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Abstract

In virtually any scenario where there is a desire to make quantitative or qualitative pre-
dictions, mathematical models are of crucial importance for predicting quantities of in-
terest. Unfortunately, many models are based on mathematical objects that cannot be
calculated exactly. As a consequence, numerical approximation algorithms that approx-
imate such objects are indispensable in practice. These algorithms are often stochastic
in nature, which means that there is some form of randomness involved when running
them. In this thesis we consider four possibly high-dimensional approximation problems
and corresponding stochastic numerical approximation algorithms. More specifically, we
prove essentially sharp rates of convergence in the probabilistically weak sense for spatial
spectral Galerkin approximations of semi-linear stochastic wave equations driven by mul-
tiplicative noise. In addition, we develop an abstract framework that allows us to view
full-history recursive multilevel Picard approximation methods from a new perspective
and to work out more clearly how these stochastic methods beat the curse of dimen-
sionality in the numerical approximation of semi-linear heat equations. Furthermore, we
tackle high-dimensional optimal stopping problems by proposing a stochastic numerical
approximation algorithm that is based on deep learning. And finally, we study conver-
gence in the probabilistically strong sense of the overall error arising in deep learning
based empirical risk minimisation, one of the main pillars of supervised learning.
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Zusammenfassung

In geradezu jeder Situation, in der quantitative oder qualitative Prognosen gefragt sind,
sind mathematische Modelle von enormer Wichtigkeit, um relevante Grossen vorauszu-
berechnen. Ungliicklicherweise beruhen viele Modelle auf mathematischen Objekten, die
nicht exakt berechenbar sind. Folglich sind numerische Naherungsverfahren, die solche
Objekte approximieren, in der Praxis unabdingbar. Oft sind diese Verfahren stochasti-
scher Natur, was bedeutet, dass eine Art von Zufélligkeit bei ihrer Ausfithrung involviert
ist. In vorliegender Dissertation betrachten wir vier moglicherweise hochdimensionale Na-
herungsprobleme und zugehorige stochastische numerische Naherungsverfahren. Genauer
gesagt beweisen wir Raten der Konvergenz im probabilistisch schwachen Sinne, die im We-
sentlichen scharf sind, fiir raumliche spektrale Galerkinapproximationen von semilinearen
stochastischen Wellengleichungen, die von multiplikativem Rauschen angetrieben werden.
Ausserdem entwickeln wir einen abstrakten Formalismus, der uns erlaubt, vollhistorisch
rekursive Multilevel-Picard- Approximationsverfahren aus einem neuen Blickwinkel zu be-
trachten und klarer herauszuarbeiten, wie diese stochastischen Verfahren den Fluch der
Dimensionalitéit in der numerischen Approximation von semilinearen Warmeleitungsglei-
chungen tiberwinden. Des Weiteren gehen wir hochdimensionale optimale Stoppprobleme
an, indem wir ein stochastisches numerisches Ndherungsverfahren einfiihren, das auf Deep
Learning beruht. Und schliesslich untersuchen wir Konvergenz im probabilistisch starken
Sinne des Gesamtfehlers, der bei Deep-Learning-basierter empirischer Risikominimierung
entsteht, einem der zentralen Standbeine des iiberwachten Lernens.






Preface

The present thesis is a cumulative dissertation. More precisely, Section 1.1 combined with
Chapter 2 is a slightly modified version of the preprint Jacobe de Naurois, Jentzen, &
Welti [185], Section 1.2 combined with Chapter 3 is a slightly modified version of the
preprint Giles, Jentzen, & Welti [134], Section 1.3 combined with Chapter 4 is a slightly
modified version of the preprint Becker, Cheridito, Jentzen, & Welti [30], and parts of
two paragraphs in the beginning of Chapter 1 combined with Section 1.4 and Chapter 5
are a slightly modified version of the preprint Jentzen & Welti [196].

In the case of each of the preprints [134, 185, 196] I have made major contributions
in all aspects of the creation of the work, that is, in the development of the ideas in the
work, in the development of the proofs in the work, and in the writing of the work. In
the case of the preprint [30] T have made major contributions in the development of the
proofs in the work, in the development of the computational examples in the work, in the
development of the MATLAB source codes in the work, and in the writing of the work.
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Chapter

Introduction

Mathematical modelling is ubiquitous. In virtually any scenario where there is a desire
to make quantitative or qualitative predictions, theoretical insights and gathered data
are used to derive mathematical models with the aim to predict values of quantities of
interest. To name but a few examples, mathematical models for randomness allow us
to make predictions based on statistics, mathematical models for the lift force enable us
to construct wings that carry a modern airplane, mathematical models from quantum
mechanics pave the way for the design and study of quantum computers, mathematical
models that find a majority in parliament and the electorate tell us how much taxes we are
obligated to pay, and mathematical models for infectious diseases provide us with possible
scenarios for the evolution of a pandemic. In many cases reaching an actual prediction
from the derived mathematical model requires solving equations or computing numbers
that are not given in an explicit way. Unfortunately, this cannot be done exactly for the
vast majority of mathematical models of practical relevance. For this reason, numerical
approximation algorithms which are capable of approximatively solving certain equations
or approximatively computing certain numbers are required.

Often such numerical approximation algorithms are stochastic in nature, which means
that there is some form of randomness involved when running them. On the one hand,
this randomness may stem directly from the mathematical model, which may incorporate
randomness itself in order to achieve more realistic predictions. This is, for example, the
case when numerically approximating solutions of stochastic partial differential equations
(SPDEs), when numerically solving optimal stopping problems, and when using machine
learning algorithms in order to approximatively solve supervised learning problems. On
the other hand, randomness in numerical approximation algorithms may be beneficial
even though the mathematical model under consideration is purely deterministic. Ex-
amples for this situation include Monte Carlo methods for approximatively computing
high-dimensional deterministic integrals or stochastic numerical approximation methods
for solving deterministic partial differential equations (deterministic PDEs). In this the-
sis we consider four possibly high-dimensional approximation problems and corresponding
stochastic numerical approximation algorithms.

We first analyse spatial spectral Galerkin approximations of a certain class of semi-
linear stochastic wave equations (cf. Section 1.1 and Chapter 2). In order to develop our
analysis for the approximation error and to prove essentially sharp convergence rates, we
interpret solutions of the considered stochastic wave equations as solutions of suitable



Chapter 1. Introduction

infinite-dimensional stochastic evolution equations. In this sense the problem of numeri-
cally approximating semi-linear stochastic wave equations is extremely high-dimensional.

Thereafter, we examine full-history recursive multilevel Picard (MLP) approximation
methods (cf. E et al. [111] and Hutzenthaler et al. [181]), which are stochastic numer-
ical approximation methods capable of solving high-dimensional PDEs (cf. Section 1.2
and Chapter 3). We establish an abstract framework for suitably generalised MLP ap-
proximation methods which take values in possibly infinite-dimensional Banach spaces
and use this framework to prove a computational complexity result for suitable MLP
approximation methods for semi-linear heat equations. This computational complexity
result illustrates, in particular, how the overall computational cost grows with the space
dimension of the approximated semi-linear heat equation.

In connection with the third and fourth numerical approximation problems, we con-
sider stochastic numerical approximation algorithms that are based on deep learning.’
Deep learning based algorithms have been applied extremely successfully to overcome
fundamental challenges in many different areas, such as image recognition, natural lan-
guage processing, game intelligence, autonomous driving, and computational advertising,
just to name a few. Accordingly, researchers from a wide range of different fields, includ-
ing, for example, computer science, mathematics, chemistry, medicine, and finance, are
investing significant efforts into studying such algorithms and employing them to tackle
challenges arising in their fields. In this spirit we propose a deep learning based stochastic
numerical approximation algorithm for solving possibly high-dimensional optimal stop-
ping problems (cf. Section 1.3 and Chapter 4). We provide evidence for the effectiveness
and efficiency of the proposed algorithm in the case of high-dimensional optimal stop-
ping problems by presenting results for many numerical example problems with different
numbers of dimensions.

In spite of the, as mentioned, broad research interest and the accomplishments of deep
learning based algorithms in numerous applications, at the moment there is still no rig-
orous understanding of the reasons why such algorithms produce useful results in certain
situations.? Consequently, there is no rigorous way to predict, before actually implement-
ing a deep learning based algorithm, in which situations it might perform reliably and in
which situations it might fail. This necessitates in many cases a trial-and-error approach
in order to move forward, which can cost a lot of time and resources. A thorough math-
ematical analysis of deep learning based algorithms (in scenarios where it is possible to
formulate such an analysis) seems to be crucial in order to make progress on these issues.
Moreover, such an analysis may lead to new insights that enable the design of more ef-
fective and efficient algorithms. With this situation in mind, we investigate deep learning
based empirical risk minimisation, a stochastic numerical approximation algorithm that
is one of the main pillars of supervised learning (cf. Section 1.4 and Chapter 5). More
specifically, we prove mathematically rigorous convergence results for the overall error by
deriving convergence rates for the three different sources of error, that is, for the approx-
imation error, the generalisation error, and the optimisation error. These convergence
results are applicable without any restriction on the number of dimensions of the domain
on which the function to be learned is defined.

In the following we explain our work on these four numerical approximation problems
and the corresponding stochastic numerical approximation algorithms in more detail.

'Parts of this paragraph are a slightly modified extract of the preprint Jentzen & Welti [196].
2Parts of this paragraph are a slightly modified extract of the preprint Jentzen & Welti [196].

2



1.1. Stochastic wave equations

1.1 Stochastic wave equations

In the field of numerical approximation of stochastic evolution equations one distinguishes
between two conceptually fundamentally different error criteria, that is, strong conver-
gence and weak convergence. In the case of the finite-dimensional stochastic ordinary
differential equations, both strong and weak convergence are quite well understood nowa-
days; cf., e.g., the standard monographs Kloeden & Platen [203] and Milstein [246]. How-
ever, the situation is different in the case of the infinite-dimensional SPDEs (cf., e.g.,
Walsh [299], Da Prato & Zabczyk [94], Liu & Rockner [230]). In the case of SPDEs with
regular non-linearities, strong convergence rates are essentially well understood, whereas
a proper understanding of weak convergence rates has still not been reached (cf., e.g.,
[7, 8, 54-56, 82, 86, 98-100, 132, 162, 165, 166, 185, 191, 210-212, 214, 215, 228, 283,
302-304| for several weak convergence results in the literature). In Chapter 2 and the
preprint Jacobe de Naurois, Jentzen, & Welti [185], of which the current section com-
bined with Chapter 2 is a slightly modified version, we derive weak convergence rates for
stochastic wave equations. Stochastic wave equations can be used for modelling several
evolutionary processes subject to random forces. Examples include the motion of a DNA
molecule floating in a fluid and the dilatation of shock waves throughout the sun (cf., e.g.,
Dalang [95, Section 1|) as well as heat conduction around a ring (cf., e.g., Thomas [292]).
Unfortunately, such problems usually involve complicated non-linearities and are inac-
cessible for current numerical analysis approaches. Nonetheless, rigorous examination of
simpler model problems such as the ones considered in Chapter 2 and the preprint [185],
respectively, is a key first step. Even though a number of strong convergence rates for
stochastic wave equations are available (cf., e.g., |9, 79, 80, 213, 265, 300, 302, 305]), apart
from the findings of the preprint [185] and of the subsequent works Harms & Miiller [162]
and Cox, Jentzen, & Lindner [86] the existing weak convergence results for stochastic
wave equations in the literature (cf., e.g., [166, 211, 212, 214, 302, 303|) assume that the
diffusion coefficient is constant or, in other words, that the equation is driven by additive
noise.

The main contribution of Chapter 2 and the preprint [185], respectively, is the deriva-
tion of essentially sharp weak convergence rates for a class of stochastic wave equations
large enough to also include the case of multiplicative noise. Roughly speaking, the main
result of Chapter 2 (cf. Theorem 2.12 in Subsection 2.2.2) and of the preprint [185] (cf.
[185, Theorem 3.7]), respectively, establishes upper bounds for weak errors associated to
spatial spectral Galerkin approximations of semi-linear stochastic wave equations under
suitable Lipschitz and smoothness assumptions on the drift non-linearity and on the dif-
fusion coefficient as well as under suitable integrability and regularity assumptions on the
initial value. In order to employ a mild solution framework, the second-order stochas-
tic wave equations are formulated as first-order two-component systems of stochastic
evolution equations on an extended state space. The first component process of the
solution process of such a first-order system corresponds to the solution process of the
original second-order equation, while the second component process corresponds to the
time derivative of the first component process. As is often the case in the context of spa-
tial spectral Galerkin approximations, convergence is obtained in terms of the in absolute
value increasing sequence of eigenvalues of a symmetric linear operator.

To illustrate the main result of Chapter 2 and the preprint [185], respectively, in
more detail, we consider the following setting as a special case of our general framework
(cf. Subsection 2.2.1). Consider the notation in Subsection 2.1.1, let (H, (-, "), ||‘||x)

3



Chapter 1. Introduction

and (U, (-, )u, ||'|lu) be separable R-Hilbert spaces, let T € (0,00), let (Q, F,P) be a
probability space with a normal filtration (F;)icpo,r, let (Wy)icpp,m be an idy-cylindrical
(Q, F, P, (Fy)ecpo,m)-Wiener process, let (en)nen=f1,2,3..3 S H be an orthonormal basis
of H, let (Ay)nen C (0,00) be an increasing sequence, let A: D(A) C H — H be the
linear operator which satisfies D(A) = {v € H: > >° [Ai{en, v)ul* < oo} and Vo €
D(A): Av =" —Ay(en, V) men, let (H,, (-,)m,, |||lm,), r € R, be a family of interpola-
tion spaces associated to —A (cf., e.g., [279, Section 3.7]), let (H,, (-, )m,, [||lm,.), 7 € R,
be the family of R-Hilbert spaces which satisfies for all » € R that (H,, (-, g, ||"||g,.) =
(Hr/z x H, 2—1/27<.7.>H7‘/2><H1~/271/27 H'HHT/2><HT/271/2), let Py € L(HO), N € NU {OO}, be
the linear operators which satisfy for all N € NU {oo}, v,w € H that Py(v,w) =
(ij:l(en,wlqen,ZnNzl(en,w)Hen), let A: D(A) € Hy — Hj be the linear operator
which satisfies D(A) = H; and V(v,w) € H;: A(v,w) = (w, Av), and let v € (0, 00),
6 S (7/277]7 p e [072(7_ﬁ)]7 9, CF, CYB € [07 OO), 5 S LQ(PhFo;HZ(’Y—B))? F e LipO(HO,HO),
B € Lip’(Hy, L»(U, Hy)) satisty (—A)™# € Li(H), F(H,) C Hy,_s), (H, 2 v F(v) €
Hy(,—p) € Lip"(H, Ha,—p)), Vv € Hy,u € U: B(v)u € Hy, Vo € H,: (U 3 u —
B(v)u € H,) € Ly(UH,), (H, > v~ (U>uw~— Bljuec H,) € Ly(U,H,)) €
Lip’(H,, L»(U,H,)), Vv € H,: (U > u +— B(v)u € H,) € L(U,H,), (H, > v~ (U >
u — B(v)u € H,) € L(UH,)) € Lip"(H,,L(U,H,)), Fla, € C*(H,,Hy), Blg, €
CQ(HQ>L2<U7 HO))> Cr = Supx,m,szﬂreRHmmax{IIfulIIHO,vaHHO}Sl||F”('r)(vl7UQ)HHO < 00, and

CB = SUPs 0, voen, cxHy max{lon gzl y<1 B (2) (V15 02) | o 0p10) < 00

Theorem 1.1. Assume the above setting. Then

(i) it holds that there exist up to modifications unique (Fy).cjor-predictable stochastic
processes XV = (XN, XN): [0,T] x @ = Py(H,), N € NU {oo}, such that for all
N € NU {oo}, t € [0,T] it holds that supe (o ry E[HXéVH%J < 0o and P-a.s. that

t t
XN = AP e+ / IAPLF(XY) ds + / VAPV B(XY) AW, (1)
0 0

and

(1) it holds that

sup sup
NeN peC2(Ho,R)\{0}

< max{ 1[Il } EMEle, 0] + TIFlet, e pr, )
+ 2T [[(=A) || 2y || Bl iiPO(Hp,L(U,Hm] maX{lv [T((Cr)* + Q(CB)Q)]W}
-exp(T'[5 + 3|Fpip0 ey 11y) + 4 |B’iip0(H0,L2(U,H0))]> (1.2)
" CXp (T [2 ||F|HPHLipO(Hp,Hp) + HB‘HPHiipD(HP,LQ(U,Hp))}) < 0.

Theorem 1.1 follows directly from Remark 2.7 and Corollary 2.14 in Subsection 2.2.2, the
latter of which is a consequence of Theorem 2.12 in Subsection 2.2.2. Let us now add a
few remarks regarding Theorem 1.1.

First, we briefly outline our proof of Theorem 1.1. As usual in the case of weak
convergence analysis, the Kolmogorov equation (cf. (2.58) in the proof of Theorem 2.12)
is used. Another key ingredient is the Holder inequality for Schatten norms (cf. (2.61) in

((Am” E[p(XF)] —E[p(XF)] |>

||90||C§(HO,R)
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1.1. Stochastic wave equations

the proof of Theorem 2.12). In addition, the proof of Theorem 1.1 employs the mild Ito
formula (cf. Da Prato, Jentzen, & Réckner |93, Corollary 1]) to obtain suitable a priori
estimates for solutions of (1.1) above (cf. Lemma 2.8 in Subsection 2.2.2 for details). The
detailed proof of Theorems 1.1 and 2.12, respectively, can be found in Subsection 2.2.2.

Second, we would like to emphasise that in the general setting of Theorem 1.1, the
weak convergence rate established in Theorem 1.1 can essentially not be improved. More
precisely, Jacobe de Naurois, Jentzen, & Welti [186, Theorem 1.1] proves that for every
n € (0,00) and every infinite-dimensional separable R-Hilbert space (H, (-, ), ||-||zr) there
exist (Ua <'> '>U7 HHU)7 A: D<A) CH—H, ~,ce (Oa OO), (08)56(0700) C [0> OO>7 p e [077/2]’
¢ € L*(Plp,; Hy), ¢ € CE(Ho,R), F € C}(Hy,Hy), B € CZ(Hy, Ly(U, Hy)) such that
FH, CH,, (H,> v~ F(v) € H,) € Lip’(H,,H,), Vv € H,,u € U: B(v)u € H,,
VvoeH,: (U3u—BwueH, el (UH,, (H >v— (U>3u— BlvueH,) e
Ly(U,H,)) € Lip’(H,, L»(U,H,)), Vv € H,: (U > u — B(v)u € H,) € L(U, H,), and
(H,> v~ (U>uw— B(v)u e H,) € L(UH,)) € Lip"(H,, L(U,H,)) and such that for
all € € (0,00), N € N it holds that

¢ ()" < E[p(XF)] — E[p(XP)]] < Cc - ()" (1.3)
Further results on lower bounds for strong and weak errors for stochastic parabolic equa-
tions can be found, e.g., in Davie & Gaines [96], Miiller-Gronbach, Ritter, & Wagner [251],
Miiller-Gronbach & Ritter [250], Conus, Jentzen, & Kurniawan [82], and Jentzen & Kur-
niawan [191].

Third, we illustrate Theorem 1.1 by a simple example (cf. Corollary 2.18 in Sub-
section 2.2.3). For this let Py € L(H), N € NU {oo}, be the linear operators which
satisfy for all N € N U {oc}, v € H that Py(v) = N (en,v)me,. In the case
where (H, (-, )u, |-lm) = (U, ¢ ), o) = (L2003 R), () 120u,®)s 20,
&= (&,&) € HY((0,1);R) x H, and F = 0, where A: D(A) C H — H is the Laplacian
with Dirichlet boundary conditions on H, and where B: H x H_.;, = Lo(H, H x H_.,)
is the function which satisfies for all (v,w) € H x H_.;, u € C([0,1],R) and po1)-a.e.
z € (0,1) that (B(v,w)u)(z) = (0,v(z)u(x)), the first component processes X [0, T] x
Q2 — Py(H), N € NU{oc}, are mild solutions of the SPDEs

Xi(x) = L, X, (2) + Py X(x)Wi(2) (1.4)

with Xo(z) = (Pn&)(z), Xo(x) = (Pn&)(z), and Xy(0) = X¢(1) = 0 for z € (0,1),
t€[0,7], N e NU{oo}. In the case N = oo, (1.4) is known as the continuous version of
the hyperbolic Anderson model in the literature (cf., e.g., Conus et al. [83]). Theorem 1.1
applied to (1.4) ensures for all ¢ € CZ(H,R), € € (0,00) that there exists a real number
C € [0,00) such that for all N € N it holds that

E[o(X7)] - Elp(X7)]| < C- N (1.5)

(cf. Corollary 2.18). We thus prove that the spatial spectral Galerkin approximations
converge with weak rate 1- to the solution of the continuous version of the hyperbolic
Anderson model. The weak rate 1- is exactly twice the well-known strong convergence
rate for the continuous version of the hyperbolic Anderson model. To the best of our
knowledge, Theorem 1.1 and the corresponding result [185, Theorem 1.1|, respectively,
are the first result in the literature that establishes an essentially sharp weak convergence
rate for the continuous version of the hyperbolic Anderson model. Theorem 1.1 also
establishes essentially sharp weak convergence rates for more general semi-linear stochastic
wave equations (cf. Corollaries 2.16 and 2.18 in Subsection 2.2.3).
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Chapter 1. Introduction

1.2 Generalised multilevel Picard approximations

It is one of the most challenging problems in applied mathematics to approximatively
solve high-dimensional PDEs. In particular, most of the numerical approximation schemes
studied in the scientific literature, such as finite differences, finite elements, and sparse
grids, suffer under the curse of dimensionality (cf. Bellman [32]) in the sense that the
number of computational operations needed to compute an approximation with an error
of size at most € > 0 grows at least exponentially in the PDE dimension d € N or in
the reciprocal of €. Computing such an approximation with reasonably small error thus
becomes unfeasible in dimension greater than, say, ten. Therefore, a fundamental goal of
current research activities is to propose and analyse numerical methods with the power
to beat the curse of dimensionality in such way that the number of computational oper-
ations needed to compute an approximation with an error of size at most € > 0 grows at
most polynomially in both the PDE dimension d € N and the reciprocal of ¢ (cf., e.g.,
Novak & Wozniakowski [253, Chapter 1; 254, Chapter 9]). In the recent years a number
of numerical schemes have been proposed to tackle the problem of approximately solving
high-dimensional PDEs, which include deep learning based approximation methods (cf.,
e.g., [21-23, 28, 30, 45, 66, 75, 106, 110, 117, 123, 127, 146, 158, 159, 169, 178, 187,
231, 234, 238, 262, 266, 288] and the references mentioned therein), branching diffusion
approximation methods (cf., e.g., [1, 31, 46, 51, 52, 67, 168, 170172, 241, 267, 289, 306,
307]), approximation methods based on discretising a corresponding backward stochas-
tic differential equation (BSDE) using iterative regression on function Hamel bases (cf.,
e.g., [13, 40, 43, 53, 68-71, 87-90, 101, 107, 137-142, 177, 219, 225, 229, 235-237, 247,
248, 261, 272-274, 296, 312| and the references mentioned therein) or using Wiener chaos
expansions (cf. Briand & Labart [57] and Geiss & Labart [131]), and MLP approximation
methods (cf. [25, 26, 111, 112, 134, 179, 181-183|). So far, deep learning based approxi-
mation methods for PDEs seem to work very well in the case of high-dimensional PDEs
judging from a large number of numerical experiments. However, there exist only partial
results (cf., e.g., [47, 120, 144, 148150, 180, 194, 218, 268]) and no full error analysis in
the scientific literature rigorously justifying their effectiveness in the numerical approxi-
mation of high-dimensional PDEs. Moreover, while for branching diffusion methods there
is a full error analysis available proving that the curse of dimensionality can be beaten
for instances of PDEs with small time horizon and small initial condition, respectively,
numerical simulations suggest that such methods fail to work if the time horizon or the
initial condition, respectively, are not small anymore. To sum it up, MLP approximation
methods currently are, to the best of our knowledge, the only methods for parabolic semi-
linear PDEs with general time horizons and general initial conditions for which there is a
rigorous proof that they are indeed able to beat the curse of dimensionality.

The main purpose of Chapter 3 and the preprint Giles, Jentzen, & Welti [134], of
which the current section combined with Chapter 3 is a slightly modified version, is to
investigate MLP methods in more depth, to reveal more clearly how these methods can
overcome the curse of dimensionality, and to generalise the MLP scheme proposed in
Hutzenthaler et al. [181]. In particular, in the main result of Chapter 3 (cf. Theorem 3.14
in Subsection 3.1.6) and of the preprint [134] (cf. [134, Theorem 2.14]), respectively, we
develop an abstract framework in which suitably generalised MLP approximations can be
formulated (cf. (1.6) in Theorem 1.2 below) and analysed (cf. (i)—(iii) in Theorem 1.2)
and, thereafter, apply this abstract framework to derive a computational complexity re-
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1.2. Generalised multilevel Picard approximations

sult for suitable MLP approximations for semi-linear heat equations (cf. Corollary 1.3
below). These resulting MLP approximations for semi-linear heat equations essentially
are generalisations of the MLP approximations introduced in [181]. To make the reader
more familiar with the contributions of Chapter 3 and the preprint [134], respectively,
we now illustrate in Theorem 1.2 below the findings of the main result of Chapter 3 (cf.
Theorem 3.14 in Subsection 3.1.6 and [134, Theorem 2.14]) in a simplified situation.

Theorem 1.2. Let (Q2,.%,P) be a probability space, let (Y, ||-|ly) be a separable R-Banach
space, let 3,8, k,C,c € [1,00), © = J | Z", (M;)jen €N, y € Y satisfy liminf;_,, M,
= 00, sup;ey Miti/m; < B, and sup;en Mifi < K, let (2, Z) be a measurable space, let
79 Q0 — Z,0 €0, beiid F/Z-measurable functions, let (H, (-, Y, ||ll%) be a sep-
arable R-Hilbert space, let .7 be the strong o-algebra on L(Y,H), let p: Q — L(Y, H),
ke Ng=1{0,1,2,...}, be F /S -measurable functions, assume that (Z%)gco and (Vr)ren,
are independent, let ®;: YxYxZ — Y, 1 € Ny, be (B(V)RB(V)RZ)/PB(Y)-measurable
functions, let Yij: Q—=Y,0€0,jeN, ne (Ngu{—1}), satisfy for alln,j €N, § € ©
that Y, ; =Yy, =0 and

n—1 (M,)nfl

4 0,l,i 0,—1i i
Yf,jz >, W Zl (I)l(Yz,(j )aYl(—Lj ', 2% )) ’ (1.6)

let (Costy ;) (n.j)emou{—1})xn C [0,00) satisfy for all n,j € N that Cost_; j = Costy; = 0
and

n—1
Cost,; < (M;)"3 + Y [(M;)" ! (Costy; + Costy_y; + 23)], (1.7)
1=0
and assume for all k € Ng, n,j € N, u,v € Y that E“](I)k(YkO,j,Ykl_Lj, Z%|ly] < oo and

max{E[[[4x(20(0,0, Z°)[12,]. E[lvx () |2] } < &, (1.8)

E [l (®n(u, v, ZO)3] < cE[lltopsr(u = v)ll3], (1.9)

E[lon(y — Si BI® (0, Yk, 2] < cB[lonn (v = 9)). 10
Then
(i) it holds for alln € N that (E[[o(¥2, — 1)[2])"* < C[2]" < oo,
(ii) it holds for all n € N that Cost,, < (5M,)"3, and

(iii) there exists (N:)eeoq) € N such that it holds for all e € (0,1], § € (0,00) that
1
D v, (B[IU0(YV, — )IE]) 7 < & and

Costy, v, < 53"C?00 (1 + sup,, o [(M,,) 72 (25ceB) 1)) e 20H0) < oo, (1.11)

Theorem 1.2 follows directly from the more general result in Corollary 3.15 in Subsec-
tion 3.1.6, which, in turn, is a consequence of the main result of Chapter 3, Theorem 3.14
in Subsection 3.1.6 (cf. [134, Theorem 2.14]).

In the following we provide some intuitions and further explanations for Theorem 1.2
and illustrate how it is applied in the context of numerically approximating semi-linear

7



Chapter 1. Introduction

heat equations (cf. Corollary 1.3 below and Setting 3.1 in Section 3.2). Theorem 1.2 es-
tablishes an upper error bound (cf. (i) in Theorem 1.2) and an upper cost bound (cf. (ii)
in Theorem 1.2) for the generalised MLP approximations in (1.6) as well as an abstract
complexity result (cf. (iii) in Theorem 1.2), which states that for an approximation ac-
curacy € in a suitable root mean square sense the computational cost is essentially of
order 2. The separable R-Banach space (), ||||y) is a set which the exact solution y
is an element of and where the generalised MLP approximations Y,ﬁ =Y, 0 €0,
j €N, ne (NguU{—1}), which are random variables approximating y € ) in an appro-
priate sense, take values in. When y € ) is the solution of a suitable semi-linear heat
equation (cf. (1.12) below), elements of ) are at most polynomially growing functions
in C([0,T] x R%R), where T € (0,00), d € N (cf. (3.129) in Subsection 3.2.2.1). The
randomness of the generalised MLP approximations ng, 0e€0,jeN ne (NyU{-1}),
stems from the i.i.d. random variables Z?: Q — Z, € O, taking values in a measurable
space (Z, %), which in our example about semi-linear heat equations correspond to stan-
dard Brownian motions and on [0, 1] uniformly distributed random variables (cf. (1.13)
below). Observe that the generalised MLP approximations in (1.6) above are full-history
recursive since each iterate depends on all previous iterates. Together with the random
variables Z?, § € ©, the previous iterates enter through the functions ®;: YxY x Z — Y,
[ € Ny, which thus govern the dynamics of the generalised MLP approximations. This
recursive dependence, the consequential nesting of the generalised MLLP approximations,
and the Monte Carlo sums in (1.6) necessitate a large number of i.i.d. samples indexed
by 6 € © = |J,—, Z" in order to formulate the generalised MLP approximations. In
connection with this note that it holds for every n € (NgU{—1}), j € N that Y/, 0 € ©,
are identically distributed (cf. (v) in Proposition 3.8 in Subsection 3.1.3).

On the other hand, the parameter j € N of the generalised MLP approximations
Yn@m 0e€0,jeN ne (NygU{—-1}), specifies the respective element of the sequence
of Monte Carlo numbers (M;);eny € N (which are assumed to grow to infinity not faster
than linearly) and thereby determines the numbers of Monte Carlo samples to be used
in (1.6). Thus for every j € N we can consider the family (), )nem,ui—1}) of generalised
MLP approximations with Monte Carlo sample numbers based on M;, of which we pick
the j-th element Y; to approximate y € Y (cf. (iii) in Theorem 1.2). More precisely, for
every n € N the approximation error for Yr?,n is measured in the root mean square sense
in a separable R-Hilbert space (H, (-, )%, ||-||%), after linearly mapping it from Y to H
using the possibly random function y: Q@ — L(),H) (cf. (i) and (iii) in Theorem 1.2
above). In our example about semi-linear heat equations, # is nothing but the set of real
numbers R and 1)y is the deterministic evaluation of a function in ) C C([0,T] x R4 R)
at a deterministic approximation point in [0, 7] x R? (cf. (3.132) in Subsection 3.2.2.1).

