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Abstract

We present a novel multilevel Monte Carlo approach for estimating quantities of interest for
stochastic partial differential equations (SPDEs). Drawing inspiration from [17], we extend the anti-
thetic Milstein scheme for finite-dimensional stochastic differential equations to Hilbert space-valued
SPDEs. Our method has the advantages of both Euler and Milstein discretizations, as it is easy to
implement and does not involve intractable Lévy area terms. Moreover, the antithetic correction in
our method leads to the same variance decay in a MLMC algorithm as the standard Milstein method,
resulting in significantly lower computational complexity than a corresponding MLMC Euler scheme.
Our approach is applicable to a broader range of non-linear diffusion coefficients and does not require
any commutative properties. The key component of our MLMC algorithm is a truncated Milstein-type
time stepping scheme for SPDEs, which accelerates the rate of variance decay in the MLMC method
when combined with an antithetic coupling on the fine scales. We combine the truncated Milstein
scheme with appropriate spatial discretizations and noise approximations on all scales to obtain a
fully discrete scheme and show that the antithetic coupling does not introduce an additional bias.

Keywords: Stochastic Partial Differential Equations, Multilevel Monte Carlo, Milstein Scheme, Vari-
ance Reduction, Antithetic Variates.
Subject classifiction: 65C05, 65C30, 656M12.

1 Introduction

Stochastic partial differential equations (SPDEs) are encountered in a range of applications spanning
natural sciences, engineering, and finance. Examples include stochastic epidemic compartment models [27]
and the valuation of forward contracts in interest rate or energy markets [12, 10, 3]. However, a common
challenge in these applications is that SPDEs do not possess a closed-form solution and must therefore be
approximated numerically. Fortunately, numerous numerical schemes for approximating various types of
SPDEs have been established. A non-exhaustive list of references [21, 2, 22, 4, 14, 25, 23, 19, 1, 8] provide
strong approximation results, while others [13, 25, 24, 9] offer a weak error analysis.

Once the ’pathwise’ approximations are obtained, they are utilized in sampling-based approaches to
estimate specific quantities of interest within the SPDE model. Monte Carlo (MC) methods are a common
choice for this purpose. However, due to the low regularity of the model, standard MC approaches may
become prohibitively expensive even for comparatively simple SPDEs. In addition, higher-order schemes
for discretizing the stochastic space, such as stochastic Galerkin or Quasi-Monte Carlo methods, are not
feasible due to the limited regularity of the model. Thus, the multilevel Monte Carlo (MLMC) method
[15] seems to be the only viable option for accelerating the estimation of expectations for SPDEs. This
approach has been studied in the context of SPDEs in [6, 5, 16, 26].
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One common drawback of the schemes presented in [6, 5, 26] is that they rely on a simple Euler dis-
cretization in time, which leads to slow temporal convergence rates. In contrast, the authors of [16] propose
a MLMC-Milstein scheme that uses a finite difference approximation in space to accelerate temporal con-
vergence. However, their SPDE model is considerably simplified, as it is only driven by a one-dimensional
Brownian motion. Consequently, it is not necessary to simulate Lévy area terms. The simulation of
these terms is already a substantial issue for two-dimensional stochastic differential equations (SDEs)
without certain commutativity conditions on the diffusion term. Moreover, the problem is exacerbated
for infinite-dimensional driving noise, which is the natural setting for SPDEs.

1.1 Contributions

The objective of this research article is to address the previously mentioned issues by introducing an
antithetic multilevel Monte Carlo-Milstein scheme for parabolic SPDEs. Our work is based on the an-
tithetic MLMC scheme for SDEs presented in [17] and offers several advantages. Firstly, under natural
assumptions, our scheme achieves higher-order convergence rates, similar to those of the ’standard’ Mil-
stein scheme. Secondly, the antithetic approach eliminates the need to sample Lévy area terms, making
the scheme easy to implement. Our complexity analysis demonstrates that the proposed MLMC algo-
rithm can significantly reduce computational time by several orders of magnitude. Finally, we extend the
results for SDEs from [17] by allowing for unbounded, random initial conditions and not requiring a global
Lipschitz condition on the Milstein correction term.

1.2 Outline

The article is structured as follows: first, in Section 2, we provide the necessary notation and background
on functional analysis, infinite-dimensional Wiener processes, and parabolic SPDEs. In Section 3, we
propose discretization methods for the spatial, stochastic, and temporal domains of the SPDE. The
main contribution of our paper is presented in Section 4, where we introduce the antithetic Milstein
scheme and prove its expected variance decay in Theorem 4.1. We then analyze the complexity of the
associated antithetic MLMC Milstein scheme in Section 5 and present numerical experiments in Section 6
to complement our theoretical analysis. All proofs are provided in an appendix for clarity.

2 Preliminaries

2.1 Basic Notation

Let (,[|lly) and (Z, ||-|| z) be two Banach spaces. The Borel o-algebra of ) is generated by the open sets
in Y and denoted by B(Y). We further denote by £(}Y, Z) and L£(Y) the set of linear bounded operators
O:Y — Zand O : Y — Y, respectively. For any (bounded or unbounded) operator O : Y — Z, we
denote its adjoint by O* : Z — ). Let )y C Y be an open subset and let F': ) — Z be a twice Fréchet
differentiable mapping on ). The first two Fréchet derivatives of F' are given by F' : Yy — L(Y, Z) and
F" Yy = LV, LY, Z)) =~ LY x VY, Z). For the remainder of this article, C > 0 denotes a generic
positive constant which may change from one line to another. The dependency of C on certain parameters
is made explicit if necessary.

2.2 Hilbert-Schmidt Operators and RKHS

Throughout this article, we consider two separable Hilbert spaces (U, (-, )v) and (H, (-,-)m). The space
of Hilbert-Schmidt operators on U is given by

Lus(U, H) = {0 € LU )] 101 01 1= I 0wl < +00},
keN



where (ug, k € N) is some orthonormal basis of U. Recall that (Lus(U, H), ||| £, 4v,m)) is separable, while
this is in general not true for £L(U, H). Further, Lps(U, H) is a Hilbert space equipped with the tensor
product
(O1,02) 2 5v,m) = Z(Olukao2uk)H7 01,02 € Lys(U, H).
keN

The tensor product of U and H is denoted by (U ® H, (-, )ugn). For ¢ € U and ¢ € H we associate to
¢®1Y € U® H the rank one operator Oy € Lus(U, H), such that Oy yu = (¢, u)y? for all w € U. Thus,
we use the identification U ® H ~ Lys(U, H), as U ® H and Lys(U, H) are isometrically isomorphic.

We denote by £1(U) the space of all trace class operators on U, and by £} (U) the subset of all non-
negative, self-adjoint operators on U with finite trace. The trace of Q € L] (U) is denoted by Tr(Q) < oo.
For any Q € L] (U), the Hilbert-Schmidt theorem yields that the ordered eigenvalues n; > 1o > --- > 0 are
non-negative with zero as only accumulation point, and the corresponding eigenfunctions (ex, k € N) C U
form an orthonormal basis of U. The square-root of Q € L] (U) is defined via

Q"¢ =Y k(b ex)ver, ¢eU.
keN

Since Q"2 is not necessarily injective, the pseudo-inverse of Q'/? is given by
O V20 = ¢, if Q¢ = and ||6|ly = inf {||¢||U . ¢ € U is such that Q"?¢ = ¢}.

We define reproducing kernel Hilbert space (RKHS) associated to @ as the set U := Q'/?>(U) equipped
with the scalar-product

(p1,02)u = Q01,7 2pa)y, 1,92 €U.
Note that (\/ngek, k € N) forms an orthonormal system in U, hence
1012 sty = O el Oekllz, O € LusU, H).
keN

2.3 DMartingales on Hilbert Spaces
We consider a filtered probability space (2, F,P,(F;, ¢t > 0)) with normal filtration and a finite time

interval T = [0,7]. The Lebesgue-Bochner space of all p-integrable, H-valued random variables is given
as

LP( H) = {y £ Q — H is measurable with |[Y || o(um = E (|V[%)"" < oo} . pe[l,o0).

Solutions to stochastic partial differential equations (SPDEs) are defined as predictable H-valued pro-
cesses. The predictable o-algebra Pr is the smallest o-field on Q x T containing all sets of the form
A x (s,t], where A € F; and s,t € T with s < t. An H-valued stochastic process Y : Q x T — H is called
predictable if it is a Pr/B(H )-measurable mapping. The set of all square-integrable, H-valued predictable
processes is denoted by

X = {X QOxT—H | X is predictable and sup E(|| X (t)||%) < oo} . (1)
teT

All appearing equalities and estimates involving stochastic terms are in the path-wise sense and are
assumed to hold almost surely, thus we omit the stochastic argument w € ) for notational convenience.

Definition 2.1. Let (ex, k € N) be an arbitrary orthonormal basis of U and denote M?(U) the set of all
square-integrable, U-valued martingales.



1. For Y € M?(U), denote by (Y,Y) : Q@ x T — R the unique predictable (quadratic variation) process,
such that T > ¢t — ||Y(t)||?J —(Y,Y), is a real-valued martingale. The covariation of two martingales
Y,Z € M?(U) is given by the polarization identity

<Y,Z> = (<Y+Z3Y+Z>7<Y7Y>7<sz>)

1
2
2. The operator-valued angle bracket process ({Y,Y)) : Q x T — L] (U) of Y € M?(U) is defined as

(YY) : QxT = Lus(U), t= > A(Y(),en)v, (Y()e)v),er @ er
klEN

It holds that ((Y,Y)) is the unique process such that T 3 ¢ — Y (t)@Y (¢)— ((Y,Y))+ is an £ (U)-valued
martingale. Further, there exists a unique process Qy : O x T — LT(U), called the martingale covariance
of Y, such that

(YY) = / Oy (s)d(Y,Y),, teT, 2)

see e.g. [30, Theorem 8.2/Definition 8.3]. We consider H-valued stochastic integrals f(f G(s)dY (s) with
predictable, operator-valued integrands G : Q x T — L(U, H) such that G o Q;Q QX T Lys(U, H).

