burrage [10]. They compare the truncated Mag-
nus expansion with stochastic Runge—Kutta methods with the same convergence
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order and concluded that the Magnus expansion enjoys a considerably smaller error
coefficient. The authors of [11] consider the Magnus expansion for the linear and
nonlinear Stratonovich SDEs and the convergence analysis is given based on binary
rooted trees. In [12] a new explicit Magnus expansion is applied to solve a class of
Stratonovich SDEs and the authors show that the Magnus expansion can preserve the
positivity of the solution. A new version of Magnus expansion for linear It6 SDEs
is derived in [13] and the authors have analyzed the convergence of the Magnus
expansion and applied it to solve semi-discrete stochastic partial differential equa-
tions (SPDEs). In [14], for SPDEs driven by multiplicative noise, the authors first
use the finite element method to discretize space, and then construct a Magnus-type
method in the time direction.

We have to say that when the commutative condition is not established, the corre-
sponding theoretical results on exponential numerical methods for the corresponding
semi-linear problem are sparse. This is the motivation for us to consider a new class
of Magnus-type integrators for the semi-linear problem (1).

The structure of this paper is organized as follows. In Section 2, we will give a brief
review of the use of the Magnus formula in both linear non-autonomous ordinary
differential equations (ODEs) and linear SDEs. In Section 3, we will derive a new
class of Magnus-type integrators for the semi-linear problem (1) by the application of
the Magnus expansion for linear non-commutative SDEs. In Section 4, we will give
the results of the mean-square convergence analysis of the Magnus-type methods
proposed in Section 3. In Section 5, we will compare three algorithms for simulating
iterated It0 integrals and some details of numerical implementation will be presented
on low-dimensional SDEs and a high-dimensional SDE obtained from a discretized
SPDE, which illustrate the efficacy of Magnus-type methods.

2 Magnus formula

In this section we will briefly review the Magnus formula in both a linear determin-
istic setting and a linear stochastic setting.

2.1 Magnus formula for linear non-autonomous ODEs
Consider the non-autonomous linear initial value problem

Y (@)= ADY (@), 1 >0, Y(0) =Yy e R (3)

This problem is investigated in [6] where the d x d matrix A(¢) is non-
commutative. The solution is given in the form

Y (t) = exp (£2 (0, 1)) Yo, 4)
where £2 (0, t) is the combination of integrals and nested Lie brackets of A, i.e.,

20,0 = [yA(sD)dsi + 1[5 [AG1), [y A(s2)dsz]ds
FIETAGD, [ [A(52), [32 A(s3)ds3] dsa]dsy + -
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For this problem, the Magnus expansion has received some attention in the past few
decades, see [15].

2.2 Magnus formula for linear SDEs

We consider autonomous linear SDE given by

m
dY(6) =Y A;Y(@)dW;(1), Y(0)=1eR™, 5)
j=0
where Wy(¢) = t. The d x d matrices A; are constant and / is the identity d x d-
matrix. When the commutative condition (2) is satisfied, the exact solution of (5) can
be expressed explicitly by

Y (1) = exp ((Ao —y* ZA%) t+ ) A Wl-(t)> :
i=1 i=1

where y* = % When the commutative condition is not established, the solution of
(5) cannot be expressed explicitly. The solution to (5) is given in the form Y (t) =
exp(£2(0, t))I by Kamm and his coauthors [13] in the It6 setting. Here we apply the
relationship between It6 and Stratonovich integrals [17] to obtain the expansion of
the It6 case through £2(0, ) given by Burrage and Burrage [10] in the Stratonovich
setting,

20.0= Y A;fyaw;
j=0
H2 3 [Aed ] (fawsaw — [ fawaw;)
éé z’:; LA [ A7 A5 (o fo o awidwsaw; (e

+ v I(j:i;éO)fofodedW0> —(fotf(f o AW, dWidW;
+ v la=izo fo fo dedWo>)
S fnawi (Jo Joawiawi — fg foaweaw; )+

where Ag = Ag — y* Py A% and AJ- = Aj, j > 1.In the rest of this paper, we
denote the iterated It6 integral as

Inth §
Lij (tn, ta + h) =/ / dWi(sdW;(s), i, j = 1. (N
The relationship between It6 and Stratonovich integrals [17] is
Jo =1y, l(O[):OOI‘l,
1
Jo =1y + El{j|:j2;£0}10a l(a) =2,

1
Jo =lo + 5 (Iji=jp 20 10.j3) + Ttp=jsz0 1Gh.0y) » - @) =3,

@ Springer



Numerical Algorithms (2021) 88:1641-1665 1645

where /() is the length of the index « and 14 is the indicator function, i.e., [4 = 1
if A is true, otherwise /4 = 0. The expansion (6) can also be obtained through the
expansion rules in [13] and the convergence of the Magnus expansion for (5) is given
by the following lemma.

Lemma 1 [13] Let Ao, Ay, ..., A, be constant matrices. For T > 0 let Y =
(Y ())rejo,1) be the solution to (5) in the 1to case. There exists a strictly positive
stopping time T < T such that:

() Y (¢) has a real logarithm $2(0,t) € R up 10 time 7, i.e.,
Y) =200 0<t <7

(i) the following representation holds P-almost surely:

o0

20.n=> e"©0.n o0=<t<t
n=0
where 2"1(0, 1) is the nth term in the stochastic Magnus expansion (6);
(iii) there exists a positive constant C, only dependent on ||Agl| , ..., |Anll, T and
d, such that

P(r <t <Ct, tel0,T].