Conversely, the functions v: Q@ — L(Y,H), k € N, correspond in our example to
evaluations at suitable random points in [0, 7] x R? multiplied with random factors that
diminish quickly as k& € N increases (cf. (3.132) in Subsection 3.2.2.1). Indeed assump-
tion (1.8) above essentially demands that mean square norms of point evaluations of the
functions ¥, k € Ny, diminish at least as fast as the reciprocal of the factorial of their
index. Due to this, the functions ¢, k € Ny, can be thought of encoding magnitude in
an appropriate randomised sense. Assumption (1.9) hence essentially requires for every
k € No, n € N that the k-magnitude of the dynamics function ®,, can be bounded (up
to a constant) by the (k + 1)-magnitude of the difference of its first two arguments, while
assumption (1.10), roughly speaking, calls for suitable telescopic cancellations (cf. (3.194)
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1.2. Generalised multilevel Picard approximations

in Subsection 3.2.2.5) such that for every k € Ny the k-magnitude of the probabilistically
weak approximation error of a given MLP iterate (cf. (3.44)—(3.45) in Subsection 3.1.4)
can be bounded (up to a constant) by the (k + 1)-magnitude of the approximation error
of the previous MLP iterate.

Furthermore, we think of the real number 3 € [1,00) as a parameter associated to
the computational cost of one realisation of Z° and for every n € (NoU {—1}), j € N
we think of the real number Cost, ; € [0,00) as an upper bound for the computational
cost associated to one realisation of i(Y,);) (cf. (1.7) above). In our application of the
abstract framework outlined above, we have that 3 corresponds to the spacial dimension
of the considered semi-linear heat equation and we have for every n € (NgU{—1}), 7 € N
that the number Cost,, ; corresponds to an upper bound for the sum of the number of
realisations of standard normal random variables and the number of realisations of on
[0, 1] uniformly distributed random variables used to compute one realisation of (Y, ;)
(cf. (3.204) in Subsection 3.2.3.1).

The abstract framework in Theorem 1.2 can be applied to prove convergence and
computational complexity results for MLP approximations in more specific settings. We
demonstrate this for the example of MLP approximations for semi-linear heat equations.
In particular, Corollary 1.3 below (cf. [134, Corollary 1.2]) establishes that the MLP
approximations in (1.13), which essentially are generalisations of the MLP approximations
introduced in [181], approximate solutions of semi-linear heat equations (1.12) at the
origin without the curse of dimensionality (cf. [181, Theorem 1.1] and [182, Theorems 1.1
and 4.1]).

Corollary 1.3. Let T € (0,00), p € [0,00), © = U;_, Z", (M;)jen € N satisfy sup,ey
(Mj+1/nm; + Mi/j) < oo = liminf; ..o M;, let f: R — R be a Lipschitz continuous function,
let go € C(RYR), d € N, satisfy Supyey SUp,cga 194 max{1,||z||? .} < 00, for every d € N
let yq € C([0,T] x R4, R) be an at most polynomially growing viscosity solution of

(%) (t,2) + 5(Asya) (t 2) + f(yalt, ) = 0 (1.12)

with ya(T,x) = ga(z) for (t,xr) € (0,T) x R, let (Q,.F,P) be a probability space, let
U?:Q — [0,1], 0 € O, be independent on [0, 1] uniformly distributed random variables,
let W9 [0,T] x Q — R¢, 0 € ©, d € N, be independent standard Brownian motions,
assume that (U%)gece and (Wd’e)(d,g)eNX@ are independent, let er{’f: 0,7] x RYx Q — R,
0c0O,djeN, ne (Ngu{—-1}), satisfy for alln,j,d €N, 0 € ©,t € [0,T], z € R¢ that
Yffj(t,x) = Yéff(t, z) =0 and

n—1 (Mj)nil . . .
Ynd”f(T _ t, LC) _ Z W |: Z |:f (Yd,(H,l,l) (T —t+ U(@,l,l)t, T+ Wd,(@,l,z))) (113)

Lj U@Lt
1=0 i=1

j - (M;)" ,
d,(0,—1,i i d,(0,1,i 4,000
(e o )] ¢ e[S o).

and for every d,n € N let Costq,, € Ny be the number of realisations of standard nor-
mal random variables used to compute one realisation of Y,5(0,0) (cf. (3.229) in Sub-
section 3.2.3.2 for a precise definition). Then there exist (Nd,e)(d,a)eNx(o,l] C N and
(Cs)seco,00) € (0,00) such that it holds for all d € N, e € (0,1], 6 € (0,00) that
Costy,y,, < Csd" P20+ g

Y
SUPne (. Ny 41, (B[ Vi (0,0) = 9a(0,0)P]) 7 < e. (1.14)
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Corollary 1.3 is a direct consequence of Corollary 3.34 in Subsection 3.2.3.2, while the lat-
ter is a direct consequence of Theorem 3.33 in Subsection 3.2.3.2. Theorem 3.33, in turn,
follows from either Corollary 3.15 in Subsection 3.1.6 or Theorem 1.2 above. Furthermore,
Theorem 3.33 and the corresponding result [134, Theorem 3.17], respectively, essentially
are a slight generalisation of [181, Theorem 1.1]. More specifically, the MLP approxima-
tions in (3.220) in Theorem 3.33 and in (1.13) above allow for general sequences of Monte
Carlo numbers (M;)jen € N satisfying sup;en(Mit1/m; + Mifj) < oo = liminf; o M.
This includes, in particular, the special case where Vj € N: M; = j, which essentially

corresponds to the MLP approximations in [181] (cf. [181, (1) in Theorem 1.1]).

1.3 Optimal stopping problems

Nowadays many financial derivatives which are traded on stock and futures exchanges,
such as American or Bermudan options, are of early exercise type. Contrary to European
options, the holder of such an option has the right to exercise before the time of maturity.
In models from mathematical finance for the appropriate pricing of early exercise options
this aspect gives rise to optimal stopping problems. The dimension of such optimal stop-
ping problems can often be quite high since it corresponds to the number of underlyings,
that is, the number of considered financial assets in the hedging portfolio associated to
the optimal stopping problem. Due to the curse of dimensionality (cf. Bellman [32]),
high-dimensional optimal stopping problems are, however, notoriously difficult to solve.
Such optimal stopping problems can in nearly all cases not be solved explicitly and it is
an active topic of research to design and analyse approximation methods which are capa-
ble of approximately solving possibly high-dimensional optimal stopping problems. Many
different approaches for numerically solving optimal stopping problems and, in particular,
American and Bermudan option pricing problems have been studied in the literature; cf.,
e.g., [3, 5, 6, 14, 15, 19, 20, 28-30, 33-39, 41-43, 48, 53, 58-61, 65, 73, 75, 77, 81, 97,
104, 118, 119, 126, 127, 129, 135, 139, 143, 146, 155, 164, 188, 189, 197, 204-209, 217,
219-221, 223, 224, 232, 233, 257, 270, 271, 276, 278, 287, 288, 293-295, 301]. For ex-
ample, such approaches include approximating the Snell envelope or continuation values
(cf., e.g., [15, 65, 232, 293]), computing optimal exercise boundaries (cf., e.g., [5]), and
dual methods (cf., e.g., [164, 270]). Whereas in [164, 207] artificial neural networks with
one hidden layer have been employed to approximate continuation values, more recently
numerical approximation methods for American and Bermudan option pricing that are
based on deep learning have been introduced; cf., e.g., [28-30, 75, 127, 221, 287, 288|.
More precisely, in [287, 288| deep neural networks (DNNs) are used to approximately solve
the corresponding obstacle PDE problem, in [28, 30| the corresponding optimal stopping
problem is tackled directly with deep learning based algorithms, [127] applies an extension
of the deep BSDE solver from [110, 158] to the corresponding reflected BSDE problem,
[75] suggests a different deep learning based algorithm that relies on discretising BSDEs,
and in |29, 221] DNN based variants of the classical algorithm introduced by Longstaff &
Schwartz [232] are examined.

In Chapter 4 and the preprint Becker et al. [30], of which the current section com-
bined with Chapter 4 is a slightly modified version, we propose an algorithm for solving
general possibly high-dimensional optimal stopping problems; cf. Framework 4.2 in Sub-
section 4.2.2 and |30, Framework 3.2|. In spirit it is similar to the algorithm introduced in
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Becker, Cheridito, & Jentzen [28]. The proposed algorithm is based on deep learning and
computes both approximations for an optimal stopping strategy and the optimal expected
pay-off associated to the considered optimal stopping problem. In the context of pricing
early exercise options these correspond to approximations for an optimal exercise strategy
and the price of the considered option, respectively. The derivation and implementation
of the proposed algorithm consist of essentially the following three steps.

(I) A neural network architecture for in an appropriate sense ‘randomised’ stopping
times (cf. (4.31) in Subsection 4.1.4) is established in such a way that varying the
neural network parameters leads to different randomised stopping times being ex-
pressed. This neural network architecture is used to replace the supremum of the
expected pay-off over suitable stopping times (which constitutes the generic opti-
mal stopping problem) by the supremum of a suitable objective function over neural
network parameters (cf. (4.38)—(4.39) in Subsection 4.1.5).

(IT) A stochastic gradient ascent-type optimisation algorithm is employed to compute
neural network parameters that approximately maximise the objective function (cf.
Subsection 4.1.6).

(ITI) From these neural network parameters and the corresponding randomised stopping
time, a true stopping time is constructed which serves as the approximation for an
optimal stopping strategy (cf. (4.44) and (4.46) in Subsection 4.1.7). In addition, an
approximation for the optimal expected pay-off is obtained by computing a Monte
Carlo approximation of the expected pay-off under this approximately optimal stop-
ping strategy (cf. (4.45) in Subsection 4.1.7).

It follows from (III) that the proposed algorithm computes a low-biased approximation
of the optimal expected pay-off (cf. (4.48) in Subsection 4.1.7). Yet a large number of
numerical experiments where a reference value is available (cf. Section 4.3) show that the
bias appears to become small quickly during training and that a very satisfying accuracy
can be achieved in short computation time, even in high dimensions (cf. the introductory
paragraph of Chapter 4 for a brief overview of the numerical computations that have
been performed). Moreover, in (I) we resort to randomised stopping times in order to
circumvent the discrete nature of stopping times that attain only finitely many different
values. As a result it is possible in (II) to tackle the arising optimisation problem with a
stochastic gradient ascent-type algorithm. Furthermore, while the focus in Chapter 4 lies
on American and Bermudan option pricing, the proposed algorithm can also be applied
to optimal stopping problems that arise in other areas where the underlying stochastic
process can be efficiently simulated. Apart from this, we only rely on the assumption that
the stochastic process to be optimally stopped is a Markov process (cf. Subsection 4.1.4).
But this assumption is no substantial restriction since, on the one hand, it is automat-
ically fulfilled in many relevant problems and, on the other hand, a discrete stochastic
process that is not a Markov process can be replaced by a Markov process of higher di-
mension that aggregates all necessary information (cf., e.g., |28, Subsection 4.3] and, e.g.,
Subsection 4.3.4.4).

Next we make a short comparison to the algorithm introduced in [28]. The latter
is based on introducing for every point in time where stopping is permitted an auxiliary
optimal stopping problem, for which stopping is only allowed at that point in time or later
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(cf. [28, (4) in Subsection 2.1]). Starting at maturity, these auxiliary problems are solved
recursively backwards until the initial time is reached. Thereby in every new step neural
network parameters are learned for an objective function that depends, in particular, on
the parameters found in the previous steps (cf. [28, Subsection 2.3]). In contrast, in (I)
a single objective function is designed. This objective function allows to search in (II)
for neural network parameters that maximise the expected pay-off simultaneously over
(randomised) stopping times which may decide to stop at any of the admissible points
in time. Therefore, the algorithm proposed here does not rely on a recursion over the
different time points. In addition, the construction of the final approximation for an
optimal stopping strategy in (III) differs from a corresponding construction in [28|.

1.4 Empirical risk minimisation

The aim of Chapter 5 and the preprint Jentzen & Welti [196], of which the current
section combined with Chapter 5 is a slightly modified version, is to provide a mathe-
matically rigorous full error analysis of deep learning based empirical risk minimisation
with quadratic loss function in the probabilistically strong sense, where the underly-
ing DNNs are trained using stochastic gradient descent (SGD) with random initialisa-
tion (cf. Theorem 1.4 below and [196, Theorem 1.1]). For a brief illustration of deep
learning based empirical risk minimisation with quadratic loss function, consider natu-
ral numbers d,d € N, a probability space (2, F,P), random variables X: Q — [0, 1]¢
and Y: Q — [0,1], and a measurable function £: [0,1]% — [0,1] satisfying P-a.s. that
E(X) = E[Y|X]. The goal is to find a DNN with appropriate architecture and ap-
propriate parameter vector § € RY (collecting its weights and biases) such that its re-
alisation .#5: R? — R approximates the target function £ well in the sense that the
error E[|A5(X) — E(X)|P] = f[071}d]¢/1/9(a:) — &(x)PPx(dx) € [0,00) for some p € [1,00)
is as small as possible. In other words, given X we want 45(X) to predict Y as re-
liably as possible. Due to the well-known bias—variance decomposition (cf., e.g., Beck,
Jentzen, & Kuckuck |27, Lemma 4.1]), for the case p = 2 minimising the error function
RY 5 0 — E[|A(X) — E(X)|?] € [0,00) is equivalent to minimising the risk function
R > 0 — E[|A(X) — Y]] € [0,00) (corresponding to a quadratic loss function). Since
in practice the joint distribution of X and Y is typically not known, the risk function is
replaced by an empirical risk function based on i.i.d. training samples of (X,Y’). This
empirical risk is then approximatively minimised using an optimisation method such as
SGD. As is often the case for deep learning based algorithms, the overall error arising
from this procedure consists of the following three different parts (cf. 27, Lemma 4.3] and
Proposition 5.37 in Subsection 5.5.1): (i) the approzimation error (cf., e.g., [16, 17, 49,
78,92, 122, 128, 163, 173-176, 226, 255] and the references in the introductory paragraph
in Section 5.2), which arises from approximating the target function £ by the considered
class of DNNs, (ii) the generalisation error (cf., e.g., |18, 27, 47, 91, 113-115, 156, 240,
281, 297]), which arises from replacing the true risk by the empirical risk, and (iii) the
optimisation error (cf., e.g., [10, 12, 22, 27, 44, 72, 102, 103, 108, 109, 124, 161, 190, 195,
200, 222, 282, 311, 313]), which arises from computing only an approximate minimiser
using the selected optimisation method.

In Chapter 5 and the preprint [196], respectively, we derive strong convergence rates
for the approximation error, the generalisation error, and the optimisation error separately

12



1.4. Empirical risk minimisation

and combine these findings to prove strong convergence results for the overall error (cf.
Subsections 5.5.2 and 5.5.3), as illustrated in Theorem 1.4 below. The convergence speed
we obtain (cf. (1.18) in Theorem 1.4) suffers under the curse of dimensionality (cf., e.g.,
Bellman [32] and Novak & Wozniakowski [253, Chapter 1; 254, Chapter 9]) and is, as a
consequence, very slow. To the best of our knowledge, we establish in Chapter 5 and the
preprint [196], however, the first full error analysis in the scientific literature for a deep
learning based algorithm in the probabilistically strong sense and, moreover, the first
full error analysis in the scientific literature for a deep learning based algorithm where
SGD with random initialisation is the employed optimisation method. We now present
Theorem 1.4, the statement of which is entirely self-contained, before we add further
explanations and intuitions for the mathematical objects that are introduced.

Theorem 1.4. Letd,d,L,J,M,K,N € N, v,L € R, ¢ € [max{2,L},00), 1= (ly,...,1)
e NMU N C{0,...,N}, assume 0 € N, Iy =d, I, =1, and d > S5 L(Li_y + 1), for
every m,n € N, s € Ny, 0 = (01,...,04) € RY withd > s+ mn +m let.Af,fn: R™ — R™
satisfy for all x = (x1,...,x,) € R" that

95+1 934—2 T es-i-n Ty 95+mn+1
eernJrl 95+n+2 T 95+2n T2 93+mn+2

A (@) = . . . e , o (1.15)
65+(m—1)n+1 98+(m—1)n+2 co 05+mn Tn 95+mn+m

let a;: RY — RY i € {1,...,L}, satisfy for all i € NN[0,L), 2 = (11,...,71,) €
RY that a;(x) = (max{z),0},..., max{xy,0}), assume for all x € R that ag(r) =
max{min{z, 1},0}, for every § € RY let A5: R — R satisfy Ny = ag, o AP izt o

I,

ar,_1 oAIBI’EEiQ_Ié(h*H) o...o0a oAfl’?lo, let (Q, F,P) be a probability space, let XJ’?’": Q—
0,1]¢, k,n,j € Ny, and Y;’“” Q — [0,1], k,n,7 € Ny, be functions, assume that
(XP0,Y20), j € N, are ii.d. random variables, let £:[0,1]" — [0,1] satisfy P-a.s.
that £(XY0) = E[Y20X{0), assume for all x,y € [0,1]% that |E(x) — E(y)| < Lz —
yll1, let Opn: Q@ — RY, k,n € Ny, and k: Q — (Ng)? be random variables, assume
(UZO:1 @k,O(Q)) C [—e¢, ]9, assume that Org, k € N, are i.i.d., assume that ©q is
continuous uniformly distributed on [—c,c]d, let R%": RY x Q — [0,00), k,n,J € Ny,
and GF": RY x Q — R4, kn € N, satisfy for all kkn € N, w € Q, § € {9 €
RY: (RE"(-,w): RY — [0,00) is differentiable at 9)} that GF"(0,w) = (VeRE™)(0,w),
assume for all k,n € N that Oy, = O 1 — YG"" (O n_1), and assume for all k,n € Ny,
JEN, R we that

177
Ry (60, w) = 7 L;W%)(X]’?’”(w)) =Y w)? and (1.16)
k(w) € argming e, N, 01 ()l ze RA7 (O (W), w). (1.17)
Then
E [/[0’1]d|’/1/®k (l’) - 5($)| PX?,O (da:)]
< de? AL + 1) In(eM)  L(|1oo + 1) k! (1.18)
= [min{L,1,... 151}V M4 KIEL) (et 2] "

13



Chapter 1. Introduction

Recall that we denote for every p € [1,00] by |[,: (s, R") — [0,00) the p-norm
of vectors in | J)~  R"™ (cf. Definition 5.9 in Subsection 5.2.1). In addition, note that the
function 2x[0,1]7 3 (w, ) = | Aoy ) (@) —E(2)] € [0, 00) is measurable (cf. Lemma 5.38
in Subsection 5.5.2) and that the expression on the left hand side of (1.18) above is thus
well-defined. Theorem 1.4 follows directly from Corollary 5.45 in Subsection 5.5.3, which,
in turn, is a consequence of the main result of Chapter 5, Theorem 5.41 in Subsection 5.5.2
(cf. [196, Theorem 6.5]).

In the following we provide additional explanations and intuitions for Theorem 1.4.
For every 6 € RY the function 45: RY — R is the realisation of a fully connected feedfor-
ward artificial neural network with L + 1 layers consisting of an input layer of dimension
lp = d, of L — 1 hidden layers of dimensions 1i,...,1_1, respectively, and of an output
layer of dimension Iy, = 1 (cf. Definition 5.8 in Subsection 5.1.3). The weights and biases
stored in the DNN parameter vector # € R? determine the corresponding L affine linear
transformations (cf. (1.15) above). As activation functions we employ the multidimen-
sional versions ay, ..., ar_1 (cf. Definition 5.3 in Subsection 5.1.2) of the rectifier function
R 5 z — max{z,0} € R (cf. Definition 5.4 in Subsection 5.1.2) just in front of each of
the hidden layers and the clipping function ay, (cf. Definition 5.6 in Subsection 5.1.2) just
in front of the output layer.

Furthermore, observe that we assume the target function £: [0, 1] — [0, 1], the values
of which we intend to approximately predict with the trained DNN, to be Lipschitz
continuous with Lipschitz constant L. Moreover, for every k,n € Ny, J € N the function
RE™: R x Q — [0,00) is the empirical risk based on the J training samples (X", Y/"),
je{l,...,J} (cf. (1.16) above). Derived from the empirical risk, for every k,n € N the
function GF": RY x Q — RY is a (generalised) gradient of the empirical risk R¥™ with
respect to its first argument, that is, with respect to the DNN parameter vector € R9.
These gradients are required in order to formulate the training dynamics of the (random)
DNN parameter vectors O, € R, k € N, n € Ny, given by the SGD optimisation
method with learning rate v. Note that the subscript n € Ny of these SGD iterates (i.e.,
DNN parameter vectors) is the current training step number, whereas the subscript £ € N
counts the number of times the SGD iteration has been started from scratch so far. Such
a new start entails the corresponding initial DNN parameter vector O ¢ € R9 to be drawn
continuous uniformly from the hypercube [—c, c]9, in accordance with Xavier initialisation
(cf. Glorot & Bengio [136]). The (random) double index k € N x Ny represents the final
choice made for the DNN parameter vector O € R? (cf. (1.18) above), concluding the
training procedure, and is selected as follows. During training the empirical risk R9 has
been calculated for the subset of the SGD iterates indexed by N C {0, ..., N} provided
that they have not left the hypercube [—c, c]? (cf. (1.17) above). After the SGD iteration
has been started and finished K times (with maximally NV training steps in each case) the
final choice for the DNN parameter vector Oy € RY is made among those SGD iterates
for which the calculated empirical risk is minimal (cf. (1.17) above). Observe that we
use mini-batches of size J consisting, during SGD iteration number k € {1,..., K} for
training step number n € {1,..., N}, of the training samples (XJ’?”", ij”), jed{l,...,J},
and that we reserve the M training samples (X]Q’O7 Y}O’O), jeA{l,..., M}, for checking the
value of the empirical risk RY).

Regarding the conclusion of Theorem 1.4, note that the left hand side of (1.18) is the
expectation of the overall L!-error, that is, the expected L'-distance between the trained
DNN Ao, and the target function £. It is bounded from above by the right hand side

14



1.4. Empirical risk minimisation

of (1.18), which consists of following three summands: (i) the first summand corresponds
to the approrimation error and converges to zero as the number of hidden layers L — 1
as well as the hidden layer dimensions lj,... 1, increase to infinity, (ii) the second
summand corresponds to the generalisation error and converges to zero as the number
of training samples M used for calculating the empirical risk increases to infinity, and
(iii) the third summand corresponds to the optimisation error and converges to zero as
the total number of times K the SGD iteration has been started from scratch increases
to infinity. We would like to point out that the second summand (corresponding to the
generalisation error) does not suffer under the curse of dimensionality with respect to any
of the variables involved.

The main result of Chapter 5 (cf. Theorem 5.41 in Subsection 5.5.2) and of the
preprint [196] (cf. [196, Theorem 6.5]), respectively, covers, in comparison with Theo-
rem 1.4, the more general cases where LP-norms of the overall L2-error instead of the
expectation of the overall L'-error are considered (cf. (5.163) in Theorem 5.41), where
the training samples are not restricted to unit hypercubes, and where a general stochastic
approximation algorithm (cf., e.g., Robbins & Monro [269]) with random initialisation is
used for optimisation. Our convergence proof for the optimisation error relies, in fact, on
the convergence of the Minimum Monte Carlo method (cf. Proposition 5.34 in Section 5.4)
and thus only exploits random initialisation but not the specific dynamics of the employed
optimisation method (cf. (5.151) in the proof of Proposition 5.39 in Subsection 5.5.2). In
this regard, note that Theorem 1.4 above also includes the application of deterministic
gradient descent instead of SGD for optimisation since we do not assume the samples
used for gradient iterations to be i.i.d.
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Chapter

Weak convergence rates for spatial spectral
Galerkin approximations of semi-linear
stochastic wave equations with
multiplicative noise

The content of this chapter is a slightly modified extract of the preprint Jacobe
de Naurois, Jentzen, & Welti [185].

In this chapter we investigate weak convergence rates for stochastic wave equations that
may be driven by multiplicative noise (cf. Section 1.1 in Chapter 1). More precisely,
Theorem 2.12 in Subsection 2.2.2, which is the main result of this chapter, yields upper
bounds for weak errors associated to spatial spectral Galerkin approximations of abstract
wave-type stochastic evolution equations (SEEs). With the help of Theorem 2.12 we
establish, in particular, Theorem 1.1 in Section 1.1, which provides more explicit estimates
for weak errors in the case of suitably numbered spatial spectral Galerkin approximations.

This chapter is organised as follows. In Subsection 2.1.1 we present some notation often
used in this chapter. Subsection 2.1.2 states mostly well-known existence, uniqueness,
and regularity results, while Subsection 2.1.4 collects basic properties about interpolation
spaces and semigroups associated to deterministic wave equations. The main result of this
chapter, Theorem 2.12, is stated and proven in Subsection 2.2.2. Finally, Subsection 2.2.3
shows how Theorem 2.12 can be applied to stochastic wave equations and, in particular,
to the continuous version of the hyperbolic Anderson model (cf. Corollaries 2.16 and 2.18).

2.1 Preliminary results

For the proof of our key results in Section 2.2 below we require a number of basic prop-
erties of solutions of Kolmogorov equations and of semigroups associated to wave-type
evolution equations, which we collect in this section. More concretely, after presenting
some notation in Subsection 2.1.1 we state in Subsection 2.1.2 a well-known existence
and uniqueness result for solutions of SEEs with Lipschitz continuous drift and diffusion
coefficients (cf. Proposition 2.1) as well as an elementary result providing bounds for so-
lutions of Kolmogorov equations associated to finite-dimensional SEEs (cf. Lemma 2.2).
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Chapter 2. Stochastic wave equations

Furthermore, in Subsection 2.1.4 we recall several elementary and well-known facts about
linear operators, semigroups, and interpolation spaces associated to deterministic linear
wave-type evolution equations (cf. the setting in Subsection 2.1.3).

2.1.1 Notation

In this subsection we introduce some notation which we employ throughout this chapter.
For a set A we denote by P(A) the power set of A and by Py(A) the set of all finite
subsets of A. For a metric space (E,dg), a dense subset A C E, a complete metric space
(F,dr), a uniformly continuous function f: A — F, and the unique function fec (B, F)
which satisfies f |4 = f we often write, for simplicity of presentation, f instead of f. For
two R-Banach spaces (V, ||||y) and (W, ||-|lw) with V' # {0}, a natural number k € N =
{1,2,3,...}, and a function f € C*(V,W) we denote by | flesovay, 1 llexiwy € 10,00]
the extended real numbers given by

1F® (@) (o1, - - vg) [l

| fler ZSUPHf( (@)@ wy=sup  sup , (2.1
(VW) LBvw) €V vy,... v, €V\{0} lorllv - o [Jokllv
1 lexvy = I1F(O)[lw + 2:|f|cZ vV, W) (2.2)

and we denote by CF(V, W) the set given by CF(V,W) = {g € C*(V,W): lgllexvwy <
0o }. For two R-Banach spaces (V, ||-||v) and (W, ||-|lw) with V' # {0}, a number k € Ny =
{0,1,2,.. .}, and a function f € C*(V, W) we denote by | flpis vy, 1 |Lipk vy € [0, 00]
the extended real numbers given by

Supwev(Hf(ﬁi:fhy)llw) k=0
| Lipk vy = Y -1 (] (2:3)
ip*(V, z)—f "y ’ '
supz,y;v( ”w_y”VL(k)(V,W)> ckeN
TFY
Hf”Lipk(VW ||f ||W + Z|f|L1p V,W) (2-4)

and we denote by Lip*(V, W) the set given by Lip"(V, W) = {g € C*(V,W): 191 Lipk v)
< 00}. For two R-inner product spaces (V, (-, -)v, |||lv) and (W, (-, }w, ||-|lw) we denote
by (V' x W, (-, Yvsw,||‘|lvxw) the R-inner product space which satisfies for all z; =
(v, w1), Ty = (vo,wy) € V X W that (x1, 22)yvxw = (v1,v2)v + (wy, wa)y. For R-Hilbert
spaces (H, (-, ) u,, ||-lm,), ¢ € {1,2}, a real number p € [1,00), and linear operators
A € L(Hy,H,) and B € L(H;) we denote by [|A| L, .1, € [0,00] the extended real
number given by ||Al|r, i, m) = [traces, ((A*A)”?)]/?, we denote by ||B| 1, € [0, oc]
the extended real number given by ||B||.,a#) = || B||1,(#,H,), We denote by L,(Hy, Hy)
the set given by L,(Hi, Hy) = {C € L(Hy, H2): ||C||1,(m,,1,) < 00}, and we denote by
L,(H,) the set given by L,(H;) = L,(H;, Hy). For an R-Hilbert space (H, (-,-)u, ||-||#),
an orthonormal basis B C H of H, a function A\: B — R, a linear operator A: D(A) C
H — H which satisfies D(A) = {v € H: Y, 5|\ (b, v)u|* < 0o} and Vv € D(A): Av =
> v Mo, v) b, and a function ¢: R — R we denote by ¢(A): D(p(A)) € H — H
the linear operator which satisfies D(¢(A)) = {v € H: >, p5le(X) (b, v)u|* < 0o} and
Vo € D(p(A)): p(A)v = >, ©(Ap)(b,v)gb. For a Borel measurable set A € B(R) we
denote by pa: B(A) — [0, 00] the Lebesgue-Borel measure on A.
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2.1.2 Existence, uniqueness, and regularity results for SEEs

Proposition 2.1 below is a direct consequence of Da Prato & Zabczyk [94, Theorem 7.4].

Proposition 2.1. Consider the notation in Subsection 2.1.1, let T € (0,00), p € [2,00),
let (H, (-, ")u,||"|ln) and (U, (-, )u, |||lv) be separable R-Hilbert spaces with H # {0}, let
(Q, F,P) be a probability space with a normal filtration (Fy)wcpm, let (Wi)wcpr be an
idy-cylindrical (2, F, P, (Fy)icp,m)- Wiener process, let S: [0,00) — L(H) be a strongly
continuous semigroup, and let F' € Lip®(H, H), B € Lip"(H, Ly(U, H)), € € LP(P|g,; H).
Then there exists an up to modifications unique (Fy)co.1)-predictable stochastic process
X:[0,T] x Q — H such that for all t € [0,T] it holds that supcp 1y E[|X,|%] < oo and
P-a.s. that . .

Xo=Sig+ [ SeFOG) s+ [ S BOG) AW (2.5)

0 0

In the next elementary and well-known result, Lemma 2.2, we present bounds for
spatial derivatives of solutions of Kolmogorov equations associated to finite-dimensional

SEEs.

