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Abstract

In order to simulate solutions to stochastic partial differential equations (SPDE) they
must be approximated in space and time. In this thesis such fully discrete approxima-
tions are considered, with an emphasis on finite element methods combined with rational
semigroup approximations. There are several notions of the error resulting from this. One
of them is the weak error, measured in terms of the mean of a functional applied to the
solution. To approximate the mean, one typically employs Monte Carlo and multilevel
Monte Carlo methods that are based on generating a large number of realizations of the
approximate solution to the SPDE.

The thesis consists of two papers. In Paper 1 the additional error caused by Monte
Carlo and multilevel Monte Carlo methods when one attempts to simulate the weak error
is analysed Upper and lower bounds are derived for the different methods and simulations
illustrate the results.

When using multilevel Monte Carlo methods to estimate the weak error, along with
other properties of the SPDE, it is important that the discretizations used are sufficiently
stable in a mean square sense. In Paper 2 a framework for the analysis of the asymptotic
mean square stability of a general stochastic recursion scheme is set up. This framework
is then applied to several discretizations of an SPDE, which results in a series of sufficient
conditions for stability. Some of these results are found to be sharp in simulations.

In addition to the two papers, a deterministic scheme for the simulation of weak errors
in the context of finite elements is presented.

Keywords: Stochastic partial differential equations, numerical approximation of stochas-
tic differential equations, finite element method, Monte Carlo, multilevel Monte Carlo,
variance reduction techniques, weak convergence, asymptotic mean square stability, mul-
tiplicative noise, Lévy processes
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1 INTRODUCTION 1

1 Introduction

The topic of this thesis is the study of some computational aspects of approximations to
stochastic partial differential equations (SPDE) of the form

dX(t) = (AX(t) + F(X(t))) dt + G(X(t)) dL(t), )

X (0) = X, (1)
where ¢t € [0,T]. Here the process X takes values in a Hilbert space H, the stochastic
Lévy process L takes values in another Hilbert space U, F' maps elements from H to H
and G maps elements of H onto a space of operators from U to H. The operator A on H
is the generator of a strongly continuous semigroup of bounded linear operators in H. An
example of such an operator is the Laplacian A on the space of square integrable functions
on some domain D C R d € {1,2,3}, so that (1) becomes a stochastic heat equation,
which one can interpret as describing heat flow perturbed by some noise, perhaps due
to measurement errors. Here the noise is said to be multiplicative, since the operator G
depends on X. SPDE have many other uses in fields such as biology, engineering and
finance, see, e.g., [18, 19] for an overview of such applications.

As the solution X to (1) is a stochastic process, a natural quantity of interest is the
mean value E[X (¢)] of it at some time ¢ € [0, T], or perhaps the mean value E[p(X (¢))] of
some functional ¢ : H — R of the solution. Since analytical solutions to (1) are hardly ever
available, an approximation X (t) is used instead and the quantity | E[¢p(X (£))]—E[p(X (¢))]]
is referred to as a weak error. The topic of weak error analysis has been met with increasing
interest in the SPDE community during recent years.

In order to approximate quantities like E[¢(X (t))], Monte Carlo methods are often
employed, which are based on generating a large number of realizations of X. That is to
say, an approximation of the solution to (1) has to be computed many times, something
that is computationally very expensive. This may explain why simulations that illustrate
theoretical results on convergence with respect to the weak error are rarely available, as one
employs Monte Carlo methods to approximate the weak error | E[p(X (t))] — E[p(X (¢))]]
itself. The first paper of this thesis analyses the additional error caused by approximating
the weak error using various Monte Carlo approaches.

One of the methods considered in Paper 1 is the multilevel Monte Carlo method, which
is based on approximating E[¢(X (¢))] by applying the Monte Carlo method to a sequence
Xo, X Tyeens X ¢, ... of approximations of X indexed by a level ¢. Typically the accuracy of
X, increases as £ — 0o but so does the computational cost. The main idea of the multilevel
Monte Carlo method is to compute a different number of realizations for each level, from
a few when ¢ is big to many when ¢ is small. By choosing the right balance between the
accuracy of the approximation and the number of realizations at each level, the multilevel
Monte Carlo method can be more efficient than standard Monte Carlo methods, while
retaining the same degree of accuracy. To ensure that it is more efficient, the approximation
should be sufficiently stable at all levels. More precisely, this refers to the asymptotic mean
square stability of X, the property that E[[| X (¢)||%] — 0 as t — oco. The second paper



of this thesis sets up a framework for analysing the asymptotic mean square stability of
approximations to (1) as well as more general finite-dimensional recursion schemes.

The following sections provide the theoretical background for the papers, along with
summaries of them. In Section 2 we set up the notation we use and review basic results
from the fields of functional analysis and probability theory, with an emphasis on random
fields and stochastic integration. Section 3 contains results on SPDE and finite element
approximations and Section 4 introduces Monte Carlo and multilevel Monte Carlo methods.
In Sections 5 and 7 we summarize Papers 1 and 2 while in Section 6, inspired by the results
of Paper 2, we present a way of computing weak errors that avoids the use of Monte Carlo
methods.

2 Preliminaries

In this chapter we introduce the concepts and notation needed for the construction of
solutions and approximations of SPDE. For proofs and more details on the standard claims
made in this part of the thesis, the reader is referred to [7, 13, 20].

2.1 Functional analysis

Let (U,(-,-);;) and (H,(-,-),) be real separable Hilbert spaces and let (B,| - ||z) and
(E,| - ||l5) be real Banach spaces. We write L(B; E) for the Banach space of linear and
bounded operators from B to E, or L(B) if E = B. Given an orthonormal basis (e;);en
of H we denote by Lys(H;U) C L(H;U) the Hilbert space of Hilbert-Schmidt operators
with inner product

(o]

<F7 G>LHS(H;U) - Z <F677 G6i>U7

i=1

and whenever U = H we write Lyg(H) for Lys(H; H). It is not hard to see that this
inner product is independent of the chosen orthonormal basis (e;);en. The embedding
Lus(H;U) C L(H;U) is continuous with embedding constant 1, i.e., for F' € Lyg(H;U),
| Fllocavy < N F || uscaey- Another notion that we will use is the trace of a self-adjoint and
positive semidefinite operator @ € L(H) which is for any orthonormal basis (e;);en of H
defined by

T(Q) = Y (Qeiren)y = QIR s
i=1
where Q'/2, which exists if Tr(Q) < oo, is the unique self-adjoint and positive semidefinite
operator for which Q'/2Q'? = Q. Next, let us assume that —A : dom(A) € H — H is
a densely defined, linear, self-adjoint and positive definite operator with compact inverse
(—A)~'. By the spectral theorem applied to (—A)~! we get an orthonormal eigenbasis
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(e;)ien of H and a positive sequence (\;);en of eigenvalues of —A that is increasing and for
which lim; \; = oo. For r > 0 we define fractional powers of —A by

(A =3 AF {fred e

for f € H", where
7 = dom((=A)F) = {f € H: || < o}
is a separable Hilbert space when equipped with the inner product
(o = (= A)3, (= A)2)

With this construction it holds for s < r that HT C H*. The operator A is the generator
of a semigroup, which we define below.