3 A class of new Magnus-type methods for semi-linear SDEs

We shall now derive Magnus-type methods of mean-square order 1/2 and 1.0 for
semi-linear SDEs (1). Throughout this paper, consider a partition fp = 0 < #; <
- < ty = T of the interval [0, T] with constant step size h = t; —t;_1, j =
I,---, N, and let y, be the approximation of exact solution. To make sure of the
existence of the unique solution of (1), we first give the following important result.

Theorem 1 [16] There exists a constant L > 0 such that the global Lipschitz
condition holds: for y, z € R,

190() — g0@) + Y _ lgi(y) — gi(2) < LIy —zl.

i=1

Then there exists a unique solution y(t) to (1).

Here we only require the Lipschitz condition as the linear growth condition

m
20 + Y 1P = L (1+1yP) fory e RY,
i=1
is automatically satisfied from the Lipschitz condition in the autonomous case, see
[18].
For the semi-linear 1t6 SDEs (1), we assume that the exact solution has the form

y(6) =Y(0)y@), ®)
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where Y (7) is the solution of the linear equation (5), and y(¢) is to be determined.
Using the It6 chain rule to y(¢), we have

m
dy = (dY)§ + Ydj +dYdy = > A;Y5dW; + Ydj + dYd§. )
j=0
Comparing this with (1) shows that (8) is a solution of (1) if and only if
m
Yd§ = go(y)dt —dYdj + ) g;(»)dW;.
j=1
So, dy has the form
m
dj = exp(—£2(0, 1))(go(y)dr — dYdF) + Y exp(—52(0, 1))g; (y)AW;.
j=1
Since
m
dvdy = > " Ajg;(y)dt,
j=1
then we get

t

Y(t) =exp(£2(0, 1) (y(0) + /0 exp(—£2(0, ) (y(s))ds
moo (10)
+ fo exp(—$2(0, 5))g; (y(s))dW; (),
j=1

where g0 = go — 21 Ajgj-

It needs to be said that this transformation is also applicable to the case where
the A (t) depend on time ¢, that is, the non-autonomous case, but this paper focuses
on the case of (1). Numerical methods will be derived by using this form. Different
approximations to the integrals in the above equation will yield different numerical
schemes, and we will consider Magnus-type Euler (ME) and Magnus-type Milstein
(MM) methods.

3.1 Magnus-type Euler method

If the integrals in (10) are approximated as follows

Int1
eXp(2 (b 1ns1)) / exp(—2(tn, ) (v)AW; (s)
tn

~ exp(2M (t, tar )8 Gn) AW, j=1,....m,
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where QUI(t,, ty11) = Y70 Aj [ AW, AWy = Wiltar1) — W), j = 1,
AWy, = th+1 — 1y, the following ME method is obtained,

m
o1 = exp(RU @, 0 0)) | v + 20Ok + Y gj AW, | (1)
j=1

In particular, when g; =0, j > 1, and if
2] m N Iyl 1
exp(22 1y, 1241)) = ;)Aj [ dw; + 5 Z Z (A A5] (1 = 1)
]:

is selected instead of exp(.Q“](t,,, t,+1)), the resulting numerical scheme is mean-
square 1 order convergent, which is actually a special case of the MM methods that
we will give below. Next, we choose a higher order approximation for the diffusion
terms, and then we obtain the MM method.

3.2 Magnus-type Milstein method

Note that I?(t) = exp (—£2 (t,, t)) is the solution of the following linear 1t6 SDE,

dY(t) = | Ao+ Y_ A3 | Y(0)dt — D A;Y(0)dW;(0), Y () =1. (12)
j=1 j=1

Applying the It6—Taylor theorem to the stochastic integral

tlH»l
f exp(—2(0, 5))g; (»)dW;(s)
I

-[ (gj () + / (@hg;) + Pdg; () + d?dg,(y))) AW (s)

In+1
= / (gj<yn)+ / (( Ao+ZA,>Yg,(y>dr ZAng,(y)sz(so
th tn

=1

+7g)(») ((Aoy +go(y)dt + Z(Aiy + i (AW, (so)
=1

1, < .
+5Y D g (Ay + gy, Ary + gi(»)dt + dY dg; (y)>) dW;(s)
=1

Iny1 s (M
= f (gj () + / (Z(—Algj (n)+g) (yn)<Azyn+gz<yn))) sz(so) dw; (s)
In tn

I=1
+ h.o.t.
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Then we obtain the MM scheme

m
Yt =exp(R2 by tup 1) | v+ 0O + D g; () AW,

= (13)

m
+ > H w1y .
Jil=1

where
Hj;(y,) = g;‘(yn) (Aryn + &1(m)) — A1g (yn).