Lemma 2.2. Consider the notation in Subsection 2.1.1, let (H,{-, "), ||'||g) be a finite-
dimensional R-vector space with H # {0}, let (U, (-, )v, ||-||lv) be a separable R-Hilbert
space, let U C U be an orthonormal basis of U, let T € (0,00), A€ L(H), F € C}(H,H),
B € C}(H, Ly(U, H)), ¢ € CE(H,R), let (2, F,P) be a probability space with a normal fil-
tration (Fy)ico,r), let (Wi)iepo,r) be an idy-cylindrical (2, F, P, (Fy)cjo,r))- Wiener process,
let X*: [0, T|xQ — H, v € H, be (Fy)co,r-predictable stochastic processes such that for
all v € H, t €[0,T] it holds that sup e E[|| X?]|7;] < 0o and P-a.s. that

t t
X* = ey + / IR (XY ds 4 / e =DAB(XT) dW,, (2.6)
0 0

and let w: [0,T] x H — R be the function which satisfies for all t € [0,T], v € H that
u(t, ) = E[p(X}F)]. Then

(i) it holds that u € CY*([0,T] x H,R),

(i1) it holds for all (t,x) € [0,T] x H that

(Zu)(t, ) = (Lu)(t, x)[Az + F(2)] + 3 Y (Zzu) (t,z)(B(x)b, B(x)b),  (2.7)

belU

(i) it holds that

sup |ul(t, ')|Cé(H,IR) < |@|C§(H,R)[ sup ||€SA||L(H)]
te[0,7] s€[0,T

(2.8)
Y T[|F|Cg(H,H) +3 |B|é1(H,L2(U,H))} sup ||68A||%(H) < o9,
b s€[0,7T

and
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(iv) it holds that

sup ”U,(t, ) |C§ (HR)
t€[0,7]

1/2
< HsoHcgm,R){ sup ||€SA||3i<H>] max{ 1 | T(Flegnm + 2Bl mawm)] |

s€[0,T

© exp (T[% + 3[Fl ey m) + 4’B|20;(H,L2(U,H))} EUP ||€SA||1(H)> < 0. (2.9)

(0,77

Proof of Lemma 2.2. Note that it is well-known (cf., e.g., Krylov [216, Sections 4 and 5
and Lemma 5.10|) that the assumption that H is finite-dimensional and the assump-
tions that ¢ € CZ(H,R), F € C}(H,H), and B € CZ(H,Ly(U, H)) imply (i), (ii),
that there exist up to modifications unique (F;).cprj-predictable stochastic processes
Xov X#vvz: [0, T] x Q — H, x,v1,ve € H, such that for all z,v;,v, € H, t € [0,T],
p € [2,00) it holds that sup,co 7 (E[|XZ || ] + E[[| X2 ]) < 0o and P-a.s. that

t t
X0 = ey + / e F (XT) XTI ds + / B (XD XD AW, (2.10)
0 0

t
X = [P (X X2 4 XX ds
0

. (2.11)
+ / I (BY(XT)(XP, XP2) 4 BI(X2)XE?) dW,
0
and that it holds for all (t,x) € [0,T] x H, v1,v2 € H that
(gpu) (t, 2)or = E[¢/(X7) X7 ], (2.12)
() (8, 2) (01, 02) = B[" (X)X, X7 + o (X7) X72]. (2.13)

It thus remains to prove (iii)-(iv). For this let ¢,: H — R, p € [2,00), be the functions
which satisfy for all p € [2,00), € H that ¢,(x) = ||z||%. Observe that it holds for all
p € [2,00), x,v1,v2 € H that ¢, € C*(H,R), Uy (w)v) = pllz||P~2{x, v1) m, and
Uy () (1, v2)
2<’U1,1}2>H Zp:2
—{o (P #2) AN (x=0).
pllal ™ (on vy +p(p = 2l (@, v) (e, vl =2 #0
An application of the mild Itd formula in Da Prato, Jentzen, & Réckner |93, Corollary 1|

on the test functions v, p € [2,00), and the Cauchy-Schwarz inequality hence yield for
all p € [2,00), x,v € H, t € [0, T)] that

E[|IX%] = E[g (X))

t
= (o) + [ B[P ) X ds

P

0
t
S [ BN (B ()X B (X)X ds

belU

20



2.1. Preliminary results

t
< ||v||i{ sup ||e8A||§(H)] +p[ sup ||esA||fz(H)] IFlos m.m / E[[lx20]%] ds
T] s€[0,7T 0

s€|0,

t
+ %[ sup ||€SA||Z£(H)} |B|2cg(H,L2(U,H))/O E[HX;M”I;{} ds (2.15)

s€[0,7

t
+ p—(p;2) [ sup ||68A||I£(H)} |B|20g(H,L2(U,H))/O E{HX;M“%] ds

s€[0,T

_ ||v||5;[ sup ||eSA||§(H>]
s€[0,T

t
+P[EEPTI|68AII’Z<H)] (|F|cg,(H,H)+”71\B|§é(H7L2(U7H)))/O IR SARE

This and Gronwall’s lemma show for all p € [2,00), x,v € H that

sup || X" || 2o ;) (2.16)
te[0,7]

< ||v||H[ sup ||esA||L(H)] xp (T[|F|qg<H,H) E T Y, e ||e5A||i(H))'
s€[0,7T s€[0,T

Furthermore, applying again [93, Corollary 1] on the test function v, the Cauchy—Schwarz
inequality, and the fact that Va,b € R: ab < a2‘2H’2 imply for all z,vy,v € H, t € [0,T]
that

B ([l 213

t
‘2/ B[, eI (P (XD (XP, X0) + FI(XD)X02)) ] ds
0

H

t
+/ [”6 (B//(Xa:)(Xxm Xxv2)+B/(Xx)Xxv1 v2 }dS
0

M iawm

t
S/ E[||e® 4R (X7) (X0, X502 |[3] + Effle X2 g] ds
0

t
+ 2[ sup ||€SA||%(H):| |F|cg(H,H)/0 E[[| X205 ds (2.17)

s€l0,T

t
+2/0 E[lle® 4B (X (X5, X)Ly + e 4B (XD XE 2L, 0] ds

< [ sup HX” “1HL4(]P>H [P HL4(IP H):| (|F’205(H,H) + Q‘B’ég(H,Lg(U,H))) [ SEPT}H‘?SAHQL(H)}

s€[0,T

t
+ 2|: 2%%]||€SAH%(H):| (% + |F‘Cé(H,H) + |B|%'t1,(H,L2(U,H))) /0 E[HX:’ULWH%{] ds

Gronwall’s lemma and (2.16) hence imply for all z, vy, vs € H that

sup [| X" L2 e
t€[0,T]

1/2
: {SUP HX?M||L4(P;H)!|Xf’”2||L4<P;H>] [T(|F|?J§(H,H) +2|B|20§(H,L2(U,H)))}

s€[0,T

| s 1 san | exo (13 + Flegunan + 1By s 18 m ) 219

s€[0,T7] s€[0,T]
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1/2
< HU1HH|’U2HH|: S}(l]pT]HGSAH%(H)] [T(|F|ég(H,H) + 2’B|ég(H,L2(U,H)))}
se|0,
- exp (T[% + 3|l e iy + 4|B‘%’é(H,L2(U,H))} SEI;]H@AHZE(H))-

Next note that (2.12), (2.13), (2.16), and (2.18) ensure for all (¢,z) € [0,T)|x H, v1,v2 € H
that

| (Zu) (t, 2)v1| = [E[e'(XP)XT) < |eler gz EIIX (1]

< lluillmleley {SUP 65ALH:|
o1l 7] |Cb(H,R) se[o,T}” e (2.19)

12 sA|2
- exp (TUFlCé(H,H) + §|B’cg(H,L2(U,H))] Sz}é%]ue ”L(H))

and

- z z,v 50 T T,V1,V
(o) (1, 2)(0n, )] = [E[(XD)(XE", XE2) + 0 (X7) XE0 ] |
< lelezm I XD 2@ | X7 | 2@y + 1@l BUIXG ) 5]

< ||v1||H||v2||H|w|cg<H,R>[ sup ||esA||%(H)]
s€[0,T]

2 sA |2
- exp (T [2|F|Cg(H,H) + |B|CI})(H,L2(U,H))} SEEI)T}H@ ||L(H)>

1/2
+ [l mllvallalel o o r) [ S}épT}HeSAH?i(H)} [T(|F|20§(H,H) + 2|B|QC§(H,L2(U,H)))] (2.20)
sel0,
- exp (T[% +3|F|ci(m,m) + 4|B|él1)(H,L2(U,H))} SZEI;]HGSA”i(H))

1/2
< Hvl||H||UQ||H||90||C§(H,R)|: sSup ||€SA||?E(H)} maX{la[T(|F|2c§(H,H) +2|B|205(H,L2(U,H))>] }

s€[0,T]
~exp( T[5 + 3| F| e a,my + 4|B|é1(H,L2(U,H))} sup ||€SA||ZE(H) :
b s€[0,7T

This completes the proof of Lemma 2.2. n

2.1.3 Setting

Setting 2.1. Consider the notation in Subsection 2.1.1, let (H,{-,")m,||-||n) be a sepa-
rable R-Hilbert space, let HH C H be a non-empty orthonormal basis of H, let \: H — R
be a function which satisfies supyey A < 0, let A: D(A) € H — H be the linear oper-
ator which satisfies D(A) = {v € H: Y, gl n(h,v)p|* < oo} and Vv € D(A): Av =
Y onem Al v)ph, let (Hy () m,s || |la, ), 7 € R, be a family of interpolation spaces associ-
ated to —A, let (H,, (-, )n,, ||-||m.), 7 € R, be the family of R-Hilbert spaces which satisfies
for allr € R that (H,, (-, )m,, ||u,) = (H’“/2 X Hijyrpa, { '>HT/2XHT/2—1/2’ H.||1LIT/2X1L’{’“/2—1/2)7
and let A: D(A) € Hy — Hy be the linear operator which satisfies D(A) = Hy and
V(v,w) € Hy: A(v,w) = (w, Av).
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2.1. Preliminary results

2.1.4 Basic properties of deterministic linear wave equations

The following elementary result, Lemma 2.3, provides a characterisation for the family of
R-Hilbert spaces (H,, (-, )m,, |||lm.), 7 € R, from the setting in Subsection 2.1.3.

Lemma 2.3. Assume Setting 2.1 and let A: D(A) C Hy — Hq be the linear operator
which satisfies for all (v,w) € Hy that D(A) = Hy and

S heal M2 o) g
Alo,w) = <Z:€H|)‘h|l/2<h>w>ffh) ' (2.21)

Then the R-Hilbert spaces (H,, (-, )., ||-|lm,.), r € R, are a family of interpolation spaces
associated to A.

Proof of Lemma 2.3. Observe that A: D(A) C Hy — Hj is a symmetric diagonal linear
operator (cf., e.g., Sell & You [279, Section 3.2|) with inf(op(A)) > 0 and that for all
r € [0,00) it holds that

D(A") = { € Ho: X (1Al 1((h, )} 2+ Dl [0, Pl 2h), ) ) < oo}

heH

heH

— {(U,w) cHy: 3 (|/\h|"|<h,v>H|2 n ])\h|r|<|>\h|1/2h,w>H71/2\2> < oo} (2.22)

= {v cH: Y Il |{hv)ul? < oo} X {w € H_yy: ) |)\h|r’1|<h,w>H|2 < oo}

heH heH
= 'r/g X HT 271/2 - HT'

Moreover, note that for all r € [0, 00), x1 = (v1,w1), T2 = (v2, we) € H, it holds that

(A"ay, Awo)m, = <Z Al (k1) by 3 Il R U2>Hh>
H

heH heH

) Il )

H_y,

+<Z|/\h

heH

PR}y R, %H[IM

= (= A) o1, (=A) Pua) g + (= A)Pwr, (= A) Pwa)n (2.23)

= <U1702)H,-/2 + <w17w2>Hr/2_1/2 = (1, Z2)H, -

In addition, observe that for all r € (—o0,0], x = (v, w) € Hy it holds that

2 2
1A 3, = || 3 Il (R odmh|| | 32 Dl (Ml R, w) | [AlR
heH g llheH -2 H_y,  (2.24)
= Aol + NP0l = ol + ol ,, = e,
This completes the proof of Lemma 2.3. O

The next elementary and well-known result, Lemma 2.4, can be found, e.g., in a
slightly different form in Lindgren [227, Section 5.3].
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Lemma 2.4. Assume Setting 2.1 and let S: [0,00) — L(Hg) be the function which sat-
isfies for all t € [0,00), (v,w) € Hy that

v\ _ (cos(t(=A)")v + (=A)"sin(t(~A) ) w
S <w> o <—(_A)1/2 Sin(t(—A)l/Q)’U + COS(t(—A)l/Q)w) . (225)

Then S: [0,00) — L(Hy) is a strongly continuous semigroup of bounded linear operators
on Hy and A: D(A) C Hy — H, is the generator of S.

The following two elementary and well-known assertions state that the semigroup
in Lemma 2.4 above is a semigroup of isometries and that both this semigroup and its
generator commute with Galerkin projections.

Lemma 2.5. Assume Setting 2.1. Then
(i) it holds for allt € [0,00), x € Hy that ||e"*z|u, = ||7|/m, and
(ii) it holds that supic(g o) lle"® | Lgrg) = 1.

Proof of Lemma 2.5. Lemma 2.4 implies for all ¢ € [0,00), * = (v,w) € H; that

e x|, = Hcos(t(—A)l/Q)v + (=A)7 sin(t(—A)l/Q)w”Z

+ |- (=4) )7 sin(t(—A)")v + Cos<t(_A)1/2)wH12LIJ/2
— e A7 ol + A siot A,
+||[(—A) )2 sin (t(— 1/2)UH o, + || cos (¢( A)1/2>wH12L171/2
+ 2{cos(t(—A)"*)v, (—A) " sin(t(— Al/Q)w>H (2.26)
— 2(sin(H(—A)")v, (~A) " cos(t(=A) ),
 eon(t (=AY Yol + e —A7
+sine (A2 )wllh -+ [leos(t—4)?)wlf;,

= lloll + w7, = =/,

This shows (i). In addition, note that (i) implies (ii). The proof of Lemma 2.5 is thus
complete. O

Lemma 2.6. Assume Setting 2.1 and let P; € L(Hy), I € P(H), be the linear operators
which satisfy for all I € P(H), v,w € H that P;(v,w) = (3, e (h,v)wh, > e (h, w)gh).
Then

(i) it holds for all I € P(H), x € Hy that AP;(x) = P;Ax and
(ii) it holds for all I € P(H), t € [0,00), x € Hy that e"AP;(z) = PretAx.

Proof of Lemma 2.6. Throughout this proof let P; € L(H_.,), I € P(H), be the linear
operators which satisfy for all 7 € P(H), w € H_,/, that

= {|]"h, w>H71/2|)\h|1/2h. (2.27)

hel
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2.2. Upper bounds for weak errors

Observe that for all I € P(H), x = (v,w) € H; it holds that
P;Az = P;(w, Av) = (Pr(w), PrAv) = (Pr(w), AP;(v)) = AP (z). (2.28)

This proves (i). In addition, Lemma 2.4 ensures for all I € P(H), ¢t € [0,00), z = (v,w) €
HQ that

‘A [ cos A Pr(v) + (—A)~ 2 sin(t(—A)"7?) Pr(w)
€ P[(ZE) - ( ( 1/2 Slnz ( A 1/2)PI + COS((t( A)l/g))PI )
_ ( 1 [cos ( (— )/) ( A)~ e sin(t(—A)" w}) (2.29)
[ (—A)2sin(t(—A)"*)v + cos(t(—

= P]B Z.

This establishes (ii) and thus completes the proof of Lemma 2.6. O

2.2 Upper bounds for weak errors

In this section we establish upper bounds for weak errors associated to spatial spec-
tral Galerkin approximations of semi-linear stochastic wave equations; cf. Theorem 2.12
and Corollaries 2.13, 2.14, 2.16, and 2.18 below.

For many results in this section we consider an abstract setting of wave-type SEEs
with appropriate Lipschitz and smoothness assumptions on the corresponding drift non-
linearity and diffusion coefficients; cf. the setting in Subsection 2.2.1. In Subsection 2.2.2
we first present a suitable a priori estimate and a suitable perturbation estimate for solu-
tions of certain wave-type SEEs; cf. Lemmas 2.8 and 2.9, respectively. Thereafter, we show
an estimate for first and second order spatial derivatives of solutions to Kolmogorov equa-
tions associated to certain finite-dimensional wave-type SEEs; c¢f. Lemma 2.10. Following
an elementary auxiliary lemma (cf. Lemma 2.11), we demonstrate the main theorem of this
chapter, Theorem 2.12, which provides upper bounds for weak errors involving, among
other terms, quantities depending on solutions of certain finite-dimensional wave-type
SEEs as well as quantities depending on solutions of Kolmogorov equations associated
to these SEEs (cf. also Corollary 2.13). Using the a priori estimate in Lemma 2.8 and
the estimate for solutions of Kolmogorov equations in Lemma 2.10, the upper bounds in
Theorem 2.12 are subsequently specialised in order to obtain upper bounds depending in
an explicit way on the drift non-linearity, the diffusion coefficient, and the initial value;
ct. Corollary 2.14.

Finally, in Subsection 2.2.3 we apply Corollary 2.13 to prove essentially sharp weak
convergence rates for spatial spectral Galerkin approximations of semi-linear stochastic
wave equations. In Corollary 2.16 we consider a setting with specialised drift non-linearity
but still quite general diffusion coefficient, while in Corollary 2.18 we consider a class of
semi-linear stochastic wave equations driven by multiplicative noise, that includes, in
particular, the continuous version of the hyperbolic Anderson model. For the proofs
of these results we recall two well-known facts about families of interpolation spaces
associated to symmetric diagonal linear operators (cf., e.g., Sell & You [279, Section 3.2|);
cf. Lemmas 2.15 and 2.17.
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2.2.1 Setting

Setting 2.2. Consider the notation in Subsection 2.1.1, let (H,{-, "), ||||x) and (U,
(-, v, I'llu) be separable R-Hilbert spaces, let H C H be a non-empty orthonormal ba-
sis of H, let \: H — R be a function which satisfies suppeg A < 0, let A: D(A) C
H — H be the linear operator which satisfies D(A) = {v € H: 3, ulAn(h,v)p|* < oo}
and Vv € D(A): Av = >,y (b, v)gh, let (Hy, (-, )m,, | ||a.), 7 € R, be a family
of interpolation spaces associated to —A, let (H,, (-, )u,,||n.), r € R, be the fam-
ily of R-Hilbert spaces which satisfies for all r € R that (H,, (-, )u,, |-|a,) = (Hys %
Hapsrpoy (3 ) Hapo x Hy gy 1) ”'||Hr/2xHr/2_1/2); let P € L(Hy), I € P(H), be the linear op-
erators which satisfy for all I € P(H), v,w € H that P;(v,w) = (3, c;(h,v)uh,
Snerlh,wyph), let A: D(A) C Hy — Hy be the linear operator which satisfies D(A) =
H, and V(v,w) € Hy: A(v,w) = (w,Av), let A: D(A) € Hy — Hy be the linear
operator which satisfies D(A) = Hy and ¥V (v,w) € Hy: A(v,w) = (3 ,cul Al ?(h, v) h,
> nerlAnl 2 (h,w) gh), let T € (0,00), let (2, F,P) be a probability space with a normal fil-
tration (Fy)icpo,r, let (Wi)iepo,r) be an idy-cylindrical (2, F, P, (Fy)ico,r))- Wiener process,
and let7 S (07 00)7 B € (V/277]7 p e [072(7_ﬁ>]7 o, C’F;C'B S [07()0)7 5 € LQ(P’FO;HQ(W—@);
F € Lip’(Hp,Hy), B € LipO(HO,LQ(U Hy)) satisfy A=° € Ly(Hy), F(H,) C Hy,_p),
(H, > v = F(v) € Hy,_p)) € Lip’(H,,Hy(,_p)), Vv € H,yu € U: B(v)u € H,,
VveH,: (U>uw~— Bv)ue H)) € Ly(UH,), H,>2v+— (U>u— B(v)jue H,) €
Ly(U,H,)) € Lip"(H,, L»(U,H,)), Vv € H,: (U > u+ B(v)u e H,) € L(U,H,), (H, >

— (U 3 uw— B(v)u € H)) € L(U,H,)) € Lip’(H,, L(U,H,)), Fla, € C*(H,,H,),
Blu, € C*(Hy, Ly(U,Hy)), Cr = SUPyu, uyen, ey max{on g, el <1 [F (@) (01, v2) |11
< 00, and OB = SUD, y, vyen, cpHy max||o |51, B"(z)(v1, v2)l Lo way) < 00

2.2.2 Weak convergence rates for Galerkin approximations

Remark 2.7. Assume Setting 2.2. Then note that the assumption that (H, 3 v — F(v) €
Hy(,_p) € Lip”(H,, Ha(,_g)) ensures that (H, > v — F(v) € H,) € Lip’(H,,H,). The
assumption that (H, > v+ (U 2 u+— B(v)u € H,) € Ly(U,H,)) € Lip’(H,, Ly(U,H,))
and Proposition 2.1 hence show that there exist up to modifications unique (F):cjo.11-
predictable stochastic processes X': [0,T] x Q — P;(H,), I € P(H), such that for all
I € P(H), t € [0,T] it holds that sup,cjor E[||X][|5,] < 0o and P-a.s. that

t t

"IAPF(X]) ds + / TIAPB(X]) AW (2.30)
0

Xi = 6tAP1§+/

0

The next elementary result, Lemma 2.8, provides global a priori L2-bounds for the
stochastic processes X': [0,T] x Q — P;(H,), I € P(H), from Remark 2.7.

Lemma 2.8. Assume Setting 2.2 and let X': [0,T] x Q@ — P;(H,), I € P(H), be
(Fy)tejo,r)-predictable stochastic processes such that for all I € P(H), t € [0,T] it holds
that SUPse[o,T]E[HX HHJ < oo and P-a.s. that

t
X! = AP §+/ (t=s)Ap F(Xf)ds+/ t=9Ap B(X!)dW,. (2.31)
0

0
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2.2. Upper bounds for weak errors

Then

sup sup max{l, IE[HXI”H 1}
I€P(H) te[0,T]

< max{lv]Eme%Jp} ! exp(T [2 ||F|HﬂHLipO(Hp,Hp) + HB‘HPHiipO(HP,LQ(U,Hp))}) < 0.

Proof of Lemma 2.8. Observe that Da Prato, Jentzen, & Rockner [93, Corollary 1],
Lemma 2.5, and the Cauchy-Schwarz inequality ensure for all I € P(H), t € [0,T]
that

t
E[| X/ 3,] = E[le"*P€ll7,] +2 / E[(e"AX] AP F(X])), | ds
0 P

t
4 / E[[eAP,B(X])|2, 0a0,] ds
0

(2.32)

<E[|PgliE,] +2 / [PAFO) a1, E X 1,] + PrFlas, o, 0 E LI 1] ds

/HPI )71, + 2IPB(O) | Lawr,) [PrBle, 0 (H.Lo (UH,) E[|| X! s, ]

|P1B|Hp LipO(H, Lo (UH,) [||X§||Hp} ds (2.33)
<E[|P£|F,]

t
+ <2HPIF|HPHLip0(Hp,Hp) + HPIB’HPHiipO(HP,LQ(U,Hp))> /0 max{l,IE[HXSIH%{J } ds.

Gronwall’s lemma hence implies for all I € P(H) that

sup} max{1, ]E[HXIHH ] }

te[0,T

< max{1,E[|[Ps£|,] } exp(T|2|[P/Fl, et ot | )
S max{l,E[Hfo{p} }exp (T |:2HF|HPHLipO(Hp7Hp) + HB|HﬂHLipO(Hp,LQ(U,Hp))}>' (2.34)

The proof of Lemma 2.8 is thus complete. O

+ [P Bl [

Lip®(H,,H,)

In the next result, Lemma 2.9, we present an elementary perturbation estimate.

Lemma 2.9. Assume Setting 2.2 and let X': [0,T] x Q — P;(Hy), I € P(H), be
(Ft)ecjo,)-predictable stochastic processes such that for all I € P(H), t € [0,T] it holds
that sup e B[ X! |I3,] < oo and P-a.s. that

t t
X! =2 Pr¢ + / VAP F(XT) ds + / e=9AP B(XT) dw,. (2.35)
0 0
Then it holds for all I1,J € P(H) that
sup E[IX] — X/, 2| sup BIIP X! +ProX? )|

te[0,7T) t€[0,T

2
'eXp([\@T|PmJF|Lip0(HO,H0) +v 2T’PIQJB‘LipO(HO,LQ(U,HO))] ) < 0.

(2.36)
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Proof of Lemma 2.9. Note that Jentzen & Kurniawan [191, Corollary 3.1] and Lemma 2.5
imply for all I, J € P(H) that

Sup ||X
€[0,T]

[ 2
< V2 eXp(% [\/ET!PmJFhipO(HD,HO) + 2T‘PIHJB|Lip0(Ho,L2(U7HO))} )

. t
X! - [/ e(t_s)APmJF(Xs])dS +/ €(t_S)APmJB(XsI)dWS}
0 0

XtJ } | L2(P;Ho)

- sup
te[0,7

t t

+ { / AP F(X])ds + / e=AP L B(XY) dWs] — X/
0 0 L2(P;Ho)
2
2 exp(3 [V2T P 1 F |Lipo ety 1) + V2T P 10BlLind (810,10 (0107 ) ) (2.37)

- sup || X - Py (e(t_s)APlf—f— / t=9Ap P(X])ds + / (t=9ap B(X!) dW)
te[0,7) 0 0

t t
+P; (e<t—S>APJ§+ / VAP F(XY ) ds + / e=9AP  B(XY) dWs> — X/
0 0

L2(P;Hy)
P 2
- \/_ exp( [\/_T|P10JF|L11O (Ho,Ho) T 2T‘PIOJB|L1P % (Ho, L2(UH0))} )
- sup ||P X - PyrX;
0 [P~ P e
This implies (2.36) and thus completes the proof of Lemma 2.9. ]

Lemma 2.10. Assume Setting 2.2, let X7*: [0,T] x Q — P;(Hy), z € P;(Hy), J €
Po(H), be (Fy)ico,r-predictable stochastic processes such that for all J € Py(H), x €
P;(Hy), t € [0,T] it holds that supejo 7 E[|X/*|3,] < oo and P-a.s. that

t t
X" =eta+ / (IAPF(X)) ds + / AP B(X]T) AW, (2.38)
0 0
let o € C3(Hy,R), and let u’: [0,T] x P;(Hy) — R, J € Po(H), be the functions which
satisfy for all J € Py(H), (¢, ) [0,T] x P;(Hy) that v’ (t,z) = E[@(Xg]r)] Then
(i) it holds for all J € Po(H) that v’ € C12([0,T] x P;(Hy),R),

(11) it holds that

sup sup |u’(t, MNer @ o) 7)
JEPo(H) t€[0,T) (2.39)

< "P‘C&(HOR) eXp(TUF‘LipO(Ho,Ho) + % ‘B|iip0(Ho,L2(U,Ho))}) < 00,

and

(#11) it holds that

1/
sup  sup |U ( )|c2 (P ;(Hp),R) < ||<P||c2(H0R) maX{ [ ((CF) (CB)Q)} 2}
JePo(H) t€[0,T

2
" eXp (T[% + 3|F |nipo a0, 11,) + 4|B|Lip0(H0,L2(U,H0))}) < 00. (2.40)
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2.2. Upper bounds for weak errors

Proof of Lemma 2.10. Observe that it holds for all J € Py(H) that P ;(Hy) C (N, x Hy)
is a finite-dimensional R-vector space. The assumptions that F|g, € C*(H,, Hy), Blu, €
C2%(H,, Ly(U,Hy)), F € Lip’(Hy, Hy), B € Lip°(Hy, L2(U, Hy)), and Cg + Cp < 0o hence
ensure for all J € Py(H) that (P;(Hy) 2 v+— P,;F(v) € P;(Hy)) € C3(P;(Hy), P (Hy))
and (PJ(HO) >V = (U S U PJB(’U)U S PJ(HO)) c LQ(U,PJ(H()))) c C%(PJ(HO),
Lo(U,P;(Hy))). Therefore, Lemma 2.2 and Lemma 2.5 prove for all J € Py(H) that

u’ € CH([0,T] x P;(Hy),R), (2.41)
ti}é};}w}(tv Mere,@om < [2p, 00| e, @2 o)
~exp(T[|PsFlp, ) \c;(pJ(HO),pJ(HO)ﬁ 3 \PJB|PJ<H0>|é&(PJ(HO),Lz(U,PJ(Ho»)})’
and
S [ Mogee, o) < lelesmolcge, a2 (2.43)

2 2 /2
'maX{L [T(}PJFlP.AHo)|cg(PJ(Ho),PJ<Ho>>+ 2‘PJB|PJ(H0>’cﬁ(PAHo),LQ(U,PJ(Ho))))} }

-exp(T[%+3|PJF]pJ(HO ]) < Q.

2
oy, 0200 T AP BIRs00 |y 110 2w 10
This implies (i)—(iii) and thus completes the proof of Lemma 2.10. O

Before we present the main result of this chapter, Theorem 2.12 below, we recall the
following elementary and well-known lemma, which is employed in the proof of Theo-
rem 2.12.

Lemma 2.11. Let p € [0,00), let J,, n € Ny, be sets which satisfy for all n € N that
Tn € Tnw1 and Uy Tm = Jo, and let g: Jo — (0,00) be a function which satisfies
> nego(gn)? < o0. Then

limsup sup({gn: h € Jo \ Jn} U{0}) = 0. (2.44)

n—oo

Proof of Lemma 2.11. Without loss of generality we assume that p € (0,00) (other-
wise (2.44) is clear). Observe that for all n € N it holds that

[sup({gn: h € T\ T} U{ON]" < > ()" =D ()" = D _(gn)" (245

heJO\jn hejo hEJn
Moreover, note that Lebesgue’s theorem of dominated convergence proves that
lim sup [Z(gh)p -y (gh)p] =0. (2.46)
" L hedy heTn
Combining this with (2.45) completes the proof of Lemma 2.11. O

Theorem 2.12. Assume Setting 2.2, let X':[0,7] x Q@ — P;(H,), I € P(H), and
X7 00,T] x Q — Py(Hy), v € Py(Hy), J € Po(H), be (Fy)ieo,r)-predictable stochastic
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processes such that for all I € P(H), J € Po(H), z € P;(Hy), t € [0,T] it holds that
SUD,¢[0,7] E[||XSI||%IP + ||X;]I||%IO} < oo and P-a.s. that

t t
X! =P+ / AP F(XT)ds + / AP, B(X]) AW, (2.47)
0 0

t
X[t = ettt / IAPF(X ) ds + / AP B(X) AW, (2.48)
0

0

let o € C3(Hy,R), and let u’: [0,T] x P;(Hy) — R, J € Po(H), be the functions which
satisfy for all J € Po(H), (t,z) € [0,T] x P;(Hy) that u’(t,z) = E[@(Xg]x)] Then it
holds for all I € P(H) \ {H} that

[E[o(X7)] - Elp(X7)]|

T
< ([, 0 1070y | (B s EOECE ]

JePo(H) te[0,T]

T
2
+||A_5||2 [sup sup |u’/(t,-) } sup /E B(X;]) ds)
Lz(Ho) JePo(H)te[o,T]l |Cg(PJ(H0)7]R) Jero) Jo [H HL(U,HW)}

B=
: [hé%EI|Ah|} < 0. (2.49)

Proof of Theorem 2.12. Throughout this proof let U C U be an orthonormal basis of U,
let v/, v{y: [0, T]xP;(Hy) = R, J € Po(H), and vi,: [0, T|xP;(Hy) — LO(P;(Hy), R),
¢ e {1, 2} J € Po(H), be the functions which satisfy for all J € Py(H), (k,¢) €
{(1,0),(0,1),(0,2)}, (t,z) € [0,T] x P;(Hy) that v/ (¢, z) = E[¢(X;",)] and v, (t,z) =
(Zerrv?) (t,2), and let Ry yq: Q — L(P(Hy)), I € P(J), J € Po(H), s € [0,T], be the

atFazt Y
functions which satisfy for all s € [0,T], J € Po(H), I € P(J), w € Q, y1,y2 € P;(Hy)

that
V2 (8, X5 (@) (y1,92) = (Y1, Ris (@) yo) - (2.50)

)
Note that for all J € Py(H), (t,x) € [0,T] x P;(Hy) it holds that v’ (¢,z) = /(T — t, x).
Next observe that for all J € Py(H), x € P ;(Hy) it holds that

p(z) = Elp(r)] = u’(0,2) = v/(T, ). (2.51)
Moreover, note that for all J € Py(H) it holds that
Blo(X1)] = E[u’ (7, X{)] = B[/ (0. X)) o)

Combining (2.51) and (2.52) shows for all J € Py(H), I € P(J) that

E[ E[v7(0, X¢)]| (2.53)
< [E[o"(T, X)) = E[o” (0, X5)]| + [E[+" (0, X5)] — B[+ (0, X5)]].

