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Abstract. This article is devoted to three quadrature methods for the rapid solution
of stochastic time-dependent Maxwell’s equations with uncertain permittivity, perme-
ability and initial conditions. We develop the mathematical analysis of the error esti-
mate for single level Monte Carlo method, multi-level Monte Carlo method, and the
quasi-Monte Carlo method. The theoretical results are supplemented by numerical
experiments.
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1 Introduction

Consider the Maxwell’s equations with random coefficients which are parameterized by
a random vector y € R":

e(x,y)o:E(x,t;y) =V x H(x,5y), (1.1)
u(x,y)oeH (x,ty) = —V X E(x,t;y), (1.2)

where € is the permittivity, y is the permeability, and E and H represent the electric and
magnetic fields, respectively. We assume that the spatial variable x€ D CIR3, and the time
variable t € (0,T]. Here D is a bounded Lipschitz polyhedral domain with connected
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boundary dD. The curl operators are understood to operate on the spatial variables x,
and the parameter vector y=(vy1,y2,---,¥») = (yi)!_, consists of n parameters y; which are
assumed to be independent and identically distributed (i.i.d.) on [0,1], i.e.,

ye(0,1]":=U.

The probability measure for y is defined as dy =11} ,dy;.
To complete the problem, we assume that Egs. (1.1)-(1.2) satisfy the perfect conduct-
ing (PEC) boundary condition:

nxE(x,t;y)=0 Vxe€odD, Vte(0,T] and VyeU, (1.3)

where n is the outward unit normal vector on dD. Furthermore, we assume that the
Maxwell’s equations (1.1)-(1.2) satisfy the following initial conditions:

E(x,0;y)=Eo(xy), H(x,0;y)=Ho(xy), (1.4)

where Ey(x,y) and Ho(x,y) are some given functions.

In the past two decades, the study of uncertainty quantification (UQ) got great atten-
tions across different disciplines of sciences and engineering as detailed in recent review
articles [19,27, 36, 38] and monographs [16,33,41,42,47,50]. Uncertainty quantification
plays an important part in electromagnetic material design. For example, [46] presented
a computational stochastic methodology for generating and optimizing random meta-
material configurations. Compared to many excellent numerical analysis papers pub-
lished for stochastic elliptic problems (e.g., [1,2,8,49]), stochastic parabolic equations [48]
and stochastic hyperbolic or wave equations [24, 26, 35,43, 45, 52], elastic waves scatter-
ing in random media [3, 15], stochastic porous media flow [13], radiative transfer equa-
tions with uncertain coefficients [51], the mathematical literature on UQ for Maxwell’s
equations is less developed. In 2006, Chauviere et al. [6] developed both the stochastic
Galerkin method and stochastic collocation method for the time-dependent Maxwell’s
equations with uncertainties caused by the physical materials, the source wave and the
physical domain. In 2015, Benner and Schneider [5] described several techniques for
the time-harmonic Maxwell’s equations by using stochastic collocation method. In 2016,
Romer et al. [37] discussed a stochastic nonlinear magnetostatic problem solved by the
stochastic collocation method. In 2018, Kamilis and Polydorides [25] considered an UQ
problem for the low-frequency, time-harmonic Maxwell’s equations with lognormal ran-
dom conductivity. Also Jerez et al. [23] and Hao et al. [20] investigated the time-harmonic
Maxwell’s equations with random interfaces. In 2019, Chen et al. [7] analyzed a semi-
implicit Euler scheme for discretizing the stochastic Maxwell’s equations with multiplica-
tive Itd noise, and derived the mean-square convergence. Recently, the authors carried
out the error analysis of stochastic collocation method [30, 31] and stochastic Galerkin
method [14] for time-dependent Maxwell’s equations.

In this paper, the uncertain permittivity and permeability € and u in (1.1)-(1.2) are
assumed to depend on both the spatial variable x and the parameter y, and they are
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bounded below and above, i.e., there exist constants €, €, u~ and u™ such that the
following inequalities

0<e <e(xy)<e<oo, O0<pu <u(xy)<pt<oo,

hold true for any x € D and y € U almost surely (a.s.).
Our goal is to obtain statistical information on the solution (E,H) to (1.1)-(1.2), espe-
cially its expected value, which is defined on U by

IE[u]:/ u(y)dy, for u=EH.
u

To approximate the expected value, we can adopt the single level Monte Carlo (SLMC),
multi-level Monte Carlo (MLMC) quadrature rules (an excellent review is given by Giles
[17]), and the Quasi-Monte Carlo (QMC) quadrature method. There is a huge list of
the literature on the application of QMC to PDEs (especially elliptic PDEs) with random
coefficients, see [4,9,18,21] and references therein. To the best of our knowledge, there
exist few work in the literature which study the QMC method for solving the Maxwell’s
equations with random inputs.

Since the solutions of (1.1)-(1.2) involve an extra parameter y, we introduce the fol-
lowing space to measure the solutions:

L'(U;V)={o: U Ve [[ollpr ) < o0,

where V is a Banach space of real-valued functions on domain D with norm ||- ||y, and
the space L"(U;V) is equipped with the norm

1

esssupyequ(-,y) |y if r=oo.

In this paper, to make notation clean, we use the following bold face norms to repre-
sent the corresponding norms for vectors:

L*(D)=(L*(D))>, H'(D)=(H"(D))?, L%(D)=(L*(D)).
We also adopt the following notations
HUHLZ(DXU)::HvHLz(u;Lz(D))/ HUHLw(Dxu):eSSSUPyeuHU('/y)HLoo(D),
and denote the following Hilbert spaces:

H(div;D)={ueL*(D): V-ucL*(D)},
H(curl;D)={ucL?*(D): VxucL?(D)},
Hy(cur,D)={u€H(cur;D): nxu=0o0onoD}.
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The structure of this paper is as follows. Section 2 is dedicated to development and
error analysis for the single level and multi-level Monte Carlo finite element methods. In
Section 3, we introduce the QMC method, establish the regularity analysis of the solution
with respect to the random vector, and prove the error estimate of the QMC method.
Section 4 presents numerical results which confirm our theoretical results. We conclude
the paper in Section 5.