As a particular example, we apply the MM method to solve the damped nonlinear
Kubo oscillator (21) in Section 5 withm = 2, wg = w1 = w2 = 1, fp = —1,
B1=—1/2,p=0and e = 0. Itis

2 2
Yn+1 = eXp(lel([m Int1)) ()’n + go(ym)h + Zgj(yn)Aan + Z H;; () Ilj) ,
j=1 ji=1

where

N 0 —1 0—1
go(yn) =go(yn)—< _1/2>g1(yn)— (1 0 )gz(yn),

0 0 —1
Hll(yn = g]()’n 1 1/2) Yn +gl(}’n)> - <1 _1/2) gl(y}’l)v

-1
Hix(yn) = g1(yn) ((? 0 )yn+gz(yn))— (? 0 )gl(yn),
((O )yn +g1(yn)) -~ ((1) :i)gZ(Yn),

Hx (yn) = &5(yn) ((? 0 )yn +gz(yn)> - (? _01 ) 82(yn).

As seen above, the disadvantage of the MM method is that a large number of
derivatives and matrix operations need to be calculated for each step as the num-
ber of the nonlinear noise terms increases, which greatly reduces the efficiency of
the method. From this point, it is natural to think of a Magnus-type Derivative-free
(MDF) method, that is, use finite differences instead of these derivatives.

Ha1(yn) = g5(yn)

3.3 Magnus-type Derivative-free method

The MDF method can be derived from the MM method by replacing these derivatives
with finite differences,

g&i(Y) —gi(m)
&5 m) (Aryn + 81 (v)) ~ #
where
Yi = yu +hgoOn) + VA(Aryn + g1, [ =1,2,...,m.
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‘We obtain the MDF method

m
Yn+1 = exp(g[z](l‘m tn+1)) Yn + §0()’n)h + Z 8j (yn)Aan
=1
! (14)
mo Ilj
+ 2 Hy—|.
Z J \/E

J.i=1

where Hj; = g, (¥)) — g; () + (exp(—AiVR) — D)g;(yn)-

4 Convergence analysis

In this section we will give the mean-square convergence results for both the ME
method and the MM method. From [19], we review the following fundamental
convergence theorem of one-step numerical methods.

Lemma 2 Suppose that the one-step approximation y;1, has order of accuracy pi
for the mathematical expectation of the deviation and order of accuracy p> for the
mean-square deviation; more precisely, for arbitraryty <t < T —h, y(t) = y € R?
the following inequalities hold:

IE(y(t 4+ 1) — yepn)| < K/ 1+ [y2hP1,
EI (@ +h) — yea)|DY? < K1+ |y[2hP2,

with py > 1/2, p1 > p2 + 1/2, i.e., the approximation is consistent in the mean
order pi and in the mean-square order py. Then for any N and k = 0, 1, ..., N the
following inequality holds:

1/2 1/2 B
[Ely ) —wP] " < K (1+EloP) a2,
i.e., the method is convergent of order p» — 1/2 in the sense of mean-square.

The following theorems show the convergence results of the Magnus-type method.
We suppose that the coefficients of (1) satisfy the linear growth condition and the
global Lipschitz condition. We also assume uniformly bounded derivatives up to
order 2 for the MM method and MDF method. Let y(#, + &) be the exact evalu-
ation of (1) at #,4 starting from y(z,) = y,. We will estimate the p;, p» for the
Magnus-type method satisfying

|E (y (tn + 1) = yut1)| = O (A1),

1

(Ely 0+ 1) = yi?)” = 0 (7).
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Theorem 2 Let y,, be an approximation to the solution of (1) using the ME method.
Then for any N and k = 0, 1, ..., N the following inequality holds:

1/2 1/2
[Ely @ - wP]" <k (1+E0P) a2,

i.e., the ME method is convergent of order 1/2 in the sense of mean-square.

Proof For the ME method, it can be readily shown that
YU +h) —yur1 =P+ Py + Ps,
where
Py = (exp(82(tn, 1) = exp(@ Mt 1)) v
Ih+1 5
Py = exp(£2(tn, tn+1))/ exp(—$2(ty, 5))go(y(s))ds
In

Int1
— exp(@M 1y, tra1)) / Fo(y (1)) ds.
t’l

mn In+1
P3 =exp(£2(ty, tht1)) Z / exp(—9$2(tn, $))g; (y(s))dW;(s)
j=1""

n

m Int+1
—exp(R2M(tn, tay1)) Y / /()W (s).
j=1"m
For term P1, since exp($2(#,, th+1))yn is the solution of (5), we can easily find
EP)I =0 (h), @AY =0 0. (15)
For P, adding and subtracting exp(£2 (¢,,, ty+1)) ftfl”“ go(yn)ds give

In+t1
Py = exp(£2(ty, tn+1))/ (exp(—£2(tn, $))80(y(s)) — &o(yn)) ds
In

1 Int1
+ (exp( @0t = exp@ 1)) [ 200G
In

= P + Pn.
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Utilizing (1) and (12),

exp (—£2 (tn, 5)) §o(¥(s))

—50 () + / —a0+ Y42 | ¥ (s 20 (v (1) dsy
In j=1

ZA Y (s1) 8o (y (s1)) dW; (S1)+f Y (s1)dgo(y (s1))
In

t,,]l

ZA Y (s1) (Ajy (s1) + & (v (1)) ds1,

t"]l

we can easily find
El =0 (1), ElPaP)2 = 0 (w2),

EPo)l = 0 (). @IPo'? = 0 (). (16)

For P3, adding and subtracting exp(£2 (¢, th+1)) fl”“ gj(yn)dW;(s) gives

m Ing1
Py =exp(2(tn. tat1)) Y / (exp(—R2(t, )8 (¥ () — & (y)) AW, (s5)
i—1 Y

Int1

+ (xRt 1) = exp(@ (0, 1)) Y / 87 (Y (t)AW; (5).
i—1Ym

Similar to term P,, we can get

E(Py)| =0 (k7). EIPPD2 =0 ). a7)
With (15), (16) and (17), we have p; = 2, p» = 1. From Lemma 2, we know that
the ME method is of mean-square order 0.5. O

For the MM methods, we can obtain the following convergence results.