In a first step we establish an estimate for the second summand on the right hand side
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of (2.53). For this observe that for all J € Py(H), I € P(J) it holds that
[E[v” (0. X3)] = E[o” (0, X7)]|

1
B [ 0.3+ (0 = X0)) (5 — xf)ar
0

(2.54)
< ‘u ‘Cl(PJ(Ho [HXJ IHHO]
= ‘u ‘Cl (P (Ho),R [”PI XJ) PJ(XOJ)“HO]'
In addition, it holds for all € Hy(,_g), I, J € P(H) with I # J that
IP1(2) = P, < A2 P g [P (@,
B—
= Leu\iﬁf fon |An \] 1P (o (@) [, (2.55)
B—
= {he(I\EI;LfJ(J\I)‘)\h|} Itz -
Putting (2.54) and (2.55) together proves for all J € Py(H), I € P(J) \ {H} that
B[ (0.X0)] ~ B[ (0.7)]
(2.56)

B—y
< Kt E f | < o0.
< KGSEE?H) ts[%pﬂ‘“ (t, )‘Cé(PK(Ho),R):| [||§||Hz(w—ﬁ>} L“%I\A h|} o0

Inequality (2.56) provides an estimate for the second summand on the right hand side
of (2.53). In a second step we establish an estimate for the fist summand on the right
hand side of (2.53). The chain rule and Lemma 2.2 show that for all J € Py(H), (¢,z) €
[0,7] x P;(Hy) it holds that

’Ui{o(t, x) = —v(‘){l(t, x) [Ax + PJF(x)] - % Z v(‘{Q(t, z)(P;B(z)u, P;B(z)u).  (2.57)

The standard It6 formula and (2.57) prove for all J € Py(H), I € P(J) that

E[v/(T,X7)] — E[v” (0, X{)] Z/OTE[UIJO(S,XSI)] ds+/OTE[v({1(s,X§)AX§] ds

+/0TE[ (s, XDHPF(X]D)]ds+ 3 Z/ (s, X1) (P;B(X])b,P/B(X!)b)] ds
:/0 E vy, (s, X))P/F(X])] ds—/o E[vy, (s, XDP,F(X])] ds (2.58)
AT [ (Bl X @0 P

~E[uf, (s, X!) (PBOX))b, PB(X]D)] ) ds.
This shows for all J € Py(H), I € P(J) that

|E[v”(T, X7)] —E[v’ (0, X})] \</ E[vf, (s, X]) (PF(X]) —P,F(X]))]|ds (2.59)

Z/ X;) (PrB(X)b + PyB(X,)b, P/B(X;)b — PyB(X,)b)] ds|.

belU
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Inequality (2.55), Lemma 2.10, and Lemma 2.8 thus prove for all J € Py(H), I € P(J) \
{J} that

/\E (s, XD (PF(X]) — PyF(X])] | ds
_A E[|of, (s, X1) (P/F(X!) — P,R(X])|] ds

T
<£ESI;]|“ (.- |cg(PJ(Ho),R)/O E[[|[PF(X]) = P,F(X])|,] ds (2.60)

T
) K
L Y A L L

B—
: [ inf |\ \} < 00.
heJ\I

This estimates the first summand on the right hand side of (2.59). Next we consider the
second summand on the right hand side of (2.59). Note that the Holder inequality for
Schatten norms implies for all s € [0,7], J € Py(H), I € P(J) that

|IB(XD*(Pr+Py)Ry (P — PJ)B(XS{)”LI(U)

= ”B(X§>*<PI + PJ)”L(QBW(HO,U)HRLJ@”L(PJ(HO))H(PI - PJ)B(XSI)HL(QB)/<2ﬂ7,Y>(U7HO)'

(2.61)

Moreover, observe that for all s € [0,T], J € Py(H), I € P(J)\ {J} it holds that

HB XI *(P[+PJ HL(M) ( = HB(X;)*A'YA*'Y(P[+PJ>HL(M)/

/vy Hy,U) ’Y(HO’U)
HB (X) *AVHL(HO U) ||A_7||L<zﬂ)/W(Ho)||PI + Pl (2.62)
— 9 /8 I —B||"/8
= BN ey 1A o) 1P1 + Pl < 2B g 1A Nz, < 00

and

s PJ)B(XSI)”L@B)/W_ way S NP1 =Pl L, 01,00 IB(X?) HL (UH,)

<11 = PN a1 AP e 1o 0 0 | BOXY) e, (2.63)

B—
o B1128-"/p I
= L l] A B <

In addition, Lemma 2.10 establishes for all s € [0,T], J € Po(H), I € P(J) that

J
| Rr.gsllne, ) < tg[lépTHu (t, ')|C§(PJ(H0),R) < 0. (2.64)

Combining (2.61)—(2.64) shows for all s € [0,T], J € Py(H), I € P(J) \ {J} that
[B(X:)*(Pr+Py)Rrys(Pr — Py)B(X))||, )
r—v (2.65)
< 00.

—8112 I\ (12
< 2| AL, k) tg[%,pT]‘u ‘02 (P;(Ho),R) IB(X?) ||L(U,H7 [hle{l,f\I|Ah|
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This and (2.50) imply for all s € [0,7T], J € Po(H), I € P(J)\ {J} that

> E[vgy(s, X1) ((Pr +Py)B(X)b, (P — Py)B(X)b)]

belU

IE

(P +P,)B(X)b, Ry (P — P)B(X! )b>HO}

LGU
‘E[ (P14 PRy 1.1~ PBOX (2.66)

[traceU D*(P;+ PRy (P — PJ)B(X )l |
<E[||B( PI +P)Rr:(Pr = Py)BX])|,, ]

B—
<2 ”A_BH%2(H0) LSB’%JUJ@’ ')|Cﬁ(PJ(H0)R } [HB X[ HL UHW)] |:hler}{]’A ‘:| )

Lemma 2.8 and Lemma 2.10 hence prove for all J € Py(H), I € P(J)\ {J} that

D / (s, X1) (P/B(XDb + P,B(X)b, PB(X!)b — P,B(X1)b)] ds
bel
g 2
< [|A7P||? [ sup sup |uf(¢,- ] sup / E[|B(XE ds
< ||L2(H0) KGPO(H)te[O,T]} ( >‘CE(PK(H0),R) ey (i) Jo [H ( )HL(U,H,Y)]
B—v
: [ inf |\ |} < o0. (2.67)
heJ\I

Combining this with (2.59) and (2.60) ensures for all J € Py(H), I € P(J)\ {H} that
B[ (T, X7)] = E[v" (0. X;)]|

T
< K(t,. / E[||F(XE d
< ([, om0 ey som [ EIFG,o

T
+ [|A7P)|2 [ sup  sup |u . } sup /E B(XE 2 ds)
| 1% (110) KGPO(H)tG[OT]} )‘Cg(PK(Ho),R) Kero Jo [” ( )”L(U,Hﬂ,)}

B—
. f . 2.
[hgé\lw] <o (2.68)

This constitutes an estimate for the first summand on the right hand side of (2.53).

Inequalities (2.68), (2.53), and (2.56) show for all J € Py(H), I € P(J) \ {H} that
[E[o(X7)] = E[(X7)]]

T
<([ s s o ->\Cé(PK(HO),R)][E[Hf||nzm_m}+“sg§m [ BRI, ) d

KePo(H) te[0,T)

T
N HA_BH%Q(H())[ sup  sup ‘u ')‘Cg(PK(Ho),R)] sup )/ E[HB(XSK)Hi(U,HW)] ds)

KePy(H) te[0,T] KePo(H)JO

B—y
: [ inf |)\h|1 < 00. (2.69)
heH\T
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In a third step Lemma 2.9, Lemma 2.5, Lemma 2.6, the Cauchy—Schwarz inequality, and
the Burkholder-Davis-Gundy-type inequality in Da Prato & Zabczyk (94, Lemma 7.7
imply for all n € N, (Ji)ren, € P(H) with (J;~, Jx = Jo and Vk € N: J;, C Jy1y € Po(H)
that

sup (B[]l — XI5, )"

t€[0,T]

< ﬂ[ sup <E{\>PJ0\JnXt"°HEM

€[0,7]
2
cexp(3 [V2T [P, Flpio o o) + V2T 1P, Blripo k. om0y )
5T 2
< \/_exp( [\/—T|F|L1p (Ho,Hp) + |B|L1p (Ho, L2(UHO))j| )

(EPs D) + [7 [ ELPsE 0]

T 1/2
# | Bl B )05 ).

Therefore, Lebesgue’s theorem of dominated convergence proves for all (Jy)ren, € P(H)
with Uzozl Jp=Jpand Vk € N: J, C Jpyq € Po(H) that

limsup sup (]E[HX;’O - Xﬂ"”iﬂo})v2 = 0. (2.71)

n—oo  te[0,T]

Moreover, observe that (2.69) ensures for all n € N, I € Py(H) \ {H}, (Ji)ren C Po(H)
with UZOZI Jy=Hand Vke N: I C J, C Jk+1 that

[E[o(X7)] - Elp(X7)]| < [Ele(X7)] — E[p(X7")]] + [E[o(X7")] - E[p(X7)]|
< leleymom ELIXF - Xi7[5,1) "

T
K K
([ s s o[BI s [ B, Tos]

(2.70)

1/2

T
+ [|A7A||2 [ sup sup |uf(¢,- ] sup /E B(XX)|? d3>
| ||L2(H0) KEPO(H)te[O,T]} ( >‘CE(PK(H0),R) keromJo [H (X )HL(U,H,Y)]

B—y
: [hé%f\l|/\h|} . (2.72)

Note that (2.71) and letting n — oo in (2.72) complete the proof of Theorem 2.12 in the
case that I € Py(H) \ {H}. In a last step we prove the remaining cases. Estimate (2.72)
ensures for all n € N, Iy € P(H) \ {H}, (Ix)ken € Po(Lo) with Uy, I = Ip and Vk €
N: I, C Iy, that

E[p(X7)] - Elp(X)]| < [E[o(X7)] - Elp(X7)]] + [E[(X7)] - E[p(X7)]]

< ([ zun, 50 00 ey | [E Db ]+ s [EOFCD ]

JePo(H) te[0,T]

+ |AF? [ sup sup |u’(t,- ] sup /E BX;] ds)
| HLz(Ho) JePO(H)te[o,T]l ( )|C§(PJ(HO),R) rerom Jo [H ( >HL(U,HW)}

B—v
n /2
-L%yﬂ + lelopao m (BIIX7 = XI5, 1) (2.73)
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Equation (2.71) and Lemma 2.11 thus complete the proof of Theorem 2.12. ]

The next corollary is a direct consequence of Theorem 2.12 and Lemma 2.8.

Corollary 2.13. Assume Setting 2.2, let X':[0,T] x Q@ — P;(H,), I € P(H), and
X7 00,T] x Q = Py(Hy), v € Py(Hy), J € Po(H), be (Fy)ieor)-predictable stochastic
processes such that for all I € P(H), J € Py(H), x € P;(Hy), t € [0,T] it holds that
supgepor B X, + X" 1%,] < oo and P-a.s. that

t t
X =e2Pe + / AP (XD ds + / AP B(X]T) AW, (2.74)
0 0
t t
X" = et + / VAP F(X ) ds + / e=IAP  B(X ) dW,, (2.75)
0 0

let ¢ € C3(Hy,R), and let u’: [0,T] x P;(Hy) — R, J € Py(H), be the functions which
satisfy for all J € Po(H), (t,z) € [0,T] x P;(Hy) that u’(t,z) = E[gp(Xg]I)] Then it
holds for all I € P(H) \ {H} that

E[e(X7)] - E[p(X7)]]

< {max sup  sup ‘u t,-)
i€{1,2} jePy(H) t€[0,T)

sup sup maX{LE[”X:?]H%Ip]}

CL(Py(HO)R) | 5 on ) tefo,]

' (E[Hquz(v—ﬁ)} +T HF’HPHLipO(Hp,HQ(,Y_ﬁ)) + THAiﬁ”%z(Ho)HB|HP||12Jip°(Hp7L(U7Hw)))

B
: [ inf ]Ah\} < 00. (2.76)
heH\I

The last result in this subsection, Corollary 2.14 below, follows immediately from
Corollary 2.13 and Lemmas 2.10 and 2.8.

Corollary 2.14. Assume Setting 2.2 and let X': [0,T] x Q@ — P;(H, ) I € PH), b
(Ft)iejo,1)-predictable stochastic processes such that for all I € P(H), t € [0,T] it holds
that supepo E[HXSIH%{,)] < oo and P-a.s. that

t t
X! =P+ / AP F(XT) ds + / AP, B(X]) dw,. (2.77)
0 0

Then it holds for all p € C¢(Hy,R), I € P(H) \ {H} that

E[e(X7)] —Elo(X1)]| < lellcz . max{ L E[|€]lF,] }
_ 2
' (EUKHHM—M} + THF’HPHLipO(HP,HQ(,Y_ﬁ)) +T[A ﬁ”%z(Ho)||B|HP||Lip°(Hp7L(U7Hv)))

max{ [ ((CF) (03)2)} 1/2} exXp (T[% + 3[F | Lipo 10 110) + 4‘B‘iip0(Ho,L2(U,Ho))})

B—
FexXp (T [2 HF|HPHLipO(Hp,HP) - ”Bal||iip0(Hp,L2(U,Hp))]) Lé%lf\fp\ ’1 <oo. (278)
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2.2.3 Semi-linear stochastic wave equations and the continuous
version of the hyperbolic Anderson model

Roughly speaking, the following elementary and well-known lemma provides a useful cri-
terion for determining whether a vector belonging to an interpolation space associated to
a symmetric diagonal linear operator possesses more regularity (cf., e.g., Sell & You [279,
Example 37.1]).

Lemma 2.15. Consider the notation in Subsection 2.1.1, let K € {R,C}, let (H,{-, ),
|ler) be a K-Hilbert space, let H C H be a non-empty orthonormal basis of H, let
A: D(A) C H — H be a symmetric diagonal linear operator with inf(op(A)) > 0, and let
(Hy, ) ms | lm), 7 € R, be a family of interpolation spaces associated to A. Then

(i) for allv € U,cg Hs, r € R it holds that v € H, if and only if

[{(w,v) |
sup —
wespan g (H)\ {0} ||w||H7r

00, (2.79)

(it) for alls € R, v € H_g, r € [—s,00) it holds that v € H, if and only if

sup Hw, v)u| < 00, (2.80)

weH,s\{0} |wllz_,
and
(iit) for allr € R, v € H,, s € [-r,00) it holds that

P L ] (2.81)

wespang N0y |WIH_,  wemafor lwlla_,

Proof of Lemma 2.15. Note that for all r € R, v € H,, w € H_,. it holds that
[(w, v) | = [(A™"w, A"v) | < [lw]la_,[[v] . (2.82)

This proves the “=" direction in the statement of (i). Next we consider the “<" direction
in the statement of (i) and the first equality in (2.81). For this let s € R, r € [s, 00),
v € Hj satisfy

sp LVl (2.83)
wespan g (H)\{0} ”wHH—r
Observe that it holds that
(v, w)m,| [(A*v, A™w) i
sup oo A= sup =
wespang (H)\{0} || W], wespany (H)\{0} || AW r_,
v, AZw v, w
wespang (EN[0} AW H_,  wespany E\f0y |W]lH_,
vl

wespan g (H)\ {0} HU) H H_,
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This ensures that there exists ¢ € L(H,,K) such that for all w € spany(H) it holds
that (w) = (v, w)p,. The Riesz—Fréchet representation theorem hence proves that there
exists a vector u € H, such that Vw € H,: (u,w)n, = p(w) and

(v, w) .|
[l = llellL.x) = sup T (2.85)

wespan g (H)\{0} ||w||Hr .
This implies for all w € Hg that
(u,w)g, = (A% "u, A5 Tw) g, = (u, AQ(S_‘“)w>Hr = go(AQ(S_r)w) = (v, w)n,. (2.86)

Combining this with (2.84) and (2.85) demonstrates that v =u € H, and

oy Mmoo e

_ | (2.87)
wespang (E\{0}  ||w]| £, wespang (HN\{0} || W]z,

V][ = [
This and the fact that Vs € R, r € (—o0, s]: Hg C H, establish (i) and the first equality
in (2.81). Next note that the “=" direction in the statement of (ii) follows directly from
(2.82), while the “«<” direction in the statement of (ii) is a consequence of (i). Finally,
(2.82) also shows for all r € R, v € H,., s € [—r,00) that

w,v)g w,v)g
I (0 Y1 [
wespan g (H)\{0} ||w”H,T weH\{0} ||w||H7r
(2.88)
[(w, v)u]
< sup S < lvf|m,.
wer_n\{o} llwllz_,
This proves (iii). The proof of Lemma 2.15 is thus complete. ]

In the next result, Corollary 2.16, we specialise Corollary 2.13 above to the case of
semi-linear stochastic wave equations. Corollary 2.16 is an elementary consequence of
Corollary 2.13.

Corollary 2.16. Consider the notation in Subsection 2.1.1, let T,9 € (0,00), v €
(1a,1)2), p € 0,2y — Y2), 0 € [Ys,00), let (Q,F,P) be a probability space with a nor-
mal filtration (Fe)ierory, let (H, () a, M) = (L2 (10,103 R)s {5 ) 2 uony iy 11 2200 )
let (Wi)ieor) be an idg-cylindrical (Q, F, P, (Ft)ico,11)- Wiener process, let (e )neny € H
satisfy for all n € N and p1y-a.e. x € (0,1) that e,(z) = V2sin(nrz), let A: D(A) C
H — H be the Laplacian with Dirichlet boundary conditions on H multiplied by ¥, let
(Hey 0 ms ), 7 € R, be a family of interpolation spaces associated to —A, let
Py € L(H x H_.;), N € NU {oo}, be the linear operators which satisfy for all N €
NU {0}, v,w € H that Py(v,w) = (ZnNzl(en,v>H6n,Zflv:ﬁen,w)Hen), let A: D(A) C
H x H_.j, = H x H_i), be the linear operator which satisfies D(A) = Hi, x H and
V(v,w) € Hiy x H: A(v,w) = (w,Av), let & € L*(Plr,; Hiyo x H), ¢ € CE(H %
H_1,R), f € Lip*((0,1) x R,R), B € Lip’(H, Lo(H,H_1p,)) satisfy Vv € H,u €
H: Bv)u € Hy_y,, Vv € Hy: (H 2 v — B(v)u € H,_vp) € Lo(H, H,vp), (H, 2
v (H>uw~ Bu€ H,1,) € Lo(H H, 11,)) € Lip’(H,, Lo(H,H, 15,)), Vv €
H,: (H > uw B(wu € H,_\) € L(H H,_), (H, > v — (H>u— Blu e
H, 1) € L(H,H, ) € Lip"(H,,L(H,H,-15,)), Blu, € C3(Hy Lo(H,H_1s)), and
SUDg v, vy Hy, max{[for [.flvall iy <1 1 B” (@) (1, v2) | i _yy) < 00, and let F: H x H_yj —
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Hiy, x H and B: H x H_.j, — Lo(H,H x H_y;,) be the functions which satisfy for all
v,u € H, w € H_i, and ppyy-a.e. © € (0,1) that (F(v,w))(z) = (0, f(z,v(z))) and
B(v,w)u = (0, B(v)u). Then

(i) it holds that F € Lip”(H x H_1/,, Hyy X H), Flu,xu, ,, € Lip*(Hyx Hy_ /s, Hyjy x H),
B € Lip"(H x H_1j, Lo(H,H x H_1,)), Vv € H, x H,_15,u € H: B(v)u € H, x
Hy ap,Yve Hyx Hy vyt (H 3w Bw)u€ Hyx Hyvpy) € Lo(H, H, x H,_1p,),
(Hy,x Hy vy v = (H>u— Bv)u € Hy x Hy_1py) € Lo(H,H, x H,_1p5)) €
Lip°(H, X H, 15, Lo(H, H, X H, 1)), Yv € H, x Hy 1j: (H 3 u = B(v)u €
H, x H, ,) € L(H,H, x H’y_l/g.>70 (Hyx Hypy 2 v+ (H 3 u— B(v)u € Hy X
H7_1/2) < L(H, fv'lfy X H7_1/2)) c Llp (Hp X Hp—1/27 L(H, H’y X H7_1/2)), B|HQ><H971/2 -
CZ(Hy X Hy 1y, Lo(H, H x H_13,)), and

||F"(1‘)(’U1,U2)||H5><H6_1/2+||B”(m)(vl7U2)||L2(H,H><H71/2)

Vo € (—o0,1/4): sup < 00,
wEH,xH, 1, Worllmxr s lv2llzrxca_y
vl,UQGHQXHQ_l/Q\{O}
(2.89)

(ii) it holds that there exist up to modifications unique (Fy)com-predictable stochastic
processes XN: [0,T] x Q — Py(H, X H,_1p,), N € NU {co}, such that for all
N € NU {oo}, t € [0,T] it holds that supeo E[HX;VH%{;)X[{/JJ/J < oo and P-a.s.
that

t t
XN = eAPye+ / TIAPNF(XN)ds + / VAPV B(XNY AW, (2.90)
0 0

and

(111) it holds for all € € (4(1/2 — 7),00) that there exists a real number C € [0,00) such
that for all N € N it holds that

E[p(X7)] —E[p(X7)]| < C- N (2.91)

Proof of Corollary 2.16. Throughout this proof let fy,: (0,1) x R — R, k, ¢ € {0,1,2}
with k& + ¢ < 2, be the functions which satisfy for all k,¢ € {0,1,2}, (z,y) € (0,1) xR

6k+l

with k4 ¢ < 2 that fi.(z,y) = (—f) (z,y) and let F': H — H be the function which

Oxk oyt
satisfies for all v € H and ppy-a.e. x € (0,1) that (F(v))(z) = f(z,v(z)). Then note
that for all u,v € H, w € H_y, it holds that F(v,w) = (0, F(v)) and

1 /2
170 = Flr = ([ 1500600 - 00 .02

< |f|Lip0((0,1)><R,R)||u e

This proves that F € Lip’(H, H). Hence, we obtain that F € Lip’(H x H_y, Hi, X H).
Next observe that the Sobolev embedding theorem ensures for all 6 € [1, 6] that

Wil s .
I o P (2.93)

weH,\{0} ||w||HQ
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Moreover, note that it holds for all v,h € H and j 1y-a.e. x € (0,1) that

[f (@, 0(x) + h(x)) = f2,v(x) = for(x, v(x))h(z)]

1 (2.94)
= | [ st + 160)) = fosCoo@D]1G0) ] < oo 100
0
This, Hélder’s inequality, and (2.93) imply for all v € H,, h € H, \ {0} that
1 1 /2
([ 160+ ) = flo @) = fostov(a)) o) 295)
1A 0l 2t o ) Y
< | flLipt — O < f (sup $)h < 00.
| |Lp ((0,1)xR,R) ||h||Hg | |Lp ((0,1)xR,R) weH,\ (0} HwHHQ || ||Hg
In addition, observe that it holds for all v, h € H, that
1 1/2
([ Vostoo@npoPar) < Ifleyansm bl
0
[[w]] >
< |flex sup  —— | ||Alla, 2.96
| |Cb((0’1)XRJR) (weHQ\{o} ||IU||HQ 1] ( )
[[wl]ex >
= ; sup  ——— |||h|lH, < 0.
O G 7 L

Inequalities (2.95)-(2.96) prove that F|p,: H, — H is Fréchet differentiable, that for all
v,h € H, and i 1y-a.e. x € (0,1) it holds that

(F(0)) (@) = foa(w, v(@))h(2), (2.97)

and that sup,ep, [|F"(0)| ,.m) < [flepayxrry < 00 Furthermore, Hélder’s inequality
and (2.93) show for all u,v, h € H, that

1 1/2
I(F"(u) = F'(0) bl = </0 | [foa(, u(@)) = for(z, v(@)]h(@)]* dx)

< |f‘Lip1((D,1)><R,R)Hu - UHL4(N(0,1)§R)"h"L4(IJ‘(O,1);R) (298)

1] 24 a0,y Y
< | flLip'(0,1)xR.R) (wei;ll\){o} W) lu —v||a, || h||H, < oo.
o 4

This ensures that F|g, € Lip'(H,, H). Similarly, observe that for all v,h,g € H and
po-a.e. x € (0,1) it holds that

o (2, 0(2) + g())h(x) = fou (s 0() () — foaleso(a)h(x)g(a)
[ oo, o0) + 99t — oo} t)g(0)

>

(2.99)

< ‘f’Lin((O,l)xR,R)‘h(x”|g($)
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This, Hélder’s inequality, and (2.93) establish for all v,h € H,, g € H, \ {0} that

1 s
ol (/ | fo(z,v(x) + g(@)h(x) — for(z, v(@))h(z) = foolz,v(x))h(z)g(x)? dm)

§ |f|L17’g’T1 )xR,R) (/ |h | |g ’4dl’)

||h||L6(M(071)§R) ||g||L6(u(0’1);R)

< | flLip? 2.100
’ |Lp ((0,1)xR,R) HgHHQ ( )
lwllzo ) Y
< |f|Lip2((0,1)xR,R)( ei}ll\){o} ||w||1(:1) ) ||h||Hg||g||HQ < 0.
weH, 0
Furthermore, Holder’s inequality and (2.93) also prove for all v, h, g € H, that
1 1/2
([ Vastorstephiela@ar ) < legianwa il 1ol
0
lwll 2.2 Y
< |f|C§((o,1)xR,R)( S;]?{O} —”w”;l) ) Pl ez, 19|, (2.101)
we o o
lwll 2.2 Y
~ o (| sup T il gl < o
we o o

Combining (2.100)-(2.101) ensures that F'|g,: H, — H is twice Fréchet differentiable,
that for all v, h, g € H, and po1)-a.e. € (0,1) it holds that

(F"(v)(h,9))(x) = foo(x,v(x))h(z)g(), (2.102)
and that
w24 o %)\
sup HF”<U)||L(2>(HQ,H) < |f|C§((o,1)xR,R)( sup ¢) < 0 (2'103)
veH, weH,\{0} ||w||HQ
In addition, Holder’s inequality and (2.93) establish for all w, v, h,g € H, that
1 ) 1/2
[(F"(w) — F"() (B, )l = ( [ sl ue) = foate )] n(w)gte) dx)
< luip2 0,0y syl = 0l 28 Gugo 1)) 1Al 280,02 1911 26 a0 1120 (2.104)
||w||L6(M 0,1);R) °
< | flLiv2 sup #>u—vgh999<oo.
oy (s SE Y o, o

This shows that F|y, € Lip*(H,, H). This proves that F|ngH 1, € Lip*(H, X Hy_1p,
Hy, x H). Next, note that the assumptions that B € Lip’ (H Ly(H,H_.p)), Yv €
H,u e H: B(v )u € Hyvp, Vv € Hy: (H > uw— Bw)u € Hy_vpy) € Lo(H, H,vp,),
(H, > v (H>uw Blu € prw) € Ly(H,H, 1)) € Lip"(H,, Lo(H, H, 11,)),
Vv e Hy,: (H>uw— Bv)u € Hy_1p) € L(H,H,_vp), (H, > v~ (H>u— Bwu €
H,_i,) € L(H,H,_1,)) € Lip®(H,, L(H, H,_.s,)), and Bly, € C2(H,, Ly(H, H_.,)) en-
sure that B € Lip”(H X H_1p, Lo(H, H X H_15,)), Vv € H, X H,_15,u € H: B(v)u
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H7 X H7_1/2, Vv € Hp X Hp_1/22 (H S U B(U)u € Hp X Hp_1/2) S LQ(H, Hp X Hp_l/Q)
(Hyx Hyiy > v — (H 3 u = B € H, x H, 1)) € Ly(H,H, x H,_1),)) €
Lip"(H, x H, 1, Lo(H,H, x H, 15,)), Vv € H, x Hy_1jp: (H 3 u — B(v)u € H, x
Hy, ) € L(H,Hy x Hy_1py), (Hy, x Hy_vpy 2 v = (H 3 u = Bv)u € Hy x Hy_yp) €
L(H,H, x H,_1,)) € Lip®(H, x H, 1/, L(H, H, x H, 1)), and B’ngHg_l/Q € C}(H, x
Hy 1jp, Ly(H, H x H_,},)). In addition, Lemma 2.15 proves for all § € (—o0,/4), v,h,g €
H, that

{w, F"(v)(h, 9))

"
IE" () (hs 9,y = wer/‘ji\{o} [wllz,, , 0105
< flegonam(_sw AT gy < oo |

wety, oy W,
This and the assumption that
sup ||B/,(I)<U1,U2)||L2(H7H71/2) < 00 (2.106)

z,v1,v2€ Hy, max{||vi | z,||v2]| mr } <1

show (2.89). The proof of (i) is thus complete. Furthermore, observe that (ii) follows
directly from (i) and Remark 2.7. It thus remains to prove (iii). For this let ¢ € (4(1/2 —
7). 1 —2p], B € (Y, 27] and A, € R, n € N, be real numbers which satisfy for all n € N
that 8 = /2 + (=4(/2=7))/2 and A, = — _9n?n? and let A D(A)C HxH_ 1, > HxH_i,
be the linear operator which satisfies for all (v, w) € Hi, x H that D(A) = Hij, x H and

_ (ol en, v) men
Alv,w) = (Zn: Y2 (en 0 >H€n) ) (2.107)

Then note that for all v € Hy it holds that Av = >">" | A, (en, v) e, and [|A™P || ymxm 12)
< oo. Furthermore, observe that (i) and the fact that 2y — g = (1=2)/2 < 1/ imply that
(H X H_I/Q SV F(U) S H27_5 X H27_5_1/2) S Llp (H X H_l/g, HQ,Y_B X HQV_ﬁ_l/Q). ThiS,
the fact that 2p <1 —¢ = 2(2y — ), and again (i) enable us to apply Corollary 2.13 to
obtain that there exists a real number C' € [0, 00) such that for all N € N it holds that

B[ (X3)] — B[p(X2)]] < Clweal 2 < Cov e et 2109
The proof of Corollary 2.16 is thus complete. O

In the proof of Corollary 2.18 below we employ the following elementary and well-
known result, Lemma 2.17.

