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Abstract. We propose an adaptive Wick-Malliavin (WM) expansion in terms of the Malli-
avin derivative of order @ to simplify the propagator of general polynomial chaos (gPC) of order
P (a system of deterministic equations for the coefficients of gPC) and to control the error growth
with respect to time. Specifically, we demonstrate the effectiveness of the WM method by solving
a stochastic reaction equation and a Burgers equation with several discrete random variables. Ex-
ponential convergence is shown numerically with respect to @ when @ > P — 1. We also analyze
the computational complexity of the WM method and identify a significant speedup with respect to
gPC, especially in high dimensions.
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1. Introduction. Nonlinear SPDEs with discrete random variables (RVs) and
jump processes are of practical use, since sources of stochastic excitations includ-
ing uncertain parameters and boundary /initial conditions are typically observed at
discrete values. Many complex systems of fundamental and industrial importance
are significantly affected by the underlying fluctuations/variations in random excita-
tions, such as the stochastic-volatility jump-diffusion model in mathematical finance
[3, 4, 8, 9, 10, 51], stochastic simulation algorithms for modeling diffusion, reaction,
and taxis in biology [14], truncated Levy flight model in turbulence [27, 35, 37, 46],
quantum-jump models in physics [12], etc. Numerically, nonlinear SPDEs with dis-
crete processes are often solved by general polynomial chaos (gPC) involving a sys-
tem of coupled deterministic nonlinear equations [50], or the probabilistic collocation
method (PCM) [17, 49, 52] involving N nonlinear corresponding PDEs obtained at
the collocation points. In this paper, we use the Wick-Malliavin (WM) approxima-
tion [47] (defined in section two) of nonlinear SPDESs to improve the efficiency of gPC.

The Wick product was first proposed as a renormalization technique in quan-
tum field theory [48], hence a nonlinear equation driven by singular noise can be
interpreted in the renormalized Wick form, e.g., the viscous Burgers equation with a
white noise source [19, 25]. Subsequently, Wick calculus was introduced in stochastic
analysis [20, 21], as it can be a generalization of the Skorokhod-Malliavin integral [33].
Malliavin derivative is a notion of derivative in the Malliavin calculus, which extends
the calculus of variations from functions to stochastic processes. This calculus allows
the computation of derivatives and integration by parts of RVs, e.g., in mathematical
finance to compute the sensitivities of financial derivatives [5, 28, 29, 30, 34, 38]. A
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Taylor-like series expansion involving both Wick products and Malliavin derivatives
was proposed as the WM expansion to approximate the polynomial nonlinearity in
SPDEs [36]. This has been applied to moment statistics for SPDEs with polynomial
nonlinearity and one RV with Gaussian or uniform distribution [47]. If an SPDE is
driven by RVs or a stochastic process that can be represented by independent con-
tinuous RVs, in other distributions than Gaussian and uniform with finite moments,
we can still apply the WM expansion in a similar way as long as we can generate
orthogonal polynomials with respect to their measures [52]. For example, if a nonlin-
ear SPDE is driven by a Brownian motion, by the Karhunen-Lo&ve expansion [32],
we can represent the Brownian motion by independent Gaussian RVs, and apply the
WM approximation [47]. Our objective here is to solve SPDEs with polynomial non-
linearity and multiple discrete RVs by the WM approximation using gPC based on
the Wiener—Askey scheme of hypergeometric polynomials [50].

The paper is organized as follows: in section 2, we define the WM expansion
and derive the WM propagators for a stochastic reaction equation and a stochastic
Burgers equation; in section 3, we present several numerical results for SPDEs with
one RV and multiple RVs, including an adaptive procedure to control the error in
time. We also compare the computational complexity between gPC and WM for the
stochastic Burgers equation with the same level of accuracy. We conclude in section 4
with a short summary. In the appendix, we provide an iterative algorithm to generate
coefficients in the WM approximation.

2. WM approximation. The WM propagator simplifies the gPC propagator
by considering a fewer number of product terms from the polynomial nonlinearity.
In this section, we present this simplification procedure and derive WM propagators
for a stochastic reaction equation and a stochastic Burgers equation. The following
procedure can be done for any discrete stochastic input with finite moments of all
orders. To demonstrate the approximation procedure, we take the Poisson RV as an
example.

2.1. WM series expansion. Given a discrete Poisson RV & ~ Pois()\) with
measure I'(z) = 3, g ‘3_16#5(3’ — k), on a finite support! S ={0,1,2,..., N}, there
is an associated unique set of monic orthogonal polynomials [11, 18], called Charlier
polynomials, denoted as {cp(z; ),k =0,1,2,...}, such that

e ANk WA 0 if m =n,
(2.1) perd TCW(h ANen(k; ) = { 0 if m # n.

The monic Charlier polynomials associated with Pois()) are defined as

(2.2) Cn(ﬁﬁ;)\)zz<:)(—/\)”kx(gc—l)...(x—(k—l)), n=0,1,2,....

k=0

Here () is the binomial coefficient. The first few Charlier polynomials are

(2.3) co(z;N) =1,

(2.4) c(zN) =z — A,

(2.5) co(x;N) = 2% — 20—z + N2,

(2.6) ca(z; ) = 2% — 3\2? — 302 + 3\%x + 3Az + 22 — A3,

IFor numerical computation, here we consider the support S to be from 0 to N instead of 0 to
00, such that P(§ = N) < le — 32.
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Since {ck(x; M),k =0,1,2,...} belongs to the Askey scheme of hypergeometric poly-
nomials [2], the product of any two polynomials can be expanded as [1]

m-+n

(2.7) em(T)en(z) = Z a(k,m,n)ck(xz), m,n=0,1,2,...,
k=0

where a(k,m,n) can be evaluated both analytically? and numerically [6, 16, 18, 40,
41]. Numerically we may generate a(k, m,n) by

S jes S en (i Nem (7 New (7 A)
Y ies SRR (i Mer (3 A

(2.8) a(k,m,n) = , k=0,1,2,....m+n.