2 The Monte Carlo finite element methods

2.1 Mixed finite elements for Maxwell’s equations

The idea of Monte Carlo finite element method is very simple: given a sample y, (2.1)-
(2.2) becomes a deterministic problem in the physical domain D, which can be solved by
any classic finite element method for Maxwell’s equations [32,34]. To solve the problem
(2.1)-(2.2) by a finite element method, we partition the physical domain D by a family of
regular cubic or tetrahedral mesh T;, with maximum mesh size /, and adopt the r-th (r>1
order Raviart-Thomas-Nédélec (RTN) mixed finite element spaces U, and V), [32,34]: For
any r > 1, on tetrahedral elements:

U, ={u, € H(div;D) | wy|x € (p,1)° ©pr 1%, VKET,},
Vi={v,eH(curl;D) | vy|x € (p,1)°®S,, VKET,}, S,={pe(p)’xp=0},

or on cubic elements:

uh = {uh S H(dlU/D) | uy ’K € Qr,rfl,rfl X Qrfl,r,rfl X Qrfl,rfl,r/ VKe Th }/
Vh = {vh € H(curl;D) | On |K € Qrfl,r,r X Qr,rfl,r X Qr,r,rflr VKe Th}

Here p,_1 denotes the space of polynomials of degree r—1, p, denotes the space of ho-
mogeneous polynomials of degree r, and Q; ;x denotes the space of polynomials whose
degrees are less than or equal to i,j,k in variables x,y,z, respectively. To impose the PEC
boundary condition, we denote V) ={v € V): vxn=0 ondD}.

To define a fully discrete scheme, we divide the time interval [0,T] into M uniform
subintervals by points 0=ty <t; <--- <tg =T, where t; =kt, and T =T/K. Moreover,
we denote the k-th subinterval by I = [t;_1,t], and the central difference and average
operators for any time solutions u* =u(-,kt):

st uk_uk—ll ey ukuk1
T 2

Before we construct the finite element scheme, we need to formulate a weak formulation

for the model problem (1.1)-(1.2). For any fixed parameterized vector y, multiplying (1.1)

and (1.2) by ¢ € Hy(curl;D) and ¢ € H(div;D), respectively, then using Green'’s theorem,
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we obtain

(€dtE,¢)=(H,V x ¢), (2.1)
(notH, ) =—(VxE ), (2.2)

where (-,-) denotes the usual inner product on L?(D).
Now we can formulate our Crank-Nicolson mixed finite element scheme: for k =
1,2,---K, find E',; S V2 and H’,; € Uy, such that:

k—1 —j—1
(e6:E, 2,¢,)—(H, *,Vx¢,)=0, Ve,€V), (2.3)
k—1 —j—1
(uo:H, 2,49,)+(VXE, %,,)=0, V,cU,, (2.4)
subject to the initial conditions

E)(xy)=II;Eo(xy), Hj(xy)=TI1Ho(xy),

where I1{ denotes the L? projection into space U, and I1¢ denotes the Nédélec interpola-
tion on V2 (see [32,34]).
Note that the above scheme (2.3)-(2.4) can be written as follows:

(€Ef,@y) 5 (HLV x ) = (B} )+ (HIT, V x @y), (2.5)
(uH} )+ 5 (VX Ef ) = (H ) = 5 (V< Ef L), 26)

Hence, at each time step, the coefficient matrix of (2.5)-(2.6) with the vector solution
(Ek,H’;l)T can be written as Q = < 4 _B> , which can be proved to be non-singular

BT D
(cf. [32, Lemma 3.14]).
First, we have the following unconditional stability for our scheme.

Lemma 2.1. For the solution (EX,HY) of (2.3)-(2.4) and any k € [1,K], we have

1 1 1 1
e2Ef|%,  +|u2H}|J? =|le2E)||3.,  +||pzHY)|2,, .
€ E5 s, ISR ) =€ B )+l HYE
—k—1 — k-1
Proof. Choosing ¢, = TEI,; > and ¢, :TH: > in (2.3) and (2.4), respectively, and adding
the results together, we have

1 1 kn2 1o k—1112 1 1ok2 Lrrk—112 _
SO e B2 e (B B =0,

D)
which concludes the proof. O

Denote C,=— for the wave propagation speed in a medium with permittivity € and
NG propag P P y

permeability p. Then we can prove the following optimal error estimate for our scheme.
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Theorem 2.1. Suppose that the solution (E,H) of (2.1)-(2.2) satisfy the following regularity:
€2E€ L®(0,T;H' (curl;D)), €20,E€ L2(0,T;H’ (curl; D)), €2V xd?E € L*(0,T;L*(D)),
uH e L®(0,T;H' (D)), nzV x9*H € L*(0,T;L3(D)),

then for any k € [1,K], we have

le? (B~ E(x i) | 2, 10 (= Hx, b)) | 2
SChr(Hel/ZatEHLZ(OIT,.Hr(Cwl.D +|€'?E| = o1H (curt0)) T HVUZHHL""(O,T;HQD)))
+CT (|12 X @FH) | 12 112 ) T €2V X @FE) 12 0 1,12 27)

where the constant C >0 is independent of h and T, and v > 1 is the degree of the finite element
spaces V9 and Uy,

Proof. Integrating (1.1) and (1.2) from t;_; to t;, multiplying the results by ¢, € V?l and
y, €Uy, and integrating over D, respectively, we obtain