Lemma 2.17. Let K € {R,C}, let (H, (-, ), ||-||g) be a K-Hilbert space, let H C H be a
non-empty orthonormal basis of H, let A: D(A) C H — H be a symmetric diagonal linear
operator with inf(op(A)) > 0, let (Hy, (-, )m,, ||||lm.), 7 € R, be a family of interpolation
spaces associated to A, and let q,s € R, p € [q,00), 1 € [s,00). Then

(i) for all B € L(Hy, Hy) it holds that (B(H,) C H, and (H, > v — Bv € H,) €
L(H,, H,)) if and only if

B
(B(spanH(H)) CH, and sup IBw]s, < oo), (2.109)

wespan g (H)\{0} ||w H Hg
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(it) for all B € L(H,, Hy) it holds that (B(H,) C H, and (Hy > v — Bv € H,) €
L(H,, HT)) if and only if

B
(B(Hp) CH, and sup [ Bevlls, < oo), (2.110)

wem\{o} |lwlla,
and

(iii) for all B € L(H,, H,) it holds that

|Bwlla, _ [ Bwlln,

Bl L(t,,m) = sup sup (2.111)

wespang EN0) NWlla, — wemnoy Nwle,

Corollary 2.18. Consider the notation in Subsection 2.1.1, let T,9 € (0,00), a, B € R,
let (2, F,IP) be a probability space with a normal filtration (Fy)cpm, let (H, (-, )a, ||-||#) =
(L2(,U(O,1)§R)7<'7'>L2(u<071);]R)7 H'HLQ(M(OJ);R))7 let (Wi)icpr) be an idg-cylindrical (2, F, P,
(Ft)eepo,m)- Wiener process, let (en)nen © H satisfy for all n € N and pgy-a.e. x €
(0,1) that e,(z) = V/2sin(nnz), let A: D(A) C H — H be the Laplacian with Dirichlet
boundary conditions on H multiplied by 9, let (H., (-, )m,,||'|n,), 7 € R, be a family
of interpolation spaces associated to —A, let Py € L(H x H_.;,), N € NU {oo}, be
the linear operators which satisfy for all N € N U {oo}, v,w € H that Py(v,w) =
(ij:l(en,wlqen, ZnN:1<en7w>H€n>; let A: D(A) C H x H_.j, = H x H_y, be the linear
operator which satisfies D(A) = Hi, x H and ¥V (v,w) € Hi, X H: A(v,w) = (w, Av),
let £ € L*(Plg,; Hiy X H), ¢ € CE(H x H_1/,,R), f € Lip*((0,1) x R,R), and let F: H x
H_yy = Hy,xH and B: Hx H_, = Lo(H, H x H_.,) be the functions which satisfy for
all (v,w) € Hx H_y, u € Hy and ppy-a.e. x € (0,1) that (F(v,w))(z) = (0, f(z,v(z)))
and (B(v, w)u)(z) = (0, (o + Bo(z))u(z)). Then

(i) it holds that there exist up to modifications unique (Fy)icjor-predictable stochastic
processes XV : [0,T] x Q — (ﬂp6[0,1/4) Py(H, x H, 1)), N € NU {oo}, such that
for all p € [0,Y/4), N € NU{oo}, t € [0,T] it holds that SUDse(0,7] E[HX;VH%JPX}IPJ/J
< oo and P-a.s. that

t t
XN = APy + / eIAPLF(XN) ds + / EHAPYB(XN) AW, (2.112)
0 0

and

(1) it holds for all € € (0,00) that there exists a real number C' € [0,00) such that for
all N € N it holds that

E[e(X)] —E[p(X})]| <C- N (2.113)

Proof of Corollary 2.18. Throughout this proof let B: H — Lo(H, H_.,) be the func-
tion which satisfies for all v € H, u € H; and ppqy-a.c. z € (0,1) that (B(v)u)(z) =
(a + pu(z))u(z). Note that it holds for all p € [0,Y/4), v,u € H that B(v)u € H, .,
(H >y~ By € Hyvp) € Lo(H, Hyovpy), and (H 3 2 — (H > y — B(x)y €
H, 1s) € Lo(H,H, 1s,)) € Lip®(H, Lo(H, H,_15,)). Remark 2.7 and (i) in Corollary 2.16
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2.2. Upper bounds for weak errors

thus prove (i). Next observe that the Sobolev embedding theorem proves for all p € (0, 1/4)
that

sup sup < 00. (2.114)

|: HwHLl/(ZP)(M(o,l)R)] |: HwHLQ/(l—zlp)(M(OJ);]R)
weH1\{0} ||w||H1/4_p weH,\{0} [wlla,

This and Hélder’s inequality ensure for all p € (0,1/4), v € H,, v € H; that

B
L0 B@
weH1\{0} Hw||H1/4,p
1wl Lczn (14(0.1):R)
< sup 1 } a+ Bul| 20— ||l 22 R 2.115
Lem\{o} o L T L O (24
|wll Lyeze : 1wl L27a-1p) .
_[ sup L p(u(o,n,R)}[ sup L P (0.1)R) o+ Boll, lullr < .
werm\oy  lwllm,_, weH\{0} lwl a,

Lemma 2.15 hence shows for all p € (0,1/4), v € H,, v € H; that B(v)u € H, 1. In
addition, (2.115), Lemma 2.15, and Lemma 2.17 prove for all p € (0,Y4), ve H,,u e H
that B(v)u € H,_1, and (H > y — B(v)y € H,_u) € L(H,H, 1,). Furthermore,
Lemma 2.15 and Holder’s inequality show for all p € (0,1/4), v1,v2 € H,, u € H; that

[(w, (B(v1) — B(va))u)u|

I(B(v1) = B(va))ullu, ,, = sup ol (2.116)
weH1\{0} Wil Hy,
||w||L1/(2p)( R) ||w||L2/(1—4p)( :R)
< | sup FoD } { sup PODZ 18] vy — Vo |, ||ul| g < oo.
weH1\{0} Hw!|H1/4,,, weH,\{0} [wlla,

This and Lemma 2.17 establish for all ¢ € (0, 1], v € (Y2 —¢/4,Y/2), p € [y — /4, min{2vy —
1/2,1/4}) that (H, > v = (H > u — B(v)u € H,_1,) € L(H,H, ) € Lip’(H,,
L(H,H,_.)). Corollary 2.16 thus completes the proof of Corollary 2.18. O
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Chapter

Generalised multilevel Picard
approximations

The content of this chapter is a slightly modified extract of the preprint Giles,
Jentzen, € Welti [13/].

In this chapter we develop an abstract framework for full-history recursive multilevel Pi-
card (MLP) approximation methods and use this framework to study variants, which
essentially are generalisations, of the MLP approximations for semi-linear heat equations
introduced in Hutzenthaler et al. [181] (cf. Section 1.2 in Chapter 1). In particular, the
main result of this chapter, Theorem 3.14 in Subsection 3.1.6, concerns the approximation
error and, in a suitable sense, the computational complexity of generalised MLP methods,
while Theorem 3.33 in Subsection 3.2.3 reveals that the variants for numerically approx-
imating semi-linear heat equations have the power to beat the curse of dimensionality.
The introductory results in Section 1.2, Theorem 1.2 and Corollary 1.3, are a consequence
of Theorems 3.14 and 3.33, respectively, and provide similar conclusions under simplified
assumptions.

This chapter is structured in the following way. Section 3.1 is devoted to the abstract
framework of generalised MLP approximations. In particular, we study several elemen-
tary but crucial properties of such approximations in Proposition 3.8 in Subsection 3.1.3.
Moreover, we derive in Subsection 3.1.4 an error analysis for generalised MLP approxi-
mations, which relies on suitably generalised versions of well-known identities involving
bias and variance in Hilbert spaces (cf. Corollaries 3.5 and 3.7 in Subsection 3.1.2). This
error analysis is subsequently combined with the cost analysis in Subsection 3.1.5 to es-
tablish a complexity analysis for generalised MLP approximations in Subsection 3.1.6
(cf. Theorem 3.14 and Corollary 3.15 in Subsection 3.1.6). Throughout Section 3.1 the
measurability results in Subsection 3.1.1 are used. In Section 3.2 we employ the abstract
framework for generalised MLP approximations from Section 3.1 to analyse numerical ap-
proximations for semi-linear heat equations. Subsection 3.2.1 collects several elementary
and well-known auxiliary results, which are used in Subsection 3.2.2 to verify that the
main assumptions of the abstract complexity result in Corollary 3.15 are fulfilled in the
case of the example setting for numerical approximations for semi-linear heat equations.
Finally, in Subsection 3.2.3 we combine the results from Subsection 3.2.2 with Corol-
lary 3.15 to obtain a complexity analysis for MLP approximations for semi-linear heat
equations (cf. Proposition 3.32, Theorem 3.33, and Corollary 3.34 in Subsection 3.2.3).
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3.1 Generalised MLP approximations

In this section we introduce generalised MLP approximations and provide an error analysis
(cf. Subsection 3.1.4), cost analysis (cf. Subsection 3.1.5), and complexity analysis (cf.
Subsection 3.1.6) for such approximations.

For the formulation of the error analysis for generalised MLP approximations we re-
quire random variables which take values in the Banach space L(), #) of continuous lin-
ear functions between a separable Banach space (), ]|-]|y) and a separable Hilbert space
(H, (-, )%, ||-ll22) equipped with the strong o-algebra. Let us recall that the strong o-
algebra on L(),H) is nothing but the trace o-algebra of the product o-algebra on the set
HY of all functions from ) to H. Having this in mind, Subsection 3.1.1 collects three ele-
mentary measurability results (cf. Lemmas 3.1 and 3.2 and Corollary 3.3) about functions
whose domains or codomains involve a set of functions equipped with the trace o-algebra
of the product o-algebra.

In Subsection 3.1.2 we first recall the elementary and well-known bias—variance de-
composition of the mean square error for random variables that take values in a separable
Hilbert space (cf. Lemma 3.4). Thereafter, we present in Corollary 3.5 a generalised
bias—variance decomposition, where the mean square error, the bias, and the variance are
measured in a certain randomised sense. Analogously, we also recall the elementary and
well-known result that the mean square norm of the sum of independent zero mean random
variables in a separable Hilbert space is equal to the sum of the individual mean square
norms (cf. Lemma 3.6) and prove a randomised generalisation thereof (cf. Corollary 3.7).
This generalisation as well as the generalised bias—variance decomposition in Corollary 3.5
are used in our error analysis for generalised MLP approximations (cf. (3.38), (3.39), and
(3.42) in the proof of Proposition 3.9).

Subsequently, Proposition 3.8 in Subsection 3.1.3 establishes several elementary but
crucial properties of generalised MLP approximations, which are a consequence of their
definition.

Subsection 3.1.4 is devoted to the error analysis for generalised MLP approximations.
Proposition 3.9 specifies the most general hypotheses in this thesis (cf. (3.29)—(3.32) in
Proposition 3.9) under which we prove an error estimate for generalised MLP approxi-
mations. The upper bound for the error in Proposition 3.9 (cf. (3.33) in Proposition 3.9)
can be much shortened by choosing a natural number 9t € N = {1,2,3,...} such that
for every n € N, [ € {0,1,...,n — 1} the Monte Carlo sample number M, ; € N in the
generalised MLP approximations (cf. (3.29) in Proposition 3.9) is equal to 9"~!, which
is the assertion of Corollary 3.10 (cf. (3.54) in Corollary 3.10).

The subject of Subsection 3.1.5 is the cost analysis for generalised MLP approxima-
tions. The cost estimate in Proposition 3.11 follows from an application of the discrete
Gronwall-type inequality in Agarwal [2, Theorem 4.1.1]. The second cost estimate in
Subsection 3.1.5 (cf. Corollary 3.13), in turn, is a consequence of Proposition 3.11 and
the elementary and well-known estimate in Lemma 3.12.

In Subsection 3.1.6 the error analysis from Subsection 3.1.4 and the cost analysis
from Subsection 3.1.5 are combined to derive a complexity analysis for generalised MLP
approximations. More precisely, the main result of this chapter, Theorem 3.14, relates the
error estimate in Corollary 3.10 to the cost estimate in Corollary 3.13 in order to arrive at a
complexity estimate (cf. (3.81) in Theorem 3.14). The subsequent result, Corollary 3.15, is
obtained by replacing assumption (3.78) in Theorem 3.14 by the simpler assumption (3.93)
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and choosing for every k € Ny = {0,1,2,...} the coefficient ¢; € (0,00) in Theorem 3.14
to be equal to k!. Finally, the elementary result in Lemma 3.16 shows that a strictly
increasing and at most linearly growing sequence of natural numbers automatically fulfils
the hypotheses on the sequence (M;);eny € N in Corollary 3.15.

3.1.1 Measurability involving the strong o-algebra

Lemma 3.1. Let € be a set, let (F,.F) and (G,9) be measurable spaces, let S C F¢,
let & =os({{p € Stple) e A} CS:ec & Ac F}), andlet v: G — S be a
function. Then it holds that ¢ is 4/ -measurable if and only if it holds for all e € £
that G 5 w — [Y(w)](e) € F is 9 /.F -measurable.

Proof of Lemma 3.1. Throughout this proof let P,: S — F, e € &, satisty for all e € &,
p € S that P.(¢) = p(e). Observe that it holds that

S ={(ANS) CS: A€ (®uceF)} = 05((P)ece). (3.1)

This ensures for all e € £ that P.: S — F is an ./.%-measurable function. Equa-
tion (3.1) hence shows that ¢: G — S is ¢ /.%-measurable if and only if it holds for
all e € £ that P, o: G — F is ¥ /% -measurable. The proof of Lemma 3.1 is thus
complete. O

Lemma 3.2. Let (€,d¢) be a separable metric space, let (F,dx) be a metric space, let
SCCEF), andlet & =os({{p €S:ple) c A} CS:ec &, Ac B(F)}). Then it
holds that S x € 3 (p,e) — p(e) € F is an (L @ B(E))/B(F)-measurable function.

Proof of Lemma 3.2. Throughout this prooflet f: Sx & — F satisfy forallp € S, e € £
that f(p,e) = p(e). Note that it holds for all ¢ € S that

(Esem flpe)eF)=peSCCEF). (3.2)
In addition, observe that it holds for all e € £, A € A(F) that
{peS: flpe)e A ={peS:ple) e A} € 7. (3.3)

This proves for all e € £ that S 5 ¢ — f(p,e) € F is an ./ HB(F)-measurable function.
Combining this and (3.2) with Aliprantis & Border [4, Lemma 4.51]| (see also, e.g., Beck et
al. [22, Lemma 2.4]) establishes that f: S x £ — Fis an (. @ B(&))/AB(F)-measurable
function. The proof of Lemma 3.2 is thus complete. n

Corollary 3.3. Let (52,.%) be a measurable space, let (V,||-|lv) be a separable normed
R-vector space, let Y: Q — V be an F /B(V)-measurable function, let (W, ||-|lw) be a
normed R-vector space, let & = arpw) ({{e € LV, W): p(v) € B} C LV, W): v €
V,Be BW)}), and let p: Q — L(V, W) be an F /.7 -measurable function. Then

(i) it holds that L(V,W)xV 3 (¢,v) — ¢(v) € W is an (L AB(V)) /B(W)-measurable

function and

(i) it holds that Y(Y) = (2 > w = [Y(w)](Y(w)) € W) is an .F /B(W)-measurable
function.
Proof of Corollary 3.3. Observe that Lemma 3.2 (with & <V, F «+ W, S < L(V, V) in
the notation of Lemma 3.2) implies (i). In addition, the fact that Q 3 w — (Y (w),Y (w)) €
LV, W) x Vis an 7 /(¥ @ B(V))-measurable function and (i) show (ii). The proof of
Corollary 3.3 is thus complete. O]
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3.1.2 Identities involving bias and variance in Hilbert spaces
3.1.2.1 Bias—variance decomposition

Lemma 3.4. Let (Q,.7,P) be a probability space, let (H, (-, ), ||-|l%) be a separable R-
Hilbert space, let h € H, and let X: Q — H be an F /PB(H)-measurable function which
satisfies E[|| X ]3] < co. Then

E[IIX = hli3] = E[IX - E[X]II53] + IE[X] - All3. (3.4)
Proof of Lemma 3./. Note that the Cauchy—Schwarz inequality implies that
E[[(X - E[X],E[X] = h)nl] < E[IIX = E[X][l2] IE[X] = hll < oo. (3.5)
This ensures that
E[IX = hll5] =E[IX — E[X] + E[X] - All3 ]
= E[||X — E[X]|}; + [E[X] — kI3 +2(X — E[X],E[X] — h)y] (3.6)
= E[||X — E[X]|[3,] + |E[X] - hll3, + 2(E[X] — E[X], E[X] — h)y
=E[|lX — E[X]5] + [E[X] — All3
The proof of Lemma 3.4 is thus complete. O

3.1.2.2 Generalised bias—variance decomposition

Corollary 3.5. Let (Q2, F,P) be a probability space, let (), ||-||y) be a separable R-Banach
space, let y € Y, let Y: Q — Y be an ¥ /B(Y)-measurable function which satisfies
E[|Y|ly] < oo, let (H, (-, )3 ||-ln) be a separable R-Hilbert space, let ./ = o) ({{p €
LY, H): p(x) € B} C LY, H):x €Y, Be BH)}), let p: Q— LY, H) be an F /-

measurable function, and assume that'Y and v are independent. Then
Elo(Y = y)lz] =E[llv( —EXDIE] +E[WEY] - y)l3] (3.7)
(cf. (11) in Corollary 3.3).

Proof of Corollary 3.5. The fact that it holds for all z € Y that L(Y,H) x 23 (¢,w) —
(p,Y(w)—z) € LY, H)xYisan (¥ ®@0oq(Y))/( @ $B(Y))-measurable function and
the fact that L(Y,H) x Y 3 (¢,z) — ¢(x) € H is an (¥ @ B(Y))/PB(H)-measurable
function (cf. (i) in Corollary 3.3) imply for all x € ) that

LY, H)x Q23 (p,w) = oY(w)—z)eH (3.8)

is an (< ® 0q(Y))/%PB(H)-measurable function. Lemma 2.2 in Hutzenthaler et al. [181]
(with G « 0q(Y), (S,S) «+ (L(V,H),”), U < (LY, H) x Q23 (p,w) — [o(Y(w) —
y)||3, € [0,00)), Y < 1 in the notation of [181, Lemma 2.2]) and Lemma 3.4 hence yield
that

BN -] = [ Bl - IR (P00
- /L(y " E[le(Y) = e@)llz] (¥(P)s)(de) (39)
- /w . Ell07) = B IIR] + B )] - o)l (4B )
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This, the fact that L(Y,H) 3> ¢ — @(E[Y] —y) € H is an ./ ZB(H)-measurable func-
tion (cf. Lemma 3.1), (3.8), and again [181, Lemma 2.2 (with G < ogq(Y), (S,S) «
(LOLH), #), U (L) X Q3 (p,0) > [¢(Y(w) — EY]), € [0,00)), ¥ « ¢ in
the notation of [181, Lemma 2.2|) establish that

B[ -] = [ Ello - EYDIZ] (6P))(d)

LQYH)
[ elEY] - ) (6(P))(d) (310
L(YH)
=E[v(Y —EYDI5] +E[IV(EY] —)l5]-
The proof of Corollary 3.5 is thus complete. O

3.1.2.3 Variance identity

Lemma 3.6. Let n € N, let (2, #,P) be a probability space, let (H, (-, ), ||-|%) be
a separable R-Hilbert space, and let X1, Xs,...,X,: Q — H be independent . /B(H)-
measurable functions which satisfy for alli € {1,2,...,n} that E[||X;||»] < co. Then

n

> (Xi — E[Xi])

i=1

E

] — SSE[|X: — E[XIZ). (3.11)

H i=1

Proof of Lemma 3.6. Observe that the Cauchy—Schwarz inequality, the fact that X, X,
., X,, are independent, and the fact that it holds for all independent random variables

Y,Z: Q — R with E[|Y| + |Z]] < oo that E[|YZ|] < oo and E[Y Z] = E[Y]E[Z] (cf., e.g.,

Klenke [202, Theorem 5.4]) demonstrate for all 4,5 € {1,2,...,n} with i # j that

E[(X; — E[X,], X; — E[X;])u|] <E[|IXi — E[Xi]|lnl|X; — E[X;]||%]

— E[||X; — E[X][l%]E[[|X; — E[X;]]l5] < oo. (3.12)

Moreover, the fact that X, X, ..., X,, are independent ensures for all 7,5 € {1,2,...,n}
with ¢ # j that

(X, X5)(P)znezcn = [(Xo) (P)zen] @ [(X5)(P)zan)]. (3.13)
Fubini’s theorem and (3.12) hence show for all 4,j € {1,2,...,n} with i # j that
E[(X; - E[Xi], X; — E[X;])]

= [ o= By~ B (X X))o (. dy)
-/ XH‘”’”‘E[X” ELX e (16 P)asr] @ [06) (Psaol]) (. dy)

= [ [ o= B0y~ B ()P () () Bl ) (314
— [ B0~ ELXy = B ] ((X) (Pl ()

— [ LX) - Xy~ B (6P ()
= (E[Xi] — E[Xi], E[X;] — E[X;])» = 0.
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This and again (3.12) prove that

B | S0 - B |- E|( S0 - B, S, —E[Xmu
= {i Xil, X; — E[Xj]hz]
=1 (3.15)
— ; [(X; —E[X;], X; — E[Xi])ﬂﬂ + ’:;# E[(X; — E[Xi], X; — E[X;])x]
= SE[IX: ~ ELXJI3)
The proof of Lemma 3.6 is thus complete. O

3.1.2.4 Generalised variance identity

Corollary 3.7. Let n € N, let (Q2,.7,P) be a probability space, let (Y, |-||y) be a sep-
arable R-Banach space, let Y1,Ys, ..., Y,: Q@ — Y be independent F /PB(Y)-measurable
functions which satisfy for all i € {1,2,...,n} that E[||Yi|ly] < oo, let (H, (-, )n, ||-]%) be
a separable R-Hilbert space, let .7 = oy ({{p € LV, H): ¢(y) € B} C LY, H): y €
V,Be B(H)}), let v: Q— L(Y,H) be an F /¥ -measurable function, and assume that
(Yi)ieq1,2,...ny and 1 are independent. Then

n 2

> (Y — E[Y;])

i=1

E

— z E[|l(Y; — E[Yi])|2] (3.16)

H
(cf. (ii) in Corollary 5.3).

Proof of Corollary 3.7. The fact that it holds for all i € {1,2,...,n} that L(Y,H) x Q2 >
(0.) 1 (0, Yi(w) — E[VE) € L, H) x ¥ i an (# @ 0a((¥)je12,.m)/ (7 © BD))-
measurable function and the fact that L(Y,H) X YV 3 (¢,y) — ¢(y) € H is an (5” ®
PB(Y))/B(H)-measurable function (cf. (i) in Corollary 3.3) ensure for all ¢ € {1,2,...,n}
that

LYV, H) x Q3 (p,w) = ¢(Yi(w) —E[Y]]) € H (3.17)

is an (7 ® 0a((Y])jeq,2,..ny))/ P (H)-measurable function. This and [181, Lemma 2.2]
(with G < 0a((Yi)icq1,2,.m})s (S,S) = (LY, H),), U « (LY, H) x Q> (p,w) —
130 e(Yi(w)—E[Y;])]13, € [0,00)), Y < ¢ in the notation of [181, Lemma 2.2]) establish

that

n 2

> (Y — E[Yi])

i=1

E

H

_ / B[S, (v - B[] (0())(de)
LOYH) (3.18)

- / ||| (oY) — Blp(VDIl,| (4(B))(de).
LYH)

Lemma 3.6, (3.17), and [181, Lemma 2.2| (with G + JQ((YJ)]E{l 2,..m})s (S,8) (LY, H),
), U+ (LVH) x Q3 (pw) = [oYi(w) —E[Y DI € [0,00)), YV « ¢ for i €
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{1,2,...,n} in the notation of [181, Lemma 2.2|) hence show that

E|| v -EW)| | = SSE[le(v:) — Elp(D]I2] ((P))(dg)
i=1 H L(YH)i=1
=5 [ E[le - EMDB] 0E)) ) (319)
i=1JL(Y,H)
~ S E[Ju(¥: - ER B,
The proof of Corollary 3.7 is thus complete. n

3.1.3 Properties of generalised MLP approximations

Proposition 3.8. Let (Q2,.#,P) be a probability space, let (Y, |-||y) be a separable R-
Banach space, let © = J," | 2", (My)mpenxn, C N, let (2, 2) be a measurable space,
let 29:Q — Z, 0 € O, be i.i.d. F/Z-measurable functions, let ®;: Y x Y x Z — ),
| € Ny, be (B(Y) @ B(Y) ® Z)/B(Y)-measurable functions, let Y°,: Q — Y, 0 € O,
be i.i.d. F /B(Y)-measurable functions, let Y: Q — YV, € O, be i.i.d. F/B(Y)-
measurable functions, assume that (Y?))eco, (Y )oco, and (Z%)¢ce are independent, and
letY?: Q= Y, 0€0,ncN, satisfy for alln €N, 0 € © that

n—1 Mn,l
0,1, 0,—1,i L
Yi=D k| Do ey, 20 (3.20)
=0 =1

Then

(i) it holds for alln € (NoU{—=1}), 0 € © that Y,V: Q — Y is an F /B(Y)-measurable

function,
(ii) it holds for alln € N, § € © that oo (Y?) C g (Y7 )seo, (Yo" )sco, (Z0)seo),

(iii) it holds for every n,m € (NgU {—1}), k € N, 01,0,,9 € ZF with 0, # 0, that Y1,
Y% and Z° are independent,

(iv) it holds for every 6 € © that (Yl(g’l’i), Yl(_gi_l’i), Z(e’l’i)), i € N, [ € Ny, are independent,
(v) it holds for every n € (NgU {—1}) that Y, 0 € ©, are identically distributed, and

(vi) it holds for every 0 € ©, 1 € Ny, i € N that Q > w — q)l(Y;(e’l’i)(w),Yz(_f)fl’i)(w),

Z(e’l’i)(w)) €Yand Q> wm— P (Ylo(w),Ylil(w),ZO(w)) € Y are identically dis-
tributed.

Proof of Proposition 3.8. Throughout this proof let R: Q — Y xYx Z,i € N, [ € Ny,
0 € O, satisfy for all § € ©, 1 € Ny, ¢ € N that

R@,l,i(w> — (Y}(G,Z,Z) (w),}/l(_ei_lvz) (C{)), Z(lefi) (w)) (321)

and let U,: (Y x Y x Z){0Ln=IbxN y n ¢ N, satisfy for all n € N, r =
. _ n— M, 7
(") aeqo,m-1pxn € (¥ x ¥ x Z) (0L that W, (r) = Y50 7= 3004 @u(r)].
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First, note that the assumption that it holds for all # € © that Y% : Q — ) and
YY: Q — Y are .F/%B(Y)-measurable functions, the assumption that it holds for all
§ € © that Z%: Q — Z is an .% /2 -measurable function, the assumption that it holds
for all [ € Ny that &;: Y x Y x Z — YV is an (#(Y) @ B()) ® Z)/PB(Y)-measurable
function, the assumption that (), ||-||y) is a separable R-Banach space, and induction on
Ny prove (i).

Second, we show (ii) by induction on n € N. For the base case n = 1 observe that it

holds for all 8 € © that

Mi o

901 (001 0,0,
Y = 5 Zcb Y00 Z004)) (3.22)

This demonstrates for all 8 € © that
0,0,2 0,0,i 7
o0(Y?) € oo (Y7 )ier, (V" Yien, (Z2009) ic)
0,9 0,9
- UQ((Y_(l Noco, (V") pco, (Z2%)eo).

This establishes (ii) in the base case n = 1. For the induction step N> n -1 —n €
{2,3,...} let n € {2,3,...} and assume for all [ € {1,...,n — 1}, § € O that

70 (V) € oo (Y4 Vgco, (V"N geo, (29 ge0). (3.24)

This and (3.20) imply for all # € © that

(3.23)

(n@i_l’i))(z,i)e{o,l ..... n—l}XNa(E(e’l’i)>(l,i)€{071 ----- n—l}xN>(Z(e’l’i))(l,i)eNoxN)
0, 0, 0,

(YE( 3))(175)6{1 ..... n—1}x72, (Yflj))ﬁez2, (Yo( 3))56227 (Z(O’Z))zeZQ)

3,0 6,3,9

C OQ((Y,( ? )>(3,19)€ZQ><@7 (Vg3 ))(z,ﬁ)EZQX@’ (2047 ez <o, (3.25)

(

(

Induction hence establishes (ii).

Third, observe that the assumption that (Y?,)gco, (Y )sco, and (Z%)gce are indepen-
dent ensures that it holds for every k € N, 0, 60,,9 € ZF with 0, # 0, that UQ((Y_(elha))ae@,
(9 0 (209),c0). 0a((Y9)co0 (V" )yco. (209 c0), and aa(Z7) are inde-
pendent. Combining this with (ii) proves (iii).

Fourth, note that the assumption that the family (Y, )seo is independent, the as-
sumption that the family (Y{)sco is independent, the assumption that the family (Z%)gece
is independent, and the assumption that (Y9 )gco, (Y)oco, and (Z%)seo are independent
imply for every 6 € © that the family

oq (Y_(efo,i?’ }/0(9,0,1'), Z(G,O,'i)) | =0
NoxN 3 (1,i) = ¢ oo (V") geo, (Yo" )sco, (204D o, (YTTH) sce,

4 A , :1#0
(%(9,71,2,19))19667 (Z(G,—l,z,ﬁ))ﬁe@’ Z(@,l,z)) 7é
is independent. This, (3.21), and (ii) ensure for every 6 € © that the family
[NO < N3 (l, Z) — (Y;(e’l’i), )/l(fi—l,i)’ Z(G,l,i))} (RGZ )(l N xN (326)
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is independent. This finishes the proof of (iv).