2.4 Wiener Process on a Hilbert Space

Definition 2.2. [31, Definition 2.1.9] Let Q € L] (U). A U-valued stochastic process W = (W (t),t € T)
on (Q, F,P) is called a Q-Wiener process if

e W(0)=0,
e W has P-almost surely continuous trajectories,
e W has independent increments, and
e for all 0 < s <t < T there holds that W (t) — W(s) ~ N(0, (t — 5)Q).
For any Q-Wiener process there holds the identity
E((W () — E(W (1)), 6)u (W () — E(W (1), 0)0) = HQb,0)u, 6,0 €U, teT.

It follows that (W, W), = t Tr(Q) and ((W,W)); = tQ (note that Qy = Q Tr(Q)~! in (2) is constant with
respect to ¢ in this case). Further, recall that W admits the Karhunen-Loéve expansion

W) =Y (W), en)ver £ Vawwr(ter, teT, (3)

keN keN

where the relation < signifies equality in distribution and (wg, k € N) is a sequence of real-valued and
independent standard Brownian motions.

2.5 Stochastic Partial Differential Equations
We consider the stochastic partial differential equation (SPDE)

dX(t) = (AX(t) + F(X(t))dt + G(X(£))dW (t), X(0) = Xo, (4)

where A : D(A) C H — H is a densely defined and unbounded linear (differential) operator. The initial
value Xg is a H-valued random variable, W is a Q-Wiener process, and the coefficients F' and G in



Eq. (4) are (possibly) non-linear measurable mappings F': H — H and G : H — Lys(U, H), respectively.
Throughout this article we will assume that (—A) is self-adjoint, positive definite and boundedly invertible.
Consequently, the eigenvalues (\,,n € N) of (—A) are positive, non-decreasing and only accumulate at
infinity, with the corresponding eigenfunctions (f,,,n € N) spanning an orthonormal basis of H.

By the Hille-Yosida Theorem, A is the generator of an analytic semigroup S = (S(t),t > 0) C L(H)
(see e.g. [25, Appendix B.2]). The fractional powers of (—A), given by

(_A)av = Z)‘g(vvfn)an CAS H7
neN

are well-defined for any a € R. Moreover, (—A)* : D((—A)®) — H is a closed operator, with D((—A)%)
being dense in H (see e.g. [29, Chapter 2, Theorem 6.8]). We define the Hilbert space H® := D((—A)"/?)
equipped with the inner product (-,-) := ((=A)%-,(—=A)%-)y, which will in turn be used to quantify
smoothness of solutions to (4).

Example 2.3. Let H = L?*(D) for on a bounded, convex domain D C R% and let A = A be the
Laplace operator with zero Dirichlet boundary conditions on D. It then holds that H? = D((—A)) =
H?(D) N H (D). More generally, it holds for o € [1,2] that H* = D((—A)*/?) = H*(D) N H(D), see [11,
Proposition 4.1].

We formulate suitable, but natural assumptions on the initial value and the coefficients of the SPDE (4)
in the following. We also repeat the above conditions on A for the reader’s convenience.

Assumption 2.4.

(i) The operator A : D(A) C H — H is self-adjoint, densely defined in H and the infinitesimal generator
of an analytic semigroup S = (S(¢),t > 0) C L(H). Moreover, (—A) : D(A) — H is boundedly
invertible, i.e. 0 € p(A), where p(A) is the resolvent set of A.

(ii) Xo € L¥(Q; H) is a Fo-measurable random variable.

(iii) The mappings F' : H - H and G : H — Lps(U, H) are twice Fréchet differentiable on H with
bounded derivatives, i.e. there is a C' > 0 such that for all v € H there holds

||F,(U)||L(H) + HFN(U)”[:(HXH,H) <C

HG/(U)HL(H,[IHS(L{,H)) + ||GN(U)Hc(HxH,z:Hs(u,H)) <C.

(iv) There are constants C' > 0 and o > 1 such that for all v € H® there hold the linear growth bounds

1E @)l e + 1G] 2y504,170) < CA A V] o),
HG/(U)HL(HQ,CHS(L{,H"‘)) <C.
Remark 2.5. We require Xy € L8(; H), rather than Xo € L?(Q; H), in Item (ii) for some technical

steps in the proofs (cf. Lemma C.2 in the Appendix), as we apply Holder’s inequality to obtain suitable
mean-square error bounds.

Mild solutions to SPDEs are characterized by path-wise identities that hold almost surely as follows:
Definition 2.6. [30, Chapter 9] Let A1 be asin (1). A process X € At is called a mild solution to Eq. (4)
if for all £ € T there holds P-a.s.

X(t)=5t)Xo+ /0 S(t—s)F(X(s))ds + /0 S(t—s)G(X(s))dW (s). (5)



In Eq. (5), S: T — L(H) is the semigroup generated by (—A), thus S(t) = e~*4 and Eq. (5) may be
interpreted as a variation-of-constants formula. Well-posedness of (4) in the mild sense, and regularity of
solutions has been investigated under suitable assumptions on F, G and Xy, see e.g. [30, Theorems 9.15
and 9.29] or [25, Chapters 2.4-2.6]. We condense the main results in the following statement.

Theorem 2.7. Under Assumption 2.4, there exists a unique mild solution X € Xy to (4), such that for
all p € (0,8] and k € [0, ) it holds that

E(X () — X(s)lI7,.)""
|t _ $|min(1/2,(a*~)/2)

supE([|[X(#)]]",.) <oco and sup
teT t,s€T

3 Pathwise Approximations

3.1 Spatial Discretization
To derive a spatial approximation based define V := H' = D((—A)"?) and consider the bilinear form
B:VxV =R, (v,w)— ((—A)", (—A)1/2w). (6)
In Example 2.3, where A is the Laplacian with zero Dirichlet boundary conditions on a convex domain
D C R?, we have V = H}(D), and B(v,w) = (Vv, Vw)g.
We replace V' by a finite dimensional subspace Vy with N := dim(Vy) € N. This encompasses several
spatial approximations, for instance spectral Galerkin methods, where N is number of terms in expansion,

and finite element methods, where the mesh refinement parameter h > 0 is related to N via N = O(h~%).
We introduce the discrete operator Ay : Vy — Vy by

(—AN’UN,’U)N) = B(’UN,U}N)7 UN,WN € V. (7)

Then, (—An) generates an analytic semigroup (Sy(t),t > 0) of linear operators Sy(t) : Vy — Vi via
Sn(t) := exp(—tAy). Let Py : H — Vy be the H-orthogonal projection onto Vy. The semi-discrete
(mild) problem is then to find Xy : Q x T — Vj such that for all ¢ € T there holds P-a.s.

Xn(t) = Sn(t)PxXo + /O Sn(t — 8)PyF(Xn(s))ds + /0 Sn(t— s)PyG(Xn(s)dW(s).  (8)

3.2 Noise Approximation

Recall the Karhunen-Loeve expansion of W from Equation (3), where the scalar products (W(:),er)n
are real-valued, independent and scaled Brownian motions with variance n, > 0 (the k-th eigenvalue of
Q). In general, infinitely many of the eigenvalues 7y, are strictly greater than zero, hence we truncate the
series in Eq. (3) after K € N terms to obtain

K

WK(t) = Z(W(t), ek)Uek, teT.
k=1

It can be shown, see for example [7], that Wx converges to W in mean-square uniformly on T with
truncation error given by

E(|Wi(t)-W@IE) =t > m, teT.
k>K

Combining the semi-discrete mild formulation from (8) with the noise truncation then yields the problem
to find Xy x : © X T — Vi such that for all ¢ € T there holds PP-a.s.

XN,K(t):SN(t)PNXO+A SN(t_S)PNF(XN,K(S))dS+A SN(t—S)PNG(XN’K(S))dWK(S). (9)



3.3 Time Stepping

The temporal discretization is based on rational approximations of Sy. Recall that (—Ay) : Vy — Vy isa
linear, positive definite, self-adjoint operator and that N = dim(Vy) € N. There exists an H-orthonormal
eigenbasis (]?1, ceey fN) C Vi of eigenfunctions of (—Ay), with corresponding non-decreasing eigenvalues
(Xl, .. ,XN) such that Xl > 0. We denote the spectrum of (—Ay) by o(—Ax) and consider a rational
function r defined on o(—Ap).

Now fix M € Nand let 0 = tg < t; < -+ < tpy = T be an equidistant grid of [0,7] with time step
At :=T/um. Further, let 7(AtApn) be a rational approximation of Sy (At) = exp(—AtAyn), given by

r(AtAN) Z (AtA) (0, fa)ir fn, v € H. (10)
The drift part in (9) is then approximated in each time step by the forward difference

t'm+1
/ SN(tm+1 — S)PNF(XN7K(S))dS ~ T(AtAN)PNF(XN,K(tm))At.
tm

To introduce the approximation of the stochastic integral, recall that G’ : H — L(H,LysU, H))

denotes the Fréchet derivative of G. For any k € N such that n; > 0, we define wy := n;I/Q(W, er)u,
hence (wy, k € N) is the sequence of independent Brownian motions in the Karhunen-Loéve expansion of
W. Further, for m =0, ..., M —1 and any stochastic process 20 : @ x T — H with H € {R, U, L1 (U)}, we
denote by A, 20 := W(tmt1) — W(ty,) the increment with timestep [tn,, tm1] (we will use in particular
W € {W, Wk, wi}). We employ a truncated Milstein scheme to approximate the stochastic integral in (9)
by a first order Taylor expansion of G via

/tm+1 Sn(tmy1 — 8)PNG(X N,k (8))dWik (s)

m

tma1
~ / S (bt — )Py G(X 1 (b)) AW ic (5)
t

m

. /t T (st — 5)Py [a’(XN,K@m)) ( / Sw(s - T>PNG<XN7K(’”>)dWK(T)>} Wil

m

%T(AtAN)PNG(XN7K(tm))AmWK

+ r(AtAN) Py / e X s (b)) <PNG(XN,K(tm)) / ’ dWK(r)> AW (s)

m

(AtAN)PNG(XNK( m) ) Am Wi

AtAN)P,
+r( ~)Pn

5 Z G'(XN, i (tm)) (PnG (XN i (tm))er) er (VM Amwie Apw; — 0p i AL)

k=1
where 0y is the Kronecker delta. This approximation corresponds to the truncated Milstein scheme in
[17] for finite-dimensional SDEs. Now define for any s € [t,,, T] the £1(U)-valued process

K
Win i (5) := (Wi (8) = Wi (tm)) ® (Wi (5) = Wi (t)) = (s = tn) D 1w e ® ex, (11)

k=1

and note that W,, i is a continuous, square-integrable, £1(U)-valued martingale on [t,,, T]. Further, let

Q®Q € L(L:(U)) be given by Q@ Q(¢ @ ¢) = Qo @ Qg for all ¢ @ p € LT (U). As Wi (s) — Wi (t m) i
Gaussian, there is a C' > 0 such that for all s, ¢ € [t,,, T] with ¢ > s there holds

<<Wm,K7 Wm,K>>t - <<Wm,K7 Wm,K>>s S C(t - S)2Q by Q (12)



We use the operator-valued processes W, i to write the truncated correction term in a compact form.