K pk—1
(ei 1 / Hds, ¥ % ¢,) =0, 2.8)

<yw,tph / ¥ x Eds, %) —0 2.9)

where for simplicity we denote 1/ =u(t;) for u=E and H.
Let us introduce the errors

Ej:=E} — E‘= (Ej—IT;E") — (E*~TI;E") = Ef, — E},, (2.10)

~k

H),:= H;—H*= (H}, —11;H") — (H* - 11} H") = H};; — H}, . (2.11)
Subtracting (2.8)-(2.9) from (2.5)-(2.6), respectively, we obtain the error equations:

() (B ) (B n), e

(VM ¢h) ( E’”LEh ¢h /VxEds—VxEk+Ek : ¢h) (2.13)

Using the error decomposition (2.10)-(2.11), we can rewrite the above error equations as
follows:

k—1 —k—1
(€6cEy: 2, ¢pp,) — (Hye *,V X ¢y
—(e6,E 7))~ (H 2,V 721 [ Hasv 214
(€6cEy, 2 1) — (Hy, 2V X ¢y,) + S, VX ), (2.14)
(N
k—1 —k—1
(#57thzr’/’h)+(VXEhgz ¥y)
:(y(STHZ;%,Iph)+(V><f )+ /VxEds—VxE ,xph> (2.15)
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—k1 — k-1
Choosing ¢, ZZTEII;Z ?in (2.14) and ¢, :21'HZ(Z ? in (2.15), then adding the resultants, we
obtain

(Ilel/zEkgllz—He”zE';ing) + (|2 Hige |12 |2 Hi )

g1 1 k-1 1 f—1

=27(ed:E,, Eé) ZT(Hhﬂz,Vth§2)+2T(H = Hds,Vx 62)
1

2

k=% k-1 wh—% =k—1 J k-4 =k—1
+2r(uoH,y, * Hy,?)+20(V < Ey, 2, )—}-ZT(T | VXEds—V XL, )
6
::ZErri. (2.16)
i=1
By the Cauchy-Schwarz inequality, the following estimate [32, Lemma 3.16]:
k_ k-1 2
k-3 N
621 )= | =],
Lok 2 1 2
S;/tk [0eul|7,pyds, YV ueH ((t—1,t);L%(D)), (2.17)
and the interpolation error estimates: for any r>1, any u € H" (curl; D),
ot Tty oy IV 5 (e T0) | ) <Ol iy (219)
HU_HZUHLZ(D)SChrHuHH”(D)/ VvEHr(D), (2~19)

we have

1 g1
Ern <27|e"26.Ey, 1ol I Loy

k—1

gr<—y|el/2515h,72uL +40, € 2B R )

< g5 1 20uEu [, 278 (2B € B I )

<1 2r | 1/2 ) 12k 112
5*/IkCh € OB g 85+ 4705 max [l€2Ef [T,

r;D)
where we used the arithmetic-geometric inequality in the second inequality.
k1
By the definition of projection I and the property V x Eig > CUjy, we have
Erry=0, Errs=0.

Using integration by parts, the following estimate [32, Lemma 3.16]:

Hw_%/lku(s>ds\\Lz(D)

3
<TZ/ |0ul?, pyds, ¥ ueHA((t1,h);L2(D)), (2.20)
-1
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and the Cauchy-Schwarz inequality, we have

Err3<27< o ——/Hds hg)

-1
SZTCZ;<§H‘I/{1/2(VXH 2—;£VXHdS)||2
* k

1728k 3 12
Lz(D)+25*H€ Eh@ ’ ||L2(D)>

3
§%Q<T

s | I X IR, g 0. (162 E 2Bl )

1/2 2 1/2
_165 /Hy V< (FH)| pyds+476.Co max e 2Ef
Using the Cauchy-Schwarz inequality and the interpolation error estimate (2.18), we have
Fob g
ET’T"5§2THV><EM7 HL2 Hth HL2

<20C, (g 162V Ep, I 20 I H 1 )

<TC Ch*

<= e

1/2 2
~ (0,7 H' (curl; D))—|—4TC 004 nax Hy H gH

By the Cauchy-Schwarz inequality and (2.20), we have

1 1 =k 1 it
Err6§2TCU<—H€1/2(—/VXEdS—VXE N, +25*H7"1/2Hh§2”2LZ(D)>

Substituting the above estimates of Err; into (2.16), then summing up the resultant from
k=1 to n <K and using the fact that nt <T, we have

1 1
(HezEZgHZL —|le2E) gHL2 )Jr(lleﬂgHzL2 ~||u2HY gHL2 )
Ch
< || 20,E|3 4 D)d5+4T(5*||€l/2Eth§o
T Cv 1/2 2 2 1/2 2
TS M2 x () s +AT6. Coll ]2
TC,Ch* /212 1/2 2
+T”€ EHLOO(O,T;Hr(curl;D))+4ch5*H‘u Hyello
T'Cy [t 1/2 2 (12 1/2 2
+W ; lle Vx(8tE)||L2(D)ds+4TCv(5*||y Hzl|%, (2.21)

where we denote

e/ Engl|eo = max e 2Ejll, 12 Hig oo 1= max HH”zH eIy
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Taking the maximum of (2.21) with respect to n, then choosing J, small enough (e.g.,
476, max(1,C,) < %), we have

1 1
€2 Eng llo+ /12 Hig [l oo

1/2 1/2
SChr( HG atEH Lz(O,T;Hr(curl;D))—’_ HG EH Lw(O,T;Hr(curl;D)))

FCP (2T % GBH) |2 gz, 12T X @) 20 ) 222
Using the interpolation error estimates (2.18)-(2.19), we obtain
€2 Enyll 2,y + 1112 Hiy l 2,
<CH'(|le"/?E|| L=0,:H (curl;D)) T Iu'/2H]| Lw(O,T,'Hr(curl,'D)))' (2.23)

Combining the estimates of (2.22) and (2.23), and using the triangle inequality, we com-
plete the proof. O
2.2 Analysis of single level Monte Carlo method

In practice, we are often interested in estimating the expected value (also known as ex-
pectation) of the random solutions. The expectation E[u] can be estimated by a sample
mean over the solution samples {ﬁi}, i=1,2,---M, corresponding to M i.i.d. realizations
of the random inputs:

1M .
E[u]~Ep[u]:=—) 4 (2.24)
M=
Here u can denote either the analytic solutions E and H, or the finite element solutions
E h and H he

The following result was proved in [4] and gives a bound on the statistical error for
the Monte Carlo estimator (2.24).