Theorem 3 Let y, be an approximation to the solution of (1) using the MM method.
Then for any N and k = 0, 1, ..., N the following inequality holds:

172 12
[Ely @ —wP] " < K (1+E1wP) ",

i.e., the MM method is convergent of order 1 in the sense of mean-square.

Proof For the MM method, through direct calculation, we find

Y@ +h) —ypy1 =P+ P+ Ps,
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where

Pt = (exp(R2(tn: tr+1)) = xp( @Dt 1211)) ) v

Int1
P, ZGXP(Q(tn»tn-H))/ ' exp(—5$2(tn, $))go(y(s))ds
In

5 Tnt1 5
— exp(2(ty, ty11)) / Z0(y(t))ds,
1,

n

Int1

Py = exp(2(tn, ta11)) Y / exXp(—$2(tn, ))&, (y()) AW (s)
—1 Y0

m Int1
— exp(2P(ty. tay1)) Y ( / () dW;(s)
1,

Jj=1 "
n In+1 s
- ZHj,z(yn)/ [dWl(Sl)de(S) :
l:1 tl‘l tn

For term Py, since exp(£2(t,, thy+1))yn is the solution of (5), we can easily see
through an It6-Taylor expansion

POl =0 (h), @AL' =0 (1) (8)

For P, adding and subtracting exp(£2 (¢,,, ty+1)) f fnt1 go(y,)ds, we have

In

Ing1
Py =exp(£2(t, tn+1))/ (exp(—$2(tn, 5))80(¥(s)) — go(yn)) ds
tn

2 Int1
+ (exP(2 (1. 1) — exp(22) 1, 1141))) / g0(y(t))ds
tll

=P + P2,

and

EP)| = 0 (1) ElPu)'2 = 0 (7).,
(19)
E(P)| = 0 (1), ElP2)'2 = 0 (h77).

For term Ps, since

Int1
exp(£2 (tn, tn41)) / exp(—82(tn, $))g; (y(s)dW;(s)
t)'l

Int1 41 s
=exp(£2(tn, tnt1)) </ 8j(yn)dWj(s) + / / (g} ) (Aryn + 81(yn))
ty In In

—A18j(yn)) dW (s))dW;(s) + Ryj)
where
|]E(R]])| =0 (hz) , (E|R]]|2)l/2 =0 (/’13/2) ,
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we have

Ing1
Ps = (xp(2(ta, tr41)) = xp(@P 1, 1241)) D ( / 8 (y(t))dW; (s)
In

—1

m
+ 3 exp(2(tn. tar 1)) Ry ;.
j=1

N—

m In+1 s
+> Hj () / / dWi(s))dW;(s)
=1 n n

which gives

EP| =0 (1), @IPD'2 =0 (h2). 20)
From (18), (19) and (20), p; = 2, p> = 3/2. Hence by Lemma 2, we see that the
MM method is of mean-square order 1. U

The following theorem describes the convergence of the MDF method. The proof
is analogous to that of Theorem 3 and we omit it.

Theorem 4 Let y, be an approximation to the solution of (1) using the MDF method.
Then for any N and k = 0, 1, ..., N the following inequality holds:

1/2 1/2
[Ely @ - wP] " =K (1+EloP) " h.

Thus the MDF method is convergent of order 1 in the sense of mean-square.

5 Implementation and numerical tests

Using the Milstein or MM method to generate numerical approximations, the iter-
ated integrals (7) are included in the numerical scheme. For i = j, there is such
a relationship I;; (¢,,t, + h) = %((AWM)2 — h). For i # j, this issue has been
fully described in [20, 21] and [22] by Kuznetsov and Wiktorsson from a different
perspective, respectively. Both of them expand the iterated integrals (7) into infinite
series, and then truncate the infinite series to approximate the iterated integrals. A
brief overview is given in the Appendix.

To compare the convergence rate of the truncated series, for different step sizes
and m = 2, we respectively give the minimum truncated terms indices gy, g:, ¢,
of the Wiktorsson’s algorithm, Kuznetsov’s algorithm with the orthonormal system
of trigonometric functions and Legendre polynomials in Table 1. We can see that
Wiktorsson’s algorithm requires smaller truncated indices to achieve the mean square
error O (h3), especially for a smaller step size &, which also means that Wiktorsson’s
algorithm needs to simulate fewer random variables.