Proposition 3.1. Let Assumption 2.4 hold and let Wy, k be defined as in (11) for m = 0,...,M — 1
and M € N, and let further Apwi == W (tms1) — W(tm),ex)u for k € N. There exists a mapping
G:Hw— Lys(LusU),H), such that for any X € H and M € N there holds

tont1 K
/ G(X)dWp k(s) = % Z G'(X) (PNG(X)er) e, (VTmAmwiApw; — 0p e At) . (13)

m k=1

Moreover, G is Fréchet differentiable on H and satisfies the linear growth bounds

1GX) | 2ustens@ymy +11G" ) eea,cusens@,my < CL+ X)), X € H, (14)

and .
1GCON £ eieneeey ey < CA+ X ga), X € HE. (15)
Proof. See Appendix B. O
Based on Proposition 3.1, we obtain the fully discrete problem as to find YON’K, YlN’K ey Y]é}]’K Q=

Vi such that YON’K = Py Xy and for all m =0,..., M — 1 there holds
VI = r(AtAN) Py (YK + FYY )AL+ GV )AL Wi + GV N A Wi k), (16)

where we have used (13) to define the last term in (16) as

tm+1
GOV N E) A Wi it = / GO N AW e (), = 0, M — 1.
t

m

The first tree terms on the right hand side of (16) correspond to an Euler approximation of X, the
fourth term is the truncated Milstein correction. We emphasize that the scheme in (16) does not require
the simulation of any iterated stochastic integrals, and is therefore straightforward to implement. We
formulate the following assumption on strong and weak convergence of the fully discrete scheme.

Assumption 3.2.

(i) The rational approximation 7 of Sy is of order ¢ € N and stable. That is, r(z) = e=* + O(29™1) as
z— 0, |r(z)] <1for z>0and lim, .. r(2) = 0.

(ii) Subspace approximation property: Fix a > 0 and let (Viy, N € N) be a sequence of subspaces
VN C V such that dim(Vy) = N. There are constants C,a > 0, depending on « and d, such that
for any N € N and any v € H* there holds

v — Pyvly < CN~%|jv||ge, and HA;D(Q’QWPNUHH < C|v]] grminca2) -

(iii) Strong convergence: There are constants C,a, 8 > 0 such that for p € (0,8] and all discretization
parameters M, N, K € N there holds the strong error estimate

max || X (mAt) — YK e < C (M—W + NS4 K—ﬂ) .
m=0,...,M

Remark 3.3. Item (iii) essentially states that the truncated Milstein term does neither increase, nor

spoil the strong rates of convergence, as compared to the standard Euler scheme. We justify this in

Theorem 3.5 below. However, the Milstein correction accelerates variance decay for an antithetic coupling

in the MLMC estimator. If the eigenvalues of () exhibit the decay n; < Cj —Bo for some By > 1, we may

choose 8 = 1/2(8p — 1 — §) > 0 for an arbitrary small § € (0, 5p — 1) in Item (iii).



Example 3.4.

1. Assume the setting in Example 2.3, i.e., we consider the stochastic heat equation on a convex domain
D. Let Vy be a space of linear finite elements with respect to a regular triangulation of D with
mesh width h = O(N~%) for N € N. Assumption 3.2 then holds with & = min(«,2)/q, where « is the
spatial Sobolev regularity of X as in Assumption 2.4, see e.g. [25, Chapters 3 and 5].

2. For the Dirichlet-Laplacian in Example 2.3, we have by Weyl’s law that \, = O(n”%) as n — oc.
For a spectral Galerkin approach with Vy = span{fi,..., fn}, Assumption 3.2 thus holds with
& = @/4 and we obtain the stronger relation

| Ao < 0le

for o > 2. However, this will not affect efficiency of our antithetic scheme in Section 4, therefore we
formulated Item (ii) in a unified way to encompass spectral Galerkin and finite element approaches.

We conclude this section by recording an error estimate on the truncated Milstein approximation.

Theorem 3.5. Let Assumptions 2.4 and 3.2 (i) hold, and denote by yNE {0,...,M} xQ — H the
truncated Milstein approximation in (16).

1. For any p € [2,8] there is a constant C > 0, independent of M, N and K, such that

Cmax E([VE|R) < 00+ E(IX0lR) < . (17)

=0,...,

2. Let the standard Euler discretization of (2.4) be given by 170 = PnXy and

YK — r(AtAN) YN 4 1 (AtAN) Py F(Y N )AL + 7(AtAN) PG (YY) A, Wi,

form=0,...,M — 1. Then, for any p € (0,4] there exists a constant C > 0, independent of M, N
and K, such that
=~ 1/p
max E (||Y,jj»K - Y,,I:/’KH’;I) <oM.
M

.....

Proof. See Appendix B. O

Remark 3.6. The second part of Theorem 3.5 justifies Assumption 3.2 (iii), since the truncated Milstein
correction does not affect the temporal convergence of order O(M~"/?) for the Euler scheme, neither does
it introduce an additional bias with respect to N or K.

4 Antithetic Multilevel Monte Carlo-Milstein Scheme

To construct an antithetic estimator, we consider coupled ”coarse” and ”fine” approximations of X given
by the truncated Milstein scheme in (16), with refinement parameters M, N and K adjusted accordingly.
First, let Y© := Y V5 be the coarse step discretization with a fixed time step At = 7/a and fixed N, K € N
as in (16). That is, Y,¢ is given by Y := PyYp and

Vi = r(AtAN) Py (Y + F(Y) AL+ G(YE) AWk + GV A Wi k), m=0,...,M—1. (18)

m

For the corresponding fine approximation, let 9t := At/2 and set a cutoff index Ky € N such that Ky > K
for the noise approximation. We define the fine increments

DmWKf = WKf (tm + at) - WKf (tm), Dm+1/2WKf = WKf (tm+1) — WKf (tm + Dt)
Ky

Dm)/vrn,l(f = Wm,Kf (tm + Dt)a Dm—l—l/QVVWL,I(f = bm,—i—l/QI/VKf & a1’n+1/2vvf(_f -0t Z Nk€k ® e.
k=1



Note that Ay Wi i, # 0mg1/2Win i, + 9mWm i, but there holds
Am,)/vm,l(f = 0m-§-1/2VVm,Kf + amVVm,Kf + am+1/2WKf & DHLWKf + DmWKf @ a'rn-|-1/2VVKf- (19)

We further consider a finite dimensional subspace Vy, C V' with dim(Vy,) = Ny such that Ny > N =
dim(Vy). The corresponding discrete operator is denoted by Ay, : Vy, — Vu,, its associated semigroup
by Sn,, and Py, : H — Vy, is the H-orthogonal projection onto Vy,. Finally, we set a cutoff index
Ky € N such that Ky > K for the noise approximation on the fine scale.

The fine step discretization Y./ : Q x {0,4/2,1,..., M —1/2, M} — Vy, is then given by YOf := Py, Xo,

Y1 n = rtAn,) Py, (Y + F(YE)t+ G0 Wi, + GV )0mWan k) (20)
and
v =r@tAn) Py, (Y o+ FYS 0t + G )0 Wk, +G(Y1 )0 W,
m+1 =T Ny )ENg \ Xmy1/2 m+1/2 m+1/2/9m+1/2VV Ky m+1/2/9m+1/2"Vm, K¢ | -
(21)

The antithetic counterpart Y.* : Q x {0,1/2,1,..., M —1/2, M} — Vy, to Y/ is defined via Yy := Pn, Xo,
Ve = r(tAN, )Py, (Y, + F(Y0)0t + G 0mi12Wi, + GV )0mi1/2Wn k) ) » (22)
and
Y1 = r(0tAn, ) P, (Y’I?L—i-l/Q + E (Y5120t + GVt )2)0m Wk, + g(Y£+1/2)Dme,Kf) - (23)
The foundation of our MLMC Milstein approach is to show that the difference of the antithetic average
_Yi+va
mo o 2 Y

to the coarse scale Y5, approximations exhibits a rapid decay in mean-square. This property is established
in our main result:

Theorem 4.1. Let Assumptions 2.4 and 3.2 hold for some o > 1, and let M, Ny, N, Ky, K € N be such
that Ny > N and Ky > K. Further, let Y be as in (18) and let Y. be the antithetic average of the fine
approzimations as in (24). Then, there is a constant C > 0, independent of M, N, and K such that

m=0,..., M, (24)

J— 2 . ~
E ( Y., — YC ) < (M7 mln(oz,2) N*QO( K72B) . )
max E (V- vi|3) <0 + N (25)
Proof. See Appendix C. O
Remark 4.2. For the truncated Milstein scheme without antithetic correction, we have

cl1? _ _23 _
max B (|| - Vi) <O (M7 4+ N2 4 k%), (26)

m=0,...,

and therefore a slower variance decay with respect to the time step At =T /M.