Fifth, we establish (v) by induction on n € N. For the base case n = 1 note that the
assumption that Y7, 6 € ©, are identically distributed, the assumption that Y, § € ©,
are identically distributed, the assumption that Z?, # € ©, are identically distributed, the
assumption that (YY) )sco, (Y )sco, and (Z?)geco are independent, and (3.21) establish for
every f € O, 1 € N that

R0 (%(O’O’i),Y_(el’O’i), Z(O,O,i)) and (Yooay—lp ZO) (3.27)

are identically distributed. In particular, this shows for every i € N that R%%? § € O, are
identically distributed. Combining this with (3.26) proves that (Q 3 w — (R%%(w));en €
(Y xYx Z)N), 0 € O, are identically distributed. The fact that V8 € 6, w € Q: Y(w) =
Uy ((R*(w))ien) hence implies that Y, 6 € ©, are identically distributed. This, the
assumption that Y%, 6 € O, are identically distributed, and the assumption that Y7,
0 € O, are identically distributed show (v) in the base case n = 1. For the induction step
Non—1—-ne{23,...} letn €{2,3,...} and assume for every [ € {—1,0,1,...,n—1}
that Y)Y, 0 € ©, are identically distributed. This, the assumption that Z? 6 € ©, are
identically distributed, (iii), and (3.21) ensure for every # € ©, 1 € {1,...,n—1},i € N
that

are identically distributed. Combining this and (3.27) establishes for every [ € {0, 1, ...,
n — 1}, i € N that R 9 € O, are identically distributed. This and (3.26) demon-
strate that (Q S W (Re’l’i(w»(l’i)e{al 77777 n—1}xN S (y X y X Z){O’l """ nil}XN>, 0 €
O, are identically distributed. Therefore, the fact that V6 € O, w € Q: Y/(w) =
\Pn((Re’l’i(w))(lﬁi)e{ojl ,,,,, n—l}xN) shows that Y/ 6 € O, are identically distributed. In-
duction hence proves (v).

Sixth, observe that (3.27) and (3.28) establish (vi). The proof of Proposition 3.8 is
thus complete. O

3.1.4 Error analysis

Proposition 3.9. Let (2,.#,P) be a probability space, let (Y, |-||y) be a separable R-
Banach space, let C,c € (0,00), (¢x)ren, C (0,00), © =~ Z", y € Y, for everyn € N
let (Mn)icgon,..ny © N satisfy My > Myo > ... > My, let (Z2,Z) be a measurable
space, let Z9: Q — Z,0 € O, be i.i.d. F /% -measurable functions, let (H, (-, ), ||-||2) be
a separable R-Hilbert space, let /" = oy ({{p € LY, H): p(z) € B} C LY, H): z €
V.B e BH)}), let vp: Q = LV, H), k € No, be F /S -measurable functions, let
Q: Y xYxZ =Y, 1eNy, be (B(Y) @B Z)/B(Y)-measurable functions, let
Y9:Q =Y, 0 €0, beiid F/B(Y)-measurable functions, let Y{: Q — Y, 6 € O,
be i.i.d. F /B(Y)-measurable functions, assume that (Y% )sco, (Y¢)oco, (Z%)pco, and
(Vr)ren, are independent, let Y0: Q — Y, 0 € ©, n €N, satisfy for alln € N, § € © that

n—1 Mn,l
v =5 (S e v, 20 | (329
=0

i=1
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and assume for all k € No, n € N that E[||®4 (Y2, Y1, Z°)|ly] < 00 and

masc (B [[[ex( @5 Y Z0) 3] W E[lin(vd — )R]} < €. (330)
E[[ln(@a(Yy,Yoo1: 29)5] < CE[llnn (V) = YDl (3.31)
f|
Then it holds for all N € N that

1/2
(Eflvo(Yy = y)ll3])
k
< C(l + 4C)N/2 {min({min{Mlk,ock, Mlk71ck+1} H Mlj_1,lj+1 .
j=1

¢k (y - T;_iolE[(I)l(}/lO?Yil—lv ZO)})

] < v Bl (Vi = o)l3]. (3.32)

H

(3.33)

— /2
ke NN[0,N —1], (li)icfo,...xy € . :
(1,2, .. N, N=lg>h>. . >l U {mln{MN,oco,MN,1t1}} < 00.

Proof of Proposition 3.9. First of all, note that the assumption that VI € Nj: [H@l( ,
YY1, Z%|y] < oo and (vi) in Proposition 3.8 establish for all I € Np, i € N that

E[H‘I)l (Yl(o,l,i)’}/g(i)i—l,i)7z(0lz )l ] E[[0,(Y2, YLy, 2%l < oo. (3.34)

This, (i) in Proposition 3.8, and (3.29) ensure for all n € N that Y?: Q@ — Y is an
F | B(Y)-measurable function and
3’]

s 5 Bl (0,30, 200 ]

_ Mnl ' -
E[HYSH:)/} H 2 |:2 ®l (Y(O )] }/;(,Oi_lﬂ), Z(O’l’l)):|

=1

IA
M\

N
Il
=)

(3.35)

?
L

[z i nO,Y,%,ZO)Hy]]

N
Il
=)

i
L

E[l0(. 51, 2] < oo

I
T M

In addition, (ii) in Proposition 3.8 yields for all n € N, § € © that

oa(Y))

oo (Y )ocor (V" oco, (207 5co) (3.36)
Q

a ((Yfl)%@, (Yoﬁ)ﬂe@; (Zﬁ)ﬁe®>-

N 1N

Note that this implies that oo ((Y;?)n, DEioU(-1))x6, (Z%)9ee) C oa((Y?))seco, (Y )oco,
(Zg)ge@) This and the assumption that (Y )sco, (Y¢)oco, (Z2%)oco, and (¢y)ren, are
independent demonstrate for every k € Ny that

oo ((Y,)) moyemovi-1pxe, (Z%)sco) and iy (3.37)
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are independent. Corollary 3.5 and (3.35) hence show for all k£ € Ny, n € N that

E[lvn(Y,) — 9)lI3] = E[llve(Y,) — EYDI3] + E[|lveEY] — v)lI3,]- (3.38)

Next observe that (3.29), (3.34), (iv) in Proposition 3.8, (3.37), and Corollary 3.7 (with
n < Z?:_(]l My, ¥ <=y for n € N, k € Ny in the notation of Corollary 3.7) prove for all
k € Ng, n € N that

E[[len(Y,) — E[Y,)13]

2
:E\ (5 ot 3 @ 30, 2009) — B[ (049, . 2000))) ]
L = H

n—lM,

n,l . ) ) ] ‘ ' 2
Z Z Uy, <M+Lz (@, (O 0710 Z010) _ g, (v; O v, %), Z(o,z,@))])> ]
=0 = H

=SSR e (001 K, 2009 [ (10, 550, 2049

n—1 Mn . B
=2 mz[z e (@1 (142, 070, Z0) (3.39)

—E[@, (v, 7, 20 | H

Moreover, the fact that it holds for all £ € Ny, z € ) that Q 5> w — [¢r(w)](x) € H is an
F | B(H)-measurable function (cf. Lemma 3.1) and the fact that it holds for all & € Ny,
w € N that Y 3z +— [y (w)](z) € H is a continuous function demonstrate that

Vx Q3 (z,w) = [Yp(w)](x) e H (3.40)
is a continuous random field. This, (3.37), (vi) in Proposition 3.8, and Hutzenthaler,
Jentzen, & von Wurstemberger [182, Lemma 3.5] (with S < Y, F <+ H, U =V «
(VX3 (2,w) = [e(@)]() € H), X ¢ B0 ¥, Z000) v o 0 (vP, Y1, 2°)
for i € N, [,k € Ny in the notation of [182, Lemma 3.5|) ensure for all k,l € Ny, i € N
that

Q3w [p(w)](0 (Y (), V% (W), 299 (w))) e H and
Q3w e (@] (Bi(Y (), Vi1 (w), Z2°(w))) € H
are identically distributed. This, (3.39), (3.34), (3.37), and Corollary 3.5 (with y < 0,

Y« &, v, Ot ZO0y ey for i€ {1,2,..., My}, L€ {0,1,...,n— 1},
n € N, k € Ny in the notation of Corollary 3.5) imply for all k£ € Ny, n € N that

(3.41)

(Y2 - EYDIE] < ¥ i [ZEMW<(°”Ym”ZWWwﬂ}
zgmﬁgﬁEWWMWm;me]

- (3.42)
- l:zo (Mln !

E[l¢n(@(Y, Ve, Z29)13])

n—1

= Mi,o E[Hi/ik(q)o(yoo,y_lpZO))H%—[] + 2 (Miz

=1

E[||vn(®:(Y,", Y1, ZO)5])-
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Assumptions (3.30)-(3.31), the fact that Va,b € R: (a + ) < 2(a® + b?), (3.40), (3.37),
(v) in Proposition 3.8, [182, Lemma 3.5| (with S < YV, E <+ H, U =V « (Y xQ >
(z,w) = [p(W)](z) € H), X + V' —y, Y < V2 —y for [,k € Ny in the notation of [182,
Lemma 3.5|), and the assumption that Vn € N: M,,; > M, » > ... > M, , hence prove
for all k£ € Ny, n € N that

B[l - EVIDIR) < 55 + | S 5

E [l (V0 — Yf_nniﬂ

:Mc+ E[[lyn1 (Y = 9) + ey - Yf_nn%ﬂ

§M+Z Bl (= )l + (074~ ]|

<[5 2;,,E[rwk+l<n0—y>|rm}+E§ 2§,ZE[|rwk+1<m—y>um} (343
~ s + | e Ellen 07 - 08]) + [£ s Ellenr? - 0]

< 5+ [ s Bl — IR + [ w2 Bllon? - wIg]
o R L —y>||m]-

Furthermore, note that (3.35), (3.29), (3.34), and (vi) in Proposition 3.8 show for all
n € N that

n—1 Mn,l . . .
]E[YT?] - |:Z 1 |: Z ®, (YE(O l,z)7 Yi(_Oi—l,z)’ Z(O,l,z))] :|
— = 1i .y i
— l;] |:Z: (0 ) }/2(—()1 )’ Z(O’l’ )>j|:| (344)
n—1 n n—1
-5 [ Yﬁ,mzm] = S E[n0,Y 2)
This and assumption (3.32) establish for all £ € Ny, n € N that

(e - i) = 5| |u( |'S Bleor. v, 2] o)

< szn E[llvs1(Yoy = 9)II3]-

Combining (3.38) with (3.43) and assumption (3.30) hence proves for all k € Ng, n € N
that

5 n—1
E[lon(¥? - 9] < 75 + [z 2R [ (V; —y>||%]]

H] (3.45)

— o+ S Bl OF - I + | S s Bl -] | G40

c? 202 =y
S n,0Ck + Mn,1C§+1 + |:l=zl Mn,i+1 |:||¢k‘+1( - y)||Hj|:|
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3.1. Generalised MLP approximations

Next we introduce some additional notation. For the remainder of this proof let N € N,
let €, € [0,00], n € {1,2,..., N}, satisty for all n € {1,2,..., N} that

k—1 -1
En = maX({ (Mlk17n+1 H Mlj—l,lj-i-l) E[H%(Yr? - y)”?—(] : (347>
j=1

ke NN[0,N —n], (li)icfon,.k-13 € {n+1, 0 2
QN o W0 L 1o - o)

and let a € [0,00) be given by

k
a = 02(1 + 26) [min({min{Mlhock, Mlk’lckﬂ} H Mlj,hlj-i-l :
= (3.48)

ke NN[0,N —1], (lLi)ieqo.,..ky € -

{1,2,...,N}, N=1Iy > [; S >_lk } U {mln{MN,OC07MN,1C1}}):|

Observe that (3.46)—(3.48) establish for all n € NN [0,N — 1], k € {1,2,.. —n},
(li>7je{0,1 77777 k—1} Q {n + 1, n -+ 2, N} with l() =NandV:ie NN [0, k— ]Z lz 1 > l that

k—1 -1
(Mo TL M a0 ) Bl = )1
]:

k—1 -1
Cc? 2C2%¢
< (Mn,OCk + Mn,lfk+l) <Mlk1’”+1 Hl Mlj—lﬂlj‘*‘l)
]:

n—1 k-1 -1
+ 40; [(Mn,ulMlkl,nH H1 Mljl,lﬁl) E[[¢ps1 (Y, — y)lli}]
-1 j=
) _ k-1 -1
< C*(1 4+ 2¢) max min{ M;, ok, My, 1¢es1 y M, g1 TT Mi,_ 0,1
e €{1,2,0lk 11} =1

n—1 k—1 -1
+ de ezl Ire{f+1, £+2 ..... lg—1—1} [(Mlk’e+1Mlk1’lk+1 ]1;11 Mlj_l,lj—i_l) [Hwk—i_l( - y) ||H]]
k -1
= 02(1 + 20) |: min (min{M;mock, Mlk,lckﬂ} H Mljl,lj+1):| (349)
Lee{1,2, by 1—1} i
n—1 k -1 0 5
+ de 22:1 lpe{l+1, éI-IFlQa:X,lk 1—1} (Mlk7£+1 ]1;11 Mlj_l,lj_i_l) . |:||77/}k+1 (}/é B y) ||H:|

n—1

<a+4cd ey
=1

In addition, (3.46)—(3.48) ensure that

N-—1
en =E[|lvo(Yy — 93] < Jf + Aif + [; M;‘;l E [l (Y) — y)l!%]]
N—-1
< C?(1 + 2¢)(min{ My o¢o, My 1¢1}) " + 4(:{(21 (Myes1) " Ef e (Y — y)y\;}} (3.50)

N-1
<a+4c )] e
=1
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Chapter 3. Generalised multilevel Picard approximations

This, (3.47), and (3.49) show for all n € {1,2,..., N} that

n—1
en < a+4c e (3.51)
=1

The fact that a + ¢ < oo and the discrete Gronwall-type inequality in Agarwal |2, Corol-
lary 4.1.2] hence establish for all n € {1,2,..., N} that

en < a(l+4e)" ! < oo, (3.52)
This and (3.47)—(3.48) imply that

E[l[¢o(Yy —9)l3] = en < a(l + 40V
k
S 02(1 + 4C)N {min({min{Mmgck, Mlk,lckﬂ} H Mlj_17lj+1 :

j=1 (3.53)
EeNN[0,N —1], (li)icto1,..5,3 € ) -1
(1,2 N} N=ly> > 1, f O {mintdveco Myac}} | < oo

The proof of Proposition 3.9 is thus complete. O

Corollary 3.10. Let (2,.%,P) be a probability space, let (),]-|ly) be a separable R-
Banach space, let C,c € (0,00), (¢x)ren, € (0,00), © = U2, Z", M € N, y € ),
let (Z,%) be a measurable space, let Z°: Q — Z, 0 € O, be i.i.d. F /% -measurable
functions, let (H, (-, "Yu, |-|) be a separable R-Hilbert space, let ./ = oy ({{¢ €
LY, H): p(x) e By C LY, H):z €Y, BeBMH)}), let bp: Q— LV, H), k € Ny, be
F /. -measurable functions, let ®;: YxYXZ — YV, 1 € Ny, be (B(Y)RB(V)RZ) /B(YV)-
measurable functions, let Y%, : Q — Y, 0 € O, be i.i.d. F/PB(Y)-measurable functions,
let Y):Q — Y, 0 €0, be ii.d. F/B(Y)-measurable functions, assume that (Y?))gco,
(YD) 9eo, (Z%)co, and (r)ren, are independent, let Y0: Q — Y, 0 € ©, n € N, satisfy
for alln € N, 0 € © that

n—1 Ml
V)= s [Z (V1 v O, 2000y | (3.54)
1=0 i=1
and assume for all k € No, n € N that E[||®, (Y, Y1, Z°)|ly] < o0 and
max{E [ (@o(Y0, Y1, ZDIA] i B[l Y - wIB]} < S, (3.55)
E{ln(@n(Yy), Y1, Z°) ) < B[lrnn (V7 = Yo )R], (3.56)
n—1 2
E ‘ Uk (3/ - ZZ E[®(Y), Y1y, ZO)}) ] < 2¢E [y (Yoy — 9)ll3]- (3.57)
=0 H
Then it holds for all N € N that
E[leo(Y2 — )2 < O[] max /M < o, (3.58)

ke{0,1,...N} V

58



3.1. Generalised MLP approximations

Proof of Corollary 3.10. Throughout this proof let M,,; € N, [ € {0,1,...,n}, n € N,
be the natural numbers which satisfy for all n € N, [ € {0,1,...,n} that 9, ; = M™".
Note that it holds for all n € N that 9M,,; > M,» > ... > IM,,,. The fact that
Vn e N: 9, ,, =1 and Proposition 3.9 hence ensure for all N € N that

(E[[leo(VE - y)II2]) "

k
S O(l + 4C)N/2 {min({min{i)ﬁlk,ock, Smlk,lckﬂ} H mlj_hl]._;_l :
o (3.59)

ke NN[0,N —1], (li)icfo,1,...k53 C ) —Y
{1,2,. . .,N}, N = lg > ll > .0 > lk Y {mln{mN’Oc()’mN’lcl}} :

Next observe that it holds for all N € N, k e NN [0, N — 1], (li)icfon,...y € {1,2,...,N}
with l[o = N and Vi € {1,2, . ,k,’}i l;_1 > [; that

k k
min{ﬂﬁlkyock,ﬂﬁlk’lckﬂ} H mlj717lj+1 = min{Mlka, Mlk_lck-+1} H Mlj*l_lj_l
j=1 j=1 (3.60)

= IIliIl{]\/[l’C Cr, Mlkilck+1}Mloilkik = min{Mkack, MNi(k+1)Ck+1}.

This and (3.59) establish for all N € N that

(E[lwo(vs - wliE) ™
< C(14 4c)"” [min({min{MN_kck, MN=F e} ke NN O, N — 1]}

U {min{MNco, MN_lcl}}>] v

71/2
_ C 1 4 N/2 : : MN—k’ MN—(k’-i—l)
(1+4c) LE{O}H?N_I}mm{ o Cir) (3.61)
,1/2
= C(1+4¢)" in_ (MNTF
R e
N/ —Y
— ('[144c] /2 ; Sk
Cl57] Le{ﬁﬁf?m Mk}
— (O[] N2 ME
N O[ M ] ke{g?ﬁ}.izv} T
The proof of Corollary 3.10 is thus complete. O

3.1.5 Cost analysis

Proposition 3.11. Let M € (0,00), (o1)ien,: (B1)ieng, (11)ieng, (Costn)nenoui-13 € [0, 00)
satisfy for all n € N that

n—1
Cost,, < Z [M"_l(oleostl + B3,Costy_1 + %)}. (3.62)
1=0

Then it holds for alln € N that

1

n—1 n
Cost,, < M" <BOCost_1 + (ao + %)Costg + Z[M‘Wﬂ) (1 + o + %) (3.63)

=0 =1
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Chapter 3. Generalised multilevel Picard approximations

Proof of Proposition 3.11. Observe that it holds for all n € N that

n—1

Cost, < M" Z [M_l(oqustl + BiCosti_1 + )]
1=0

[n—1

= M" <60Cost_1 + Z M~ (oyCosty + )| +
LI{=0

[n—1

BGoCost_1 + Z M~ (oyCosty + )| + %
LI{=0

n—1
M_Z/BlCOStl—ll )

1
n—2

M8 COStl] )
=0

n—1
Vi Z M_lﬁH_lCOStl] )
=0

) (3.64)

1
M~ l a +%)Costl].
=1

[n—1

BoCost_1 + ZM_ZW + ZM a;Cost;
— l:

BoCost_y + | Y _ M~y | + ZM a; + 21 Costy

I A\ I
e Y YR

n—

n—1
=M" <5oCost_1 + (a0 + 57) Costo + Z[M_ZWO M

=0

Theorem 4.1.1 in Agarwal [2| (with a < 1, u(k) < Costy, p(k) — M*(ByCost_1 + (ag +
%)Costo + Z;:()l (M=), q(k) + M*, f(k) + M~*(ay + ’““) for £ € N in the notation
of 2, Theorem 4.1.1]) hence establishes for all n € N that

n—1
Cost,, < M" (5000813—1 + (Oéo + %)COSt() + Z[M_l'yl])

=0
-1

n—1
+ M™ Z [Ml (50(305’5_1 + (o + %)COS’EO + Z[M_l%o M_I(O‘l + ﬁl_]\}l)
I=1

=0

' ﬁ [1+ MM (o + 63}1)}] (3.65)
i=l+1

n—1
= (5000“—1 o+ o S

(1 + Z §

n—1
+5l+1 H <1+ai+%)])‘
This and |2, Problem 1.9.10] show for all n € N that

i=l+1

n—1 n—1
Cost,, < M™ (ﬂoCostl + (ao + %)Costg + Z[M%]) H(l + oy + %) (3.66)

=0 =1

The proof of Proposition 3.11 is thus complete. ]

Lemma 3.12. Let a,b € [0,00). Then it holds for all n € N that
(an +b)b" ' < (a +b)". (3.67)
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3.1. Generalised MLP approximations

Proof of Lemma 3.12. We prove (3.67) by induction on n € N. Note that the base case
n =1 1is clear. For the induction step N>n—1—-ne€{2,3,...} let n € {2,3,...} and
assume that (a(n — 1) +0)b" 2 < (a + b)"~'. This ensures that

(an + 0" ' =ab" ' + (a(n — 1)+ b)b" " < ab" +b(a+b)" !

3.68
<ala+b)" " +bla+b)"" = (a+b)" (3.68)
Induction hence completes the proof of Lemma 3.12. O

Corollary 3.13. Let M € [1,00), 3,0, 8,7 € [0,00), (Costy)nengui—13 < [0,00) satisfy
for all n € N that Cost_; = Costg = 0 and

n—1
Cost, < M"3 + Z [M™ ! (aCost; 4+ BCosti_1 + 73)]. (3.69)
1=0
Then it holds for alln € N that
Cost, < (1+a+ B +7)"M"3. (3.70)

Proof of Corollary 3.13. Note that Proposition 3.11 demonstrates for all n € N that

n—1 n—1
Cost, < M" (3 +%ZM—Z> [[a+a+5)

=0 =1
- (3.71)
< (1 + VZ M") (14 a+ B)" ' M";.
=0

In addition, observe that it holds for all n € N that

—_
—_

n— n—

Mt < 1
l

(3.72)

|
S

l

I
)
I
=)

Furthermore, Lemma 3.12 implies for all n € N that
Q+m)+a+p) ' <(m+ltatB)l+a+p)" " <(I+a+B+y)" (373
This, (3.71), and (3.72) prove for all n € N that
Cost, < (1 +yn)(1+a+B)" *M"3 < (1+a+ B+7)"M"3. (3.74)

The proof of Corollary 3.13 is thus complete. O]

3.1.6 Complexity analysis

Theorem 3.14. Let (), %, P) be a probability space, let (Y, ||-||y) be a separable R-Banach
space, let 37 € [07 00)7 %7[]70 € [1>OO>7 GRS (0700)? (Ck)kENo - (0700)? 0= Uzozl Zn:
(Mj)jen €N, y,9_1,90 € Y satisfy liminf; ,o M; = oo, sup;cy Mi+1/m; < B, and Vn €
N: maxye(o1,.ny Mn)"/e, < 6", let (2, %) be a measurable space, let Z°: Q — Z, 0 € O,
be i.i.d. F /% -measurable functions, let (H, (-, )3, |||l2) be a separable R-Hilbert space,
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Chapter 3. Generalised multilevel Picard approximations

let & = oy ({{y € LV, H): p(z) € B} C LY, H):z € Y, B € BH)}), let
Y Q@ — LV, H), k € Ny, be F /S -measurable functions, assume that (Z%)gco and
(Ur)ken, are independent, let ®;: Y x Y X Z =Y, 1 € Ny, be (B(Y)RLB(V)RZ)/B(Y)-
measurable functions, let Y9 Q=Y 0e€0,jeN, ne (NyU{-1}), satisfy for all

n,j €N, He@thatYlj—lj 1,3/;“—1)0, and
(VG 200 (37

n—1 (M)~
1

=0 1=

let (Costy ;) (n.j)emou{-1})xn € [0,00) satisfy for all n,j € N that Cost_; ; = Costy; = 0
and

Cost,, ; < )5+ Z )"~ (Costy,; + Costy_1,; +73)], (3.76)

and assume for all k € Ny, n,j € N thatIE[HCIDk( VO Y5, Z0]ly] < oo and

max {E [[|¢x(®o(90, 9-1, 2°) 3], In(k) E [l (00 — 9)15]} < &, (3.77)

[“¢k( n]’Yl lyvz ))Hj—[] < C]E[Hzﬁk—i—l(ngj - Ynl—l,j)HiJa (3.78)

E 'wk (y—gE[él(Yl]%ll]’ZO)]) H] < QCEMWH(Yf_u —y)Hi]. (3.79)
Then

(i) it holds for all n € N that

b(1 + 4c)]""
(E[llo(¥,2, —9)lIZ]) " < C[%} < 00, (3.80)
(1) it holds for all n € N that Cost,,, < (3 +7)"(M,)"3, and
(iii) there exists (N:):co1]) © N such that it holds for all ¢ € (0,1], 6 € (0,00) that
1/2
SU,e . vort (B[00 (Y0, —9)I3]) " < & and

[Bb2(3 +(7]\)4(1):— 46)](1%)} n) 20140) o

Costy, n. < 3b¢(3+~)C21H9) (1 + sup [
neN
(3.81)

Proof of Theorem 5.14. Throughout this proof let (N;).c(,1] € N be the family of natural
numbers which satisfies for all € € (0,1] that

1+ 4¢)]"
N, = min{‘ﬁ e N: sup C{u}
ne{MNN+1,...} M,

< 5}. (3.82)

Observe that Corollary 3.10 and the assumption that Vn € N: maxgeqo
establish for all n € N that

/2 "
0o 2 1/2 < 1 -+ 40 (Mn)k < b(]_ + 40)
(E[Hi/fo(Yn,n Yz <C [—Mn ke{%,lﬁ.).i.,n} se-<c L < 0. (3.83)

-----
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3.1. Generalised MLP approximations

This proves (i). In addition, (3.76) and Corollary 3.13 demonstrate for all n € N that
Costyn < (34 7)"(M,)"3. (3.84)

This finishes the proof of (ii). It thus remains to show (iii). Observe that (3.83) and
(3.82) ensure for all € € (0, 1] that

: b(1+4c)]"?
sw @l )< s oM< )
n€{Ne,Ne+1,...} ne{Ne,Nc+1,...} n
Furthermore, note that (3.82) implies for all € € (0, 1] with N, > 2 that
b(1 + 4@} (Ne=Df2
Cl———= > €. 3.86
R (3.56)

This, (3.84), the assumption that sup;cy Mi+1/m; < 9B, and the fact that Vn € N: Mn/e, <
6™ show for all € € (0,1], 0 € (0,00) with N. > 2 that

< (3+7)" (My

—_ €

COStNE,Ns )Naﬁ

< (3+7)" (My

£

)M
My, 1

— ;(2(140) .—2(1+9) (3 +7)Ne(Mp. ) =[b(1 + 4c)|N=—D+9)
! (M, _q)(Ne=D(1+9)
[(3 + )" (Myed)" ' [0(1 + 40)]n<1+6>]

(Ne—1) 2(1+9)
c[b<l+4c>} ) /]

< 502(1+6)6_2(1+5) sup

neN (M) n(1+44)
n n 3.87
< 3(3 + )20+ ~2(140) Sup{ Myi1 (M) [6(3 4 ) (1 + 4c)] (1+5)} (3.87)
B neN ( n)n( )
bn-i—l%n[b(g + (1 +4C)] n(1+9)
< 30q(3 + )02+ —2040) oy { 1
al 7 neII\)I (M)
. BO2(3 + ) (1 + 4e)] 0+ 1"
< 3661 (3 4 ) C2AF)=2149) gy [[
B 3 1( ry> nEI:N) (Mn>6
< 3be (3 4 7)Y <1 + sup {[%52(3 e h 46)](1%)} n) £=2(14)
a neN (Mn)5

Moreover, (3.76), the fact that M1/, < b, and the fact that C' > 1 ensure for all € € (0, 1],
d € (0,00) that

Costy 1 < 3(1+~v)M; < 3b¢1(3 +7)

< 3bey (3 4 4)C20F0 (1 + sup [
neN

[BO2(3 4+ ) (1 + 40)]“*‘”] ") o (3:88)
(Mn)5 g .

Combining this with (3.87) establishes for all € € (0,1}, 6 € (0, 00) that

2(3 1 + 4¢)|@+o0"
Cost. v, < 3ber(3+7)C70H) <1+Slelg {[%b ( +ZA)4( );r - } >€_2(1+6)< - (389)

The proof of Theorem 3.14 is thus complete. O
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Corollary 3.15. Let (2,.%,P) be a probability space, let (,]-|ly) be a separable R-
Banach space, let 3, € [0,00), B,k,C € [1,00), c € (0,00), © =J 2, Z", (M;)jen C N,
Y,0-1,90 € YV satisfy liminf; ..o M; = oo, sup;ey Mit1/m; < B, and sup,ey Mifi < K,
let (Z,2) be a measurable space, let Z°: Q — Z, 0 € O, be i.i.d. F /% -measurable
functions, let (H, (-, "Yu, ||%) be a separable R-Hilbert space, let ./ = oy ({{¢ €
LY, H): p(x) € B} C LYV, H):z € YV, B € BH)}), let vp: Q — LY, H), k € Ny,
be F /. -measurable functions, assume that (Z%)pco and (Yp)ren, are independent, let
Q: Y xYxZ =Y, 1eNy, be (BY)@ABY)@Z)/B(Y)-measurable functions, let
Vi:Q =Y 0e0,jeN, ne (NygU{-1}), satisfy for all n,j € N, 0 € © that
VY =191, Y, =10, and

n—1 MJ)” t
yﬁj — Z (M D, y(ou 191 Jz 2 Z(@,l,z)) ’ (3.90)
=0 =1

let (Costy, ;) n.j)emou{-1})xn € [0,00) satisfy for all n,j € N that Cost_, ; = Costy; = 0
and

Cost,, ; < )5+ Z )" (Costy ; + Costy_y ; + 73)]. (3.91)
and assume for all k € No, n,j € N, u,v € Y that E[||®x(Y,;, Y, ZO)Hy] < 0o and
max{E[[[¢x(Po(vo, 01, Z°)) 3] In(R) E[ll (90 — 9) 3]} < 51 (3.92)

E[[[x(®n(u, v, Z)3] < cE[[[nsr(u—v)ll3], (3.93)

(e (y - Z;) E[(I)Z(YE]aYEll,jaZO)])

] < ZCE[Hl/}kH (Yr?fl,j - y) Hi] (3.94)
H

Then
(i) it holds for alln € N that

1/9 6'i C n/z
€l -0l " < 0| 2] <o, (395)

(1) it holds for allm € N that Cost,,, < (3 +7)"(M,)"3, and
(1) there exists (Ne)ec(oa] € N such that it holds for all ¢ € (0,1], § € (0,00) that
Supne{N57N5+l,..,}(E[“wo(yn )”HD <e¢ and

2K 1 4 (1+5) n
Costy. n. < 3(3+7)e"C* I (1 4+ sup [Be™(3 +7)(1 + 4o)] c20140) o
€y £ nEN (Mn)5
(3.96)

Proof of Corollary 3.15. Throughout this proof let (cx)ren, € (0,00) be the family of
real numbers which satisfies for all £ € Ny that ¢, = k!. Note that the assumption that
SUpjen M;/; < Kk ensures for all n € N that

max (Mn) . max (A{S)k < Z (Mp)* _ eM" < efn — (em)n. (3‘97)

ke{0,1,...,n} ke{01 ..... n} =0
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Next observe that (ii) in Proposition 3.8 implies for all n, j € N, § € © that oo(Y,?;) C
00 ((Z2")g9eco). This demonstrates for all n, j € N that oq(Y,);, Y, ;) € 00((Z2)see,

(Z1)geo). The fact that it holds for every k € Ny that oo ((Z*9)sece, (20 )geo), Z°,
and 1, are independent hence shows for every k € Ny, n,j € N that

oa(Yy,; Y,_1;) and oq(iy, Z2°) (3.98)

’I’L]’

are independent. Furthermore, the fact that it holds for all k£ € Ny, z € ) that 2 5 w +—
[V (w)](x) € H is an F /B(H)-measurable function (cf. Lemma 3.1) and the fact that it
holds for all £k € Ny, w € Q that Y 3 = — [¢x(w)](x) € H is a continuous function yield
that

YVxYx03 (u,v,w)— [he(w)](u—v) eH (3.99)
is a continuous random field. Moreover, note that the fact that (Y, |-||y) is separable
ensures that Z(Y)R%B(Y) = B(YxY). This, (i) in Corollary 3.3, (3.98), [181, Lemma 2.2|
(with G < oq(¥r, Z°), (S,8) + (Y x y,%(y) ® B(Y)), U+ (y XY x Q3 (u,v,w) —
[tk () (P, v, Z°(wW))3, € [0,00)), ¥V = (Y0¥, ;) for j,n € N, k € Ny in the
notation of [181, Lemma 2.2]), (3.93), (3.99), and [181, Lemma 2.3] (with S «+ Y x ),
U< (YxYxQ3 (u,0,w) = [[[e(w)](u—2)|F € 0,00)),Y « (Y, Y, ;) for j,n €N,

k € Ny in the notation of [181, Lemma 2.3]) establish for all k£ € Ny, n,j € N that

E ||y (@ (V2 Vi 2) )

= [ Bl 2] (5 V) Bl (. do)
= [ B 2] (52 V) (B s ) (3.100)
<c [ Blloente—o)I3] (%2 Y0, ) (dus do)

Yxy

= B ||| (V) = Vi) [

Combining (3.97) and (3.100) with Theorem 3.14 shows (i)—(iii). The proof of Corol-
lary 3.15 is thus complete. O

Lemma 3.16. Let k € [1,00), (M;)jen C N satisfy for all j € N that M; < M;4y and
M; < rkj. Then

(1) it holds for all j € N that j < M; < kj,
(11) it holds that liminf; ,., M; = oo, and
(iii) it holds that sup ey Mi+1/m; < 25.