Definition 2.1. Let B be a Banach space. A family (E(t))cj0,00) With E(t) € L(B) for
all t > 0 is called a semigroup of operators on B if

(i) E(0) = I, where I is the identity operator and
(ii) E(t+s)=E(t)E(s) for all s,t > 0.
If in addition to this
(49) limpo E(t)f = f for all f € B,
it is said to be strongly continuous or a Cy-semigroup. If it also satisfies
(i) [B(t)20) < 1 for all £ >0,

then it is called a Cy-semigroup of contractions.
The linear operator A defined by

Af = limw,
N0 t

with dom(A) being the space of all f € B such that the limit exists, is called the infinites-
imal generator of the semigroup.

In our setting, an analytic Cy-semigroup of contractions (E(t))e[,00) is, for t > 0 and
[ € H, given by E(t)f = > 02, e " (f, &), ;. It can be seen that A is the generator of
this semigroup. Next, we give a concrete standard example of the notions given so far.



Example 2.2. Let H = L?*(D;R) be the space of square integrable functions on a bounded
convex domain D C R?, d € N, with polygonal boundary. Let for a function f on D the
operator A be given by

Af =V -(a(z)Vf) = clz)f

with Dirichlet boundary conditions, where a,c : D — R are sufficiently smooth functions
with ¢(x) > 0 and a(z) > ap > 0 for all € D. Then —A fulfils the assumptions above
and its fractional powers give rise to the sequence of Hilbert spaces (H ")r>0. One can show
that H' = H}(D) and H? = H?(D) N HY(D) where H*(D), k > 0, denotes the Sobolev
space of order k and H}(D) is the subspace of H!(D) containing the functions that are
zero at the boundary of D.

We end this section with a brief review of tensor products of Hilbert spaces, which are
used in Paper II. For Hilbert spaces H and U the algebraic tensor product H ®q U is the
vector space of finite sums » . | f; ® g;, where f; € H and ¢g; € U for i = 1,...,n, along
with the equivalence relations

(L+f)on=Hhoa+ogn
L@ +g)=H0a+fi®g
(Afl) & g1 :f1®()\91) = )\(fl ®91)7

where A € R. The Hilbert tensor product H @ U, or just H? when U = H, is defined as
the completion of the algebraic tensor product with respect to the norm induced by the
inner product

(1 ® 91, f2® g2) you = (f1, f2) i {91, 92) -

If (e1,4)ien and (€2, )sen are orthonormal bases of H and U respectively then (e ;®ez ;) jen is
an orthonormal basis of H®@U. The same statement holds when we drop the orthonormality
requirement if the spaces involved are finite-dimensional.

The Hilbert tensor product can also be constructed by identifying H @ U = Lys(U; H)
where the element f; ® g1, f1 € H, g1 € U, is interpreted as the mapping

g2 = <91792>U fi.

Here = denotes the existence of an isometric isomorphism.

2.2 Probability theory

To be able to speak of stochastic processes in Hilbert spaces, we must first introduce the
concept of a Hilbert space-valued random variable. Let (€2, A, (F¢):cpo,r), P) be a complete
filtered probability space satisfying the usual conditions, which is to say that F, contains
all P-null sets and F; = Ny F for all ¢ € [0,7]. For a Hilbert space H, an H-valued
random variable, or just a random variable it H = R, is an (A, B(H))-measurable function
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X : Q +— H. Here B(H) refers to the Borel o-algebra on H. The expectation of an
H-valued random variable is defined by the Bochner integral

B[] = | X(w)dP()

whenever || X || 11 ;m) = E[|| X||#] < co. The covariance of X € L*(S%; H) is defined by
Cov(X) =E[(X —E[X]) ® (X — E[X])]

and with the identification HQ H = Lyg(H) its counterpart, the unique self-adjoint positive
semidefinite operator Q) € Lys(H) for which, with f € H,

Qf =E[X —E[X], f)y (X - E[X])]

is called the covariance operator of X although when there is no risk of confusion we also
refer to this operator as the covariance of X. From this definition one can see that

Tr(Q) = |X — E[X]”%Q(SZ;H) <0
and @ is said to be of trace class. The identity

E[(X —E[X], /)y (X —E[X],9) ] = (@F,9)u (2)

for any f,g € H is a straightforward consequence of the definition of Q).
A probability measure p on H is called Gaussian if for some m € H and Q € L(H)
with Tr(Q) < oo, its characteristic functional is given by

Alf) = /H exp (i (g, ) ) dpa(g) = exp (i (f )y — 1(QF, )

It can be shown that for each m € H and self-adjoint positive semidefinite @ € L(H) with
Tr(Q) < oo such a measure exists. A random variable X is said to be Gaussian if its image
measure P o X! is a Gaussian probability measure and we write X ~ N (m, Q). In this
case m = E[X] and @ is the covariance operator of X.

For an interval [0,7], with T < oo, an H-valued stochastic process (X(t))icjor) is a
family of H-valued random variables. It is said to be adapted to the filtration (Fy)ieo.r
if for each t € [0, 7], X(t) is Fi-measurable. Two H-valued stochastic processes X,Y are
said to be modifications of one another if for all ¢ € [0, 7], X(¢) = Y (¢) P-almost surely.

The class of stochastic processes most important in this thesis is that of the so called
Lévy processes. Since we will only have use for Lévy processes that are square integrable
and have zero mean, as this entails that they are square integrable martingales, these are
the ones that we define next. For a trace class self-adjoint positive semidefinite operator
Q € L(H), an H-valued stochastic process (L(t))cp,r)) is said to be a mean zero square
integrable Q-Lévy process with respect to the filtration (F)icjo.r) if



e L(0) = 0 P-almost surely,

L is continuous in probability, i.e., for any e > 0 and ¢ € [0, T,

lim P(|L(t) ~ L(3)]|ar > €) = 0.

s>0

e [, has independent and stationary increments,

L is adapted to (F3)iefo.17,

e L(t) — L(s) is independent of F; for all 0 < s <t < T,

e L is square integrable, i.e., || L(t)|| r2(q.m) < oo for all ¢ > 0 and

o L(t)— L(s), 0 < s <t <T, has zero mean and covariance (t — s)Q.