Analytically a(k, m,n) is given by [26]

ZL(erTL*k)/QJ mlnlkIN TR
1=0 M= A DIk —n+ ) mFn—F=201 .
)

(2.9) a(k,m,n) = KINK

=0,1,....,m+n.

Here L2 is the floor function.

The alternative analytical method to generate a(k, m,n) in (2.8) is given in the
appendix.

For convenience, let us denote a(m +n — 2p, m,n) by K,y as follows (for £ ~
Pois(N)),

Lps min!(mA4n—2p)INTmtn—2p

=0 II(n—2p+)(m—2p+1)!(2p—20)! m+n

2.10 Konp = C p=0,1/2,..., .
(2.10) g (m +n — 2p)IAm+n=2p p=01/ 2
Then (2.7) can be rewritten as

min
(2.11) em (T3 N)en(x; \) = Z KonnpCman—2p(T; A),

p=0
where p takes half-integer values as p = 0,1/2,1,..., mT*" Equation (2.11) is com-
pletely equivalent to (2.7).

Now let us define the Wick product ¢ as [13, 22, 31, 33, 48]
(2.12) em(xy N) o en(T;A) = emgn(z; X)), m,n=0,1,2,...
and define the Malliavin derivative DP as® [33, 39)
i

(213)  Dlei(wsA) = ———cip(asA), i=0,1,2,..., p=0,1/21,....i.

(i —p)!

2For monic polynomials {c;(x),i = 0,1,2,...}, we can derive a(m + n,m,n) to a(0, m,n) iter-
atively by matching the coefficient of ™*™ to 20 for the left- and right-hand sides of (2.7), as an
alternative method to deriving a(k, m,n), than in (2.8). We notice that a(m +n,m,n) = 1.

31n this definition p has to take half-integer values in order to balance (2.17) with (2.11). Although
here in the definition of Malliavin derivative c;_, may take integer values, the Malliavin derivative
will always appear with the weighted Wick product; therefore, after taking the Malliavin derivative
and Wick product the resulting polynomial will always be an integer.
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We define DP1»-Pd ag the product of operators from DP! to DP4:

Al
DPLPac; (x5 M) ... e, (23 A =114 #Ci-— (x5 M),
(2.14) @A)l ) = Wi e (@)

ij 20,1,2,...,pj 2031/2713---713
We define the weighted Wick product ¢, in terms of the Wick product as

plmin!

(2.15) Cm Op Cp = DT

m+p,n+p,pCm @ Cn,

and define o, ,, as
(2.16)
pjtm;ln;!

(mj +p;)H(nj +pj)!

_ 17d
(Cm1 e 'cmd)ophm,Pd (cnl ce cnd) - Hj: mj+p;,n;+p;,p; Cm; OCn; -

Therefore, (2.11) can be rewritten as

m+n

g g
(2.17) (@i Nea(as N) = 3 Doem o Plen,

|
p=0 P

We note that the definition of the weighted Wick product (2.15) depends on the mea-
sure I'. Assume that we are given two random fields v and v on the same probability
space (S, B(S),T), with their expansions u = Y.~ u;¢; and v = Y .° v;c;. Then, we
can expand uv by

> DPuy o, DP
(2.18) Uy = Z et Rt

p=0 P!

(index p takes half-integer values), if we define
(2.19) DPu= uDc;.
i=0
Now let us introduce a nonnegative half integer @ € {0,1/2,1,...} as the WM order?,
hence (2.18) can be approximated by the following WM expansion

DPy o, D
(2.20) uvﬁvz “0” T 0 —0,1/2,1,. ..,

and p here also takes half-integer values.

Now let us assume 1 to be an RV with discrete measure of finite moments of all
orders on a complete probability space (S,B(S),I"). There is an associated unique
set of monic orthogonal polynomials with respect to this measure [18], denoted as
{P;(n),i=0,1,2,...} for n € S, such that

>0 ifm=n,
(2.21) /P n)dl(n ){ 20 ifmEn
Following the same procedure from (2.7) to (2.17), we can expand the product of

4As the upper limit of index p in (2.20), Q takes half-integer values, in the same way as p in
(2.17) takes half-integer values from 0 to ™7,
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w =32 uiP; and v =Y 2 vlP; as

Q
Py’ o, D!
(2.22) W e 3T g =0,1/2.1,
p.
p

=0

2.2. WM propagators. In this section, we will study a stochastic reaction
equation and a stochastic Burgers equation, and derive their WM propagators.