In order to show the specific performance of the three algorithms, for the inte-
gral I>j, choosing h = 270, the mean (E(I;;) = 0) and standard deviation
(E(L))3H'Y? = h/+/2 ~ 0.01105) are calculated in Table 2 with 2000 samples.
Their mean and standard deviation are almost in the same range. At the same time,
the numerical tests in the next will also show that using Kuznetsov and Wiktorsson
algorithms in practical implementation can give almost the same simulation results
for different step size.
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Table 1 The minimum g, ¢;, g, that needs to be selected for different time steps

h -3 2—4 2-5 2-6 27 2-8 2-9 2—10 -1l 2—12 2—13
qu 1 2 2 3 4 5 7 10 14 19 27

qr 2 3 5 10 20 39 78 156 312 623 1246
qp 2 3 5 9 17 33 65 129 257 513 1025

For the rest of this section, the performances of the introduced Magnus-type meth-
ods are presented and then compared with classical stochastic methods, namely the
Euler—Maruyama method and the Milstein method. For convenience, let M (W)
denote the mean-square order 1.0 Milstein method, where the iterated It integrals
are simulated by Wiktorsson’s algorithm. Let M (K;) and M (K,) denote the mean-
square order 1.0 Milstein method, where the iterated It6 integrals are simulated by
Kuznetsov’s algorithm with the orthonormal system of trigonometric functions and
Legendre polynomials, respectively. This shorthand notation also applies to the MM
method and the MDF method.

To present the performance of Wiktorsson’s and Kuznetsov’s algorithms for the
iterated It6 integrals, we will compare the number of random variables required
by Wiktorsson’s and Kuznetsov’s algorithms in each iteration as a measure of
computational effort. The exponential function needs to be calculated during the
implementation of the numerical algorithm, which is not the subject of this article, so
we compare the time required by Wiktorsson’s and Kuznetsov’s algorithms to gener-
ate random variables as a measure of the efficiency. In all numerical simulations, we
choose the minimum truncation number.

5.1 Damped nonlinear Kubo oscillator

As a first numerical test, we consider the damped nonlinear Kubo oscillator

w0 =301 (15 )50+ (00 5 )0]amo en

j=0

Table 2 Iterated It integral /o) with truncating the first 3, 5, 7, 11 terms of the infinite series, respectively

q=3 q=>35 q=7 q=11

mean stdev mean stdev mean stdev mean stdev

Wiktorsson  —0.0003  0.01113  0.0002 0.01096 —0.0003 0.01108 0.0001  0.01113
K; —0.0001 0.01059 —0.0002 0.01040 0.0002 0.01092  0.0001  0.01138
K, —0.0001 0.01056 —0.0002 0.01069  0.0002 0.01068 0.0001  0.01091
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with g; : R? — R, where ¢ € [0, T] and wj, Bj € R. This problem is investigated
in [24] with 8; = 0. We also let m = 2 and

1 1
go(y(@)) = 3 01 +32)°, ga10(@®) =0, g2(y(1) = 3 1 +y)°.

Since we do not know the exact solution of (21), the reference solution is produced
by the Milstein method with a small step &1 = 27!°. Set the parameters wy = 2, w| =
0.5, wy = 0.2, 8y = —0.5, g1 = —0.2, B = —0.1 and initial value yo = (1, 1).
The mean-square convergence order of ME method, MM method and MDF method
is presented in Fig. 1. Here, the mean-square error

2000
2
> " lyn — y(1))
j=1
|I[ERROR]| > = 2000
2
1 -1 -
0 1o e
#
10?2 F
10°? 7 -
E B 7 e
& 10° g ¥ e
i T e =
£ & 10 > §=ad — o~ M(K)
= 4 = ¥ = o~ MM(K)
@/ Euler ——=—MM(K) -3 - MDF(W) " Er’j - -0 - MDF(K)
. = ME -~ o - MM(K) Reference 0.5 10 = — — — Reference 1
10 ——0-=M(K) — -3~ MM(W) % — Reference 1 el
~ 0= M(K) -3 - MDF(K) B
108 ~<> - Mw) -3 - MDF(K) 10
10° 102 107! 10° 10° 102 107! 10°
h h
(a) (b)
. 6
P ‘ &
10! o 10 e
¥ e
i P
- & o 102 /‘jg _-a
o 10 % w 8 PEY e
= ¥:° T = & p=ig
o B2 & i L& s
o X & S |4 _z Pl
T . . P £ 10 % &
c 10 . 5 e - -
W %7 Iore [ & B - -Mw)
O - O MMW)
" e 104 =1 ~-&F - MDF(W)
10 = = — % — Reference 1
=i =
5
10
10°
10° 102 107! 10° 10° 102 107 10°
h h
(c) (d)

Fig. 1 a The convergence rate of the ME method, MM method and MDF method for solving (21) with
g0 ) = L1 +2)°, g1(0(1) = 0and g2(y(®)) = § (y1 + y2)*. b Kuznetsov’s algorithms with the
orthonormal system of trigonometric functions. ¢ Kuznetsov’s algorithms with the orthonormal system of
Legendre polynomials. d Wiktorsson’s algorithm
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10 10° 102 107 10° 10 102 10°
Average computing time Number of random variables at each step
(a) (b)
Fig.2 Comparison of Wiktorsson’s and Kuznetsov’s algorithm in average computing time and number of
random variables at each step for (21) with a set of increasing time steps h =2', i = —11, ..., —2.a