Proof of Lemma 5.16. Note that the assumption that Vj € N: M; < M, and induction
show (i). Next observe that (i) implies (ii). Furthermore, the assumption that Vj €
N: M; < kj and (i) ensure for all j € N that

M; I+ 1
s HUHD R (3.101)
M; J J
The proof of Lemma 3.16 is thus complete. O
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3.2 MLP for semi-linear heat equations

In this section we employ the abstract framework for generalised MLP approximations
developed in Section 3.1 to prove that appropriate MLP approximations, which essentially
are generalised versions of the MLP approximations proposed in Hutzenthaler et al. [181],
are able to overcome the curse of dimensionality in the numerical approximation of semi-
linear heat equations (cf. Theorem 3.33 and Corollary 3.34 in Subsection 3.2.3.2).

In the context of applying the abstract complexity result about generalised MLP ap-
proximations in Corollary 3.15 above to numerical approximations for semi-linear heat
equations, the separable R-Banach space (), ||-||) in Corollary 3.15 is chosen to be a
subspace of the vector space of real-valued at most polynomially growing continuous
functions defined on [0, 7] x R? equipped with a suitable polynomial growth norm, where
T € (0,00), d € N (cf. (3.129)—(3.130) in Subsection 3.2.2.1). In Subsection 3.2.1 we
derive several elementary and well-known properties of these and related function spaces
and their elements. In particular, Subsection 3.2.1.1 deals with completeness and sepa-
rability of such function spaces. Lemma 3.17 recalls that the vector space of real-valued
at most polynomially growing continuous functions defined on a non-empty subset of R?
equipped with an appropriate polynomial growth norm is complete. Thereafter, we state
in Proposition 3.18 the well-known fact that the vector space of real-valued continuous
functions defined on a non-empty compact subset of R? equipped with the uniform norm
is a separable R-Banach space, which follows directly from Lemma 3.17 and, e.g., Con-
way [84, Theorem 6.6 in Chapter V|. Using Proposition 3.18 we deduce the elementary
fact that also the vector space of real-valued continuous functions with compact support
defined on a non-empty closed subset of R? equipped with a suitable polynomial growth
norm is separable (cf. Lemma 3.19). Subsection 3.2.1.1 is concluded by the well-known
result in Proposition 3.20, which establishes a characterisation of the above mentioned
choice for the vector space (), ||-||y) (cf. (3.129)—(3.130) in Subsection 3.2.2.1) and shows
that it is indeed a separable R-Banach space. Subsequently, we provide in Lemmas 3.21
and 3.22 and Corollary 3.23 in Subsection 3.2.1.2 three elementary results about suffi-
cient conditions under which suitable functions and suitable compositions of functions
grow strictly slower than a given polynomial order. These results are used to ensure well-
definedness of certain functions introduced in (3.133) in Subsection 3.2.2.1. Furthermore,
Lemma 3.24 in Subsection 3.2.1.3 offers an elementary polynomial growth estimate for
suitable compositions of functions.

In Subsection 3.2.2 we specify a number of the objects appearing in Corollary 3.15
above for the example of MLP approximations for semi-linear heat equations and verify
that the main assumptions of Corollary 3.15 are fulfilled in this context. In particular, we
first present in Setting 3.1 in Subsection 3.2.2.1 the framework which we refer to through-
out Subsection 3.2.2. In the subsection that follows, Subsection 3.2.2.2, we establish
measurability properties of several of the involved functions (cf. Lemmas 3.25 and 3.26).
Subsequently, Lemma 3.27 in Subsection 3.2.2.3 shows that the MLP approximations in-
troduced in (3.128) in Setting 3.1 fit into the abstract framework for generalised MLP
approximations developed in Section 3.1 (cf. (3.90) in Corollary 3.15). Moreover, Subsec-
tion 3.2.2.4 is devoted to proving certain integrability properties of the MLP approxima-
tions introduced in (3.128) in Setting 3.1 (cf. Lemma 3.28), while in Subsection 3.2.2.5
we verify that the estimates assumed in (3.92)—(3.94) in Corollary 3.15 hold true for the
functions introduced in Setting 3.1 (cf. Lemmas 3.29, 3.30, and 3.31).

66



3.2. MLP for semi-linear heat equations

Finally, in Subsection 3.2.3 we combine the results from Subsection 3.2.2 with Corol-
lary 3.15 to obtain a complexity analysis for MLP approximations for semi-linear heat
equations. In Proposition 3.32 in Subsection 3.2.3.1 this is done for semi-linear heat
equations of fixed space dimension d € N (cf. [181, Theorem 3.8]). Thereafter, Proposi-
tion 3.32 is used to establish Theorem 3.33 in Subsection 3.2.3.2, which reveals that the
MLP approximations in (3.220) overcome the curse of dimensionality in the numerical
approximation of semi-linear heat equations and which essentially is a slight generalisa-
tion of [181, Theorem 1.1]. The last result in this section, Corollary 3.34, is a direct
consequence of Theorem 3.33 and describes the special case of Theorem 3.33 in which
the non-linearity in the semi-linear heat equations is the same for every dimension (cf. (i)
in Corollary 3.34) and in which the constants in the complexity estimate are not given
explicitly (cf. (ii) in Corollary 3.34).

3.2.1 Properties of spaces of at most polynomially growing con-
tinuous functions

3.2.1.1 Completeness and separability

Lemma 3.17. Let d € N, p € [0,00), let A C R? be a non-empty set, let V = {v €
C(A,R): sup,c 4 ["@/max{1jz|7,} < oo}, and let ||-][y: V — [0,00) satisfy for allv € V
that ||vlly = sup,e 4 V@) max{1,jz|2,3. Then it holds that (V, ||-|lv) is an R-Banach space.

Proof of Lemma 3.17. Observe that it holds that (V,||-|y) is a normed R-vector space.
It thus remains to prove that (V,||-|ly) is complete. For this let W C C'(A, R) be the set
given by

W = {w e C(AR): sup,c |w(z)| < oo}, (3.102)
let ||-|lw: W — [0, 00) satisty for all w € W that |w||y = sup,c4 |w(z)|, and let : V —
W and J: W — V satisfy for all v € V, w € W, x € A that [I(v)](z) = *(#)/max{1,]?,}
and [J(w)](z) = w(x) max{1, |[z[5,}. Note that (W, ||-||w) is a normed R-vector space.
Furthermore, Jentzen, Mazzonetto, & Salimova [192, Corollary 2.3| shows that

W, [ lw) (3.103)
is complete. Next observe that it holds for all v € V that

[ |v(2)]

max{1, [|z]|g

11 (v)[lw = sup [[I(v)](z)] = sup 1 = [vllv. (3.104)
zeA zeA d}
In addition, note that it holds for all w € W, x € A that

J(w)](z) w(x) max{l,||z|[F.} s
max{1, [z]%,} ~  max{1,[lz]2,} (). (3.105)

[1(J(w))](x) =

Combining this with (3.104) ensures that I: V — W is a bijective linear isometry and
I7' = J. This and (3.103) establish that (V,||-|ly) = (I*(W), ||I-|ly) is complete and thus
finish the proof of Lemma 3.17. O

Proposition 3.18. Let d € N, let A C R be a non-empty compact set, and let ||||c(ar):
C(A,R) — [0,00) satisfy for all f € C(AR) that ||fllccar) = supyeq|f(x)|. Then it
holds that (C(A,R), ||-|lccar)) is a separable R-Banach space.
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Lemma 3.19. Let d € N, p € [0,00), let A C R? be a non-empty closed set, and let
lI-I: Co(A,R) = [0,00) satisfy for all f € Co(A,R) that || fl| = supyea V@l max(1,jal?,}-
Then it holds that (C.(A,R), ||-||) is a separable normed R-vector space.

Proof of Lemma 3.19. Throughout this proof let y € A, let N = min([||y||ge, 00) NN), let
S, CC(AR), ne {N,N +1,...}, be the sets which satisfy for all n € {N,N +1,...}
that

S, ={f€CAR): {z € A: f(z) # 0} C [-n,n)*}, (3.106)
let [-],.: C(AN[—n,n]t,R) — [0,00),n € {N, N+1,...}, satisfy for alln € {N, N+1,...},
f e C(AN[—n,n]% R) that

[fl.= sup { /() ] (3.107)

z€AN[—n,n]? maX{L ||x||§§d}

andlet I,,: S, — C(AN[—n,n]* R), n € {N,N+1,...}, satisfy for alln € {N, N+1,...},
f € S, that I,(f) = flanj—nne. Note that (3.106) proves for all n € {N,N +1,...},
f €S, that

[Pl = sup [

zEAN[—n,n]?

= sup
z€A

|f ()] ]

max{1, |||z}

[ |/ ()]

max{1, |||z}

] “IA (3108)

This and the fact that it holds for all n € {N, N + 1,...} that (S,, |||l|s,) and (C(AN
[—n,n]?, R), [-].) are normed R-vector spaces ensure for all n € {N, N + 1,...} that

I,: S, = C(AN[-n,n]"R) (3.109)

is a linear isometry. Next observe that it holds for alln € {N,N+1,...}, f € C(AN
[—n,n]¢, R) that

[fl.<  sup |f(x)] < |f(2)|(nVd)"

r€AN[—n,n]? r€AN[—n,n]? [maX{L HxH@%d}

] = [f]n(nVd)". (3.110)

In addition, the assumption that A C R? is a closed set and the fact that y € A ensure
for alln € {N,N+1,...} that AN[—n,n]¢ is a non-empty compact set. Proposition 3.18
and (3.110) hence show for all n € {N, N + 1,...} that (C(AN [-n,n]4,R),[],) is a
separable R-Banach space. This implies for all n € {N, N+1,...} that (1,(S,), [-]nl5.(s.))
is a separable normed R-vector space. Combining this with (3.109) hence establishes for
alln € {N,N +1,...} that

(S M) (3.111)

is a separable normed R-vector space. Furthermore, the assumption that A C R? is a
closed set and (3.106) demonstrate that

C.AR)={f € C(AR): (IneN: o e A: () Zor c An[-nn)")}
={f€C(AR): (3neN: {z € A: f(z) #0} C [-n,n]")}

={f€CAR): (Bne{N,N+1,...}: {z € A: f(z) #0} C [-n,n]")} (3.112)
= J{feCAR): {z e A: f(x) £0} C [-n,n)"} = | ] S..

This and (3.111) establish that (C.(A,R),|||-]|) is a separable normed R-vector space. The
proof of Lemma 3.19 is thus complete. O
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3.2. MLP for semi-linear heat equations

Proposition 3.20. Let d € N, T € (0,00), p € [0,00), let Y = {y € C([0,T] x R%, R):
I SUDy 5., 00 SUD (1 2)€[0.7) xR, 2] g >n ol |z, = 0}, and let ||-||y: Y — [0,00) satisfy
for ally € Y that [lylly = sup o)ejor)xra V6D max(,|z(2,}. Then

(i) it holds that Y = C.([0,T] x Rd,R)y and
(i1) it holds that (Y, ||-||y) is a separable R-Banach space.

Proof of Proposition 3.20. Throughout this proof let 7,, € C(R%,[0,1]), n € N, satisfy for
alln € N, z € R? that

1 Czl|re < 0
T (z) = max{min{n+1—||z||ge, 1},0} = {n+1— ||2||ge :n < [|z|ge <n+1, (3.113)
0 cn+1 < ||z||ga

let y € Y, and let y, € C([0,T] x R4, R), n € N, satisfy for alln € N, ¢t € [0,T], z € R?
that y,(t,2) = 7,,(z) y(t, 2). Note that it holds that (y,)nen C Ce([0,T] x RY, R) C Y and

|y<t7 (E) — Tn(LC) y<t7 x)|:|
max {1, ||z[/5.}

(1 = 7 (2))ly (¢, )|
| |

2] ga

t
< limsup sup L’pxﬂ
N3on—oo (t,2)€[0,T|xRY, [|z||ga>n ”xHRd

limsup ||y — ynlly = limsup  sup [

N3n—oo Non—oo (t,x)€[0,T]xR4

= lim sup sup
Non—oo (t,2)€[0,T|xRY, ||z ga>n

(3.114)

= 0.

This proves that Y C C.([0,T] x Rd,R)y. In addition, observe that the fact that Y D
C.([0,T] x R4 R) ensures that Y D C.([0, 7] x R4 R)”. This finishes the proof of (i). It

thus remains to show (ii). For this let V C C([0,T] x R% R) be the set given by

V= {v € C([0,T) x RY,R): Supy e [w] < oo}, (3.115)

max{1,[2]7,}

let |||lv: V — [0, 00) satisfy for all v € V that

loly = sup { loit, 2) ] (3.116)

(t,z)€[0,T] xR max{l, HxHi’gd}

let v.e V, and let (v,)neny €Y C V be a sequence which satisfies im supys,_yo0 ||V — Unllv
= 0. Note that this implies that

- vit,)
sup sup >
Non—oo (t,2)€[0,T]xRY, [|2||pg>n HxHRd

v(t,2) — oL, 2)|

< lim sup lim sup sup m
N3m—00 N3n—00 (£.a)€[0.T] xR, ] za>n 2]/ (3.117)
. . [vm (t, 7)) .
+ lim sup lim sup sup ——

p
Nom—oo Nan—oo (t,2)€[0,T]xRY, ||z pa>n HxHRd

t — t
S limsup sup |V( 7x) Um(pa££)| :]_imsup”v_vm”v :O
Nom—o0 (t,2)€[0,T]xR4 max{l, ||m”Rd} No>m—o0

69



Chapter 3. Generalised multilevel Picard approximations

This establishes that v € ). Therefore, it holds that )V C V is a closed set. The fact that
(W, |I-|lv) is an R-Banach space (cf. Lemma 3.17) hence demonstrates that (), ||-||y) =
(Y, Illv]y) is an R-Banach space. Moreover, note that the fact that (C.([0, T] x R¢, R),
|ly|ce(fo,r1xre,R)) s @ separable normed R-vector space (cf. Lemma 3.19) and (i) assure
that

1) = (CO T RERY |-y | s (3.118)
is separable. This establishes (ii). The proof of Proposition 3.20 is thus complete. O]

3.2.1.2 Sufficient conditions for strictly slower growth

Lemma 3.21. Letd € N, T € (0,00), p € [0,00), ¢ € (p,00) and lety € C([0, T] x R, R)
Satisfy sup; yeo r)xre V) max{,2|? 3 < 0o. Then

t
lim sup sup y(t, z)] = 0. (3.119)

q
N3n—00 (t,2)€[0,T]xRY, [|z||a>n |2 HRd

Proof of Lemma 3.21. Throughout this proof let C' € [0,00) be the real number which
satisfies C' = Sup, ,co,1]xre 19(t:2)l/max{1,|z|7,,}. Observe that it holds that

. ly(t, z)|
im sup sup 7
Non—oo (t,2)€[0,T|XRY, |||l ga>n ||x||Rd

i { ly(t, )| max{l, [|lz||g.}
= lim sup sup m 7
Non—o00 (t,2)€[0,T]xR, ||z]|ga>n max{1, HfEHRd} Hﬂ?HRd
» (3.120)
. max{1, ||z|[.}
< C' limsup sup 7
Non—oo zeRY, ||z pa>n Hx”Rd
1
= C' limsup sup = C' limsup =
N3n—oo zeRY, ||z pa>n ||$H Nan—oo NI7P
The proof of Lemma 3.21 is thus complete. n

Lemma 3.22. Let d € N, T,q € (0,00), let ¥ = {y € C([0,T] x R%, R): limSupys,,_00
SUD (1 2)€[0.7]x R, |J2] g >n o)/ |22, = O}, let 0 = (01, 02) € C([0,T] x R, [0, T] x RY) satisfy
SUD (1 e fo.1]xre 19200 lnd fmax{1,|l2l|za} < 00, and let y € Y. Then it holds that yo o € Y.
Proof of Lemma 3.22. Throughout this proof let ¢ € (0,00) and let L,9, N € N sat-
isfy sup; ,yeqo.1)xre 12202 ka /max{1,|ollza} < Ly SUD(; )efo,7] xR, gzt ¥ |/H33||q < 74> and
g/ SUD (1 ) [0,7] xR, [ g <t |Y/(E; z)|1 < N. Observe that it holds for all ¢ € [0,T], z € R?
with ||z||ge > N and ||oa(t, z)||ge < N that

ly(o(t, 2))| = ly(oi(t, x), 02(t, x))| < sup ly(s,x)| < eN? < ellz]|2,. (3.121)
(5,%)€[0,T]xRE, ||X||pa <N

In addition, note that it holds for all ¢t € [0, T], x € R¢ with ||z||g« > 1 and ||0a(t, 7)||ge >
N that

s )N, )]

ly(o(t, z))| < sup 7
(s )07 xR, ga = |[X R (3.122)
g
< g Lfmax{l, ezt = el
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This and (3.121) establish for all n € {N, N +1,...} that

t t
(t,)€[0,T]XRY, |||l pa >n ||5E||Rd (t,2)€[0,T]XRY, [|z]| ga >N H$||Rd
The fact that yo o € C([0,T] x R4, R) thus completes the proof of Lemma 3.22. ]

Corollary 3.23. Let d € N, T € (0,00), L,p € [0,00), ¢ € (p,0), let Y = {y €
C([O,T] X Rd7R): limsupNan_)oo Sup(t,l’)e[QT}XRd,||CCHRdZn |y(t’x)|/HfE||]?§d = 0}) and let o =
(01,02) € C([0,T],[0,T] xRY), f e C([0,T] x REx R, R), y € Y satisfy for all t € [0,T],
e R v,weR that|f(t,x,0)| < Lmax{1,||z|5,} and |f(t,z,v)— f(t,z,w)| < Llv—w]|.
Then

(i) it holds that ([0,T] x R? > (t,x) — y(o1(t),z + 02(t)) €ER) € Y and
(ii) it holds that ([0,T] x R > (t,x) — f(o1(t),x + 02(t),y(t,x)) ER) € V.
Proof of Corollary 3.23. Note that it holds that

[E4IFS [[02(4) |
max{l, [[z[lga} = max{l,||lz|p}

{I|x+@2<t)l|w1 {
su < sup
(t,z)€[0,T] xR max{1, ||z||ga} (t,z)€[0,T] xR

< 1+ sup [|oa(t)[|pe < 00
te[0,7

(3.124)

Lemma 3.22 (with d <~ d, T < T, q + ¢, Y < Y, 0 + ([0,T] x R? > (t,z)
(01(t), x + 02(t)) € [0,T] x RY), y + y in the notation of Lemma 3.22) hence shows that
([0,T) x R? 5 (t,x) = y(o1(t),z + 02(t)) € R) € Y. This proves (i). Next observe that
Lemma 3.21 (withd <~ d, T + T, p <+ p,q + q,y < ([0,T]xR? > (t,2) — f(t,2,0) € R)
in the notation of Lemma 3.21) ensures that ([0,7] x R? 5 (¢,x) — f(¢t,7,0) € R) € ).
Combining this with (i) implies that ([0, 7] xR > (t,2) — f(01(t),z+02(t),0) € R) € V.
Therefore, we obtain that

i {!f(gl(t),:wrQz(t),y(t,:v))l}
im sup sup 7
N3n—oo (t,2)€[0,T]xRY, ||z[|pa>n ||$||Rd
t t),0

< lim sup sup [|f(@1( )’x—:QQ( ) )q (3.125)

Non—oo (t,2)€[0,T|xRY, ||z||ga>n ”xHRd

t t),y(t,z)) — t), t),0
fimop o [0k o0t - Sloe + 000
Non—oo (t,2)€[0,T|xRY, ||z ga>n ||xH]Rd
ly(t, )]

< L limsup sup = 0.

q
N3on—oo (t,2)€[0,T|xRY, ||z||ga>n HxHRd

This and the fact that ([0,7] x R? > (t,z) — f(01(t), z + 02(t),y(t,x)) € R) € C([0,T] x
R? R) establish (ii). The proof of Corollary 3.23 is thus complete. O

3.2.1.3 Growth estimate for compositions

Lemma 3.24. Letd € N, T € (0,00), p € [0,00), L € [1,00), let [-]: C([0,T] x R, R) —
[0, 00] satisfy for all v € C([0,T] x R%,R) that [v] = sup, uycjorxre "6 max(1,)2112,3, let
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0= (01,02) € C([0, T]xR% [0, T] x RY) satisfy for allt € [0,T], x € R? that || 02(t, 7)||ge <
Lmax{1,|z||ga}, and let v € C([0,T] x RE,R). Then it holds that voo € C([0,T] x RY, R)
and v o o] < LP[v].

Proof of Lemma 5.24. Observe that it holds that v o ¢ € C([0,T] x R% R). In addition,
note that it holds that

1 t,z)|”
ool =  sup { |v(9(t,x))p| } <Pl swp {max{ Jloa( ,g;)HRd}

(tr)elo,r)xra [ Max{L, [|z]|ga} (tyelorixra | max{l, [|z[|5.}

{1, L max{1, ol }} (8.126)
max4 1, LP max{1,
< [v] sup[ x x : Tlige } = LP[u].
zeR4 max{l, “'TH]Rd}

The proof of Lemma 3.24 is thus complete. ]

3.2.2 Verification of the assumed properties
3.2.2.1 Setting

Setting 3.1. Letd € N, ¢ € R*, T € (0,00), L,p € [0,00), q € (p,0), © = >, Z",
(M;)jen C N, let (Q,.Z,P) be a probability space, let U: Q — [0,1] and U?: Q — [0, 1],
0 € O, be on [0, 1] uniformly distributed random variables, let W: [0,T] x Q — R? and
W0, T|xQ — R?, 6 € O, be standard Brownian motions with continuous sample paths,
assume that (U, W), 6 € ©, are independent, assume that U, W, (U%)gco, and (W?)see
are independent, let f € C([0,T] x R x R, R), g € C(R%, R), y € C([0,T] x RY, R) satisfy
for all t € [0,T], x € RY, v,w € R that max{|f(t,z,0),|g(x)]} < Lmax{l,|z|}.},
|f(t,z,v) = f(tz,w)] < Llv —w|, sups xyepo,r)xre VX max{1,)x|?,} < 0o, and

S7x)

y(t,z) =E [g(:c +Wr_y) + /t f(s,2+ Wy y(s,z + W,_y)) ds] : (3.127)

let YT‘Z]-: 0,T]xRIxQ =R, 0€0,jeN, nec (NgU{-1}), satisfy for all n,j € N,
0e0,tel0,T], xR that Y? ;(t,x) =Y, (t,x) =0 and

(M;)" 00 n—1 (M)t
0 o 1 0,0,i
YnJ(T—t,x) - (Mj)n [Z g(l’-i-Wt ) +Z(th)n—l [
=1 =0 =1
[f <T —t 4+ U(9’17i)t, T+ W((ﬁg:iz)t’ }/EEJQJJ') (T —t+ U(G,Li)t’ T + W[(je(z;,’i)i)t)> (3128)

— In(l) f(T —t+ UM o+ WD YOI (T —t + Ut 5+ W(gﬁj;f,l)t))}] ,

let Y C C([0,T] x R4 R) be the set given by

t
Y=1<veC(0,T] x R R): limsup sup M =0, (3.129)
Non—o0 (,2)€[0,T]xRY, [|2||ga>n HxHRd
let |||ly: Y — [0,00) satisfy for all v € Y that
|v(t, =)
lvlly = sup { , 3.130
o ma(L, 2L} 10
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3.2. MLP for semi-linear heat equations

let Z = 1[0,1] x C([0,T],R?), let dz: Z x Z — [0,00) satisfy for all 3 = (u,w),3 =
(41,20) € Z that

dz(3,3) = [u— | + [[w = Wlcgorre = [u = U + sup [[w(t) = W(t)|[pe,  (3.131)

te[0,7

let Z°: Q — Z, 0 € O, satisfy for all € O that Z° = (U, W), let p: Q — Y*, k € N,
satisfy for all k € Ng, w € Q, v € Y that

v(0,§) k=0

[wk(w)](v> = { (U(w))k—1

(=11 v(U(W)T, € + Wygr(w)) :keN’ (3.132)

and let ®;: Y x Y x Z — Y, | € Ny, satisfy for all | € Ng, v,w € Y, 3 = (u,t0) € Z,
t€[0,T], z € RY that
[©i(v, w,3)|(T' — t, x)
gz +1,) +tf(T —t+ut, x4+ g, v(T —t+ut,z +10y)) :1=0
= t[f(T —t+ut,z+wy, vl —t+ut,z + 1y))
— (T —t+ut, x4+ wy, w(T —t 4 ut,z + 10,))]

(3.133)
:leN

(cf. Lemma 3.21 and Corollary 3.23).

3.2.2.2 Measurability

Lemma 3.25. Assume Setting 3.1 and let .7 = oy ({{p € Y*: p(v) € B} CY*:v €
Y, B e ,%’(R)}) Then it holds for all k € Ny that ¥y: Q — V* is an F /.S -measurable
function.

Proof of Lemma 3.25. Note that it holds for all k € Ny, v € Y that 2 5 w — [g(w)](v) €
R is an .# /#(R)-measurable function. Lemma 3.1 (with £ < Y, (F, #) «+ (R, #A(R)),
(G, 9) « (U, 7), S < V*, .« ., ¢ < iy for k € Ny in the notation of Lemma 3.1)
hence proves for all k£ € Ny that ¢: Q — Y* is an .F /.¥-measurable function. The proof
of Lemma 3.25 is thus complete. O

Lemma 3.26. Assume Setting 5.1. Then
(i) it holds for all l € Ny that ®;: Y x Y x Z — Y is a continuous function and

(i) it holds for alll € Ny that ®;: Y X Y x Z = YV is a (B(Y) R B()® Z)/B(Y)-

measurable function.

Proof of Lemma 3.26. Throughout this proof let ¢;: Z — C([0,T],R%), @9, 3, F: Y X
Z=YV 00 Y2V, U U: YXZ5YXZ g€, G: Z— )Y satisty for all v,w € Y,
3=(u,w) e Z tel0,T], z € R that

[p1(3)](t) = rou, Ui(v,3) = (,u,01(3)),  (3.134)
[p2(v,3)](t, 2) = o(T' — t +ut, x + v0,), Us(v,3) = (p2(v,3),3),  (3.135)
[p3(v,3)](t, ) = tf (T — t +ut,z + wy,v(t,z)), g(t,x) = g(z), (3.136)

[ea()](t, 2) = (T —t, ), G(3) = palpa(g,3)),  (3.137)
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and F' = @40 p3 0 Wy 0o Uy (cf. Corollary 3.23). Note that it holds for all v € Y,
3= (w,mw) e Z te[0,T], » € R that

[GENT —t,2) = [palea(,3)[(T — 1, 2) = [@2(9,3)](t, )

=g(T —t+ut,z + ;) = g(z + 1o;) (3-138)
and
[F(v,3)|(T —t,z) = [g04((g030\1120‘11 ))] —t,x)

= [(p3 0 Wy 0 Wy)(v, )]( ,T) = [(ws o Wy)(v,u,¢1(3))] (L, x)

= [@3(p2(v,u,01(3)), 1, 01(3)) | (t, =
—tF (Tt utz + [ (B)(0), wv w1 (5))] () (3:139)
=tf(T —t+ut,x + [p1(3)](t), v(T — t +ut,z + [¢1(3)](1)))
=tf(T —t+ut,x + 1wy, (T —t + ut,z + toy)).

Combining (3.138)—(3.139) with (3.133) ensures for all [ € N, v,w € ), 3 € Z that
Do(v,w,3) = G(3) + F(v,3) and  P(v,w,3) = F(v,3) — F(w,3). (3.140)

In the following we establish that G: Z — Y and F': Y x Z — ) are continuous functions.

First, we show that ¢;: Z — C([0,T],R%) is a continuous function. Throughout this
paragraph let € € (0,00), 3 = (U,20) € Z and let A,6 € (0,00) be real numbers which
satisfy sup; seio79, 1s—tj<a llWs — Willge < 5 and 6 = mm{ = } Observe that it holds for
all 3= (u,10) € Z with dz(3,3) = Ju — Ll| + [[vo — W[ o, 71,re) < 6 that

l¢1(3) — ©1(3)llcorrey = sup |0y — Wi||ra
t€[0,T]

< [ sup ||1oy; — wutHRd] + [ sup ||y — QﬂutHRd]

te[0,T] te[0,T]
< [ sup [Jro; — thRd} + { sup |20, — QﬁtHRd} (3.141)
t€[0,T] s,t€[0,T), |s—t|<T§

< [ro — W0z + { sip 20 muRd}

5,t€[0,T], |s—t|<A
<i+5<s5+5=¢
It thus holds that ¢;: Z — C([0,T],R?) is a continuous function. Note that this ensures
that W;: Y x Z — Y X Z is a continuous function.
Second, we claim that py: Y x Z — ) is a continuous function. Throughout this
paragraph let ¢ € (0,00), ve Y, 3= (U W) € Zandlet N € N, R, A,j € (0,00) be real
numbers which satisfy

v(t, z)| €
sSup < , (3.142)
(t,2)€[0,T) xR, ||| ya >N Hng{d 1246 HQ‘UHC’([O,T],Rd)
R=1+ HQBHC([O,T},Rd)v sSup ’V(S,X) - V(t,l‘)’ < %7 (3143)

(5,%),(t,2)€[0,T]x{weR*: ||w||za <N+2R},
[s—t|+||x—2||pa <A
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3.2. MLP for semi-linear heat equations

and

A €
)= min{l, ) } (3.144)
max{1,T}" 3 (2 + ||W||c(o,m,re))?