5 Multilevel Monte Carlo Approximation
Let Z : Q@ — R be a real-valued, integrable random variable, and let (Z @i e N) be a sequence of
independent copies of Z. For any finite number of samples O € N we define the singlelevel Monte Carlo

estimator of E (Z) by

n
En(Z) = % PFAR (27)

10



We aim to estimate E (¥ (X)) for a given functional ¥ : H — R by multilevel Monte Carlo (MLMC)
methods. To this end, let My, L € N and let M, = My2¢ for £ = 1,...,L. Based on Theorem 4.1, we
balance the error contributions in (25) on all levels by setting the remaining approximation parameters as

Ny := fMme(a’Q)/z&W and Ky := fM;in(am/w], ¢=1,...,L. (28)

We denote for £ = 2,..., L by Y®*~! the coarse step approximation in (18) with discretization param-
eters given by My_1,Ny_1,K;_1. For ¢ =1,..., L, we let denote by Y /¢, Y% the fine step discretization
and its antithetic counterpart, respectively, both with discretization parameters My = M, = 2M,_; and

Ny = Ny, Ky = K,. Furthermore, we define v = 2(Y Tt Y ety

N4 al
(V) + UV

U =0, ,U5:=U(Yy), and U= 5 , for¢=1,...,L. (29)
We introduce the antithetic multilevel Monte Carlo estimator as
L
EYF (W) =" By, (¥, - ¥5_,), (30)
=1
where Ny, ..., Ny € N are level-dependent numbers of samples. Since YI\J:I"Z 4 Y]\a/, it holds that

E(EME(D) =E (\p(YAf;f)) .

To analyze the mean-squared error (MSE) and computational complexity of the estimator in (30), we
formulate the following assumptions on the sample complexity and the weak error.

Assumption 5.1. For fixed My € N and any ¢ € N, let M, = M2° and Ny, K; € N be as in (28).

(i) Sample complexity: Denote by Cy the cost of generating one sample of T on any a given refinement
level £ € N. There are constants C' > 0 and v > 0 such that for any ¢ € N there holds

Co <CM;™.

(ii) Weak convergence: Let & and 3 be as in Assumption 3.2 (iii), let ¥ : H — R be Fréchet differentiable
with bounded derivative, and let § € (0,1) be arbitrary small. There is a constant C = C(¥,46) >0
such that for £ € N there holds

E(U(X(T)) ~ E(¥(V};)| < a0,

Remark 5.2. The parameter v in Item (i) essentially depends on the cost of evaluating G. In case
there is some sparsity to exploit in G, the cost of one evaluation may be as low as O(max(Ny, Ky)), in
which case (28) yields that v = 1/2 - min(«,2)/min(@,s), see for instance the numerical example in Section 6.
On the other hand, the cost of one evaluation may be as large as O(NZK?), if evaluating G entails full
matrices and nested summations in the discretization scheme, which makes each sample significantly more
expensive.

Assumption 5.1 (ii) on the weak approximation error is natural, one often recovers (almost) twice the
strong rates for semi-linear, parabolic SPDEs, see e.g. [25, Theorem 5.12] or [24, Theorem 4.5]. In other
words, the weak error with respect to Ny and K is of order O(N, [2a+5 +K, 28 +5) for any arbitrary small
4 > 0, and the balancing in (28) yields with o > 1 that

E(V(X(T))) - E(‘I’(Y]\Zf)) = O(M; 0 ¢ N726F0 K£—25+5) = O(M; ).

11



Theorem 5.3. Let Assumptions 2.4, 3.2 and 5.1 hold. For any ¢ € (0,e™1), there exists an antithetic
multilevel Monte Carlo-Milstein estimator EL(V(Yar)) of E(U(X(T))) such that there holds

E (|EX () - B(x(D)]") <<,

and the computational complexity Cnr, of Er(¥(Yar)) is bounded by

Ce2, min(a,2) > 1+,
G, < { Ce2log )2, min(a,2) = 1+ 7, (31)
Ce 2~ Hoppet) , min(a,2) < 1+7.
Proof. See Appendix D. O

Example 5.4. To show that all three cases in (31) are conceivable, recall Example 3.4, where & =
min(e,2)/g (FEM) or & = @/d (spectral Galerkin method). Assuming for simplicity that « € [1,2], & = /4,
and that G may be evaluated with complexity O(max(Ny, K;)). The error balancing (28) then yields

maX(NZ,K@ — M;‘max(d/h!,l/zg)’
and thus Item (i) holds with

v = amax(¥2a,1/28) <@ —1 <= max(4/2,9/28) < o — 1.

6 Numerics

Let D = [0,1]¢ for d € {1,2,3}, let H := L%*(D) and denote by A := A the Laplace-operator with
homogeneous Dirichlet boundary conditions. We further assume that U = H and denote by (e, k € N)
and (A, k € N) the eigenfunctions and eigenvalues of — A, respectively. By Weyl’s law A\, = O(k”/?) for
k € N and for rectangular and circular domains the precise eigenfunctions and eigenvalues of A are given
in closed form, see e.g. [18, Section 3]. We consider the stochastic heat equation given by

dX(t) = AX(t)dt + G(X(£)dW(t), te[0,1], X(0)= Xo, (32)

for Xo € L3(Q; H?). The driving noise is modeled by a Q-Wiener process W : Q x [0,1] — H with
covariance operator @ := ((—A)~*) for a smoothness parameter s > 0. Since A\, = O(k”*) for k € N, Q
is trace-class for s > d/2, in which case W admits the Karhunen-Loeéve expansion

1/2
W) == n/wi(t)er, (33)
keN
where 7, = A\, ® and wy,ws, ... are independent one-dimensional Brownian motions. Hence, truncating

the expansion (33) after K terms yields an error of order O(K'~25/4) with respect to [|-||%,, uniform in
[0,7], and implies that Assumption 3.2 holds with 8 = (28/d —1) /2. Alternatively, we could define
the diffusion part of Equation (32) as G(Xt)th, where W is Gaussian white noise (i.e. has covariance
operator Q = 7) and G(v)ey, 1= nk/ G(v)ey for allv € H and k € N. By [25, Theorem 2.27] it then follows
that Equation (32) admits a unique mild solution X such that X () € L¥(Q; H®) for a € [1, min(1 + s, 2)]
and all ¢ € [0,1]. We fix the diffusion coefficient G to be linear and given by

o0
Z (v, ex) k41 (U v/Mit1€rt1)u + (9, €) er (U /e )u
k=1

12



for all v € H,u € U = Q/*H and some fixed g € H. We use a spectral Galerkin approach and expand
Y°, Y7’ and Y® in the same basis, for example

N

_ § c

- ym,k Ck
k=1

for {yfrb’k}ﬁ[:l € RN and m = 1,..., M. Recall from Example 3.4 that Assumption 3.2 then holds with
& = @/d. The scheme in (18) simplifies to

Yma1.1 = T(AtAL) (Yma + (9, €1) HFAmw1)

1
Ymi1,2 = T(At A2) (ym 2+ (Yma + (9, €2)m) Apws + 5(97 e1)n Amw2Amwl> .
ym+1 k — T(At Ak) (ynb E+ Xk<K (ynb,k—l + (97 ek)H) Aank)
r A
+ Xk<K —F— (AtA) (Ym,k—2 + (9, €x—1) 1) ApwrApwy_1.

for K > 2, k=3,...,N, and for y being the characteristic function. The schemes in (20) and (21) for
{yfn k}iv:f , and (22) and (23) for {y;, k},ICV:f 1 simplify similarly. The cost of evaluating the previous scheme is
O(N) for every time step since only O(min(N, K)) independent Brownian increments A, w1, ..., A, wy
are needed. We set (g,ex)g = k=2 and (Xo,ex)g = k~'/272/4=¢ for k € N and some ¢ > 0. Note
that with this choice G(v) € Lys(U,H) for all v € H and Xy € L¥(Q; H?). In Figure 1, we fix M and

K to some sufficiently large values and plot estimates of the difference max,, |V, Y(IN] | 2 (1)
for several values of N. The plot verifies the convergence order with respect to IV in Assumption 3.2 as
O(N~min(s+1.2)/d) " Next, we choose N and K in terms of M as in (28). In this case the cost per sample
is O(M**7) where

~v = max(9/2, @/28) = d max(1/2, min(1+s.2)/(25—a)).

We plot in Figure 2 estimates of the left-hand sides of (25) and (26) which verifies the claim of Theorem 4.1
and the improved convergence order of the variance for the antithetic estimator. In particular, the variance
convergence order is O(M~™in(2)) — O(M~™in(s+1.2)) for the antithetic estimator and O(M 1) for the
truncated Milstein scheme without antithetic correction. Both figures also clearly showcase the reduced
convergence rates in terms of N and M when d = 1 and as the smoothness parameter s decreases.

7 Conclusions

We have developed an antithetic MLMC-Milstein scheme for parabolic SPDEs, which offers a significant
improvement in computational efficiency for estimating quantities of interest in SPDE models. This
scheme circumvents the need to simulate intractable Lévy area terms, making it particularly advantageous
for SPDEs with multiplicative noise and non-commutative diffusion terms. In our study, we have derived
precise variance decay bounds for a fully discrete scheme that incorporates antithetic time stepping, spatial
approximations, and noise approximations. Furthermore, we have bounded the computational effort by
considering the cost associated with evaluating the noise term. These results provide valuable insights
into the efficiency and accuracy of our proposed scheme.

There are several possible extensions to the current work that could be explored. A further step to
enhance efficiency would be to develop a higher-order noise approximation that achieves a better rate
than O(K~7) in relation to the truncation index K (cf. Theorem 4.1). Additionally, the methodology
employed in this study could be extended to incorporate discontinuous Lévy driving noise, provided that
it possesses a sufficient number of moments. While this extension may initially seem straightforward, it is
important to emphasize that our results heavily rely on the continuous version of the Burkholder-Davis-
Gundy inequality (Eq. 36), while only a weaker version (Eq. 35) is available for discontinuous martingales.
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Figure 2:  Results for numerical example in Section 6 and M, N and K as in (28). (left) Shows
the left-hand sides of (25), the variance for the antithetic estimator, and (26), the variance for the
“Standard” truncated Milstein estimator without the antithetic correction, for the smoothness pa-
rameter s = 3d/4. (right) Shows the relative variance decay between the two estimators, i.e.,

max,, E (H?m — Y,;Hi[) / max,, E (HYJL — Yé”;) = O(M~™n(1)) for different smoothness parame-

ters s. The variance estimates were obtained using Monte Carlo sampling with at least 4000 samples.
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Consequently, a completely different proof technique would be required, even for the relatively simple case
of Poisson driving noise.