Lemma 2.2. [4, Lemma 4.1] For any M €N and u€ L>(U;L?*(D)), we have

1
IE[u] —Em[ul|l2(pxuy < i lallr2(pxur)-
Remark 2.1. If we define the variance of a function u as

otwyi=, [l 1= B

then we have a more accurate statistical error estimate for the Monte Carlo method (cf.
the proof of [4, Lemma 4.1]):

o(u).

=~

E[u] = Em[ulll2(pxuy =
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The single level Monte Carlo method is to find out the estimator Ejs[u] defined in
(2.24). To this end, we pick a sequence of i.i.d. sample points y’, i=1,2,--- M, and compute
the corresponding numerical solution @' of (2.5)-(2.6). The error estimate of single level
Monte Carlo finite element method is given by the following theorem:

Theorem 2.2. Under the same regularity assumptions given in Theorem 2.1, the single level
Monte Carlo method (2.5)-(2.6) satisfies the following error estimate: at any time step ty =k,
k=1,2,--- K, we have

IE[E (t)] — EmlER} 2 1)+ IIE[H ()] — Em [Hi || 2 (D ey < C (T2 +H +M712).

Proof. For simplicity, we denote EX:= E(x,t;) and H*:= H(x,t).
Using Jensen’s inequality for the solution E, we have

IEE(t)] — EmIE}] 120 ) < IBIE (t6)] —EE] | 12Dy + IE[ER] — EMIER] 120
1/2
<E||E(t) —E£||2Lz(D) + | E[E}] = EmlER] || 2(Dxwr),

which, along with a similar estimate for the solution H, leads to

IE[E (t)] — EmlEx] | 120wy + IEH (5)] = Em[H | 12 (i) < V2I+11, (2.25)

where we denote

1/2

4

—E| IE(t) {32, + | H(t)~H|Z2

IT:= ||E[E}] — EmE}]|| 12wy + IE[H] — EMHE] |12 (pewr)-

The first term I in (2.25) measures the error of the finite element scheme and the second
term I gives the statistical error. Note that the estimate of I is given by Theorem 2.1,
with the constant coefficient C independent of vector y after taking the mean.

To bound the term 11, we use Lemma 2.2 and Lemma 2.1 to obtain

€ B IEE] ~ B [EE] 2y ELEEE)— Ew 1] a0
gi< | €lB el Py )
C

e Ry G R A s

This leads to II<CM~1/2, Substituting the estimates of I and II into (2.25) concludes our
proof. O
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2.3 Analysis of multi-level Monte Carlo method

For the multi-level Monte Carlo (MLMC) method we discretize the physical domain D
by a sequence of nested partitions {7/}, with corresponding mesh size /; and time step
7;, and then solve the finite element scheme (2.5)-(2.6) in the corresponding mixed finite
element spaces Uy, and V}, . Introducing the notation ug:=0, we can write

L
Z w—u_)

where u; represents the solution obtained on mesh 7;.
By the linearity of expectation, we have

L

iul_ul 1 ] Y E[w—u_4].

I=1

In the MLMC method, we estimate E[u; —u;_1] by a level dependent number of samples
M;, i.e, the MLMC estimator is given by:

E[u;]~EM[u ZEMI w—u;_q] (2.26)
1=1

Theorem 2.3. Under the same assumptions as Theorem 2.2, the MLMC finite element solution
of (2.5)-(2.6) satisfies the following error estimate:

IELE ()] —EMER][ 2 )+ ITELH (1)) — EME[H]

L
<C <r£+hz+z (W) +17) 1/2)

HL2 (DxU)

Proof. Similar to the proof of Theorem 2.2, we rewrite the error of E in two parts:

IE[E ()] — EM[Ef] I 2 D><ll)

E[E(t;)] - E[EF] +E[EY] ZEMZ —Ef ]

LZ(DXU)
L k
< IELE(t] BB g2 g, )+ || 1 (LB —EF o] —Ean Ef ~EF )
1=1 L*(Dxu)
1/2 L
SIE[HE(tk) 15L||L2 )] Z(]E —Ef ] —Em[EF—EF 1]> :
I=1 LZ(DXU)

Similar estimate holds true for H.
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Hence, we have
ELE (6] = EME BRI 12 gy ITEH (80)] = EME LG 2 gy < V2IHIL
where we denote
I=E[|E(t) - Ef I, +|\H<tk>—H’z||sz(D)]”2,

lé(m |— Eng, [EX—EX ])

L*(Dxu)

+ i( Hf )~ Ew[Hf —HE )

LZ(DXU)

The error term I is the error caused by the finite element scheme, which is given by
Theorem 2.1.
To estimate term I, by Lemma 2.2, for any 1 </ <M we have:

H( |~ Ew[Ef —EL ]>‘L%Dxu)

+| (IE[HZ —H’f,lJ—EMI [Hf—Hf )|

L*(pxu)
:”(IE_EMZ)[Ef_E?‘l] 2(DxU) +H(IE_EMZ)[H¥_H5{‘1] 2(DxU)
M (VBB g B Bl 2 0
FIH = Hll 2 ) H IH = HE 2 00)

_1 _1
<CM; 2 (4724 h)_ 72 ,) <CM, 2 (] +7P).