With these assumptions it holds that L is an H-valued square integrable martingale. If in
addition to this for all 0 < s < ¢ < T the increment L(t) — L(s) ~ N(0, (t — s5)Q), L is
said to be a Q-Wiener process (or a standard Brownian motion in the case of H = R and
Q = 1) with respect to the filtration (F;);cjo,7], and we then denote it by W. An expansion
of a mean zero square integrable Q-Lévy process (L(t)).c[o,r) on the orthonormal eigenbasis
(pi)ien of @ is called the Karhunen—Loéve expansion

L=Y VL, (3)
i=1

where (p;);en is the decreasing sequence of positive eigenvalues of @ in H, where we note
that such eigenpairs exist since the assumption of a finite trace ensures that @) is compact.
Furthermore, (L;);en is a sequence of uncorrelated identically distributed real-valued Q-
Lévy processes with @ = 1. If L is a @-Wiener process then for any ¢ € N, L; is a
real-valued standard Brownian motion.

2.3 Random fields

Let us now consider the setting of Example 2.2 where D C R? is a bounded convex domain
with polygonal boundary and H = L?(D;R). We introduce random fields on D and give
a condition under which such fields are elements of L?(€2; H).

Definition 2.3. A random field is a collection of random variables (X (z)).cp such that the
mapping = X w — X (z)[w] is measurable with respect to the product o-algebra B(D) ® A.

Definition 2.4. A second order random field X is a random field with X (z) € L*(Q;R)
for all x € D. Tts covariance function C'is given by C(x,y) = Cov(X(x), X (y)) for z,y € D
and its mean function m by m(z) = E[X (z)].



2 PRELIMINARIES 7

If we now assume that the pair of functions C' and m fulfils
/ C(z,z) + m(z)*dr < o0,
D

then, as a consequence of the joint measurability and Fubini’s theorem, the mapping given
by w + X (-)[w], which we denote by X, is in L?(2; H) and the mean function m is equal
to the expectation of X. For the same reason, the covariance operator of X is for f € H
and x € D given by

Qf(z) =E[(X —E[X], f) y (X(z) — E[X(2)])]

a fact that can be exploited to numerically approximate the eigenpairs of () from knowing
only the covariance function. This can then in turn be used to generate samples of, e.g., a
Lévy process by using the Karhunen—Loeve expansion (3). We say that C' is a kernel of the
covariance operator, or just a covariance kernel for short. With the parameters o2, k € R,

an example of a common covariance kernel is the exponential kernel
o2

Clz,y) = m exp(—klz —y|)
which one obtains as a special case of the Matérn covariance kernel

217110.2
(4m) 22T (v + d/2)x?

Clz,y) = (kle —y))" Ko (slz = yl)

by setting v = 1/2. Here K, denotes the modified Bessel function of the second kind. In
Figure 1 we see a realization of an approximation of a Q-Wiener process taking values in
H = L*(D;R), where D = [0,1]?. Here @ is the covariance operator corresponding to a
Matérn kernel with parameters v = 3, k = 25 and o2 chosen so that C(z,z) = 5. The
approximation was generated with FEniCS (see [2]) using the approach of [17].

2.4 Stochastic integration

To make sense of solutions to (1) we need a theory for the integration of stochastic processes
with respect to square integrable martingales. That is to say, in our setting, for ¢ € [0, 7]
and an L(U; H)-valued stochastic process U on [0,T], we want to make sense of the H-
valued stochastic Ito integral

1) = /0 U(s) dL(s)

with respect to a mean zero square integrable U-valued Q-Lévy process L. We briefly
reiterate the results of [20, Chapter 8] for our simpler setting of integration with respect



Figure 1: Realization of a Q-Wiener process in H = L?([0,1]?), sampled at times ¢ =
0.25,0.50,0.75 and 1.00.

to such processes. The integral is first defined in terms of so called simple integrands,
which are those L(U; H)-valued stochastic processes W for which there, with m € N, exist
a sequence of times 0 =ty < t; < ... < t; < tz+1 < ... <ty =T, asequence (¥;)" " of
L(U; H)-valued operators and a sequence (A4;)™ " of events in Fy, such that

m—1
= Z La, 1(ti,ti+1] (S)\IJ
=0

for s € [0,T], where 1,4, and 1, ,,,) are indicator functions, i.e., for a set A

La() = 1 ifxe A,
A\E) = 0 otherwise.
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For these processes one sets
m—1
IF@) = Y 14 Wi(L(tia A1) — Lt A )
i=0

for which the so called It isometry

t
B (IO = | [ 1906 g ] n
holds true, where Uy = Q/?(U) is the Hilbert space equipped with the inner product
1
Yy = <Q ) 2.>U’

Q"2 denoting the pseudo-inverse of Q'/2. The space NF(H) of admissible integrands is
now defined as the completion of the space of simple processes with respect to the norm

T 3
1l = (= | [ 19O R ] )

and I} : NF(H) — L*(Q; H) is well defined as a continuous extension. Since ||¥||; < [ W],
the It6 isometry (4) holds true for any ¢ € [0, 7] and any admissible integrand.
One can also construct VX (H) by

NF(H) = L*(([0,T] % Q, Pr, dt @ P); Lus(Uo; H))
where Pr denotes the predictable o-algebra, i.e., the o-algebra generated by the set
{(s,t] x AC[0,T| xQ|0<s<t, Ae F}.

A stochastic process which is measurable with respect to this o-algebra is said to be
predictable.

3 Stochastic partial differential equations and approx-
imations

Let us now return to (1), the SPDE of the introduction, to discuss what we mean by a
solution to it. Recall that the equation is given by

AX(t) = (AX(t) + F(X (1)) dt + G(X(t)) dL(t),

X(0) = X, (5)
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where t € [0,T), Xog € L2(§; H), F: H — H, G : H — Lys(Up; H) and L is a U-valued
@-Lévy process. This is to be understood as the integral equation

X(t) = Xo +/O AX(s)+ F(X(s))ds +/0 G(X(s))dL(s), (6)

where the first integral is of Bochner type and the second is the stochastic integral intro-
duced in Section 2.4. In order to make sense of this process, there are several notions of
solutions in the literature. Solutions formulated in terms of the integral equation (6) are
referred to as strong solutions. We will, however, be concerned with the weaker concept of
mild solutions which are formulated in terms of the semigroup (E(t))icjo,r] generated by

A.

Definition 3.1. Let Xy € L*(Q; H). A predictable process X = (X(t))ep,r) is called a
mild solution to Equation (5) if

sup || X (#)[ 2.m) < 00
te[0,77]

and for all ¢ € [0, 7]
X(t)=Et)Xo+ /0 E(t—s)F(X(s))ds+ /0 E(t—s)G(X(s))dL(s), P-as.