2.2.1. Reaction equation. Let us consider the following reaction equation with
a random coefficient:

dy _
dt
where &1,...,&4 ~ Pois()\) are independent identically distributed (i.i.d.), and®
k(t &y .oy éa) = D50 @iy, iy(t)ci (E13N) .. iy (Ea; N); o controls the variance

i1yennig=0 dit,eey

(2.23) —ok(t,&1,82, ..., a)y(t;w),  y(0;w) = yo,

of the reaction coefficient. Also the {ci(&; M),k =0,1,2,...} are monic Charlier poly-
nomials associated with the Poisson distribution and with mean A [15, 23, 42, 45].
Remark. Here we present the WM approximation method for the Poisson distri-
bution; however, the method is not restricted to Poisson distribution, since we can
generate orthogonal polynomials with respect to other discrete measures [6, 16, 18, 40],
at least for the Wiener—Askey family of polynomials [1, 2].
By (2.20), the WM approximation to (2.23) is

Q1,...,Qa
dy DP1,~~~,Pd]€(t 51 fd) Opr v DP1,~~~7de
2.24 <~ — S ’ 1,V,Pd ’ 0; _ .
o G S 0=
15--sPd=

Here @Q1,...,Qq are WM orders for RVs &;,...,&y, respectively. We expand the
solution to (2.23) in a finite dimensional series as

(2.25) y(tw) = o Z Uirsega (e (1) - - - ¢y (Ea)

where Py, ..., P; are polynomial chaos expansion order for RVs &1, . .., &4, respectively.
By substituting (2.25) into (2.24) and the Galerkin projection onto ¢;, (£1) ... ¢, (&q),
(2.26)

<f(§17' . agd)cil(fl) .. -Cid(fd» :/

S1

drs(&). .. /S 0T () e, (€1) - iy ()

(S; and T'; are the support and the measure of &;), we obtain the WM propagator for
problem (2.23) as

dfiy.ialt e @
%d() =0 Z Z (Kl1;2m1+i1l1;m1 o Ky omgtia—ta,ma

(2.27)
Qly..14 (t)y2m1+i1 —l1 ~~~72md+id—ld) )

gilmid (0) = y05i1706i270 s 51‘(1’0,
foriy =0,1,...,P, ..., ig=0,1,..., Py;.

5Such k(t,&1,...,&) is meaningful to be considered because many stochastic processes have
series representations, e.g., Karhunen-Loeve expansion for the Gaussian process [24, 32], and shot
noise expansion for Levy pure jump processes [7, 43, 44].
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2.2.2. The Burgers equation. Let us now consider the following Burgers equa-
tion with a random forcing term:

d
(2.28) Up + Uy = Vg + O’Z c1(&)0i(z,t), =z € [—m, ],
j=1
with initial condition
(2.29) u(z,0) =1 — sin(x)

and periodic boundary conditions. Here &, 4 ~ Pois(\) are i.i.d. RVs, and o is a
constant that controls the magnitude of the force. The WM approximation of (2.28)
is

d

(230)  w+ Zm ) mpmmpdu%pm“‘“um A Vg +Uj22101(fj)¢j(x, t).
If we expand the solution in a finite dimensional series as
Pi,...P,
(2.31) w@, i, €)= Y Gk k(T )0k (53 N) oy (Sas V),
k1,...,kg=0

then by substituting (2.31) into (2.30) and performing a Galerkin projection onto
iy (§1) - - - cry(€a), we derive the WM propagator for problem (2.28) as
(2.32)

) Q1,.-.,Qa  P1,....Pq
Eu/ﬂ---kd (ZIJ, t) + E E <Km1-,k1+2p1—m1-p1 s K”nd,kd"’QPd—"nd-,Pd
P1;---sPa=0m1,...,mqa=0
0
uml Mgy a uk1+2p1 —mi,...,kqa+2pa—mg
0%
Vo Uk kg + (01,8, 00,k - - - 00,kg¥1 + -+ 00,k 00, ks - - - 01,k V)

for k1,...,kqg =0,1,..., P, with the restriction 0 < k; +2p;—m; < Pfori=1,...,d.
The 1n1t1al COndlthnS ( and boundary conditions (B.C.) are given by

)
Q0,0,....0(z,0) = u(z,0) =1 — sin(z) (L.C.),
(2.33) Uy kg (2,0) =0, if  (k1,...,kq) #(0,...,0) (I.C.),
~k1~~~kd( mt) = akl,,,kd(w,t) (periodic B.C. on[—m, ]).

3. Results. In this section, we will provide numerical results for solving the
reaction and the Burgers equations with different discrete random inputs by the WM
method. We will compare the computational complexity of WM and gPC for the
Burgers equation with multiple RVs.

3.1. Reaction equation with one RV. In Figure 1, we show results from
computing the WM propagator given in (2.27) for the reaction equation with one
Poisson RV (d =1 in (2.23)). We plot the errors of second moments at final time T's
with respect to different WM expansion order . The polynomial expansion order

6In Figure 1 we show errors for @ taking integer values because the error line for Q = k is almost
the same as k + % We observe similar behavior in Figure 4.
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12err(T)

10" —¥—Q=2

Fi1G. 1. Reaction equation with one Poisson RV § ~ Pois(\) (d = 1): errors versus final time T
defined in (3.1) for different WM order Q in equation (2.27), with polynomial order P = 10, yo = 1,

XA = 0.5. We used RK4 scheme with time step dt = le — 4; k(§) = 00(25!:’» + 01(35!;)\) + 02(46!;)\),
o = 0.1(left); k(g) = &R 4 ea&A) 4 aled) 5y (ighy).