Another intriguing avenue for exploration would be the consideration of first-order hyperbolic SPDEs,
which commonly arise in the modeling of energy forward contracts [10, 3]. In such cases, the weak
formulation of SPDEs becomes essential for pathwise discretizations, see [8], as the associated semigroups
lack the smoothing properties observed in the parabolic case. Furthermore, recent developments have seen
the application of a modified version of the antithetic Milstein scheme to finite-dimensional stochastic
differential equations with non-Lipschitz drift [28]. Extending this result to SPDEs in infinite dimensions
would be both intriguing and worthwhile.
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A It6 Isometry and Burkholder-Davis-Gundy Inequalities

We record the following Itd isometry and Burkholder-Davis-Gundy (BDG)-type inequalities for Hilbert
space-valued stochastic integrals in the setting of Section 2.

Lemma A.1. Let Y € M?(U) and let G : Q x T — L(U, H) be a Pr/B(Lus(U, H))-measurable process

such that
([ ool

1. There holds the isometric formula

E( /OtG(s)dY(s) 1): (/ HG Ql/z()‘

2. If for some p > 2 there holds

e ([ fewreso];

then there is a C' = C(T,p) > 0 such that

IE( H)gCE(/ |e@at )|

Moreover, if Y has continuous trajectories, then

E(/OtG(S)dY(S) 1><C1E (/ |eee);

For a proof of (34) see e.g. [30, Theorem 8.7], the BDG inequality (36) for continuous martingales
may for instance be found [20, Eq. (1.5)] and the references therein. The previous result simplifies for
Wiener processes with constant martingale covariance Qy = Q Tr(Q)~! as in Section 2.4. In this case,
the It6 isometry and BDG inequality from Lemma A.1 admit the following form.

iy, Y>S> < o0.
L‘,H_S(U H)

dy,y) |, teT. 34
el { >5> (34)

Lus(U,H)

d(Y,Y)s> < 00,

/ Gy (s)

aly,Yy teT.
Lus(U,H) v, >s>’ © (35)

p/2
d(y, Y>s> , teT. (36)

Lys(U,H)
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Corollary A.2. [30, Corollary 8.17 and Lemma 8.27] Let W be a Q-Wiener process and let G : Q x T —
Lus(U,H) be a Pr/B(Lus(U, H))-measurable and square-integable mapping.

1. There holds the isometric formula

t 2 t t
E( | cwaws ) = [ B (166 ) ds = [ S nE (G a5 67
H
2. 1If, in addition, for some p > 2 there holds

0 keN
(/ ||G HEHSZ/IH) ><00a

then there is a C = C(p) > 0 such that for t € T there holds

E (‘ H) < CE (( A |G<s>|%,,s(u,H)ds)p/2> . (39)

B Proofs of Section 3

Proof of Proposition 8.1. For any fixed X € H, define

/Ot G(s)dW (s)

Gx:UxUw H, (6:9) = 3G (X)(PyG(X)0)e.

As G'(X) € L(H, LU, H)) and G(X) € LU, H), it readily follows that Gx is bilinear. Thus, there exists
a unique Gx € LU U, H) ~ L(Lys(U), H) such that

Gx(0,0) = Gx(0®¢), (6,9) €UXU. (39)
We thus define G : H — L(Lus(U), H), X — Gx, and (13) follows by the linearity of Gx together with
K
AW ik = (Wi (tm1) = Wi (tm)) © (Wic (tmi1) = Wi (tm)) = At mi e @ ey,
k=1

K
= Z (Amkamwl — 5k,l7]kAt) er X ey.
k=1

To show that G(X) € Lus(LusU), H) for all X € H, we use (39) and that (,/mrer ® /mer, (k1) € N?)
is an orthonormal basis of Lgs(U) to obtain

1GCNZ stems@or.my = 2, 1G9 (Viker @ /e |

k,leN

:i S G (X)(PyGX) imer) Vel

k,leN

=1 Z G (X) (PN G(X) /e | Z swa. )

keN

1
ZHG/(X)HE:(H,EHS(M,H)) S G iwenlF

keN

IN

1 IG" N2 (a1, 2 s, oy | GCONZ s, 11y -
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Using that G is twice differentiable with bounded derivatives from Assumption 2.4 (iii), we obtain

IGCONZ sz s,z < CA+ X ]]a)?

The bound in (15) follows analogously, by using Assumption 2.4 (iv) instead.
The Fréchet derivative G’ € L(H x H, Lgs(Lus(U), H)) of G is for all (X,Y) € H x H given by

1
G'(X)Y)(¢® ) =5 (G"(X)[PvG(X), Y]o + G(X) (PG (X)(Y)P)e), ¢ €U.
The last estimate then follows since G’ and G” are globally bounded by Assumption 2.4 ((iii)), since

g’

<

YY) (0 @ O £ustens).m)
(||G” PNG(X)d, Y £ys, ) + ||G/(X)(PNG/(X)(Y)¢)||cHs(u,H)) lellee

(x
!
2
1
5 (16" CON e casaem |G Y 1 + 16 (X | em,2ster,mn 16/ (XN V)6l ) el
1
3

IN

IN

(16" Ol a1 2.2t iy | GO e,y 1Y 11

+ IIG'(X)IIL(H,gHsm,H))IIG’(X)IIL(H,gHs(u,H))||Y||H> D lleelspllee
CA+ XYzl @ elle, @

O

We next record some stability and error estimates on the rational approximation r(AtAy) ~ Sy (At)
to prove Theorem 3.5.

Lemma B.1. Let Assumption 3.2 (i) and (ii) hold.
1. For any N € N, At >0 and o > 0 there holds

H’I"(AtAN)PN”ﬁ(H) S 1 and HT(AtA)Hﬁ(HO) S 1.

2. For any o € [0,2(q + 1)] there exists C > 0 such that for any At > 0 there holds

Ir(ALA) = 11| £ (o gy < CAL.

3. For any o € [0,2(q + 1)] there exists C' such that for any N,At >0, j € N and v € H* it holds

I1(r(AtANY = Sn(GAD) Pyollm < CA™ 20| princaa) -

For ot := A2t and j € N there holds
I(r (0t AN)> — r(AtAN)) Pyollg < CA™ P2 0]l grminas) -
Furthermore, there exists a > 0 such that

I(r(AtAN) Py — Dol < C(AE™ 2 4 N7 o] o

Proof.
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1. These stability estimates are well-known and may be found for instance in the proof of [32, Theorem
7.1]. We give a short proof here for the reader’s convenience.
Let (f~’1, ce, fn) denote the eigenbasis of (—A ), and recall that the corresponding eigenvalues satisfy
An >0foralln=1,...,N. Since r(z) < 1 for all z > 0 by the first part of Assumption 3.2 (i), we
have for all v € H that

N

Z At)\ PNU,};)H‘]};

|r(AtAN)Pyo3 = < ||Pyollfr < ol

H

For the second part, let A, > 0 and f,, € H denote for n € N the eigenvalues and eigenfunctions of
(—A). Similar as for the first part, we have

Ir(AtA)olF. = D ARl (APl (v, fa) i < D7 A, f)ul® < Mol

neN neN

2. The triangle inequality yields for any v € H* that
I (ALA) = Il g gy < Ir(ALA) = S(A)|| g gy + [S(AE) = Il gy < CAL,

The first term on the right hand side is bounded by [32, Theorem 7.1], the second term by [29
Theorem 6.13, part d)].

3. The first part is again given in [32, Theorem 7.1] together with Assumption 3.2 (ii) that yields
min(a,2)/2
HAN / PN’UHH <’ HUHHmin(a,z)g .

The second part then follows immediately by the triangle inequality, since Sy (250t) = Sy (jAL).
The final estimate follows by

[(r(AtAN) Py — Dolla < [[(r(AtAN) = I) Pyvll g + [|(Px — Dol 4
< oar el | A7 Py 1Py = Dol

<0 (A 4 N ol

where the second estimate is derived in the same fashion as part 2.), and we have used Assump-
tion 3.2 (ii) in the last step.

O
Proof of Theorem 3.5. 1. For m =0,..., M — 1, we re-iterate the representation in (16) to obtain
Yol = r(AtAy)"PyXo+ Y r(AtAn, ) Py F(Y 25 AL+ r(AtAN, ) PyG(Y ) A i Wie
j=0 §=0
(40)

+ Zr AtAN)PNG (Y ) A Wi

T AtAN) PNXO + I + 11 + II1.

The first term is bounded in LP(Q2; H) by Jensen’s inequality and the first part of Lemma B.1

) =esy e (e ],

7=0

E(J1%,) < AtPmP~ 121@( (AtAy, ) PyF(YNE)
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where the last bound holds since F' is of linear growth.
For the second term, we use the BDG inequality in (38) together with Jensen’s inequality and the
linear growth of G to obtain

p/2

m

2
E(||I1]|Z,) < CE At ||r(AtAy, ) PyG
() < Z [ratax peeotH|

3l -
Lus(U,H)

m J

< CAP/2mp/2=1 ZE (H r(AtAn, Y PyG (VY

NK
< CAt;JE(H HY H )

To bound the last term, recall the bound in (12), which shows with the BDG inequality from (36) that
E (|17

SCE Z/J+1

p/2
2

AtANf)jPNg( ) 1//\/2m j,K(S)’

dWpm—i kK, Wmnm_;
Las(USU,H) < m—j,K m J,K>s

p/2

At?
Lus(URU,H)

< CE ZHQ

< carmolt- 1ZE(HQ )

—
Lus(L1(U),H)

P
-J H)’

where the last bound holds due to the linear growth bound (14).
Substituting the estimate for I-IIT into (40) and taking expectations yields

< CAP/?H Z E (
§=0

]E(HYn]jffH )SC(l+]E(||X0||’I’{)+At§:IE<HYNKH ).
=0

and the first part of Theorem 3.5 follows by the discrete Gronwall inequality.
2. Let ey, := Y,NE Y N.K for ;m =0,..., M to obtain the error representation

Cmi1 = D r(AtAN, Y Py (FOOS) = FTNE)) At

& 10

J

+3 " r(AtAy, ) Py (G(YN’K )~ GYNE )) A jWar

m=j m—j
0

J

+ r(AtAN)PNg(YmNL]j)Wm—LK

I

Il
o

J

Using that F' and G are Lipschitz and repeating arguments from the first part of the proof yields

E (lem+1ll7y) < C | At E(llegllfy) + A2 Y TE (1Y511%)

Jj=0 Jj=0
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The claim then follows with Grénwall’s inequality, since we have shown that E (||Y;]|};) < oo is uniformly
bounded with respect to At in the first part. O

C Proof of Theorem 4.1 — Antithetic Variance Decay

Our strategy to prove Theorem 4.1 closely follows the approach in [17]. We bound E(||Y,, — Y,5||%) by
deriving appropriate difference equations of the antithetic average in (24) and by bounding higher-order

remainder terms. We introduce the semi-discrete temporal fine discretizations Y : Q x {0,1/2,1,..., M —
Yo, M} — H via Yj = X,

V110 = r@tA) (VL + FTot+ GTLomWi, + GV )omWnx, ) (41)
and
Y/, =r(otA) (ny/Q +F(Y! mi1/2)0t + G(Y, +1/2) mt1/2 + G( erl/2) mt1/2Wm, Kf) (42)

Note that we have used A instead of Ay, as compared to Equations (41) and (42), hence v/ involves
temporal and noise discretization, but no spatial approximation. The corresponding antithetic fine semi-
discretizations Y* are defined analogously by replacing Ay, by A and Py, by I in (22) and (23).