Under the following set of assumptions, [20, Theorem 9.15] and [20, Theorem 9.29]
ensure the existence of an up to modification unique mild solution X of Equation (5).
Since in our setting (E(t))icjo,r] is a semigroup of contractions, [20, Theorem 9.29] also
guarantees the existence of a cadlag modification of X.

Assumption 3.2. The parameters F, G and L of Equation (5) fulfil the following.

e For F': H — H there exist a constant C' > 0 such that for all f,g € H
IE(f) = F(lla <Clf — glla
e For G : H — Lyus(Up; H) there exist a constant C' > 0 such that for all f,g € H

1G(f) = G| sy < CILf = glla-

e [ is a U-valued mean zero square integrable Q-Lévy process.

In general, these are stronger than what is needed for the existence of a mild solution. See
e.g., [20, Chapter 9] and [13, Chapter 2] for examples of relaxed assumptions.
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3.1 Spatial discretization

Since an analytical solution to (5) is rarely available, one has to discretize the equation in
space and in time if one want to simulate it on a computer. We speak of a fully discrete
approximation of the mild solution X if it is discretized in both space and time. To arrive
at such an approximation is the goal of this section and the next. In this first part, which
mirrors the setting of [13], we consider spatial discretizations. The main idea is to seek
solutions to (5) in some finite-dimensional subspace of H, where the operators involved are
replaced with finite-dimensional counterparts.

Let (Vi)ne(o be a family of subspaces of H' such that dim(V;) = N, < oo, h € (0, 1].
By P, : H — V, and Ry, : H' — Vi, we denote orthogonal projectors onto V;, with
respect to the inner products of H and H' respectively, which is to say that for all f € H,
g € H' and f;, € V,, we have (Pyf, fr)y = (f, fn)y and (Rug, fu), = (g, fn);- In order
to guarantee the convergence of a fully discrete approximation to the mild solution, the
following assumption on the sequence (V},) ne(o,) formulated in terms of these projectors is
given in [13].

Assumption 3.3. There exists a constant C' > 0 such that the following statements are
true.

o Forall fe H' ||Pufls <Cf|:-
e Forall f € H17 |Rnf — flla < Ch| fl-
e Forall f € H? ||Ruf — fllu < CR?||f]2.

From [13, Section 3.2] we cite two examples of subspace sequences that fulfil Assump-
tion 3.3.

Example 3.4 (Standard finite element method). Consider the setting of Example 2.2,
where H = L*(D;R), D C R with d € {1,2,3}. Let (T})ne(01) be a regular quasi-uniform
family of triangulations of D with h being the maximal mesh size. We let V}, be the space

of all functions that are continuous and piecewise linear on 7} and zero at the boundary
of D.

Example 3.5 (Spectral Galerkin method). Let us restrict Example 3.4 to the case that
D =1[0,1] and A = A with Dirichlet boundary conditions. In this setting the orthonormal
eigenbasis (¢;);eny and the sequence of eigenvalues (\;);en to —A are explicitly known to
be e; = v/2sin(in-) and \; = i?72 for all i € N. If we now, for N € N, set h = )\;Vlﬁ and
Vi = span(ey, ez, ..., ex) we get a sequence (V)ne(o,) that fulfils Assumption 3.3.

Given a fixed subspace V;,, —A;, : Vi, — V},, the discrete version of —A, is now defined
by the relationship

(~Anfusgid = (s gidy = (=) fa (= A)Egn)

H
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for all f5, g € Vj. It is straightforward to see that this operator is self-adjoint and positive
definite (hence invertible) on V, which, in the same way as before, entails the existence of an
orthonormal eigenbasis (ep;)i—1...n, of V, and an increasing positive sequence (Ap;)i=1
of eigenvalues of —A;,. For the same reason, A;, generates a Cyp-semigroup of contractions
(En(t))icpo,r)- Therefore, replacing F' and G by P, F and PG respectively, Assumption 3.2
also guarantees the existence of a semidiscrete mild solution X}, to the equation

AXu(t) = (A Xa(t) + PuFX3(t)) dt + PoG(Xa(t)) dL(t),
X,(0) = P, X,.

3.2 Spatio-temporal discretization

In this section we further discretize the semidiscrete solution by considering rational ap-
prozimations of (Ep(t))icjo.r), where we follow the approach of [21]. Let us therefore for
convenience consider a uniform time grid given by ¢; = jAt for j = 0,..., Na¢, where
Nay € N and At = TN&tl.

A rational approximation of order p of the exponential function is a rational function
R : C — C satisfying that there exist constants C,d > 0 such that for all z € C with
|z] <4

|R(2) — exp(2)| < O,

Since R is rational there exist polynomials 7, and rq such that R = r; Lr.. With the
introduced notation, R(AtA,) € L(V},) is for all f, € Vj, given by

Np

R(AtA,) fo = 13 (AtA,)ra(AtA,) fr = >

k=1

Tn(fAt)\h,k)

—_— e Ch k-

ra(—Atnr) (fhs €nk) g €n

The family of L(V},)-valued operators (Ena¢(t))icpo.r] defined by Ej, a(t) = R(AtA,) for

t€[tji_1,tj), j=1,..., Nae, is the rational approximation of the semigroup (Ex(t)):cio,7)-
Let us now, for f; € V,, define a deterministic approximation operator on Vj, by

DG (fn) = RIALAR) fi + g (ALAR) ALPLF(f), (7)
and, for j = 1,..., Nay, a stochastic approzimation operator by
DAy (fn) = rg(ALA) PG (fn) ALY, (8)

where the Lévy increment ALY = L(t;1) — L(t;). Then, the fully discrete approximation
Xpar = (XZ{N)]»:OMNN of the mild solution to Equation (5) is, for j = 0,..., Na; — 1,
given by the recursion scheme

tiv1 _ pydet it stoch,j y-t;
Xiar = DxenXnae + Dacn” Xi aes

9)
XP o = PuXo.
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Example 3.6. An important example of a rational approximation of (Ej,(t))cjo,r] is the
backward Euler scheme, where R(AtAy) is defined through rq(z) = 1 — 2 and ry(z) = 1
for all © € R, x # 1. One can then rewrite Scheme (9) as

Xk = Xpan = (AXPE + PUF(Xpa) ) At + PiG(X[ )AL, (10)
where j = 0,..., Na, — 1. Another example is the forward Fuler scheme defined through

ra(z) =1 and r,(z) = 1 + = for all # € R, which can similarly be rewritten as
X = X = (A XD a0+ PUF(X)50)) At + BG(Xy )AL,

for j =0,...,Na; — 1.