P in (2.25) was chosen sufficiently large in order to mainly examine the convergence
with respect to Q. We used the fourth-order Runge-Kutta method (RK4) to solve
(2.27) with sufficiently small time steps. The error of the second moment at final time
T is defined as:

E[yzw (T7 OJ)] — E[y?bum (T7 OJ)]

(3.1) 2err(T) = Elyz(T:w)]

From Figure 1 with a fixed polynomial order P, we take k(£) = ao(t)co(&;N) +
ai(t)e1 (&5 A) + az(t)ca (& N); therefore, the WM order @ = 2 is the highest order that
equates (2.23) with (2.24) in (2.20) (when @ > 2, the WM propagator is exactly the
same as the gPC propagator). We observe that in Figure 1, when @ increases by
one, the error is improved by at least one order of magnitude when ¢ = 0.1, and four
orders of magnitude when o = 1. Therefore, with less computational cost than gPC,
the WM method can achieve the same accuracy as gPC. In gPC, the polynomial order
P serves as a resolution parameter for the stochastic system. In the WM method,
for each P we may further refine the system by another resolution parameter ). We
observe that the right plot in Figure 1 has a dip for error lines corresponding to @ = 1
and 2. When o is larger, the solution of (2.23) decays faster, and hence this trend in
the error; however, with polynomial order P we ignore the terms in the sum (2.25)
with polynomial order larger than P, which increases the error with respect to time.
Because of this balance of decreasing and increasing errors, we observe that errors go
down at first and then up in the right plot in Figure 1. On the left plot of Figure 1 we
do not observe that the error goes down and up because o is small and the solution
decays slower so the error mainly increases with time. We can evaluate the coefficients
Kpnp in (2.10) offline, and we compute only the WM propagator in (2.24) online. We
consider the number of terms to evaluate k(t, )y(t;w) in (2.23) in the WM propagator
(2.24) as the primary contribution to the computational complexity. We consider the
online CPU time in Table 1 as the CPU time to evaluate the right-hand side of (2.24)
excluding the time to compute coefficients K,y,y,p in (2.10). In Table 1 we compare the
complexity and corresponding computational time between gPC of different orders P
and WM with a fixed order of P = 3, Q) = 2 for the reaction equation (2.23) with one

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



Downloaded 10/07/15 to 18.111.37.34. Redistribution subject to SIAM license or copyright; see http://www.siam.org/journal s/ojsa.php

WM ON NONLINEAR SPDEs WITH DISCRETE RVs A1879

TABLE 1
For gPC with different orders P and WM with a fized order of P = 3,Q = 2 in reaction
equation (2.23) with one Poisson RV (A = 0.5, yo = 1, k(§) = 60(25!9‘) + 61(35!;)) + 62(45!;)‘), o=0.1,
RK4 scheme with time step dt = 1le —4), we compare (1) computational complezity ratio to evaluate
k(t, &)y(t;w) between gPC and WM (upper); (2) CPU time ratio to compute k(t,&)y(t;w) between
gPC and WM (lower). We simulated in MATLAB on Intel (R) Core (TM) i5-3470 CPU @ 3.20
GHz.

gPC order P P=4| P=6 | P=8 | P=10
Ratio of complexity (gPC/WM) | 1.4054 | 2.2162 | 3.027 | 3.8378
Ratio of CPU time (gPC/WM) 1.2679 | 1.8036 | 2.3393 2.875

RV (with the same parameters as on the left of Figure 1). Notice that the [2err from
WM with P =3,Q = 2 is 1.5e — 8 and the [2err from gPC with P = 10 is 1.4de — 8
(almost the same), however the online CPU time for gPC is 2.875 times greater than
that of WM.

3.2. The Burgers equation with one RV. Now let us compute the WM
propagator for a Burgers equation with one Poisson RV in (2.32). We solved the WM
propagator by a second-order implicit-explicit (IMEX) time splitting scheme.” For
spatial discretization we used the Fourier collocation method. The reference solution
was established by running the Burgers equation with ¢ taking all the possible values.®
In this problem we define the Ly norm of error for second moments as follows, for a
certain final time T":

_ B (@, T5€)] — Elug, (2, T3 9l L2 (= rm)
||E[ugw(‘Tv T; 6)]||L2([77r,7r])

In Figure 2, we observe monotonic convergence with respect to @, that is, by
increasing the WM order Q) by one, the error decreases effectively by five to six orders
of magnitude at T = 1. If we use gPC in this problem, we will calculate (P+1)? terms

in ij:o ui(a:)% for (P + 1) equations in the gPC propagator (343 terms in this

(3.2) 12u2(T)

problem). However by the WM method, in order to have good accuracy, say le — 12,
as shown in Figure 2, we consider many fewer terms resulting from the nonlinear term
u% in the Burgers equation by only taking @) = 3 (231 terms in this problem).

In Figure 3, we plot the error defined in (3.2) with respect to polynomial expansion
order P, for different WM order ). We also compare it with the error by the PCM
with (P + 1) points.” We observe that for a fixed polynomial order P in gPC, the
smallest @ to match the error from the WM propagator to the same order with PCM
is when Q = P — 1. For example, in Figure 3 when P = 2, the first error line by
WM that touches the black solid line by PCM is the one that corresponds to @ = 1.
Although this observation is only empirical, it allows us to compare the computational
complexity between gPC and WM with the same level of accuracy, i.e., we are going
to compare the computational cost later between gPC of polynomial order P and WM
of polynomial order P and of WM order ) = P — 1. We also observe from Figure 3
the smallest value of (Q we need to model the stochastic Burgers equation with one

7"We used the second-order RK2 scheme for nonlinear terms and the forcing term, and the Crank—
Nicolson scheme for the diffusion term.