Average computing time. b Number of random variables at each step

is calculated at the time 7 = 1 for a set of increasing time steps h = 2/, i =
—11, ..., —2. Assome of the lines are on the top of each other, we use separate fig-
ures to show the performance of Wiktorsson’s and Kuznetsov’s algorithms in Fig. 1.
From Fig. 1a, we can see that the Magnus-type methods enjoy considerably smaller
error coefficient compared to the Euler—Maruyama method and the Milstein method
and the performance of the three simulations of the iterated It integral is similar.
It can be seen from Fig. 2a that when the step size is large (i.e., the error is large),
Wiktorsson’s and Kuznetsov’s algorithms perform similarly in terms of calculation
time. As the step size becomes smaller (i.e., the error becomes smaller), Wiktors-
son’s algorithm performs better, as it can be seen in (b) that the number of random
variables that need to be simulated at each step of Wiktorsson’s algorithm is less.
In addition, Kuznetsov’s algorithm with polynomial functions is slightly better than
Kuznetsov’s algorithm with trigonometric functions in terms of calculation time and
the number of random variables that need to be simulated at each step. The increment
for different steps is given by

Intph §
Li j by tytph = / / dW;(s1)dW;(s)
tn tn

~74
Nli,j,t,,,t,,-‘rph
p—1 k—1
_ g . .
=2 | Wi reron + AWintiliz1 3 AWing
k=0 =0

5.2 SDE with linear non-commutative noise

We consider the following SDE [2] in R*, with

dy = (rAoy + F(y))dr + G(y)dW(), (22)
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where r = 4, F(y) = (F, F», F3, Fy), F; = # j=1,2, 3, 4 and
J

initial value y(0) = yo. dW() = (dW1(¢), dWa(2), dW3(t), dW4(2)). Here Ap takes

the form

21 0 0
1 =21 0
Ao=1| o | 21 |’
0 0 1 -2

which usually comes from a discrete Laplacian operator. Consider the following non-
commutative noise

By1 0 0 0
0 Bys—oay 0 0
G =
=10 "0 Bym-an 0
0 0 0 Bys —ay3
Then, we have
B0OOO 0 000 0000 00 0 0
o000 | =«Bo0o0 oo oo oo o0 o0
Ar=1oo000 | 4= 0000 4= 0—apBo As=100 0 0
0000 0 000 0000 00 —ap

Simulations with &« = 0.5, 8 = 1 and yo = (1,1, 1,1)T are carried out until
the time 7 = 1 with a set of increasing time steps h = 2/, i = —11, ..., —
3. The mean-square convergence order of the ME method and the MM method
is presented in Fig. 3. In each case 2000 samples are generated as before. Here,
the reference solution is produced by the Milstein method with the step & = 271,
Figure 3 compares the cases for r = 4, « = 0.8, § = 1 in (a) and compares the cases
forr =4, =2, = 0.1 1in (b). We see that the case r = 4, = 0.8, 8 = 1
enjoys a smaller error than the mildly stiff case r = 4, o = 2, 8 = 0.1. Figure 4a
shows that Wiktorsson’s and Kuznetsov’s algorithms perform similarly in terms of
calculation time. This is because the truncation index of Wiktorsson’s algorithm is
related to m, so when m and the step size are both large, Kuznetsov’s algorithm is

) 10°
10
-1 = *
1 K 10 P —
10 & o *
- BT e
A T~
E . s = o . BT
o — - 4 & -
c 1 w8 S - o —
T g 4 < B
[ — & ME o g — o - MM(K)
= o x//@//— o~ MM(K) = s H/, - oK)
— - C *
v - = MM(K) 10 - - MMW)
e — 5 MM(W) * Reference 0.5
Reference 0.5 —*— Reference 1
1074 —*— Reference 1 .
10
10° 102 107 10° 102 107
h h
(a) (b)

Fig. 3 The convergence rate of the ME method and the MM method for solving (22) with m = 4 in a
r=4a=08B=1landinbr=4,0=2,8=0.1
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107" @ [ ] 4 o
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Fig.4 Comparison of the algorithms in computing time and number of random variables at each step with
a set of increasing time steps h = 2', i = —11, ..., —3.Herer =4,a = 0.8 and 8 = 1. a Average

computing time. b Number of random variables at each step

a sensible choice. In addition, Kuznetsov’s algorithm with polynomial functions is
also slightly better than Kuznetsov’s algorithm with trigonometric functions in terms
of calculation time and the number of random variables that need to be simulated at
each step for m = 4. As the step size decreases, Wiktorsson’s algorithm has obvious
advantages in the number of random variables at each step.