3.3 Strong and weak convergence

To finish this introduction to approximations of SPDE we briefly review results for two

different notions of convergence of the family X = (X, a¢, b € (0, 1], Nas € N) to the mild
solution X of Equation (5). The approximation is said to strongly converge to X if

t,
sup ”Xh{m - X(tj)||L2(Q;H) =0
JE{L,..,Nac}
as h, At — 0. However, one might not always be interested in approximating X in a mean
square sense but only in the mean value of a functional of the solution. We say that X
converges weakly to X if

E[6(X}a) — 6(X(1)]| = 0

as h, At — 0 for all ¢ € C’g(H ;R), the space of all twice Fréchet differentiable mappings
¢ : H — R such that the derivatives of ¢ have at most polynomial growth. One can show
that for such mappings, strong convergence implies weak convergence.

Let us now introduce a set of assumptions that together with the previous ones ensures
the strong convergence of X to X.

Assumption 3.7. The rational approximation of (Ej(t)):cpo,r) is given by the backward
Euler scheme, i.e., R is defined through rq(z) =1 — 2 and r,(z) = 1 for all z € R, z # 1.
Furthermore, the noise is assumed to be Gaussian, i.e., L = W is a U-valued Q-Wiener
process, and the initial value X, € H' is deterministic.

An important consequence of this assumption is, by [13, Theorem 2.25], the uniform
bound

sup || X (t)|| Le(esry < 00, (11)
t€(0,17]

which holds for any p > 1. The following result on the strong convergence is a direct
consequence of [13, Theorem 3.14].
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Theorem 3.8. Under Assumptions 3.2, 3.8 and 3.7, for any p > 1, there exists a constant
C' such that, for any fully discrete approximation X ar,

1
X = X6l < € (1 (80)1).

We say that the strong convergence is of rate 1 in space and 1/2 in time. As a rule
of thumb the weak convergence rate is twice that of the strong rate (see e.g. [3, 9, 12]
for fully discrete approximations with additive noise and [4, 6, 8, 10, 11] for semi-discrete
approximations with multiplicative noise). Proving this in this specific setting is work in
progress, so in the mean time we formulate the following conjecture.

Conjecture 3.9. Under Assumptions 3.2, 3.3 and 3.7, for all ¢ € Cg(H;R), there exists
a constant C' such that, for any fully discrete approximation X aq,

E[6(Xpa) —o(X(t)]| < € (62 + a2).

Je{1,...Nat}

4 Monte Carlo methods

Since the mean of functionals of the mild solution of Equation (5) cannot in general be
explicitly evaluated, we have to introduce an approximation of the expectation operator
E[-]. We will consider two approximations that are both based on simulating a large number
of approximate solutions to (5) and taking the average of a functional applied to it, but
we formulate the theory in the general setting of real-valued random variables.

The Monte Carlo estimator Ey of a real-valued random variable Y € L*({;R) is given
by

1 N
i=1

where (Y)Y | is a sequence of independent, identically distributed random variables that
have the same law as Y. The convergence of Ex[Y] to E[Y] as N — oo is ensured by a
mean square version of the law of large numbers

N
1 i
IE[Y] - En[Y]li720m) = i Y (EY]-YD)
i=1 L2(4R)
N
1 N (12)
~ N2 Z [E[Y] - v )HLZ(Q;]R)
=1
1 1
= NVar(Y) < N”YH%Q(Q;R)'

Instead of a single random variable Y we can consider a sequence (Y7)sen, of random
variables, where Y, € L?(€; R) and the index ¢ € Ny is referred to as a level. The multilevel
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Monte Carlo estimator E¥ of Y, € (Yy)een, is, for L € N, defined by

L
E"[Y1] = Ex,[Yol + > En,[Yy — Yii],
(=1

where (N;)E, consists of level specific numbers of samples in the respective Monte Carlo
estimators. A telescoping sum argument shows that as an estimator of E [Y;] the multilevel
Monte Carlo estimator is unbiased. Under the assumption that (Y7)sen, converges to some
random variable Y, a calculation similar to (12) gives the error estimate

1
2

L
1 1
IEY] - E*Yilllsoom < |E[Y = Yi][+ <M|%”%2(SZ;R) +> e - Yellim;m)
=1

In this context, the advantage of using a multilevel Monte Carlo estimator compared to a
standard Monte Carlo estimator is due to the flexibility allowed by letting the sample sizes
(Ne)io depend on a bound on [|Yy — Yy_1||r2(r), £ = 1,..., L. In the case that sampling
Y, for small /¢ is computationally cheaper then sampling Y7, we can let the sampling effort
be concentrated on the coarser levels ¢ < L. We then need to choose the sample sizes in
such a way that the overall error is balanced. The following theorem, which is a special
case of [14, Theorem 1], shows how one does this and provides bounds on the overall
computational work.

Theorem 4.1. Let (ay)sen, be a decreasing sequence of positive real numbers that converges
to zero and assume that there exist constants Cy, Cy, C3 and a parameter n € [0, 1], such
that for all ¢ € N, Y, and Y, fulfil

E[Y = Y| < Chay,
and
1Yo — Yl 2y < Caaf

for ¢ € Ny and that Yy fulfils ||Yo|| 2y = C3. For L € N0 = 1,...,L, ¢ > 0, set
Ny = [a;?a}l**], where [] is the ceiling function, and Ny = [a;*]. Then

|EY] - EX[YL] lr2m) < (CT+ C54+ Co+((1+¢€))%ar,

where  denotes the Riemann zeta function. Furthermore, assume that, for some constants
Cy,Cs,Cs and k,5 > 0, the work WP of one calculation of Y, — Y,_q, £ > 1, is bounded
by Csa, ™, that the work of one calculation of Yy is bounded by C5 and that the addition
of the Monte Carlo estimators adds Cﬁazé to the overall work load Wy,. Then there exists
another constant C7 such that Wy, is bounded by

L
Wy < 070,22 <C5 + 0, Zae(ﬁ2n)£1+e> + CGCLZ(S.

(=1
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Furthermore, if there exists a > 1 such that a; = O(a™%) then the bound on Wy, simplifies
to

W — O(a; maX{Q’é}), if K < 2n
L= —(2+K=2n) r24e -5 ,
O(max{a; L**ta;°}), if k> 2n.

Example 4.2. Let us consider a concrete example of a Monte Carlo simulation in the
context of Examples 2.2 and 3.4 under Assumptions 3.2 and 3.7 and compare the compu-
tational costs of the Monte Carlo and multilevel Monte Carlo estimators in this setting.
Below we let C' > 0 be a general constant that may change from line to line.