-

Hence we have the error estimate for term II: I[I<CY: 1(hf+1#)M, %, which, along with
the estimate of I, completes the proof. O

3 Quasi-Monte Carlo finite element method

Due to the slow convergence of the classical Monte Carlo method, the quasi-Monte Carlo
methods have been proposed to solve stochastic elliptic equations (e.g., [11,29]). In this
section, we will analyze the usage of this method for solving the stochastic Maxwell’s
equations. Instead of considering the expectation of E and H directly, we will find out
estimator of [E[G;(E)] and E[G,(H)] respectively, where G1,G,: L?(D) + R are some
bounded linear functionals.
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3.1 QMC integration in the finite dimensional setting

For any function F defined on U =[0,1]", consider the following integral

I(F) ::/UF(y)dy.

To approximate I(F), we use the N point QMC estimator given by

where {y()} | C U is the set of points which needs to be chosen carefully. Here we just
focus on the shifted rank-1 lattice rules. In these rules, the quadrature points are given
by the following formula

y(i) =frac (ZNZ—FA) , 1=1,2,---N,

where z € Z* is known as the generating vector, A € [0,1]° is the shift, and frac(-) means
taking the fractional part of each component in the vector. More details on the general
theory and choices of quadrature points for QMC lattice rules for the s-dimensional cube
can be found in [10,11] and references therein.

To measure the error of this method, we need the following weighted and unan-
chored Sobolev space Wi, which is a Hilbert space containing functions defined over
U, equipped with the norm

IFlBs, = & v [

2
oM F
= (YY) Y 1. d
W) 0,1]1x! (/[0,1}5—“ ayu (yu y{l.s}\u) y{l.s}\u) Yu

2
_ -1 u .
EINL /[0,1]u </[o,1}sua F(y“'y{lzs}\u)dy{lzs}\u> W

uC{l:s}

where {1:s} is a shorthand notation for the set of indices {1,2,---,s}, %‘;F and o“F denote

the mixed first derivative with respect to the active variables y; with ]u €u, and Y.,
denotes the inactive variables y; with j€u. And 7, >0 is a weight parameter associated
with each group of variables y,, with the convention that vy =1. If 7, =0, then we expect
that the corresponding integral of the mixed first derivative is also zero, and we follow
the convention "0/0=0".

The weighted spaces was first introduced by Sloan and WozZniakowski [40] and later
generalized in many papers (e.g., [12,39]). We now state the essential theorem for QMC
error estimate.
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Theorem 3.1. [28, Theorem 4.1] Let s,N €N be given, and assume F € W ., for a particular
choice of weights «y. Then a randomly shifted lattice rule can be constructed using a component-
by-component algorithm such that the root-mean-square error satisfies: for all A€ (1/2,1],

ul 2t 1
\/IEUI(P)—QN(P)F}s( y () ) p(N) A [Flw,, G

@#uC{1l:s}

where E[-] denotes the expectation with respect to the random shift which is uniformly distributed
over U, {(-) is the Riemann zeta function, and ¢(N) is the Euler totient function [28].

3.2 Regularity analysis with respect to the random vector

To obtain the error estimate for the QMC finite element method, we need the regularity
estimate for the solution of (1.1)-(1.4) with respect to the random vector.
First, we have the following energy conservation property.

Theorem 3.2. For the solution (E,H) of (1.1)-(1.4), we have: ¥ m >0 and ¥Vt € [0,T|,

Lamp2 Lamyrn2 _ Lamp)2 Lmyrn2
(e El2 o I H s @O =(eRET ) +IniaFHIL: ) )(0),

DxU) DxU)

here and below we denote 0}' := 0y for the m-th derivative with respect to variable t.

Proof. When m =0, the proof is the same as that of [30, Lemma 2.1] even when € and y
depend on spatial variable x.

For any m >1, taking the m-th time derivative of (1.1) and (1.2), multiplying the re-
spective result by 0{'E and d}"H, then integrating over () and D, and adding the results
together, we obtain

Ld (1 1om Lom
24t (Hezat Ell; 2oy 179 Hl 2(Dxu)>

://VXaTH-a;”dedy—//vXa;”E-a;”dedy
uJb u.JbD
:—// (nx'E)-9"H dsdy

u.Job

=— o E)-0ymH dsdy =0, 3.2
[, | o (nxE)-amH dsdy 62

where we used the PEC boundary condition (1.3) in the last step. Integrating (3.2) from
t=0 to any time t concludes the proof. O

With Theorem 3.2, we can prove the following bound for the first derivative of the
solution with respect to the random vector.
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Theorem 3.3. Denote constant C¢!' := ]eilaiiehw(DXu)%—]y’lajimm(l)xu) for any integer
s>1. Then for solution (E,H) of (1.1)-(1.4), we have: for any t € [0,T| and y;,

1
(le?0yEl 72, +HP‘ B H 72 )0

e ”(HezatEHLz oy HIIRH - (0)

1 1
+(||ezayz.15|\2Z(Dxu)ﬂ\wayﬂﬂiz )(0) [exp(tCy").