5.3 Stochastic Manakov equation

In order to confirm the performance of the methods for high-dimensional SDEs, we
consider the stochastic Manakov system

3
idu + (a,%u + |u|2u> dr +iy7 Y opdeu o AWy =0,
k=1 (23)
u(0, x) = (cos(ir/8) sin(rw/8)) sech(x), x € [—a, a]
u(t,—a) =u(t,a) =0, t € [0, T],

where u = u(t, x) = (uy, up) € C? with7 > 0 and x € R. The symbol o means that
the stochastic integrals are established in the sense of Stratonovich and y > 0 is the
noise intensity. Here lulPu = (|u1 12 + |u2|2) u is the nonlinear term, and o, o7 and
o3 are the Pauli matrices taking the form

01 0 —i 10
o] = 10)° o) = i 0 y and o3 = 0o—1)"

The stochastic Manakov system (23) is usually used to describe pulse propagation
in randomly birefringent optical fibers. The existence and uniqueness of the solution
have been obtained in [25]. The equivalent It6 form is

2u(r) . : t
du(t) = (Cy ooz Tilul u> dt — ﬁzok L Wi, (24)
k=1

du(r)
d
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where C), =1+ 377’ Applying the central finite-difference scheme to discretize the
space interval by N + 2 uniform points

Urit) — Uizl Ui = Uri] Up gl — 2Upi +up iy

8xut ('xl) ~ ZA)C Ax ) 8xxut (-xl) ~ sz )
we get the non-commutative SDE
3
dy(r) =(Cy Aoy (1) + f(y()))dr — ﬁZGkAky(t)de(t), (25)

k=1
with

y(0) = [cos(z)sech(xl) . -cos(z)sech(xN) sin(z)sech(xl) e sin(z)sech(xN)]T
8 8 8 8 ,
where

y(@) def [u(t,x1) u(t,x2) - ut,xy)]",

.
Fodefi[nin P valwal - wwiwl?]

and the matrices Ag, A1, As and A3 are defined by

-2 1 0 10 0
1 -2 1 -11 0
A def N? oo , Ag def N k=1, 2, 3.
1 -2 1 -1 10
0 1 -2 0 -11

First, we set a = 20, h = 0.001 and Ax = 2/5 to simulate (23) with the MM
method on the time interval [0,3]. The evolution of |u|? and |u3|? is given in Fig. 5.

5 0.3+
0.8
0.24
0.6
o o
3‘_ :N
— 0.4 =
0.14
0.2 4
0 S 0 >
o 1 20 0 : 20
2 3 -20 2 3 -20
Time i space Time i space

Fig.5 Space-time evolution of the intensity of the first component (left) and the second component (right)
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Fig.6 The convergence rate of the ME and the MM method witha = 50 and Ax =2/5,T = 1/2and a
set of increasing time steps h =2', i = —13, ..., —7

We can see that the results of the MM method show the energy exchange due to
stochastic noise and nonlinearity. These results are similar to the structure-preserving
method in [26].

Then, simulations with @ = 50 and Ax = 2/5 are carried out until the time
T = 1/2 with a set of increasing time steps 7 = 200 = —13, ..., —1.
The mean-square convergence order of the ME method and the MM method is
presented in Fig. 6. In each case 500 samples are generated. Here, the reference
solution is produced by the Milstein method with the step 7 = 27!, In Fig. 7,
(a) shows that Wiktorsson’s and Kuznetsov’s algorithms perform similarly in terms
of calculation time. Wiktorsson’s algorithms is better than Kuznetsov’s algorithms
in terms of calculation time and the number of random variables that need to be
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simulated in each step. This is because as the step size decreases, the number of
noise terms m has less impact on the truncation index of Wiktorsson’s algorithm. In
addition, as the step size decreases, the difference between Kuznetsov’s algorithm
with polynomial functions and Kuznetsov’s algorithm with trigonometric functions is
not significant.

Remark I Here we use the built-in expmdemo2 function in Matlab to calcu-
late exp(.Q“](tn, th+1)) and exp(.Q[Z](tn, t,+1)) using a Taylor series. For such
high-dimensional problems, each path requires considerable computational time.
Although the calculation of exponential function is not the subject of this article,
the application of efficient techniques (such as Krylov subspace methods) will have
a significant impact on the Magnus-type methods to address very high-dimensional
semilinear SDEs.

Remark 2 In the high-dimensional problem (25), we choose mildly stiff matrices
A as opposed to the nonlinear term. When the stiffness is very strong, our meth-
ods require a small step size. For this type of stiff high-dimensional complex-valued
SDEs, the combination of the SROCK methods [27, 28] and the Magnus method will
be an interesting work that we will consider in future work.

Remark 3 With the specific performance in the above three test examples, we see
that for the simulation of iterated Itd integrals, when the step size is large and the
number of noise terms is large, Kuznetsov’s algorithm with polynomial functions is
superior, and when the step size is smaller, Wiktorsson’s algorithm is better.

6 Conclusion

We have derived Magnus-type methods, based on Magnus expansion for non-
commutative linear SDEs, for noncommutative It6 stochastic differential equations
with semi-linear drift term and semi-linear diffusion terms. By truncating the Magnus
series, the ME method, the MM method and the MDF method have been con-
structed. We have investigated the mean-square convergence of these methods and
shown the same mean-square convergent order as the corresponding method, that is,
the ME method is order 0.5, and the MM and MDF method is order 1.0. Then, we
have compared two types of algorithms for simulating iterated It6 integrals. Numeri-
cal tests have been carried out to present the efficiency of the proposed methods for
low-dimensional SDEs and a high-dimensional SDE from discretized SPDE.