The next two auxiliary results establish a bound on vi—vy/ ;

Lemma C.1. Let Assumptions 2.4 and 3.2 (i) hold. For any p € (0, 8] there is a constant C = C(p) >0
such that for all M, Ny, Ky € N and m = 0,%/2,1,..., M — 1/2 there holds

E(‘YN{HH r(dtAn,) YfH )+E(H o 1ya — r(OtAN, )Y

P
) < oM™, (43)

H

Proof. We have by Equation (20), Lemma B.1 and Jensen’s inequality that

B (2 = roran L)

< C (E([[r@tan,) Py, FOGH ) + E ([Ir@tAn, ) Py, GO0 Wi, I3 ))
+CE< ’I"(DtANf)PN P)
H

SN G0 W,
<c(E(IFhI) o +E([GOD0mWi, [[)) + CE ([[600m Wi, ) -

The second part of Corollary A.2 shows together with (12), Assumption 2.4 (iii) and Proposition 3.1
that

r(dtAy, )Y

1) = ¢ (o (1+ 1¥211) + 022 (IGO0

+ Cot’E (Hg(YnJD HIZ:HS(LHSWLH))

< Cot'?E (1+ ||V

(H m+1/2

< Cot?/2.

For the last step we have used that E (HYJLH[I){) is uniformly bounded by Theorem 3.5. The bound for
(HY 1)z~ T(OAN, )Y

P
H) follows analogously. O
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Lemma C.2. Let Assumptions 2.4 and 3.2 hold. Then, there is a constant C = C(p) > 0 such that for
all M,Ny, Ky e N and m =0,1/2,1,..., M — /2, M there holds

= (|7

+ HY“

) <C, forpe(0,8], and

(e

Proof. We may represent ﬁfl for any m =0,1/2,1,..., M — 1/2, M by the expansion

D) (MNP LK) forp e (0,4,

m

2m—1
Vi = r@eAP T 4 7 r(eea) T (B0t + GV, oW, + (V00052 W 1, ) - (44)
7=0

This in turn shows with the first part of Lemma B.1, Jensen’s inequality, and the second part of Corol-
lary A.2 for p € [2, 8] that

2, <o (s (51, )+ S e e,

+CjZOE<HG ]p

EHs(U,HO‘)

" ) mptor

) (2m)p/2* 1o¢p/2

2m—1

S ol

[,H5(£1(u) H“‘

> (2m)P/2~LotP

IN

(e (l,.) v S e 0 )
<O | B(IXol.) +1+0f Z = (|7,

We have used Assumption 2.4 (iv) and Proposition 3.1 to derive the second inequality. The discrete
Gronwall inequality now shows that

E (H?,{LHZ) <C(1+E(|Xol.)) < oo. (45)

Thus, E (H@;HZ ) < oo forall p € (0,8, and E (Hfﬁg

p
) ) < oo follows analogously.
H(Y
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To show the second part, we use again (44) and repeat the above reasoning to find for p € [2,4] that

(vt =¥ o)

1) <cs (g

)+Oat Z (HF )~ F(Y],)

2m—1
Fy o olf
+ Cot jz:;) E (HG(Y]/Q) G(Yj/Z) Ens(uvH)>

2m—1
~ P
oo (ot -
+ ];) g j/2 g( J/2) Cos(Lus@), H) (46)

<c E(H(PNfI>Xo||z>+°t2§E(H 2= all,)

2m—1
+Cot' P2 3R (HQ(Yf/Z) - Q(?J‘J;g)‘ ’ ) .
j=0

Lus(Lus(U),H)

The second estimate follows since F' and G are Fréchet differentiable with globally bounded derivatives. To
bound the last term in (46), we recall that G satisifies the linear growth bound derived in Proposition 3.1
to obtain by Hoélder’s inequality and (45)

2R f v |P )
(Hg ) = 9(F)) LstHs(u),H)) < O (max (1 v [ ¥ll,) " [0 = Vel
TR AN
<CE(H SV, ) .
Assumption 3.2 (iii) implies that the semi-discrete approximation satisfies for p € [2, 4] that

2p 12
) SC(Dtp/Q—i-Kf_pB).

() -

Together with the first part of Theorem 3.5 and the strong error from Assumption 3.2 (iii) this shows

~ P
E H vi)—gv?
( g( J/2) g( J/Q) Lus(Lus(U),H)
2p 12
L ) (47)

1/2
. 2p

jot jot S
=C E(‘ il2 Y<2)H> +E<HY(2> Y]/zH

<C (Dtp/2 + NP +K;p5) .

Substituting (47) back to (46) now yields with Assumption 3.2 (ii)

JE(HY,{-%HZ) <C | NP 4ot Z (’

o= Vh||) ) + o2 (o2 4 NP 77

<C o+ N7 1 K p23+atz (‘

i/2 J/2H )

The claim for p € [2, 4] follows by applying the discrete Gronwall inequality, and the estimate for p € (0, 2)
is then obtained immediately by Hoélder’s inequality. O
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Lemma C.2 enables us to derive a difference equation on the fine approximation v/,
Proposition C.3. Let Assumptions 2.4 and 3.2 hold. Then, for any m =0,..., M — 1 there holds that
V) = r(0tAn,)? Py, (Vi + F(V)At+ GV AWk, + GV 1AW k,)
—r(0tAN,)? Py, G(Y,) (Omi1 /oW, @ 0 Wk, — 0 Wk, @ 0ns12Wi, ) +EL, + OF,
where =f,OF - Q — H are random variables such that
= 2 2 — min(a,2 —2a —4p

E(|[25I15) < Cot? (M- mine2) 4 N728 4 e 40),

E (0}, |F,) =0 and E(||OL]}) < Cot (M= mn(ed 4 N728 4 g 47)
The constant C is independent of M, Ny and Ky.

Proof. Assume for simplicity that Assumptions 2.4 and 3.2 hold with « € [1,2]. Equations (21) and (20)
show that

V), =r(®tAn,)? Py, (YL + FYD)At+ G0, Wi, + GV Wi k,)
+r(0tAn, )Py, (F(Y +1/2>At+ G(Y, +1/2) m+1/2Wk; +G( m+1/2) m+1/2Wm, Kf)

and by Equation (19) we have

0 Wik, = AW i, = Omi1/2Wm k; = Omg1/2Wrk; @ 0 Wik, — 0 Wk, @041 0Wk, .
Rearranging some terms yields
V) =r(0tAN,)? Py, (YL + PV At + GV AWk, + GV AW k,)

—r(0tAN, )2 Pn,G(YL) 0mi1 /oW, @00 Wi, = 0mWi, @ 0ir2Wie, )
+r(0tAn, )P, [F (Y], ) = r(0tAN, ) Pr, F(Y,))]ot
+r(EAN, PN, |GV ) = (LN, P, GOV | 01 o Wik,
— QT(DtANf)PNfr(DtANf)PNfg(Y,fl)DmWKf ® Vny1/2Wk,
(AN Py, [0V ) = T (0EAN, )P, GV D1 2 Won k-

The first two lines in the above equation correspond to the first two terms on the right hand side in (48),
and we label the remaining terms via

IV = [F(’

i1j2) — r(OtAN, )Py, F(Y,))]ot

1 [G +1/2 (DtANf)PNfG(erL)} V12 Wi, — QT(DtANf)PNfg(YnJi)DmWKf @ Vp1/2Wk
r/, .= [Q mt1y2) (DtANf)PNfg(YJJ} Om-t1/2Wm, K
to obtain
Yl =r(®tAy,)? Py, (Y + F(VE) At + GV AW, + GV AuWa k)
—r(0tAN, )2 Pn, G (V) (0mWi, @ 0ng1 /oW, — 0mg1 /oW, © 0mWk,) (49)
+ (LA, )Py, |1, + 11, + 111, |
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We split the first term Ifn further into
H, = [P0, 0) = FOrQAN, )Y + Fr@iAn, V) = r@tA,) Py, VD ot = (T + 172 ot

A first order Taylor expansion of I,f,;l then yields for some ¢!, € H

I =F(Y!,, ,) - Fr(dtAn,)Y])
= F/(&h) (Vinjo — r0tAN,)YE) (50)

=F'(&)r(0tAn,) (FYDAt+ GV D)0 Wk, + GV )0 Wi k) -
As F,G and G are of linear growth and E(||Y;{||%) < oo is uniformly bounded by Theorem 3.5, we have
U ==f o

where Zf:1 Of:1 : Q@ — H are random variables such that E(||Z/:!%,) < C’th, E(OLY|F;,,) = 0 and
E(||Of; 1|| H) < C0t holds for an independent constant C' > 0. To bound 172 we use first order Taylor

expansions around Yf and Y,

m

J to show that for some &2, §m € H there holds

1/ = F(r(dAn,)Y,]) — r(dtAn, ) Pn, F(Y,])
= F(Y))+ F'(€2) [T(otANf)Yf yf} — r(dtAy, )Py, F(Y)

ol
[

I— T(DtANf)PNf] FYD)+ F'(€2) [r(btANf) - I] v!

I— r(atANf)PNf} (F(Yf) RS Yf)) +F(E2) [r(atANf) - 1] (?,,f; vyl 17,{;) .