(DxU)
Proof. Differentiating (1.1) and (1.2) with respect to y;, respectively, we have

e&tayiE—Fayie-atE:V XayiH, (33)
]/latayiH—i—ayi]/l'atH:—anyiE. (34)

Multiplying (3.3) and (3.4) by d,.E and 9, H, respectively, then integrating over U and D,
and adding the resultants together, we obtain

1d 5 2 5 2
3t (1B )+l )

— [ [ (~oue- 0B+ x0, H)-0,Edxdy— [ [ (310 H+V x0,,E)-0y,H iy
uJbp uJp
- /u /D 3,0, -0y, E dxddy — /u /D 3y, -0,H -0, H dxdy, (3.5)

where we used integration by parts and the PEC boundary condition (1.3) in the last step,
ie.,

V%9, E-3 H:// w2, E-9 .H+/ / 9, E-V x2 .H://a E-Vx2, H.
/U/D y; L Oy, u BD" ;o Oy, uJpy Vi uJpy Yi

By the Cauchy-Schwarz inequality, from (3.5) we have

1d 1 1
EE <||€za]/z‘EH22 +|“L{zany||2l,2(D><U)>
1
<le '9y€li~(Dxu)5 (HezatEH +Hezayl'EH22(DxLI))

1
+lu” asz|L°°Dxu (IlwatHsz )+|\WayiHH2Lz )

)(0)

(DxU)

1 1
SCT“-i(HezatEHzz(DXu)leatH!ILz(mm

1 1 2 3 2
O 3 (1l g, g T 1230 H 2, )

where we used the notation of C;" and Theorem 3.2 in the last step.
Using the Gronwall inequality to the last inequality concludes the proof. O
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By the same technique, we can prove the following bound for the higher order deriva-
tives of the solution with respect to the random vector.

Theorem 3.4. For the solution (E,H) of (1.1)-(1.4) and any |m| > 1, we have: ¥ t€[0,T],

1 1
(le2ay" Elf2 ) IR0y BTz ) )0
m 1
cow(t ¥ (T)er) [y e Ry, oy HIE L, )0)
1<|s|<|m|
CceH |1 —|s| 3 om|—|s| 2
A VI G (B A P A A TN

1<|s|<|m|

where we denote A" = oy -0y and ('7) = H?Zl(’;f) for any m = (my,---,my,) and s =

y
(s1,-++,84) with m; and s; either 0 or 1.

Proof. Taking the |m|-th mixed derivative of (1.1) and (1.2) with respect to y1, - ,yn, re-
spectively, we have

m _
e (9" E)=Vxdy"H- Y ()a}j‘eaym S13,E, (3.6)
1<|s|<|m|
m _
uo (0" H)=-v xay"E- ) <s>aysya];" %19, H. (3.7)
1<[s]<[m|

Multiplying (3.6) and (3.7) by ag" 'Eand E)'ym H, respectively, then integrating over U and
D, and adding the resultants together, we easily obtain

1d
o (10 E o 134 H s

S| _olm|-Isl5 ol
//D ( >ay cay"l 1910, E-a)" E dxdy
1<|s|<|m|

o, X

( )aysya’"' 10, H -0} H dxdy

1<|s|<|m|
m 1.1 - 1 -
<L <S>C§H'§(H€Zagnl ‘Sla*EHiz(Dxu)H‘WaT‘ |s‘atlr_IHsz(Dxu))
1<|s|<|m|
€ 1
b (M) S s I I ) 69)

1<[s[<|m|

which, along with the Gronwall inequality, completes the proof. O
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Note that Theorem 3.4 involves the estimate ||628‘ym =183, and

EHU (DxU)
Hyz&'m‘ |S‘atHHL2D uy , which can be bounded as below.

Theorem 3.5. For the solution (E,H) of (1.1)-(1.4) and any |m|,n>1, we have: ¥ t € [0,T],

1 1
(lle2ay O EIT- )\ +Intay O HIT ) )(8)

m 1l 1 1 n
sewtt L (0)e (005 B O

/“

Proof. Taking the n-th derivative of (3.6) and (3.7) with respect to t, respectively, we have

(DxU)

)(0)

(DxU)

1 — n 1 - n
() cetCletoy o e, |+ oo s .

(DxU)

1<|s|<|m|

ed (9" 0/ E) =V <oy o H— ) < >ays edy"l "o+, (3.9)

1<|s|<|m|

uoi(0y " H) =~V x oyt E— Y <>a}j'ya'ym Slart il (3.10)
1<|s|<|m|

Multiplying (3.9) and (3.10) by 8|ym ‘8’;15 and a‘ym ‘a’fH, respectively, then following the

proof of Theorem 3.4, we easily conclude the proof. O

Using Theorem 3.2, and Theorem 3.5 recursively in Theorem 3.4, we can see that the
. . . La|m| -2 1. |m)| 2
higher order derivatives ([le2d;" E L2 (o) +luzoy " H| L* (0 U)) (t) can be bounded by
a linear combination of the initial values:

1 1
le23y" Ell72 ) O, Ir23y" HI2 ) (0), (3.11)
Ha‘;‘agng(mu)(m, Ha‘;'a;HHZLz( (0 VISI<|m], 1<]s|+I<[m|.  (3.12)

But an explicit expression for the bound is too complicated to write down due to the
recursive dependence. Below we illustrate the exact bound for m =2.
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Theorem 3.6. For the solution (E,H) of (1.1)-(1.4) and any t € [0, T], we have:
)(£)

Sexp<t<2ci"+c§“>>{(Heza El o 120

N 10 2
(20 El 2 )+ IO I )

o) ©

1 1
+20p(C) | (I8gDE N +Hway8tHH2Lz )(0)

(DxU)
€ 1
HCFSREIRs , IWRHI: (0]
1 1
+tc§”<r|ezatm|2Z(DXNHwatﬂuiz(mu))(m}.