Recall that we seek to approximate the L?*(D;R)-valued solution of Equation (5) with
the family X = (Xnat,h € (0,1], Nay € N), where the Vj-valued sequence X, ¢ is given
by the backward Euler scheme (10) and V}, is the space of all piecewise linear functions
on Ty, a triangulation with maximal mesh width h. Let us introduce a subsequence of
approximations, indexed by levels £, by X = (X; = Xpar,h =274 Nay = ™2, £ € Np), and
suppose that it is primarily the end time value X (7T') that we are interested in. Theorem 3.8
then ensures that there for all p > 1 exists a constant C' such that for all ¢ € Ny

[X(T) - Xg||LP(Q;H) <027t

Given a functional ¢ € CZ(H;R) we now set Y = ¢(X(T)) and let Y; of (Yy)sen, be given
by Yz = ¢(X/). By the mean value theorem for Fréchet differentiable mappings we have

1Y = Yol Z20m)
—E[lo(X(1) = o(X7)[]

“E [ ] )

< C”X(T) - XZT”iZ(PH)(Q;H) (1 + ||X(T)||i€(p+1)(Q;H) + ”XZHQLZ;(I)H)(Q;H))
< CIX(T) = X{ N Faw s o

/0 (¢'(X[ +s(X(T)-X[)),X(T) - X[),, ds

)

by using Holder’s inequality and the assumption that there exists p > 2, C' > 0 such that
lo' (e < CA+ ||fI5) for all f € H (cf. [13, Chapter 1]). Here the constant of the
first inequality depends on p but not on ¢. In the second inequality, we use the uniform
bound (11) on X and the fact that the convergence result of Theorem 3.8 implies a similar
bound on X, to get a constant which depends on X but not on ¢. By a similar argument
one shows that there exists a constant C' not depending on ¢, such that

1
2

<C (14)

2

1Yellz2 oy = E U¢<XeT>

for all ¢ € N.
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We use these results to deduce that the error of the standard Monte Carlo estimation
of E[¢(X(T))] is, for £ € Ny, by the triangle inequality, Conjecture 3.9 and (12) bounded
by

[E [6(X(T)] = Ex[6(XD)][| 208,
= HE [d)(X(T))] —E [QS(XI’T)} HLQ(Q;R) + HE [QS(X!ZT)] — En [QS(X!ZT)] HL?(Q;R)

_ 1 _ 1
< 07 + o]z < € (272 + N71),
where the constant of the second inequality is that of Conjecture 3.9. Therefore, to ensure
that the Monte Carlo error does not dominate the error of the approximation of E[¢(X (7T'))]
one should set the number of samples N ~ 2%, For the multilevel Monte Carlo scheme,
Theorem 3.8 along with Equation (13) ensure that

1Yo = Yol 2oy < Y = Yellzom) + IY = Yool 2or)
<Cc(2f+277) <02,

so that the conditions of Theorem 4.1 are fulfilled with a;, = 27%, ¢ € Ny and n=1/2.
Therefore there exists a constant C' such that for all L € N

IE[Y] = E* [Yi] [l 20m) < C27%

as long as the level dependent sample sizes Ny, £ € Ny, are chosen to be N, = [24£-2¢/1+€]
for £ > 0 and Ny = 2*. This means that for a given level L, the majority of samples
are taken at a coarse level while retaining the same rate of convergence compared to the
standard Monte Carlo method. Assuming that the computational work of solving the
backward Euler system (10) at one time step of level £ is bounded by O(2), where d is the
dimension of the underlying spatial domain, and that the computational cost of computing
Y, — Y,_1 is roughly equivalent to the cost of Y, for ¢ € Ny, the total cost of computing
E"[Y1] is by Theorem 4.1 bounded by Wy, = O(2G+9%[2+¢) Thus the computational cost
of the multilevel Monte Carlo estimation is significantly cheaper than that of the single
level Monte Carlo estimator Ey [¢(X7)] with N = 2** samples, which in comparison is
bounded by Wy, = O(2(6+9%) while retaining the same rate of convergence.

5 Summary of Paper 1

Consider the analysis of weak errors for fully discrete approximations of solutions to SPDEs,
that is to say, in the context of Example 4.2, errors of the type | E[Y — Y}]| where ¢ is some
given functional, Y = ¢(X (7)) and Yy of (Y7)een, is given by Yy = ¢(X]) for each level
¢ € Ny. This topic has been investigated in the community of numerical analysis of SPDEs
for some time. Yet, simulations that illustrate the theoretical results of such investigations
are rarely available. Furthermore, while weak convergence for equations driven by additive
noise exist, cf. Section 3.3, theoretical results for the case of multiplicative noise are
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still work in progress, at least for a finite element spatial discretization. In these cases,
simulations of weak convergence rates can inform us about the plausibility of claims on the
rate, such as the one of Conjecture 3.9.

One reason for the lack of simulations in the literature is the computational expense of
simulating a solution to an SPDE, which must be repeated a large number of times when
using a Monte Carlo method to approximate the expectation that is part of the weak error.
Due to this computational complexity, it is important to carefully consider which Monte
Carlo method one chooses in order to accurately simulate weak error rates. In Paper 1 we
present four methods of simulating such rates and analyse the additional error caused by
the Monte Carlo approximation involved in each of them.

In the paper, the analysis is done for the more general problem of approximating the
quantity | E[Y — Yy]|, where (Y7)sen, is a sequence of mean square integrable random vari-
ables converging to Y € L*(Q;R). If one were interested in estimating E[Y — Y], the
method of common random numbers would tell us that when Y and Y, are positively
correlated, which is reasonable to assume in the case that the latter random variable is
an approximation of the former, an estimator of the form E[Y] — Ex[Y}] is outperformed
by En[Y — Y], since the former has higher variance and both are unbiased. Now, when
estimating |E[Y — Y]], the estimators |E[Y] — Ex[Y/]| and |Ex[Y — Y7]| are in general
biased, so a direct comparison cannot be made. Instead we show that the mean squared
error of the former estimator is bounded from below by

I EWY =il - |E[Y] - Ex[Ydlllz2@y > —| B[ = il + (|E[Y — Y] + N~ Varly]) ?
and from above by

IIEY = Yi]| = [E[Y] = En[Ydllz20m) < N~2(Var[Yy])'2.
For the latter estimator, the corresponding bounds are shown to be

IE[Y — Y| — |Ex[Y = Y|l r2m)
> —|E[Y — V]| + (|E[Y — Y{J|>+ N~ Var[y — v;])"/*

and
I[E[Y = Yil| = [Ex[Y = Y[l 2@z < N~ (Var[y — Yi))"2.