(51)
Lemmas B.1 and C.2 thus show together with Items (iii) and (iv) in Assumption 2.4 that
E(|I52[1%) < © (Dt“ +ot? 4 N7 K;‘*f’) <C (Dta + N7y K;‘*B) .
As [|r(0tAN,)Pn,||z(ry < 1 by Lemma B.1 this in turn shows that
r(0tAy, )Py, I, = r(3tAn, )Py, (Iﬁf + Iif) ot = =8+ ofL (52)

where Z£1 O/ : QO — H are random variables such that for an independent C' > 0 there holds
=f.1)2 2 a —2& —43 1 _ 1112 3
E(|[E515) < oo (ot + N7+ K77), E(041]F,) =0 and E([O51[3) < Cot*.
We expand the second term IIY, in (49) via

I, =[G, o) = GOOLAN)YD) dms1 Wi, = 2(0LAN, ) PN, GO Wi, @ 01 2Wik,
+ [Gr(dtAN,)Y,) — r(dtAN, ) Pr, G(Y,)] 012 Wi, (53)
=115 1172,

We observe that IE(IIf,;1 | Ft,,) = 0 and obtain by a second order Taylor expansion of G around r(dtAn,)Y,],
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that for some ¢Il € H it holds

1wt = G’(r(otANf)Y ) (V412 = r@UAN)YE) D1 Wik,
1
3G (Y11 —rIAN YL YL - rEAN,)YE) Omy1 o Wik,
—2r (DtANf)PNfg(Ynﬁ)DmWKf ®0m+1/2WKf
( (DtANf)Yf)T(atANf)PNf (F(Yf)at + G(Yf)a WKf + Q( )0 Wi Kf) m+1/2WKf
1
2Gll(£H) ( /2~ (DtANf)Y Ym+1/2 (DtANf)Ym) am_l,_l/QWKf
—r(3tAn,)Pn, G (Y1) (P, G(Y)00m Wi, J0ms1/2Wk,
= ( (DtANf) ) (atANf)PNf ( (Yf)bt + g(YT{L)Dmeny) D'm—f—l/Q‘/VKf
1
G”(f ) (Y7£+1/2 (atANf)Y Ym+1/2 (atANf)Y1£> Derl/QVVKf
+ G’( (OtAn,)YL) (r(®dtAn, ) Py, G(Y)0m Wk, ) Omi1/2Wk,
— r(0tAN, ) Pn, G (Y1) (PN, G(Y,L)00m Wi, )0mi1 2 Wi,
S AR LA+
The second identity follows by Proposition 3.1 since
Q(Y#;)UmWKf QVppg1/2Wk, = G'(Yi)(PNfG(YTfL)DmWKf)0m+1/2WKf-

As F and G are of linear growth (see Proposition 3.1) and G’ is bounded, it follows by the independence
of Y,,, 0 Wi i, and 0,41 /2Wk,, Lemma A.1 and Theorem 3.5 that

s ([E)]) <o (e (i) o <o

Similarly, Lemma C.1 yields with the boundedness of G” that

12 N .
B[ ]| ) < CE (V. - reean)vi|| ) o< cort

. . . . o=f1 I .
We use Taylor expansion to split the integrand in III,, for some ¢! € H into

G/ (r(otAn,)YL) (r(otAn, ) Py, GV, )0 Wk,) — r(0tAn, ) Py, G (Y1) (Pn,G(Y,L)0,, Wk, )
= [G'(r(dtAn,)Y) — G'(V])] (r(0tAn,) Py, G(Y,))0 Wk, )
+G'(Y]) (r(0tAn,) Pn, G(Y,L)0, Wk, ) — G (Y1) (P, G(Y,) )0, Wi, )
+ G (V)(Py, G0 Wk,) — r(0tAN, ) Pn, G’ (Y1) (Pn, G(Y,) )0, Wi, )
= G"(EM [(r(dtAN,) — DY, r(0tAn, ) P, G(Y])0m Wi, ]
+G’(Yf) [(r(dtAn,) — I)Pn,G(Y,])0,, Wk, |
+ (I - r(tAn,)Pn,)G (Y1)(Prn, G(Y, )0, Wi, ).
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We then use Assumption 2.4 (iii) together with Corollary A.2 and Theorem 3.5 to estimate

2
)w
Lps(U,H)

(U

E (Hﬁiﬁ“i) <3E (HGH(&E}) [(r(tAy,) - I)Yn{,r(atANf)PNfG(Y,fI)DmWKf]‘

138 (|6 (V) [r0tAn,) — )P, G0 Wi, 112, )
+3E (H — r(dtAy,) Py, )G (V] )(PNfG(Y,i)amWKf)HiHS(u’H)) ot
<CE (ltr(@tAn,) = DYLI% | (r@tAn, ) P, G0 Wi, ) [5;) 0t
+ CE (||(r(2tAn,) — I) Py, G(Y,]) ||H) ot

+ CE (|| (ot Ay, ) Py, = DG/ GO W, ) ot

LEA] AP
y
<CE (||(r(2tAn,) ~ 1) YJLH‘;) E ([lr(0tAn, ) Py, GOG0n Wik, ||y, ) ot

+ CE (||(r(dtAn,) PN, — D)G(Y, ot

( I s )
+CE (H atANf PNf _I)G/ Yf HL (H,Lus(U,H)) ) (HG )y WKfHH) ot

<CE (H(r(btANf) 2 f/nf;)HH) " o2

+CE (H(r(btANf)PNf e ZARNE s E AR el 2 ))\ o H)) ot?

- N /2
+CE (H(r(btANf)PNf (G +E (v - G’(Ynfi))HE(H e H))) o2,

In the last step we have used that G is of linear growth together with Theorem 3.5.
Assumption 2.4 (iv) together with Lemmas B.1 and C.2 then yields

12
()
H
NRNE a2
< o (E(H<r<atANf>-z>YnJ;\|H) v (vt - %) )
+ Cot? <E< )*E(‘ ))
Ls(U,H) Lus(U,H)

ol 0 -0 1))

o4\ Y2
,ny
A5

Thus, we obtain for ITI/;' : Q — H that E(II5:F,, ) = 0 and E(||II512,) < Cot2 (Dt”‘ + N2 Kf“*ﬁ).

(r(0tAn,) - DGV )]

Gyl - a!) ‘

< Cot? (bto‘+Nf_2°‘) (HYfH + HG (V) ‘

+ e,

Lus(U,H*) He Lys(U,H®)) ‘

< Cot? (Dt"‘ + N7 K;“B) .

m

For the remaining term II/:? in (53), we have that E(II/:?|F, ) = 0. Morever, with the It6 isometry

m
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and analogous calculations as in (50) and (51) we obtain the bound
2
E(|TIL )1 1) (H[ r(0tAn,)YL) — r(0tAn, )P, G(Y))] 0mi1 2 Wk, HH>
o —2a —48
gCat(at + N R,

To bound the last term IIIY, in (49), we first observe again that E(III] | F,,) = 0. We further use the
BDG inequality in Lemma A.1 to obtain for some ¢ 21 ¢ [ that

g (|t ) =5 (607 00 = e, P, 60D s Wi )

) ot2
Lus(L1(U),H)

2
<CE (Hg F )~ g(r(atANf)PNfYTg)]CHg(cl(u) H)) o2

o2

<CIEI(HQ (Y1) — (btANf)PNfg(Yf)’

+CE (Hg(r(btANf)Pnyffl) - g(erwc HLHS(El(U),H))

+ CE ([|G(VE) — r(0tAn, ) Py, 6V 2, o2 o)) OF

g™

2
<CE ( L1y~ r(0tAy, )Yn{)’

> ot?
Lus(L1(U),H)

2
+ CE (Hg’(gﬁf”)([ - r(atANf))YnﬁHL”S(Q(WH)) ot?

+CE (H —r atANf))g(YJl)||2H5(£1(M)7H)) ot

.. . . - . - . = f1
Holder’s inequality, Proposition 3.1 and now show with similar calculations as for III,, that

1/2
E(HHIQH?{) gC]E(1+||5,£;HI|}‘,‘{) (H L1 —r(0tAN,) ’le;) o2

1/ . - 4 1/2
+CE (1+ Hgf,;mﬂj‘{) E (H(I—r(DtANf))(Y,fL—FYnJ; _YnJ;)HH) ot

+ CE (H(I —r@tAn,) (970 +60vE) — 67| oterti )> ot

<Cot? (at“ + N7 K;‘*ﬁ) .

A similar result to Proposition C.3 also holds for the antithetic fine approximation Y.*.
Corollary C.4. Let Assumptions 2.4 and 8.2 hold. Then, for any m =0,..., M — 1 there holds that
Ve = r(0tAn,)? Py, (Y2 + F(Y2) AL+ G2 ) AWk, + GV, Ay Win k)
+7(0tAN, )2 Pn, G(YVE) (Vi1 /oW, @ 0mWi, — 0 Wi, @ 0ni12Wk,) (54)
+=0 + 05,
where Z%,, 0% Q0 — H are random variables such that
E (IIEmllé) < Cot? (M* min(e2) 4 N2 4 K“‘B) :
E (0% |F,) =0 and E (Ho |\H) < Oot (M—mlf‘(a 2 4 N7y Kf—‘*ﬂ) .

The constant C' is independent of 6t = T/2m, Ny and Kjy.
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Proof. Equations (22) and (23) show that
Ve =r(dtAn,)* Py, (Ve + F(Y2) AL+ GV, ) AWk, + GV ) Ay Wa k)
+ T(atANf)QPNf g(Yn%) (Dm—&-l/QWKf ® DWLVVK,‘ - DmWK,‘ by DWL+1/2WKf)
+ T(DtANf)PNf [I% + II?n + HIgn] s

where sign change in the third line is due to the swapping of the increments 0,,,1/2Wgk, and 6, Wk, in
the antithetic estimator. The remainder terms are given by

In, = [F (Y5 1/2) — r(0tAN, ) Pn, F(Y3)]0t,
1L, = [G(K(rlz-‘rlﬂ) - r(otANf)PNfG(Yﬂ(’lL)} 0m Wi, = 2r(Qt AN, ) PNy G (Y )0mi1/2Wie, © 0mWi .,

L, = |GV 5) = 7(0AN, ) P, GV | 0 Wan k-
The claim follows analogously to Proposition C.3. O

Proposition C.3 and Corollary C.4 are now combined to derive a similar difference equation for the
(antithetic) average Y, := 1/2(Y,f +Y,2) for m =0,..., M.