Finally, we should make the following remarks. We can apply our methods to non-
autonomous semi-linear SDEs, where we only need to truncate the non-autonomous
Magnus expansion. However, the linear stability analysis of numerical methods for
high-dimensional stochastic differential equations with non-commutative noises is
quite complicated, especially for complex coefficient matrices. The mean-square sta-
bility analysis of Magnus-type methods for such problems is a motivation for future
work. In addition, weak convergence Magnus methods will be a good choice to avoid
simulating iterated stochastic integrals.
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Appendix

A.1 The expansion of iterated Ito stochastic integrals based on the generalized
multiple Fourier series

Let {¢; (x)} be an orthonormal basis of the space Ly ([, fy+1]) . If the trigono-
metric series
1 RS Sk
bi(s) = N V2sin ZEZ) =0 —
V2 cos —27”(;7"‘), j =2,

where r = 1,2, ..., are selected as an orthonormal basis, for the iterated It6 integral
(7), using the expansion theorem in [20], the following representations are obtained,

1 .
Lij(tas tn + 1) =§h[ Do 4 L Z { Do ol
+ V2 (a8 5(’)42(? SR

where ;m def W; (h)/\/ﬁ and ;;i) def fth&j (s)dWi(s),i =1, ..., m. The expansion

(A.1) coincides with Kloeden, Platen and Wright’s (1992) algorithm [23] based on
Kahunen-Loe¢ve expansion and it converges to the iterated Itd integral (7) in the
mean-square sense.

If orthonormal Legendre polynomials are selected as an orthonormal basis,

00 2j+1 h\ 2
(00N 0010 = =5=P) (( - z) z)

(A1)

the expansion is

h
Iij(tn,tn+h)=§|: D) [gm G _ gD ] (A2)

+Z\/427

As the expansions (A.1) and (A.2) are infinite series, we need to truncate them for
practical simulation. During the implementation of the Milstein and MM methods,
the mean-square error of the approximated iterated integrals should not be larger than
h3, which is to ensure mean-square convergence of 1.

Truncating the infinite series (A.1) and (A.2) to ¢ terms, we have IZ.. From the
truncated mean-square error in [21], we obtain the mean-square error for truncating
(A.1)

3h?
=00t

E{(Ilj (tn, ty +h) — Iq (tn, ty +h)>2}

Here we need 3h%/(2n2q) < h3, so we should choose

- 3
=120 |
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Truncating the expansion (A.1) to g, we get the mean-square error
g 2 h? 2
E (Iij (tns tn +h)—1ij (Tns t +h)> S—gln m .

1-—

Here we need the mean-square error less than h3, so we should choose

N

Since g, ~ 1/(8h), the truncated indices of A.1 and (A.2) both are O(1/#h), and
it can be calculated that the convergence speed of (A.1) is about g; /g, ~ 1.22 times
that of (A.2). This means that the approximation based on the multiple Legendre
Fourier series is slightly more efficient than that based on the multiple trigonometric
Fourier series.

A.2 Wiktorsson’s algorithm

If I(h) and A (h) are matrices with elements I;; (#,, t, + h), A;; = 0 and

h — ; o
Ay = 3o 3 e — e e VA (4 = e )i #
r=

respectively, the approximation based on the multiple trigonometric Fourier series
can be written in matrix form

T
1) = AW(h)AWZ(h) — hiy, CAD).
Ay = - i ! {xk (Yk + /y_hAW(h))T - (Yk i /2/_hAW(h)) X,j} ,
2w —~ k
- (A3)
where AW(M) ~ N(O,hl,;), Xy ~ N@Op,I) and Yy ~ N Oy, In) , k =
1,2,...,q are all independent. As the Lévy stochastic area has the relationship

I;j — 1;; = 2A;;, we only need to simulate /;; fori < j ori > j in the simulation.
Wiktorsson’s algorithm is based on approximation of the tail-sum distribution of
(A.3)

L % {Xk (Ve + \/2/_hAW(h))T ~ (Yu+v2/hawm) X’j} ’

E, =
7 o
k:q+l

which improves the rate of convergence. Let vec (I(h)T) be column vectors of (A.3),
and the following is the procedure of Wiktorsson’s algorithm [22]:

1. First simulate AW(h) ~ N (om, ﬁ1m>.

2. Simulate the truncated first g terms
A(q)(h) Xq: 1 ) Y, + \/EAW(h) ® X
a k m? k A k
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where X ~ N (0,,, I,,) and Y ~ N (0, I,5,)

3. Then simulate G, ~ N (Op, Iy) and add the approximation of tail-sum
distribution:

o h
A () = 8O0 + —ay" TGy
T

where a, =Y 22 . 1/k

4. Finally obtain the approximation vec (I(h)T)(q)/ of vec (I(h)7)

vee (I(h)T)(q) _ AW(h) ® AW(Zh) — vec (hlmz)

Here P, is the m? x m? permutation matrix and for the specific expression of
matrices P, please refer to [22].

+ (L — Pn) KLAD ()

The mean-square error of Wiktorsson’s algorithm [22] is
IRY: 5h?

maxE {(Iij(h) — 19 (h)) } < —mim—1).
ij J m2q

Here we also need the mean-square error less than h3, so we should choose truncated
indices as

\/sz(m — 1)/ (2472)
qu = \/ﬁ ,

and the truncated indices g, is O(1/ \/Z) that is much better than O(1/h).
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