Therefore, under the assumption that the quantity of interest |E[Y — Y,]| < N~1/2 is
very small, which is usually the case in the context of weak error simulations of SPDE
approximations, the former estimator will behave like N='/2(Var[Y;])'/? and the latter like
N=YV2(Var[Y —Y])'/2. So if Y and Y; have a positive correlation, which they in general do
in such simulations, the additional error of the latter estimator will be significantly smaller
than that of the former.

In addition to this, the additional error caused by estimating | E[Y — Y7 ]| with a multi-
level Monte Carlo estimator |E[Y] — EL[Y7]| is analysed. We find that the mean squared
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error of this estimator is bounded from below by

INEY - i)l - [EY] = B Y]l 20

I 1/2
> —|E[Y — Y| + <| E[Y — Yi]|* + Ny ' Var[Yy] + > N, Var[y, — Y“]>
=1

and from above by

I 1/2
NEWY - Y2l - |ElY] - E*¥allllzom < (Nol Varl¥] + 7 N, Varl; w) .

(=1

When choosing the sample sizes similarly to the choice made in Theorem 4.1, it turns out
that
INEY - Yi]| = |E[Y] - E*[Yi]lll2@m = | EY = Yi]l,

which is to say that the additional error coming form the Monte Carlo method will asymp-
totically not affect the observed rate of the weak error simulations. For completeness, the
additional error caused by the multilevel Monte Carlo estimator |EL[Y — Y7]| was also
analysed, although one should note that this estimator is of no practical interest. This
is due to the fact that Ey,[Y — Y] has to be computed, i.e., many samples of the exact
solution must be generated, which destroys the idea of multilevel Monte Carlo methods.

An attempt was then made to simulate weak error rates using these estimators in the
context of a fully discrete approximation of the one-dimensional stochastic heat equation
driven by multiplicative Wiener noise, using a finite element approximation in space and
the backward Euler scheme in time, that is to say Example 4.2 restricted to the case that
A = A. Due to the large sample sizes involved, this simulation is computationally highly
expensive and was therefore performed on a cluster at Chalmers Centre for Computational
Science and Engineering (C3SE). It was observed that the estimators En[Y — Y] and
|E[Y] — EX[Y7]|, where Y is replaced by a reference solution, outperform E[Y] — Ey[Y/]
in the sense that the simulated weak error rate more closely resembles the prediction of
Conjecture 3.9. The error rates were also simulated for the simpler case of approximating
a geometric Brownian motion. The lower computational costs of this allowed for finer
simulations, which illustrated the theoretical bounds in an even clearer way.

6 Deterministic simulation of weak convergence rates

In Paper 1 the functional ¢ used in the actual simulations of the weak error was chosen
to be ¢ = || - ||%, so that the goal of the computations carried out was nothing but the
approximation of the second moment E[|| X (T)||%] of the end time value of the solution of
Equation (5). During the writing of Paper 2, we noted that in this case there is a simple
deterministic method for the simulation of weak convergence rates when the terms of the
SPDE are linear. The goal of this section is a brief description of it. To this end, let us
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again consider the setting of Example 4.2 under the simplifying assumption that F = 0.
Recall that H = L?(D;R) is the space of square integrable functions on a bounded domain
D CR? d €N, and Vj, is the space of all piecewise linear functions on some triangulation
Ty, of D. The backward Euler scheme (10) that gives the approximation X[ 1, € L*(; V4)

of the end time value X(T) € L?*(Q; H) of the solution to the SPDE (5) can then be
rewritten as

(I — AtA) X;15 = Xyl ay + PuG(X) 0 )AL,

where j = 0,..., Na; — 1. Since V}, is finite-dimensional and G is assumed to be linear,
we have that P,G(-)AL? is an L(V},)-valued random variable. Hence, we may rewrite the
backward Euler scheme as

(I — AtAy) X8 = (I + PiG()ALT) X)) o,
and by tensorizing this equation we get

(I — AtA,) @ (I — AtAy)) (XZ{E ® X;?,Zi)

tj

= (I®I+1® BG()AL+P,G()AL & [+P,G()AL ® P,G()ALY) (Xh;m ® X;{At) .

Applying the expectation operator E[-] to both sides of this tensorized equation then
yields a simple recursion scheme for finding E[X} \, ® X} 5] € V). To see this, note first
that for the second operator in the parenthesis on the left hand side of the equation we
have, since XZJ A¢ 18 Fi;-measurable and AL’ is independent of Fi,; with zero mean,

E (19 PGOAL) (X} 5 @ Xy,
- {(I ® E[P,G(-)AL'|F,)]) (XZ{A:& ® X;{At)} =0

and for the same reason the mean of the third operator applied to X,tj A ® X,tj A 18 also

zero. Therefore, using the facts that X;j ¢ is Fy -measurable and that AL/ is independent
of F;, once again along with the fact that deterministic bounded linear operators and the
expectation operator commute, we end up with the scheme

(I — AtA) @ (I — AtA,))E {X;{Et ® XZ{E} -
15
= (1@ I+ E[AGOAY © RGO E[Xs ® Xia ]

for 5 =0,...,Na; — 1. Except for the term E[P,G(-)AL’ ® P,G(-)AL], this scheme is
straightforward to implement on a computer by the use of Kronecker products of standard
sparse finite element matrices.

To see how we may represent the remaining term as a matrix, we consider an example
of the linear operator G' important in applications, namely the linear Nemytskii operator
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which describes pointwise multiplication in the domain D. For this we assume that the
noise lives on thc same space as the solution, i.e., that U = H = L*(D;R), and that for
each 7 =0,. — 1, AL is a random field on D with covariance operator AtQ. The
Nemytskii operator is then7 for f,g € H and x € D, given by

G(f)glz] = f(x)g(z).

Then, any entry of the matrix representation of E [P,G(-)AL’ @ P,G(-)AL’] is given by
applying this operator to a basis vector i, ® 1, of Vh(z) and taking the inner product of
the result and another basis vector 1, ® 1,,. In our case, the matrix entry ends up being

(E [ G(p) AL @ PG (W) ALY ] by @ 1),
E [(PuG(¢r) AL @ PyG () AL 1y @ Yn) |
E (G(r) AL ), (Ge) AL b |
E [(AL, rthm) y (AL hethn ) ]
(

— A(QUitm, i)y = Al / / O, () ()00 () () dt dy,

where we used the fact that G is the Nemytskii operator in the third equality and Iden-
tity (2) in the fourth. Note that the product ¥, € H since it is assumed that V}, C H'.