Proposition C.5. Let Assumptions 2.4 and 3.2. Then, for any m =0,..., M — 1 there holds that
Yins1 =r(0tAN,)*Prn, (Vi + F(Y )AL+ G(Y ) AWk, + GV ) ApWin ;) + Zm + Om,
where Zp,, Om : Q@ — H are random variables such that
E (Himuz) < CA#? (M— min(e?) 4 N2y K;‘*B) :
E(On|Fi,) =0 and E([[Onl]}) < CAt(Mmne2) 4 2284 47)
The constant C' is independent of At =T/m, Ny and K.
Proof. Lemma C.3 and Corollary C.4 show that
Y1 =r(0tAN,)*Prn; (Yin + F(YV )AL+ G(Y ) AWk, + G(Y i) AW k)

+r(otAn,)? Py, (W _ F(Ym)> At
+r(otAy,)? Py, ((W - G(Ym)) A Wi,
+r(dtAn,)* Py, (W - Q(Ym)> Ay Wi,k
% (G(Y2) = GV,L)) (Omi12Wk, @ 0mWie, — 0mWik, @ i1 /0Wi,)
+1(E{n+Efn+Ofn+Ofn)

2

|
—|—Im+Hm—|—HIm+IVm+§(E{n+5‘fn+0fn—|—0fn)

~ To bound the first term I,,, we use a second order Taylor expansion of F around Y, together with
Y = 2(Y,L +Y2) to obtain for some &f,,£% € H

PO PO g PR = FU68) sy pr g
9 m 4 m mytm m

. F”(gvj;) - F( gn) (Yf —ve vyl Y,%)

- ]_6 m m? m m/*
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Assumption 3.2 (iii) and the triangle inequality further show that
al? 4 2 —4& —48
E([v4 - Yally) < CE (I = X(tmlly,) < © (082 + N7 4 K4).
We then use the global bound on F” and Jensen’s inequality together with Assumption 3.2 (iii) to derive

= (all) <2 ([FOATE0E  rw [ )ar

2
< CE (||Y! = X(mAt) + X(mAt) —ve||* ) A2
(I~ X(mat) + X(mar) - vl

< CA® (A8 + N7 4 K V).

We observe that E(ILy, | F;,,) = 0 holds for the second term, and arrive with It6’s isometry and similar
calculations as for I,,, at

E(|Tally) < cat (a2 + N7 4 Kk 4)).

For the next, we first note that E(IIL,,| 7;,,) = 0. To bound III,, in mean-square, we use Proposi-
tion 3.1 and first order expansion of G to obtain for some &/, €%, € H

G(vf) +9(v;)
2

_ (&) -G ()
2

_ (&) -G

(Yf - ?m) 4

—G(Ym) m (Yo, = Yo).

Since the intermediate points E,{@,E;';Z € H are convex combinations of Y, and Y, there holds by
Lemma A.1, Proposition 3.1 and Theorem 3.5

E (|13, ) < CE <H<g’<€f;> R AGACEEREY) ;m,m) Af?
< CB ((1+ VIS + WViali) v = vl ) s
< (v -vally) " ar
< CA® (At+ N7 4+ K )
< CAL (A8 + AINT2 + ALK )
< CAL(A# + N 4 K1),

where we have used Young’s inequality for the final estimate. o
As G is of linear growth by Proposition 3.1, we obtain analogously that E(IV,,| F;, ) =0 and

E(|[Vnll},) < CAt (A2 + N7 4 K4).

The dominating remainder terms in the expansion of Y41 are thus Zf,, 22 0/ 0% and the claim

follows from Proposition C.3 and Corollary C.4. O

We are now ready to proof our main result.
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M —1 and assume again without

51 for any m =0

Proof of Theorem 4.1. Define €41 :=Y 1 —Y,5
loss of generality that « € [1,2]. By Proposition C.5 it holds that
em+1 = r(0AN,)’Y 1 — 1(ALAN)Y
(r(otAn, )’ Py, F(Y ) — 1(AtAN) PN F(Y))) At
Y. (AtAN)PNG(Y,;))A Wi,
G(Vn)) AW i, (55)
)

(T(DtANf)szfG(Y )
( (DtANf) PNfQ(Y )—T(AtAN)PN
W

+(r .
+r(AtAN)PNG (Y, ) (AWK, — Ay
+1(AtAN)PNG (Yo ) (A Wi iep — A Win i)
+Zm + O,
We now re-iterate the representation of Y, and Y.¢ to obtain
C

em+1 = r(0tAN,)*"Y o — r(AtAN)™Y
((btAN Y=t py F(Y ;) — r(AtAx)" 1P F(Yc)> A
<

f )
( (0tAy,)2m =) Py G(Y;) — r(AtAy)™ TP G(Y‘)) AW,

2
j=0
2
j=0
+ Z( (OtAn, )T Py G(Y ) — r(AtAN)" TP Q(YC)) AjWin
j=0
- 1 (56)
+ ) r(AtAN)" I PN G(YP) (AW, — A W)
j=0
+ Zr(atA )" I PNG(YI) (AW iy — AW i)
j=0
+ ) r(tAy, )" (E; + 0;5)
j=0
=T+ > T+ 1L + 1V, + V; + VI + r(0tAy, )*V 1 (E; + 0))
7=0
The first term I is bounded Lemma B.1 and Assumption 3.2 (ii) since Xo € L¥(Q, H%)
m 2 m\37 |2
— (At )™V ol[5;) + 3B (|[r(AtA, )™ — r(AtAN)") Vo)
T
YO)HH)

E (I5;) < 3 (||(r(etAn, >
+ 3E (||r(AtAn)™ (Vo -
< CE (|| (r(dtAn,)*™ T(AtANf)m)PN,fXOHiI)
+ CE ([[(r(atAn, )™ = r(AtAn)™) Py, Xo |3, )
+0 (B (|17, X0~ Xoll},) +E (IX0 — PuXol%))

<C (M4 N)
To bound the terms I1;, we define the semi-discrete averages Y; := % (Yf + Y“) for j =0 m. We
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then obtain for any 5 = 0,...,n by a first order Taylor expansion for some Ej, &5 € H that

I, = (r(atANf)%WHUPNf - r(AtANf)m’jHPNf) (F(?j) —F(Y;) + F(ffj)) At
+ (r(AtAN, )" Py, — r(AtAN)™ T Py) (F(?j) —-F(Y)+ F(})) At
+r(AtAN)™ TPy (F(Y,) — F(YS)) At
( (0t Ay, )2 It Py — r(AtAy, )" T Py ) (F -)+F(ffj)) At

+ (r(AtAy, )™ T Py, — r(AtAN)™ T Py) (F’(@)(Y — V) + F(Y; ))A
+r(AtAN)" I Py (F(€)(Y; - Y)) At

Lemmas B.1 and C.2 then show together with Assumption 3.2 (iv) that

E (15, < CAPE (HYJ' B ’EHE)

. . ~ 2
+ CALE < (T(atANf)%mi]Jrl)PNf — r(AtANf)meHPNf) F(Y])HH>

)

+ CAPE ( (S, ((m — j + DAY — (At Ay Py) BT + IIeijq)

+ CAE ( (r(AtAn, )" T Py, — Sy, ((m — j + 1)At)) F(Y;)

< CAPE (AR + N7 4+ K% 4 (A% + N2 F(V) e + e )
< CAL? (M_O‘ +NE LK LR (||ej||H)) .
By Lemma A.1 and with similar calculations as for IIY, we further obtain
2 2 - —2& - 2
E (I )3,) +E (V115 ) < cae (M= + N7+ K7+ E (el )) -

The fifth term V; is bounded by Corollary A.2 and Theorem 3.5 via

Ky Ky
E(IV13) = E ([GOR2, ) 3o < CAE (14 |¥E[5) 3 0 < ok,
J=K+1 J=K+1

where we have used that n; = O(;j~(1+9)=28) for arbitrary small ¢ > 0 in the last step, cf. Remark 3.3.
Similarly, Lemma A.1, Proposition 3.1 and Theorem 3.5 show that

Ky
2 ey |12 Z _
E (HVI]HH) < CAPE (HQ(YJ )chs(ﬁl(u),H)> 777 < OAFK .
j=K+1

Now we finally observe that E (Z|F;) = 0 for Z € {IIl;,...,VL;} and every j = 0,...,n, and thus
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obtain with the estimates on I,1I;, ..., VI; that

E (lleml}) < CE (1) + Cm ZE (m515,) + & (I311)

— 2
w3 (B (2 + & (1v;3) + & (Vo013 ) + & (IV513) +E ([05]15))
j=1
—« —2a -« —2a — 2
<CMor N LA (Y MO N LK 25+E(||ej||H)
=1
The claim now follows by the discrete Gronwall inequality. O

D Proof of Theorem 5.3 — Multilevel Monte Carlo Complexity

Proof of Theorem 5.3. Fix £ =1,..., L. By Theorem 4.1 and (28) there holds that

2 .
max E (HY Yni,ﬁ—lH ) < C( mm(a 2) + N, 23 +Ke_fig) _ Cszlnll(a,Q)_
H

m=0,...,M

Now let Y/'X and Y% denote the fine approximation and its antithetic counterpart, respectively, on the
finest level L. The bias of the MLMC estimator is then bounded due to Assumption 5.1 (ii) by

B (8(Xr) ~ )| < CM; 4,

Using a first order Taylor expansion of ¥ € CZ(H,R) around ?f\/[ and Theorem 4.1 shows that for some
&ht €ot ¢ H the variance decay on each level may be bounded by

Var(U, — 0§ )<1E WYL+ wveh — 2wy ’
ar(\Wy -1) = M, M, Mo,

- 1 efi L . 1(¢al o 2
. ((w@ D+ YD (v, ) e TED (e, ) )

)

Finally, Assumption 5.1 (i) yields a cost per sample of [ given by C; < C’MHV As My, = My2¢, [15,
Theorem 2.1] yields the claim.

<CE (H Vo, - V5!

< CM[ min(a,2) ]

O
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