Proof. Using Theorem 3.4 for m =2, we have

(|23} EllT2 +||V 20y H|72,, ) (1)

1 1 1
<exp(+(2C}" +c§”>>-{<|\eza2ylsu2z(mu)+|\wa§ﬂ|\%

(DxU)

)(0)

(DxU)

t
. ) 1 2
+f [zc1 (le2dydiEl2 )+ IntaydiHIz )

€ 1
G (€202 HIHROH T u))]dt}. (3.13)

To bound the ayatE and ayatH terms in (3.13), we use Theorem 3.5 with m=n=1 to
obtain

1 1
(€YDl 12Oy PHHIE: ) 0

1 1
<exp(1CT)-|(I¥0yDiE NG, + Iioya Iz, )0

t 1
+ [ et RE s+ IEHIR 0]

oy 0

' 1 1
+1CS"(||e20%E| % . |u20fH||3 Z(Dxu))(o)} , (3.14)

€ 1 1
<exp(tCT)- (I 4yDE N, + Iy

where in the last step we used Theorem 3.2 with m =2.
Substituting (3.14) into (3.13) and using the following estimates

t e e ep t ep e 1 ep e
/ Ciyetcl dt=e!C1" —1<etC / tCi”etcl dt=te!C —W(etcl -1) <tefCr,
0 0
1

we conclude the proof. O
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3.3 The error estimate

In this subsection, we are going to find out the error G (E(-,y)—Ej(-,y)) and Go(H(-,y)—
Hj(-,y)) where y € U is given and E;(-,y) and Hj,(-,y) are the finite element solutions of
(2.5)-(2.6).

Theorem 3.7. Under the same conditions as Theorem 3.1, we have the following error estimate

\/IE 1618~ Qu (G B+ [1(Catr) ~Qn(Gatah) [ < (122 g) ).
Proof. By the triangle inequality, we have
E {1061 (B))~ Qu(G1 () + [1(Gatt) - On(Galtt)) | <Erm £,

where

Err; =2E[|(1-Qn)(G1(E)) *+[(I-Qn)(G2(H)) ],
Erry=2F [QN(Gl(E—E',;))2+QN(GZ(H—H5))2] .

The first term, which is the statistical error of QMC, can be estimated by Theorem 3.1. In
fact, by Theorem 3.1 and the derivative estimates given by Theorems 3.4-3.5, we have

S

E|[(1-Qn)(Gi(E) | <Co(M)|EIy, < Co(M)~H.
Using the similar estimates for H, we have
Err < Cgo(M)*%.
For the second term, we first notice that G; and G, are bounded on LZ(D):

k
|G1 (E_Eh)| < HGl H(LZ(D))*‘

)*‘

Applying the property that the QMC quadrature weights 1/N are positive and have a
sum 1, we obtain

E[au(6i e~ 5] <E [0 (1012

<C|E-Ej

2
k
E_EhHLZ(D)> :|
2 2, 17\2
HLZ(D)SC(T +h) .
Hence, by Theorem 2.1 we have

ErngC(HE—EWz(D)+||H—H§ <C(T*+h")2

2

Combining the estimates Err; and Err; together, we complete the proof. O
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4 Numerical experiments

In this section, we present three numerical examples to verify our analysis. Note that the
3D theoretical analyses also hold true for 2D problems by interpreting the curl operators
differently for 2D vectors and scalars, since for 2D problem one unknown is a vector and
another unknown becomes a scalar. As shown in Section 2.1, we will apply the Crank-
Nicolson scheme for the TE, mode, which has unknowns as electric field E:= (E,,,Ey,)
and magnetic field H, with the lowest order edge element on the triangular mesh. We
will compute the sample means by using the single level Monte Carlo, multi-level Monte
Carlo and QMC methods, respectively.

To test the convergence rate with an exact solution, we add additional source terms to
the original governing equations. More specifically, we solve the following mixed finite
element scheme: for any k>1, find Ef.= (Ei h,EfQ’h) evy, H',j € Uy, such that

(€E}, ) — (Hh/VX‘Ph) (eE} )+ (Hk LVxg)+t(f%0,),
(uHjs, ) + (VXEh/¢h) (uHy~ 11Ph)——(v><15k L)+ (852 )

hold true for any ¢, € VY and y, € Uy, where f and g are the added source terms. The
finite element spaces Uj, and V), on a regular triangular mesh 7}, of the domain D =[0,1]?
are given as follows:

U, ={y, €L*(Q): ¢p|. is a constant, Ve T},

Vi={¢, €H(cur;Q): ¢, |. €span{p Vi —¢;V;}, i,j=1,2,3, Ve €Ty},

where ¢; denotes the barycentric coordinates of a triangular element e. To impose the 2D
perfect conducting boundary condition, we introduce the subspace

Vi={¢,€V),: t-¢,=0, ondQ},

where 7 is the unit tangential vector on 0Q).

4.1 Single level Monte Carlo Method

For this example, we adopt the following random coefficients and exact solutions: for
any t€ (0,1],

€(x,y) =1-+0.01(y1 X1 +y2%2 +Y32] +YaX3 +Ysx1 X2 +6X7),
(x,y) =1-+0.01(y1 X2 +Y2X1 +Y3X3 +Yax3 +Y5X1X2+ Y6 X3),
E.(x,y)=sin(7rx1)cos(mxa)e” ™ (e+2u),
y(x,y) = —cos(mxy)sin(7xp)e ™ (2e+ ),
H(x,y) =sin(7tx1)sin(mxs)e” ™ (e —2pu),

‘2

np]
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Table 1: Errors of (Exl,ExZ,H) obtained by the single level Monte Carlo method with the lowest edge element.