Scheme (15) is now ready to be implemented and it results in E[X} \, ® X} 5] € Vh(z)
Then, writing ’

Np
T
Xh,Az = g Ty
=1

using random coefficients x1, ..., xy,, we see that we can easily calculate E [|| X}y, [|%]
T T 1 ’
from E[X} o, @ X, o] since

E (X7 adlE) = B [(XF a0 Xiae) | = 5" Efewn] (i tsha

i,j=1
and
Nh
E[X,ZM ® XIZ:At] = Z Elziz;]¢s ® ¢;.
i,j=1

Let us now demonstrate this technique in a setting that is very similar to the one of
Paper 1, where we analysed the additional errors caused by Monte Carlo approximations
when attempting to numerically simulate weak convergence rates. We set D = [0,1], 7 =1
and A = A with zero boundary conditions, i.e., we are dealing with the homogeneous
stochastic heat equation in one dimension. We let G be the linear Nemytskii operator
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defined above and choose @ to be the covariance operator corresponding to the exponential
kernel given by C(x,y) = 20 exp(—2|z—y|), z,y € D. With the notation of Example 4.2 we
compute E[Y,] = E[|| X[ ||%] for £ = 1,...,7 using E[||X{||%] as a reference solution when
calculating the weak error. In Figure 2(a) we see a realization of the process (Xéj)j:o,...,NmM
when L = W is a @-Wiener process. In this setting, Conjecture 3.9 predicts a weak
convergence rate of order 2 in space and as we can see from Figure 2(b), this is consistent
with our numerical computations. Here, the initial value was given by Xo(z) = sin(nz) for
z € D and the computations were done in MATLAB.

*  Weak errors
order 2

_ 19/ 8
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t %2 025 o x 10° 10! 102 10°
Nh
(a) A realization of the solution X. (b) Weak errors for the fully discrete approx-
imation of X, computed with a deterministic
method.

Figure 2: The one-dimensional stochastic heat equation with linear multiplicative noise.

7 Summary of Paper 2

Let us assume that the SPDE (5) is fully linear, i.e., that the operators F' and G fulfil
F e L(H) and G € L(H;L(U; H)). A property of such SPDE that has gathered some
interest in the community in recent years is the qualitative behaviour of the second moment
of the solution to (5). This is commonly analysed in terms of the equilibrium or zero solution
(Xe(t) = 0);50 which is called mean square stable if, for every & > 0, there exists ¢ > 0 such
that E[|| X (t)[|%] < & for all ¢ > 0 whenever E[|| Xo||%,] < 0. Tt is called asymptotically mean
square stable if it is mean square stable and there exists § > 0 such that E[||Xo||%] < &
implies limy o, E[|| X (£)||%] = 0.

While the main focus of the analysis of approximations of solutions to (5) has been on
showing strong and weak convergence, cf. Theorem 3.8 and Conjecture 3.9, these proper-
ties do not guarantee that the approximation shares the same (asymptotic) mean square
stability properties as the analytical solution. The goal of Paper 2 is to generalize the exist-
ing theory of asymptotic mean square stability analysis of approximations to the solutions
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of finite-dimensional stochastic differential equations to more general approximations, such
as the ones introduced in Section 3.2. An important application of mean square stability
can be found in multilevel Monte Carlo methods. If the solution is mean square unstable
on any of the included levels, this is enough for the estimator to not behave as it should,
see, e.g., [1].

The goal of the first part of the paper is the analysis of the asymptotic mean square
stability of the general linear recursion scheme

. o . stoch,j 1
X}Z,Jrl = Ditt,hXiL + DAtt,h ]Xiﬂ (16)
Xy =X},

for j € No, where the L(V},)-valued deterministic and stochastic operators DY, and thzc,?’j

are not yet assumed to be given by (7) and (8). The Fy-measurable initial condition X} is
assumed to be square integrable. For this scheme, an equilibrium (solution) is given by the
zero solution, which is defined as X,]L’C = 0 for all j € Ny. It is called mean square stable
if, for every & > 0, there exists § > 0 such that E[[|X][%] < ¢ for all j € N, whenever
E[|X}I%] < ¢ and asymptotically mean square stable if it is mean square stable and there
exists 0 > 0 such that E[||X}]|%] < ¢ implies lim;_, E[||X}|%,] = 0. When there is no risk
of confusion, the scheme (16) is itself said to be (asymptotically) mean square stable when
this holds.

First, the asymptotic mean square stability is analysed under the general assumption
that the family (thzchh’j ,J € Np) is F-compatible in the sense that the random operator
thzchh’j is F3,,,-measurable and E[thﬁc,i” |Fi,] = 0 for all j € Ny. It is also assumed that,
for all j € Ny,

h,j h,j
DA 2 @sniy) = EIIDATR 7 ]"? < o0

and
stoch,j stoch,j _ stoch,j stoch,j
E DR @ D | 7] = E [ D5 @ Digie
This is a natural assumption that is true when DSA“;(;?J is given by (8). Next, under the

additional assumption that (thﬁychh’j ,7 € Np) has constant covariance, i.e., that for all

7 € N07

)

E [DA% @ DAv?| = E [ DA% @ DA (17
it is shown that the zero solution of (16) is asymptotically mean square stable if and only
if the stability operator

§= D%st,h ® Diett,h, + E[th?,chh’o ® DsAt?,Chhﬂ} S L(Vh@))

satisfies p(S) = max;_; N2 [Ai] <1, where Ay, ..., Anz are the eigenvalues of S.
The second part of the paper treats the asymptotic mean square stability of the scheme
of Section 3.2, i.e., it is assumed that (16) approximates the mild solution to the SPDE (5).
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It is shown that when D4, and thgﬁ?’j are given by (7) and (8), the stability operator

simplifies to
S = DX, @ DX, + AL(C ® C)g € L),
where ¢ = >0 | upr @ pr € UP and C € L(U; L(V},)) with
Cu =i (AtA,) P,G(-)u,

recalling that the eigenvectors of @) are given by (p;)ieny and the eigenvalues by (p;)ien-
A similar result is shown for the higher order Milstein scheme, the convergence of which
was analysed in [5].

In the remainder of the paper we derive sufficient conditions for the asymptotic mean
square stability of the scheme of Section 3.2 for different rational approximations of the
discrete semigroup (Ep(t))icpo,r), among those the backward and forward Euler scheme of
Example 3.6. For example, the first of these is seen to be asymptotically mean square
stable if

(L+ A Floemy)? + At Te( @GN gLy -

(1+ Athp)? L

where A is the smallest eigenvalue of the discrete operator —A;. These conditions are
based on the observation that p(S) < ||S|v,). Using these results, a condition that
ensures the asymptotic mean square stability of both the zero solution to (5) and its
approximation with the backward Euler scheme is derived under Assumption 3.7. A similar
result is again shown for the Milstein scheme. Simulations using both spectral and finite
element Galerkin methods illustrate the theoretical results.
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