8 Although the Poisson RV has an infinite number of points in the support, we only consider the
points with probability more than le — 16.

9gPC with polynomial order P has the same magnitude of error with PCM implemented with
(P + 1) quadrature points, therefore, by plotting PCM with (P + 1) quadrature points against WM
with polynomial order P, we are comparing the gPC with WM at the same polynomial order P.
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12u2(T)

0 0.5 1 15 2 25 3

Fi1a. 2. The Burgers equation with one Poisson RV & ~Pois(A) (d = 1,¢1(z,t) = 1): [2u2(T)
error defined in (3.2) versus time, with respect to different WM order Q. Here we take in (2.32) the
polynomial expansion order P =6, A=1, v =1/2, 0 = 0.1, IMEX (Crank—Nicolson/RK?2) scheme
with time step dt = 2e — 4, and 100 Fourier collocation points on [—m,]|.

err of 2nd moments

err of second moments

1 15 2 25 3 35 4
P P

Fic. 3. P-convergence for the Burgers equation with one Poisson RV & ~Pois(\) (d =
1,¢1(x,t) = 1): errors defined in (3.2) versus polynomial expansion order P, for different WM
order Q, and by PCM with P + 1 points with the parameters v = 1, A = 1, final time T = 0.5,
IMEX (Crank-Nicolson/RK2) scheme with time step dt = 5e — 4, 100 Fourier collocation points on
[=m,x], 0 =0.5 (left), and o = 1 (right).

discrete RV for a specific polynomial order P, to achieve the same accuracy with gPC
of polynomial order P. When @ > P—1, we see from Figure 3 that even if we increase
P the convergence rate versus P will be slower than P-convergence from gPC.

In Figure 4, we investigate the Q)-convergence of the WM approximation by plot-
ting the error defined in (3.2) with respect to WM order @, for different polynomial
expansion orders P. The first observation is that when @ increases from integer k to
the next larger half-integer k+ %, the error is not prominently improved, but the error
is obviously improved when @ increases from integer k to integer k 4+ 1. This is very
similar to a phenomenon in spectral methods that the magnitude of error oscillates
between even orders and odd orders. The second observation is that the choice of
@ = P — 1 is optimum for the WM approximation, because in Figure 4 the error re-
mains at the same magnitude when @ is taking values larger than P —1. For example,
we note the error line for the left figure in Figure 4 with respect to P = 2: the error
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err of 2nd moments
err of 2nd moments

onn

Fic. 4.  Q-convergence for the Burgers equation with one Poisson RV & ~Pois(\) (d =
1,¢1(x,t) = 1): errors defined in (3.2) versus WM order Q, for different polynomial order P,
with the parameters, v =1, A\ = 1, final time T = 0.5, IMEX(RK2/Crank—Nicolson) scheme with
time step dt = 5e — 4, 100 Fourier collocation points on [—m, x|, o = 0.5 (left), and o = 1 (right).
The dashed lines serve as a reference for the convergence rate.

decreases when @ is smaller than P — 1 = 1, however, when @ takes values such as 2
or 3, the error remains at the same magnitude. This is an important observation that
allows us to save computational time when simulating nonlinear SPDEs i.e., we may
use smaller values of P for a certain ) and obtain the maximum possible accuracy.

From Figures 3 and 4, we conclude that in order to model a stochastic Burgers
equation with one discrete RV, to achieve the same P-convergence rate with gPC, we
may take @ = P — 1 in the WM method, with much less computational cost than
gPC.

3.3. Reaction equation with multiple RVs. Now let us compute (2.27) with
five 1.i.d. Poisson RVs with mean A (d = 5). We solve problem (2.23) assuming a new
model, where k(&1,&,...,8&5,t) = Zle cos(it)c1(&;). The WM propagator in this
problem was solved by the RK2 scheme. For a fixed polynomial expansion order P
in Figure 5, we plot the error defined in (3.1) with respect to time and for different
WM order Q.

We observe in Figure 5 that by adding only one more Malliavin derivative order
@, the error is improved by two orders of magnitude at T = 0.5. When Q = 1,
the WM propagator has a much simpler form than the gPC propagator. Figure 5
also demonstrates the ability of computing SPDEs with multiple RVs by the WM
method. Notice that Levy processes have different types of series expansions by
independent RVs, therefore, Figure 5 represents the first step towards dealing with
nonlinear SPDEs with Levy processes (including Gaussian processes and pure jump
processes that admit series representations).

Next let us compute (2.27) with one Poisson RV (§1) with mean A and one bino-
mial RV (&) with the number of trials N and success probability p. We solve problem
(2.23) assuming k(&1,&2) = c1(&1)k1(&2), where k1(&2) is the orthogonal polynomial
to the binomial distribution for £&. We derive the coefficients K, in (2.11) both for
the Poisson distribution and the binomial distribution. The WM propagator in this
case is still given by (2.27) with d = 2, except replacing the corresponding K, for
&5 by those generated from the binomial distribution. For a fixed polynomial order P
in Figure 6, we plot the error defined in (3.1) with respect to time and for different
WM order Q.
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o

12err(T)

s s s s s s s
0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
T

F1a. 5. Reaction equation with five Poisson RVs&1,... 5 ~Pois(\) (d = 5): error defined in (3.1)
with respect to time, for different WM order Q, with parameters A =1, o = 0.5, yo = 1, polynomial
order P =4, RK2 scheme with time step dt = le — 3, and k(&1,&2,...,8&5,t) = Z?zl cos(it)c1 (&)
in (2.23).