Mesh H]E[E(T)]—EM[Eﬁ]le(D) Rate HIE[H(T)}—EM[HZH]lz(D) Rate | CPU time(s)
N=2 2.025681E—01 - 9.855452E —01 - 0.57096
N=4 8.016480E —02 1.9413 2.456558E —01 1.9868 13.29811
N=8 1.846385E —02 2.0869 6.260263E —02 1.9837 | 540.99794
N=16 4.241596E —03 2.0654 1.580314E —02 1.9891 | 43986.39742
N=32 1.053961E —03 2.0088 3.972438E —03 1.9921 | 258671.07102

where x=(x1,x2) €D and y=(y1,--,ys) €U=10,1]°, i.e., y; are uniformly distributed ran-
dom variables. The source functions f and g are obtained by plugging the exact solutions
E X,Ey,H into the governing equations.

To test the convergence rate, we set the number of samples for Monte Carlo testas M=
N*, where N is the number of partition D in both x and y-direction, i.e., we first partition
D into N x N rectangles, then partition each rectangle into two triangles by connecting
the diagonals. The total number of time steps is chosen as N also. All the numerical
tests have been carried out by using the FEniCS package (https://fenicsproject.org/) on
a 2017 MacBook Pro laptop with a 2.8 GHz Intel Core i7 processor and a memory of 16 GB
2133 MHz LPDDR3. The discrete [?(D) errors between the expectation of exact solution
and the sample mean of numerical solution at the final time T=1 is computed to check
our theoretical convergence rate given in Theorem 2.2.

Table 1 shows clearly that both the errors of E and H are second order, which
is due to the superconvergence phenomenon obtained for the lowest order triangular
edge element [22]. Note that the finest mesh numerical test needs to solve the prob-
lem 32*=1,048,576 times, which takes about 72 hours, which shows that the simple level
Monte Carlo method is unpractically slow. Later, we will show that the multi-level Monte
Carlo and QMC methods are much more efficient than the simple level Monte Carlo
method.

To further confirm our theoretical analysis, we resolve this example by using one
order higher basis functions, i.e., a second order edge element for the electric field and
linear Lagrange element for the magnetic field. The numerical results are presented in
Table 2, which clearly shows the second order error estimate for both E and H. This is
consistent with Theorem 2.2.

4.2 Multi-level Monte Carlo Method

We repeat the last numerical example by using the multi-level Monte Carlo method an-
alyzed in Section 2.3 and compute the sample mean by the telescope series of (2.26). At
level I of each numerical test, we set i =7,=1/2! and M; =162, where [=1,---,L. We
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Table 2: Errors of (Exl,ExZ,H) obtained by the single level Monte Carlo method with the second order edge
element.

Mesh HIE[E(T)]—EM[Eﬁ]HLz(D) Rate ||IE[H(T)}—EM[HZ}HL2(D) Rate | CPU time(s)
N=2 1.467381E—01 - 5.914026E —01 - 0.53130
N=4 3.563603E —02 2.0418 1.550685E —01 1.9312 15.71102
N=8 9.159853E—03 2.0009 3.790434E —02 1.9819 | 733.77024
N=16 2.232569E —03 2.0075 9.409349E —03 1.9954 | 67682.74943

Table 3: Errors of (Ey,,Ex,, H) obtained by the multi-level Monte Carlo method.

Mesh H]E[E(T)}—EM[EZH]lz(D) Rate H]E[H(T)]—EM[Hﬁ]le(D) Rate | CPU time(s)
=1 8.022609E —02 - 2.464436E —01 - 0.61908
L=2 1.866771E —02 1.8555 6.106013E —02 2.0151 23.07685
L=3 4.516066E —03 1.7770 1.496582E —02 2.0165 | 437.75725
L=4 1.758842E —03 1.7113 3.842888E —03 2.0196 | 27501.86158
L=5 4.211790E - 04 2.0621 9.102927E —04 2.0778 | 69150.66038

choose the parameters to obtain O((hr)?) convergence, since

L L L L L
Zh%Ml1/2221’1%(:—2>2Mll/2:h%2 (22_1)2(16L112)l/ZZh%le:O(h%)
=1 =1 =1 1=1

As we can see from Table 3, the errors are still second order, which verifies Theorem
2.3. For the finest mesh case (L =5), it requests total Y;_; M; = 84,510 Monte Carlo tests.
Compared to the single level method, this saves a lot in the computational time as shown
in Table 3.

4.3 The QMC method

This test is used to verify Theorem 3.7. We used the shifted lattice rule to generate the
quasi random sequence on [0,1]°. Since the theoretical convergent results of QMC in this
case is of O(M~1*én) where 0 < e, < 1 (see [29]), we just take the total QMC test times
M = N? for each test, where N is the spatial and temporal partition number. As shown
in Table 4, both the convergence rates of E and H are about second order. Note that the
QMC sample for the finest temporal and spatial mesh is only M = 32% = 1,024, which is
much lower than both the single level and multi-level Monte Carlo methods.
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Table 4: Errors of (Ey,,Ex,, H) obtained by the QMC method.

Mesh | |[E[E(T)]—Eml[Ef] I 20y | Rate | [[E[H(T)]~En [HE] l2(p) | Rate | CPU time(s)
N=2 2.022678E —01 - 9.852111E —01 - 0.13250
N=4 8.019398E —02 1.9454 2.455848E —01 1.9872 | 0.71975
N=8 1.843664E —02 2.0936 6.260027E —02 1.9844 | 8.207584
N=16 4.244253F —03 2.0758 1.580382E —02 1.9903 | 165.89224
N=32 1.037406E —03 2.0325 3.965429E —03 1.9947 | 4970.95464

5 Conclusion

In this paper, we have investigated the single level and multi-level Monte Carlo methods
and the quasi-Monte Carlo method for solving the time-dependent Maxwell’s equations
with random inputs. The convergences of all methods have been established. Note that
the QMC method’s convergence rate depends on the regularity or smoothness of the
random inputs. Numerical results supporting the analysis are presented. As for future
work, we plan to consider higher order QMC rules such as the multi-level QMC, and
applications to practical uncertainty quantification problems for Maxwell’s equations.
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