12err(T)

F1G. 6. Reaction equation with one Poisson RV &1 ~Pois(\) and one Binomial RV &3 ~
Bino(N,p) (d = 2): error defined in (3.1) with respect to time, for different WM order Q, with
parameters A =1, 0 = 0.1, N =10, p = 1/2, yo = 1, polynomial order P = 10, RK4 scheme with
time step dt = le — 4, and k(§1,82,t) = c1(§1)k1(&2) in (2.23).

We observe in Figure 6 that by adding one more Malliavin derivative order ), the
error is improved by ten orders of magnitude at T = 1. Figure 6 also demonstrates
the ability to compute SPDEs with multiple RVs with different distributions (hybrid-

type).

3.4. The Burgers equation with multiple RVs. Now let us compute (2.28)
with three Poisson RVs with mean A (d = 3). We solve problem (2.28) with the
random forcing term O’ijl a(&(zt) =0 23:1 c1(&5)cos(0.15t). We solved the
WM propagator (2.32) by the second-order IMEX time splitting scheme (RK2/Crank—
Nicolson). For a fixed polynomial expansion order P in Figure 5, we plotted the
error defined in (3.2) with respect to time, for different WM order ). Here we take
Pp=P,=P;=P=2.
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—o— Q;=Q;=0=0

— % 0Q,=1,0,=0,=q
—4— 0,709,510,
—p— Q;=0=0;=1

12err(T)

0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
T

Fi1G. 7. The Burgers equation with three Poisson RVs &1 2.3 ~Pois(\) (d = 3): error defined in
(8.2) with respect to time, for different WM order Q, with parameters A=0.1, c =0.1, yo =1, v =
1/100, polynomial order P =2, IMEX (RK?2/Crank—Nicolson) scheme with time step dt = 2.5e — 4.

We observe in Figure 7 that the error is not prominently decreased when we
increase WM order @) for one or two RVs, but the error is greatly decreased when we
increase @ for all three RVs. In this numerical experiment we have also computed the
case that Q1 = Q2 = Q3 = %, and similarly to Figure 4, the error line corresponding
to that almost overlapped with the error line for @1 = Q2 = @3 = 0 in Figure 7. This
suggests that when we model the stochastic Burgers equations with multiple discrete
RVs, the accuracy in some cases will not be greatly improved by increasing the WM
order ) by % Therefore, in oder to save computational cost in the WM method for
the Burgers equations with multiple discrete RVs, we may use integer values for @) for
each RV instead of half-integer values.

3.5. Adaptive WM method. Now let us control the error growth with respect
to time under a certain prespecified accuracy. We will show that it is possible to
control the error below a certain threshold by increasing the gPC order P and the
WM order @ (P-Q refinement). Under a prespecified adaptive criterion value, we
increase the polynomial order P or the WM order @), when the absolute value of error
is greater than the adaptive criterion value (P-adaptivity and Q-adaptivity).

In Figure 8, we address the long term integration issue of gPC by computing
the WM propagator in reaction equation (2.27) with two Poisson RVs with mean
A, for a fixed Q. We plot the error defined in (3.1) with respect to time and we
adaptively increase P to keep the error under the indicated adaptive criterion. We
observe that increasing the polynomial order P is an effective way to control the
error as time progresses for SPDEs with multiple RVs. Besides dealing with the
long term integration problem, varying P also allows us to use a smaller polynomial
order P at early times, hence expending less computational cost. In gPC, we may
also keep the error lower than a value by increasing P; however, increasing P in the
gPC propagator costs much more than increasing P in the WM propagator with a
small Q.

In Figure 9 we compute the WM propagator in the Burgers equation (2.32) with
one Poisson RV, with mean A = 1. We plot the error defined in (3.2) with respect
to time both in the case that we fix (Q or P to control the error to be under the
indicated adaptive criterion by increasing P or ). We observe that increasing the
WM expansion order () is also an effective way to control the error as time progresses.
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= ©~ non-adaptivg

107 —&— adaptive O

12err(T)
12err(T)

= ©= non-adaptivd

—e— adaptive

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
T

Fia. 8. Reaction equation with P-adaptivity and two Poisson RVs &12 ~Pois(A) (d = 2):
error defined in (3.1) with two Poisson RVs by computing the WM propagator in (2.27) with respect
to time by the RK2 method with fited WM order Q = 1, yo = 1, 1,2 ~ Pois(1), a(&1,&2,t) =
c1(&1;5 M) c1(§2; N), for fized polynomial order P (dashed lines), for varied polynomial order P (solid
lines), for o = 0.1 (left), and o = 1 (right). Adaptive criterion values are [2err(t) < le — 8(left)
and 12err(t) < le — 6(right).

-
5 [| = ©~ non-Q-adaptivg Q=1 _ -~ [ [ | = ©= non-P-adaptivg o- "~

10 " 10
—O— Q-adaptive _.© —O— P-adaptive -7
1 -

12u2(T)
12u2(T)

Fic. 9. The Burgers equation with P-Q adaptivity and one Poisson RV & ~Pois(\) (d =
1,¢1(x,t) = 1): error defined in (3.2) by computing the WM propagator in (2.32) with IMEX
(RK2/Crank—Nicolson) method (A = 1, v = 1/2, time step dt = 2e — 4). Fized polynomial order
P =6, 0 =1, and Q is varied (left); fited WM order Q = 3, o = 0.1, and P 1is varied (right).
Adaptive criterion value is 12u2(T) < le — 10 (left and right).

3.6. Computational complexity. We demonstrate next that the WM prop-
agator is more cost effective in evaluating the statistics of solution than the gPC
propagator. Because the computational complexity depends on the form of the equa-
tion itself, we analyze this case by case. First let us consider the Burgers equation as
an example to compare the complexity of WM and gPC.

3.6.1. The Burgers equation with one RV. To compare WM and gPC meth-
ods for the Burgers equation with one RV (£ ~ Pois()\)), we simply write the gPC

and WM propagators separately and compare how they differ from each other. We
consider this equation

(3.3) U + Uy = VUgy +0c1(§N),  x € [—m, 7).
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The gPC propagator for this problem is

o1 0%
(3.4) uk Z um cmcnck> Wuzk + oo, k=0,1,..., P,

m,n=0

where (cmcncr) = [g dD(&)ck(§)em (§)en(€)-
The WM propagator for this problem is

3u i 0%
(3.5) Z ’”2” T K kvapi0 = ”aT?k + 081k k=0,1,...,P.

The only difference between gPC and WM propagators is between the term

Zi e Oum 52 (Cmency) in gPC and the term Z 021 o MIQ k+2p—ip I
WM. Assuming that we are going to solve (3.4) and (3.5) with the same time step-
ping scheme and the same spatial discretization, for each time step, let us also assume
that the computational complexity of computing one term like ; 881;]' is a, while the
complexity for the rest of the linear terms is 1.

Under this assumption, in (3.4) for gPC, we have (P+1) equations in the system,
each one with complexity 14 (P + 1)2a, and therefore the total complexity is (P +
D1+ (P+1)3q).

In (3.5) for WM, we still have (P 4 1) equations in the system. By denoting
the number of terms like ai% in the whole WM propagator as C'(P,Q), the total

complexity will be (P + 1) + C(P, Q)a, and we compute C(P, Q) numerically. We
demonstrate how to count C(P, Q) when P =4,Q = 1/2 in Figure 10: there are five
4 x 4 grids, for k = 0,1, 2, 3,4, respectively, for u; %"j in all the five equations in the
WM propagator. The horizontal axis represents the index i for u ul and the vertical axis
represents the index j for L We marked the terms like u; auj in the kth equation
in the WM propagator by drawmg a circle at the (i,7) dot on the kth grid. In this
way we may visualize the nonlinear terms in the propagator and hence visualize the
main computational complexity. In the WM method for P = 4,Q = 1/2, only the
circled dots are considered in the propagator, however, in the gPC method for P = 4,
all the dots on the five grids are considered in the propagator. Hence, we can see how
many fewer terms like ﬂi% we need to consider in WM comparing to gPC.

When P is sufficiently large, the ratio for complexity of WM to gPC is approxi-
P(fl)g, ignoring lower order terms on P. Since we observed in Figures 3 and
4 that when Q = P — 1, the errors computed from WM propagators are at the same
accuracy level as from gPC propagators, we calculate the ratio of complexity between
WM and gPC for the Burgers equation with one RV % when Q@ = P—1 (so
that WM and gPC have the same level of accuracy) and P > 2 as

mately i

CrQ=prP-1) 104+ 2P(P+1)(P +2)
(P+13 (P+1)3

(3.6)

3.6.2. The Burgers equation with d RVs. Now suppose we are going to
solve the Burgers equation with d RVs (each RV ¢; has polynomial expansion order
P; and WM order Q;):

(3.7) Ut + ULy = VUgy + 0Cmy (&1) .. Cmy(Ea), € [—m, 7).
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Fia. 10. Terms in Z 0 ZZ ol AzauLjlez k+2p—i,p Jfor each PDE in the WM propagator
for the Burgers equation wzth one RV in (3.5) are denoted by dots on the grids: here P = 4,Q =

=,k = 0,1,2,3,4. Each grid represents a PDE in the WM propagator, labeled by k. FEach dot

. O
represents a term in the sum ZQ o ZZ N %Ki k42p—i,p- LThe small index next to the dot

is for p, x direction is the index i for U;, and y direction is the index k + 2p — i in % The
dots on the same diagonal line have the same index p.

By gPC, we will have IIZ_, (P; + 1) equations in the propagator, and if P; are all
equal to P, there will be (P + 1)? equations in the gPC propagator. We will have
(L, (P + 1))(TIE, (P; + 1)?) terms like ukaa 2. When all the RVs are having the
same P, this number is (P +1)3.

By WM, we will still have the same number of equations in the propagator system,
but the number of terms like iy, % is [1¢_,C(P;, Q;). Let us assume all the RVs having
the same P and Q. This formula can be written as (C(P,Q))<.

When P is sufficiently large (for simplicity we assume P, = P,@Q; = @ for all
1 =1,2,...,d), the ratio for complexity of WM to gPC is approximately %,
ignoring lower order terms on P. We computed the ratio of complexity in Figure 11
for d = 2, 3.

Besides Figure 11, we also want to point out the following observation. From
Figure 3 we observed numerically that when @ > P — 1, the error from the WM

method with polynomial order P is of the same order as the error from gPC with
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FiG. 11. The total number of terms as tim, ...my %ﬂk1+2pl —ma kg t2pg—mg Kmy k1 +2p1 —mqp1
o Koy kg t2pg—my,pg 1 the WM propagator for the Burgers equation with d RVs, as C(P, Q)4:
for dimensions d = 2 (left) and d = 3 (right). Here we assume P, = --- = P; = P and

Q==Qu=Q.

TABLE 2
Computational complexity ratio to evaluate the u%

d
between WM and gPC, as % here we take the WM order as Q = P — 1, and gPC with order

P, in different dimensions d = 2,3, and 50.

term in the Burgers equation with d RVs

d
sk P=3Q=2 P=4,Q=3 P=5Q=4
d=2 2580 ~ 61.0% 1001 ~ 65.3% 3329 ~ 67.2%

4150

5150

d=3 1245900 ~ 47.7% 1035%301 ~ 52.8% 554659233 ~ 55.0%
d=>50 | 88%et84 ~(000436% | L:62et100 ~ .0023% | 2:5042e+112 ~ (.0047%

6150

d
polynomial order P. So let us consider the computational cost ratio (C}g};’f))gd between

the two methods for WM with order @ = P — 1, and gPC with order P, in Table 2.
We conclude from Figure 11 and Table 2 that (1) the larger the P, the bigger

the cost ratio between WM to gPC (M) (2) the higher the dimensions, for the

(P+1)37 ) )
same order P and @, the lower the ratio PR Ty other words, the higher the
dimensions, the less WM is going to cost than gPC for the same accuracy.

(P+1)3d -

4. Conclusions. We presented a new WM expansion to approximate polynomial
nonlinear terms in SPDEs with random inputs of arbitrary discrete measure with
finite moments, on which orthogonal polynomials can be constructed numerically
[41, 16, 18, 6, 40]. Specifically, we derived WM propagators for a stochastic reaction
and a Burgers equation in (2.27) and (2.32) with multiple discrete RVs. The error
was effectively improved by at least two to eight orders of magnitude when the WM
order () was increased into a larger integer in Figures 1 and 2. Linear and nonlinear
SPDEs with multiple RVs were considered in Figures 5 and 7 as the first step towards
application of the WM method to nonlinear SPDEs with stochastic processes, such as
Levy processes with jumps. We found the smallest WM order @ for gPC polynomial
order P in the WM method to be Q = P — 1 in order to achieve the same order of
magnitude of error in gPC with polynomial order P or PCM with (P 4+ 1) collocation
points, by computing the Burgers equation with one Poisson RV in Figure 3. When
@ was larger than (P — 1), the error remained almost constant as in Figure 4. We
proposed an adaptive WM method in section 3.5, by increasing the gPC order P
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and the WM order @ as a possible solution to control the error growth in long term
integration in gPC, shown in Figures 8 and 9. With Q = P — 1 we estimated and
compared the computational complexity between the WM method and gPC for a
stochastic Burgers equation with d RVs in section 3.5. The WM method required
much less computational complexity than gPC, especially in higher dimensions, as in
Table 2. However WM is still more expensive than PCM or sparse PCM.

Appendix. Algorithm to generate coefficients a(k, m,n) numerically.
We now present an algorithm that we used to compute coefficients a(k, m,n) numeri-
cally in (2.7). Let us take the monic Charlier polynomials {¢;(&;A),7 =0,1,2,...} for
a & ~ Pois()\) as an example. Charlier polynomials are known as

n

() aen =Y @3 (§ )0t = Y Gt

j=0 k=0 3=0

where s(k, j) is a Stirling number of the first kind, and C,,; is the coefficient for &’
in ¢,(&;A). Let us determine the value of a(m + n,m,n) to a(0, m,n) by matching
coefficients for both sides of (2.7) from ™" to 2° one by one. Equation (2.7) in
terms of Charlier polynomials is written as

m—+n

(A.2) em(§N)en (& N) = Z alk,m,n)cp(&N), mn=0,1,2,....

k=0

Since the {c;(&; M), = 0,1,2,...} are monic polynomials, the coefficient of z™*" on
the left-hand side is 1, and on the right-hand side it is a(m + n,m,n). Therefore
a(m+mn,m,n) = 1.

Next by matching the coefficient of z™*+"~! on both sides, we have CrmChrn—1+
Cm,m—lcnn = a(m + n,m, n)0m+n,m+n—1 + a(m +n— 17 m, n)c7n+77,—1,m+n—17 there-
fore alm +n—1,m,n) = Cp n—1 + Crmm-1 — Crtnomtn—1-

In the same way by matching the coefficients of £™+t"~2 on both sides, and by
knowing the value of a(m + n,m,n) and a(m + n — 1,m,n), we have
a(m +n— 27 m, TL) = (Cm,m—Q + Cm,m—lcn,n—l + On,n—Z) - (Om+n,m+n—2 + a(m +
n— 17 m, n)07n+77,—1,7n+n—2)-

If we continue this procedure, all the coefficients a(k, m,n),k=0,1,2,...,m+n,
can be generated. Although we take the Charlier polynomials as an example here,
this procedure obviously is applicable to any other orthogonal polynomials.
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