Note that it holds for all w € C([0,T],R?), t € [0,T], x € R? with |[w — 20|/ c o re) < 1
that
2 + 1 flge < [[z]lge + [[w0ellra < (1+ [[t0lloo.r1re)) max{L, ||#]|za}
< (L + o — 2| oz + 12l oo.1,mey) max{L, [[#]|ra} (3.145)
< (24 1200l c(o.1y.re) ) max{1, ||]|ga}-
This and Lemma 3.24 (with d < d, T < T, p < q, L + 2 + [|W|lcorre), 0
([0,T) x RY 5 (t,z) — (T —t +ut,xz + w,) € [0,T] x RY), v « v — v for (u,w) € Z,
v € Y with [[to — 2W|¢(jo,r1,rey < 1 in the notation of Lemma 3.24) imply for all v € ),
(u,m) € Z with Hm — QBHC([O,T],Rd) S 1 that
S (T —t+ut,z+w,) —v(I' =t +ut,x+ 1)
up
(t,z)€[0,T]xRd max{1, ||z|/f.} (3.146)
< 2+ 1Wlleqomrs) v = vily-

In addition, observe that it holds for all o € C([0,T],R%), t € [0,T], = € R? with
||m — QBHC([O’T}’Rd) S 1 and H$|’Rd Z N+ R that

I+ wellgs > 2l — oellzs > N + 1+ 120 commn — I0lloqomas > N (3.147)

This, (3.145), and (3.142) establish for all v € Y, (u,t0) € Z with |[r0 — || c(o,rre) < 1
that

V(T —t+ut,z + mt)q
12|
| + 104 |V(T—t+ut,x+mt)|}
max{1, |[z([g.} |2+ v, 5
o+ o vy )

< | Ein
(t,z)€[0,T] xRe maX{17Hx”](11§d} (t,2)€[0,T]XRY, [|z]| g >N HZEH]?W

€
< (24|20 d =
(1 le029) T3 G By

sup {
(t,2)€[0,TIxRE, |||l pa > N+R

= sup [
(t,x)E[O,T]XRd,Hx||Rd2N+R (3148)

[«N[0)]

Furthermore, note that it holds for all 3 = (u,w) € Z, ¢t € [0,T], z € R? with dz(3,3) =
‘u — 5.1] -+ Hm - mHC([O’T]’Rd) S 0 and HZEHRd S N + R that

|2 + 10y |re < [|7||ga + [[W0¢|lre < N + R+ [[v0]|cgo,m,re)
<N+ R+ || — W[,y + 120 ¢ (0,71 72 (3.149)
S N + R + 1 + ||QU||C([O,T]7R,1) — N + 2R

and

(3.150)
S \u - Ll|T + ||t'0 - QBHC([O,T},Rd) S max{l, T}6
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Combining (3.149)—(3.150) with (3.146), (3.148), (3.144), and (3.143) ensures for allv € ),
3= (u,w) € Z with ||v — v||y +dz(3,3) <6 that

le2(v,3) = @2(v, 3)lly

. |:‘U(T—t+ut,$+mt)—V(T—t—l—ﬂt,m—i—mtﬂ]
(t,)€[0,T] xRd max{1, ||x||?Rd}
< { sup |o(T — t + ut, z + w,) —v({—t+ut,x+mt)|]
(t,x)€[0,T]x R4 max{l, ||x||Rd}
V(T —t+ut,z +w,;) —v(T —t+ U,z + 25,)|
+ sup q
(t,2)€[0,T]xRY, ||z|| ga <N+R max{1, ||$||Rd}
T —t+ut ;) —v(T —t+ Ut 20
—l—{ sup lv( + ut, x + ;) V(q + Ut x + t)|] (3.151)
(t,2)€[0,T]xRY, ||z||ga>N+R max{1, HxﬂRd}
< 2+ 1Vl cqomirs) llv = vy + sup [v(s,x) — v(t, z)|

(8,%),(t,2)€[0,T] x {weR?: |Jw||,a <N+2R},
[s—t][+||x—2|| pg <max{1,T}§

V(T —t+ut,z+ro,)| |v(T —t+ Ut, z +20,)|
+ sup q + a
(t,2)€[0,T]xR, |[z]| a>N+R Hl’HRd Hl'HRd
< (2+ Wl oo re) 0 + £ + sup [v(s,x) —v(t,z)|

(8,%),(t,2) €[0,T] x {weR?: |Jw||,a <N+2R},
ls—t]+[|x—z|lga <A

<:f+it+i==e

This proves that ps: Y x Z — ) is a continuous function. Observe that this implies that
Uy: Y x Z — Y x Z is a continuous function.

Third, we establish that p3: Y x Z — Y is a continuous function. Throughout this
paragraph let ¢ € (0,00), ve Y, 3= (W) e Zandlet N € N, R,/ A § € (0,00) be real
numbers which satisfy N > (6LT(2 + ||20]|¢(jo.71re))Pe 1) and

L|v(t T—t4 U W, v(t
Sup |: ’V( 7x)|+|f( +q 7$+ t;V( 7«r))’:| S GLT; (3152)
(£2)€[0.TIXR, |ll|ga =N 2|

R= 1+||w||0([0,T],Rd)7 sup ‘f(‘S?X’ U)_f(ta Z, U)‘ < %7 (3153)

(5,%),(t,2)€[0,T]x{weR?: ||w|a<N+R},

ER, [0 <[|v][y NY, |s—t|+[lx—||ga <A
and

A €
0 = min< 1 3.154
mln{ "max{1,T}’ 3maX{1,LT}} ( )

(cf. (ii) in Corollary 3.23). Note that it holds for all v € Y, 3 = (u,t0) € Z that

l3(v,3) = @3(v, 3)ly
[t|f(T —t4ut,z + o, v(t,x)) — (T —t+ Ut,x + Qﬂt,v(t,:v))q
max{1, [|z||z.}

= sup
(t,)€[0,T]xR4
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3.2. MLP for semi-linear heat equations

|f(T —t+ut,z+rw,,v(t,z)) — f(T —t+ut,x + o, v(t,x))|

<T sup (3.155)
(t,2)€[0,T] x R4 max{1, HxH](]]gd}
+T sup _|f(T—t+ut,:zc—|—mt,v(t,x))—f(T—t+ilt,x+QBt,v(t,x))!_
(ta)el0.T] xR, | max{1, |[z([5.}
l2llga <N
T sup (T —t+ut,x+w,,v(t,z)) — f(T —t + Utz + 2, v(t,z))|
(t,x)€[0,T]xR%, L 12| e
Hz”RdZN

Next observe that it holds for all 3 = (u,w) € Z, t € [0,T], z € R? with dz(3,3)

IA I

lu— U + [0 — W|co,rrey < 0 and [[z]|ge < N that ||z + 1wy|ge < N + R, |v(t, )]
[vlly max{1, [|#[[g.} < [IV]yN?, and
T —t+ut — (T —t+Ut)| + ||z + w, — (v + W) ||ge < max{1,T}d. (3.156)
This and (3.153) show for all 3 = (u,t0) € Z with dz(3,3) < § that
sup If(T —t+ut,x +wy,v(t,z)) — f(T —t+ Ut, x + Wy, v(t, x))|
(t0)€0,T] xR, max{1, ||z[|%.}
lzllga<N
< sup |f(T —t+ut,x+ro,v(t,z)) — f(T —t+ Utz + Wy, v(t,x))|
(t,2)€[0,TIxR?, [lx]lga <N
< sup |f<87X7 U) o f(ta Z, U)' (3157>

(5%),(t,2)€[0,T] x {weR?: [Jw|lga <N+R},
vER, |0|<[|v|ly N9, [s—t|+]|x—z||pa <max{1,T}d

< sup Fs.%,0) = f(t,2,0)] < &
(,%),(t,2)€[0, T x{weR?: ||lw||,a <N+R},
VER, [o|<[|v]]y N, [s—t|+|x—z| ga <A

Furthermore, (3.152) and (3.145) ensure for all (u,t0) € Z with |[to — W0 rey < 1
that

sup {|f(T—t+ut,x+mt,v(t,x)) — f(T—t—i—ilt,m—i—Qﬁt,v(t,x))q
(t,x)€[0,T) xR, ||x||]l11gd
Izl ga >N
< sup [[f(T—t—i—ut,x—l—mt,v(t,x))—f(T—t—i—ut,a:—l—mt,O)\
 (La)EDTIXRY, 2l >N 12| o

@ —trutz+w,0) - f(T—t+ilt,w+Qﬁt,v(t,x))|]
12|
[ sup Llv(t,z)| + |f(T—t+ﬂt,x+QHt,v(t,x))|}
(1,2) E[0,T1 X B, 2|y > N 12|
+{ . |f(T—t~|—ut,a:~|—mt,0)|}
(t,2)€[0,T] xR, ||z]|pq >N ||9U||?Rd

max{1, ||z + %
ot oy meslileomig)
(t,2)€[0,T|xRY, |[z]|ga>N HxHRd

< (3.158)
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1
<57 T L2+ 1Wlleqorrs)” sup =
veR?, loflya >N (|| g

1
€ p e e __ ¢
i + L2+ I Wlleqne) §m < o + o5 = 7

Combining (3.155) with (3.157), (3.158), and (3.154) establishes for allv € Y, 3 = (u,w) €
Z with ||jv — v||y +dz(3,3) < 6 that

les(v.3) —@s(v.3)lly < LTllo —vlly + ¥ <ITS+ X <5+ E=c  (3.150)

From this it follows that ¢3: Y x Z — ) is a continuous function.

As a next step observe that the fact that ¢, Uy, Uy, and @3 are continuous functions,
the fact that Z 3 3 — (g,3) € Y x Z is a continuous function, and the fact that ¢4: Y — Y
is a linear isometry demonstrate that G: Z — ) and F: Y x Z — ) are continuous
functions. Combining this with (3.140) proves (i). Finally, the fact that (), |-|y) is a
separable R-Banach space (cf. (ii) in Proposition 3.20), the fact that (Z,dz) is a separable
metric space, and (i) establish (ii). The proof of Lemma 3.26 is thus complete. O

3.2.2.3 Recursive formulation

Lemma 3.27. Assume Setting 5.1. Then
(i) it holds for alln € (NoU{—1}), j €N, 0 € © that Y, () C Y,
(i) it holds for alln,j € N, § € © that Y’ ; =Y, = 0 and

n—1 MJ)n !
Z @l (0 ! l l(91 ]l ’L)’ Z(O»lvi)) , (3160)
1=0 =1

and

(iii) it holds for alln € (NoU{-1}), j €N, 0 € © that Q 3 w — Y, (w) € Y is an
F /B(Y)-measurable function.

Proof of Lemma 3.27. We show (i)—(ii) by induction on n € N. For the base case n = 1
note that the fact that Vj € N, § € O: Y_GLJ. = YOHJ- = 0 implies for all j € N, # € O that

YO LY eV (3.161)

Next observe that (3.128) and (3.133) ensure for all j € N, § € O, t € [0,T], z € R? that

M;
0,0,3
Y&(T—t,x) = M% [Zg(m+ Wt( ))]
=1
+ 1 Zf(T—tJrU“’tx+W€90012)t,Y0(§’0’i)(T t+U"°ltx+W0<00(,ﬂ)t)>]
J
901 0,0,i i
= M%[ Dl ),Z(e’o’))](T—t,x)]. (3.162)
=1
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This and (3.161) prove (i)—(ii) in the base case n = 1. For the induction step N> n—1 —
neq{2,3,...}let n € {2,3,...} and assume for all l € {—1,0,1,....,n—1}, j €N, €O
that ¥;%(€2) € Y. Equations (3.128) and (3.133) hence demonstrate for all j € N, § € ©,

t €[0,T], » € R? that
n—1 (M)~
t
+ (M)t [

=0 =1

(M;)"
902
YO (T —t,2) = i [Z g(z+w

=1

[f(T_t+U€lzt x_._Wg(ellZz)t;Y(e’l’i)(T t_|_U(6’lzt x‘i‘We(glzZ)l)t))

lL,j

U(G l3)¢

— () f (T = t+ U a - WD VO (T =+ Uz WD) ))}]

=1
(M)
[Z ( —t+ UOO g WD YOO T — 4 U0 g W) ))]

(3.163)

lL,j

[f (T — o U WD, YT — b+ U 2 Wi, )

_f< —t+ U g WDy (T - t+U(9“)tx+W9<ZfUt)>}]

(M;)™

6,0,1 6,01 7
[Z B33 Y450, 2009 (T 1,
=1

+

n—1 (M;)— !
0,1, 0,—1,i i
(M;)n—l[ (0,150,200 1)

=1 =1
1

n—1 )n
=Dt [ ER ZG“)MT—W]-

=0 =1

Induction hence establishes (i)—(ii).
Furthermore, combining (i)-(ii) with (ii) in Lemma 3.26 and (i) in Proposition 3.8
shows (iii). The proof of Lemma 3.27 is thus complete. O

3.2.2.4 Integrability

Lemma 3.28. Assume Setting 3.1. Then it holds for alll € Ny, j € N, r € [0,00) that
E[[|0 (¥ ¥ita0 Z) |5+ V20,15 ] < o (3.164)
(cf. (i11) in Lemma 3.27).
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Proof of Lemma 3.28. First of all, note that it holds for all (u,w) € Z,t € [0,7], x € R?
that

o+ s < el + Il < (14 sup oo ) mac(n foll). 169

s€l0
This and Lemma 3.24 (with d <= d, T <= T, p <= p, L < 1 + supycoy[|[t0¢]|pa, 0 <
([0, T] x R > (t,z) = (t,z + 1) € [0,T] x RY), v < ([0,T] x R? > (t,z) — g(x) € R)
for v € C([0,T],R?) in the notation of Lemma 3.24) show for all to € C([0, T}, R?) that

[ |g(x + ro,)| }<(m) { Ig(x+mt)|}}

max{1, ||z[|5.} max{1, ||z[[;

sup
(t,z)€[0,T] xRd

sup
€[0,T]xR4

p p
< (1+ sup ||mt||Rd) sup [ 9(2) } L(1+ sup ||thRd).
t€[0,7] (t,@)€[0,T] xRd max{1, ||z} d} te[0,T]

Similarly, (3.165) and Lemma 3.24 (with d <~ d, T <= T, p <= p, L <= 1+ sup,¢o 19/[10¢ | e,

— ([0,T) xR > (t,z) = (T —t4ut,z+1wy) € [0,T] xRY), v+ ([0,T] xR > (t,z) —
tf(t,xz,0) € R) for (u,t0) € Z in the notation of Lemma 3.24) ensure for all (u,w) € Z
that

(3.166)

sup {ltf(T_t‘FutafE"‘mut,O)q < sup [|tf(T—t+ut,m+mut,O)|}
(t2)€[0.T] xR max{1, ||z[|E.} T (ta)el0.T)x R max{1, ||lz||z.}
P tf(t,z,0
< (1 + sup ||mt||Rd) sup [ L7z, 0)] } (3.167)
te[0,7) (t,z)€[0,T] xR max{1, ||z} d}

p t7 ’O p
§T<1+ sup |ymt||Rd> sup [ (e )J) }] gLT(lJr sup ||mt||Rd).
(t,)

te[0,T] ,@)€[0,T]x R4 maX{1;||$HRd te0,T]

Combining (3.133), (3.166), and (3.167) implies for all w € Y, 3 = (u,w) € Z that

Do(0,w,3)|(T"—t,x
HqDO(O,’LU,Zj)Hy _ sup |:|[ 0( 3)]( - )|:|
(t,z)€[0,T] xRd max{1, ||1‘||Rd}
T+ 1 tf(T'—t+ut,r+10y,0
<[ oy Merml)f o, LT R
t:rE[OT xR max{1, HJUHRd} (t,z)€[0,T]xRd maX{l,HxHRd}

p
< L(T+1) (1 + sup HthRd) .
t€[0,T]
In addition, (3.133), (3.165) and Lemma 3.24 (with d < d, T < T, p < q, L «+
1+ sup,co pl[ellre, 0 < ([0,7] x R 3 (t,2) = (T —t + ut,x + wy) € [0,T] x RY),
v+ v —w for (u,10) € Z, v,w € Y in the notation of Lemma 3.24) prove for all [ € N,
v,we Y, 3= (u,w) € Z that

[®i(v,w,3)ly = sup
(t,2)€[0,T] x R4

|:|[q)l(va waﬁ)](T —t, x)q
max {1, [|z|g.}

t
= sup f(T —t+ut,x + o, v(T —t+ ut,x + 10,,)
(t@)e[o,ﬂw[max{l, E . )

—f(T—t—l—ut,:c—l—mut,w(T—t—i-ut,l'-i-mut))w
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3.2. MLP for semi-linear heat equations

< LT sup
(t,x)€lo,T

q
< LT(l + sup HthRd) sup
te[0,T) (t,z)€[0,T]xR?

(3.169)

PMT—t+uax+m@—wMT—t+uux+m@q
xR max{1, |||z}
|:"U(t7 'T) — w(ta LU)|:|

max{1, [|#[|z.}

q
_ LT(1 T sup Hmtuw) o = wlly.
t€[0,T

Next we claim that it holds for all [ € Ny, j € N, r € [0, 00) that
[l 2l + O V0] <o Garo

We establish (3.170) by induction on [ € Ny. For the base case [ = 0 observe that (3.168)
and the fact that Va,b,r € [0,00): (a + b)" < 2ma{r=1.0} (g™ 4 p7) show for all j € N,
r € [0,00) that

E ]| (5. V1. 2°) 5] = B[ [20(0.0.0°, W)}

1,59

pr
<L(T+1D)E|[1+ sup ||[W° >}
0 1E| (14 s Wl -

t€[0,T]

This and the fact that Vj € N, r € [0,00): E[|IYZ,]I5 + Y2 ;]3] = 0 < oo prove (3.170)
in the base case [ = 0. For the induction step Ny 31 —1 — [ € N let [ € N and assume
that it holds for all k£ € {0,1,...,1 -1}, j € N, r € [0,00) that

005 ¥ 2 + W+ ¥ 5] <o @7

Note that this, (ii) in Lemma 3.27, and (vi) in Proposition 3.8 ensure for all j € N,
€ [1,00) that
7‘] 1/7‘
Yy

=1

M])l k
[ (I)k 0 k ) Yk(O1 Jk Z)’ Z(O,k,z))]
k

-1 (M;)'~ Yr
< 1 [ 3 (E[H‘Pk(%(EM VO, Z(om))HyD (3.173)

(M])lfk
k—0 =1 i
-1 Yr
=3 (Eflont v ) < o0
k=0

Holder’s inequality, (3.169), the fact that Va,b,r € [0,00): (a4 b)" < 2max{r=1.0} (g7 4 p7),
(v) in Proposition 3.8, and (3.172) hence demonstrate for all j € N, r € [1,00) that

1y qr r
(flm0i v, 2 15]) " < 2 ([ (14 sup 92l ) i - v 1))
2qr 9\ Y@ o\ /27
< LT(EKl + sup ||W£||Rd> D (B[ - vty ]) (3.174)
te[0,7] ’ 1Y
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Chapter 3. Generalised multilevel Picard approximations

/(2r)
2max{q 1/(2r), O}LT(]_ + E |: sup ||W0||2qr:| )

te[0,T]

(@[] + e 3]) ) <o

Combining this with (3.173) and (3.172) establishes for all 7 € N, r € [0, 00) that

B 2+ ISl 4 IV ly] <o @)
Induction hence proves (3.170). The proof of Lemma 3.28 is thus complete. ]

3.2.2.5 Estimates

Lemma 3.29. Assume Setting 3.1 and let C € [0,00) be given by
C = T [(®lge + WO + VI ( B[/ 6+ W0 0P a)™]. (3.170)
Then it holds for all k € Ny that

max{E |1y, (®o(0,0, Z°) ], E[[vr(y))?] } < S (3.177)

Proof of Lemma 3.29. Throughout this proof let F': C'([0,T] x RY, R) — C([0,T] x R4, R)
satisfy for all v € C([0,T] x R4, R), t € [0,T], x € R? that

[F(U)](t’ :L‘) = f(t’ z, ’U(t,l‘)). (3178)

Observe that (3.132), the fact that U and W are independent, and Hutzenthaler et
al. |181, Lemma 2.3] (with S < [0,1], U < ([0,1] X Q > (s,w) = s*7'/o—1)|y(sT, & +
W,r(w))]? € [0,00)), Y < U for k € N in the notation of [181, Lemma 2.3|) imply for all
k € N that

E[ln(v)?] = B[ F551y(UT, € + Wor) |
1 b 2 1 2 (3.179)
— oy [ SEIGT 4 W) ds < | sup Ellute.6 + WP |
0 te[0,T)
This, the fact that E[|¢o(v)]?] = [y(0,£)> = E[|y(0,£ + Wy)[?], and [181, Lemma 3.4]
establish for all £ € Ny that

Ellve(y)’] < 5 [ sup E[|y(¢, &+ Wt)|2}:|

te[0,7

< 22 [(®[lgte + W) + VT(TEFO) 0,6+ Wl a) B150)
—ﬁﬂ@W@HWW)+¢7k[VM+W%M@WF—%

Next note that (3.133) shows for all ¢ € [0, 7], x € R? that
[©6(0,0, 2°)](t,2) = g(z + Wp_,) + (T =) f(t+ (T = )U°, & + Wi _y0,0).  (3.181)
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3.2. MLP for semi-linear heat equations

This, (3.132), and Holder’s inequality demonstrate for all k € N that
(E[[0(26(0,0, 2°)[2)) " = E[{55/[90(0, 0, 29| (UT, € + W)
= (B[&5519(¢ + Wor + Wi o))
+(1-U)Tf(UT+ (1 -U)UT, & + Wur + Wi _yypor, 0) ﬂ )1/2 (3.182)
< (B[Ehlgle + Wor + Wi o))
+ (B[ 510 = UTF(UT + (1 = OUT, € + Wur + Wi _gyor, 0) [ )1/2.

The fact that U, W, and W? are independent and [181, Lemma 2.3| (with S <« [0, 1],
U ([0,1] x Q23 (s,w) = " /h-11]g(§ + Wr(w) + Wi _yp(w))? € [0,00)), Y « U for
k € N in the notation of [181, Lemma 2.3]) ensure for all £ € N that

1
E[(I;gkllu‘g(f_FWUT_l'W(l u)T )|2] :/ (k=1)! 1)1 Ug(g‘i‘WsT‘i‘W(l s) )‘ ]ds
0 (3.183)

. { / g ds}EUg(f W] = LE[lg( + WP,

In addition, the fact that U, U°, W, and W? are independent, [181, Lemma 2.3] (with
S <+ 10,1], U «+ ([0,1]xQ2 > (s,w) = 5" te—1)| (1=8)T f (sT+(1—5)U%(w)T, E4+W gp(w)+
VV(OI_S)UO(W)T(w),0)|2 € [0,00)), Y « U for k € N in the notation of [181, Lemma 2.3|),
and [181, Lemma 2.10] (with k < k, U < ([0,T] x R? x Q > (t,z,w) — f(t,2,0) € R),
v+ U% W« WO for k € N in the notation of [181, Lemma 2.10]) establish for all £ € N
that

B[ OO+ 0 T W+ W8 per ]

1
:/0 %E[!(l—s)Tf(sT—l—(l—s)UOT,§+WsT-I—W(Ol_s)UoT,O)H ds
T
:%/0 EGE[[T = 0F (t+ (T = U €+ W+ Wi y0,0) ] at

T o (3.184)
—#/0 ﬁE[\(T—t)f(H( — U E+ W+ Wi r o WtO,O)}]dt

IN

2 r k r
0 0

=5 [ Bl wop a
Combining (3.182) with (3.183)—(3.184) yields for all k£ € N that
E |4« (®0(0,0, 2°))|]
< 5[ ®lgte + WRPD™ + V(T BN, 6+ WP 0] )] (3.185)

2LT

< S [®[lgte + WO + VI B[St € + W2 07 at) ] = &
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Moreover, (3.181), (3.132), Holder’s inequality, the fact that U° and W° are independent,
and [181, Lemma 2.3] imply that

E[[¢0(@0(0,0, Z°) ] = E[|lg(¢ + Wp) + Tf(UT, & + W, 0)[]

< [(®llgte + WD) + (T E[SUT, €+ Weor, 0F)) ]

= [Ellote + WHP) + (7 Y[ 7T € + W 0)2) ds) ] (3.156)
(E[lg(e + WP + (7 JT B[ 7€ + W2, 0)P) dr) ]

< eQLT[(E[|g(€+W$)|2D1/2+\/T(fOTE[|f(t’§+WtO»O)|2} dt)1/2] _ ((’;—'2

The proof of Lemma 3.29 is thus complete. O

Lemma 3.30. Assume Setting 3.1. Then it holds for all k € Ng, n € N, u,v € Y that

E[[¢r(®Pn(u, v, Z2°)[°] < (LT)*E[[¢ps1(u — v)[*]. (3.187)

Proof of Lemma 3.30. Throughout this proof let u,v € ). Observe that (3.133) shows
for all t € [0,T], z € R? that

[®@1(u, v, Z%)](t, )]
= (T - t)lf(t + (T - t)UOa T+ W(OT—t)anu(t + (T - t)U[]?m + W(OT—t)UO))
— [t + (T =t)U° 2+ Wiy, v(t + (T =)0, + Wi _yp0))|  (3.188)
< LT = t)|u(t + (T = )U°, x+ Wip_ypo) — vt + (T = t)U°, 2+ Wih_pyp0) |
= LT —t) - [u =] (t+ (T = )U°, &z + Wi _y0) |-

Equation (3.132), the fact that U, U°, W, and W© are independent, [181, Lemma 2.3|, and
[181, Lemma 2.10] (with k < k, U < ([0, T] x R¢ x Q > (t,z,w) > u(t,z) —v(t,z) € R),
v« U% W « WO for k € N in the notation of [181, Lemma 2.10]) hence prove for all
k € N that

E [0 (®1(u, v, 2%)) ] = E[ 5511 (u,v, 29 (UT, € + W) ]

< LQE[%Kl —U)T - [u—2|(UT+ (1 -U)UT, &+ Wyr + W(01_U)U0T)ﬂ

_ / C B[l = )T [u =) (5T + (1= $)U'T, € + War + WE_por) ] ds

_ %/OT%E[RT—t) =)+ (T = U, €+ Wt W) ]
:%—i/OT%E[MT—t)-[u—v](t+<T—t>U° E Wit W — W)
< 4 [ Bl -6+ WP at (3.189)
= (LT)? /01 ‘;’C—'T]Emu — U](ST7§+WST)|2} ds

= (LTPE[%|[u — o)(UT, € + Wor) P| = (LTPE[lsa(u — v)).
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3.2. MLP for semi-linear heat equations

In addition, (3.132), (3.188) and the fact that (U°, W°) and (U, W) are identically dis-

tributed ensure that

E“wo(@l(u? v, ZO))|2] = EU[(I)I(U’ v, ZO)](Ov f)|2]
< (LT)*E[|[u — v)(U°T, & + Wop)|?] (3.190)
= (LT E[|[u — v](UT, £ + Wur)|*] = (LT)*E[[t1(u — v)]?].

This, (3.189), and the fact that Vn € N: &, = ®&; complete the proof of Lemma 3.30. [

Lemma 3.31. Assume Setting 3.1. Then it holds for all k € Ny, n,j € N that

E

n—1
o= Bl (.27

] < (LTPE[Junn (Vi —w)[] . 3191)

Proof of Lemma 5.31. Throughout this proof let ¥, ;: [0,7] x R* — [0,00), j € N, n €
Ny, satisfy for all n,j € N, t € [0,T], z € R? that

U, q(t, ) = E[\(T —t)- [V, =y (t+ (T = )U% 2+ Wir_pyo) ﬂ (3.192)

(cf. Lemma 3.28). To start with, observe that (3.133), (i)—(ii) in Lemma 3.27, (ii) in
Lemma 3.26, and (iii) and (v) in Proposition 3.8 show for all [, € N, ¢t € [0,T], x € R?
that

E[[0 (Y8, ¥ 2°)] (T — £,)]
=tR[f(T —t+ U, x+ W, Y5 (T —t + Ut + Wo,))

— (T —t+U%, x+Whe,, YLy (T —t + U, 2+ Wo,))] (3.193)
=tE[f(T—t+U% 2+ Wi, V(T —t + U,z + Wp,))

— F(T =t + U+ Wi, Y2, (T — t + Uty + Wi,))].

1?]’

Again (3.133) hence ensures for all n,j € N, ¢t € [0,T], € R? that

n—1
5 E[0(15. Y

20T —t, )

5 B{[0 (Y10, 2] 7 1.0

Elg(z + W] +tE[f(T —t + U, & 4+ Wo,, Yo, (T — t + Utz + Wo,)) |

n—1
+t S B[f(T—t+ Uz + Wi, V(T —t + Utz + Ws,)) (3.194)
=1

— (T =t + Uz + Who, Y2 (T =t + Utz + Ws,))]
=Elg(@ + W) +tE[f (T —t + Utz + Wy, Yoy (T =t + Utz + Wioy))].

In addition, (3.127), the fact that W and W9 are identically distributed, the fact that
WO and U° are independent, and [181, Lemma 2.4] (with S < [0,1], U + ([0,1] x Q >
(u,w) = f(t+ (T —t)u,z + W(OT_t)u(w), y(t+ (T —t)u,z + W(OT_t)u(w))) ER), Y + U
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for x € R%, ¢ € [0, 7] in the notation of [181, Lemma 2.4]) imply for all ¢ € [0,7], v € R?
that

y(t,z) = Elg(x + Wr_y)] + /t E[f(s,z+ Wy, y(s,z+W,_))] ds

=E[g(x + Wi_,)] + /t E[f(s,z+ W2 y(s,z+W_,))]ds
= Elg(z + W7_,)] (3.195)
+ (T —t) /0 E[f(t+ (T —tyu,z+ Wiy, y(t+ (T = thu,x + Wi_p,))] du

= Elg(z + Wp_,)]
+ (T =O)E[f(t+ (T = )U° x+ Wi o, y(t + (T = )U°, x + Wip_pyp0))].

This and (3.194) demonstrate for all n,j € N, t € [0, 7], x € R? that

n—1
v E v 2] )
< (T =) E[|f(t+ (T =t)U% z+Wir_ppo,y(t + (T = )U%, 2+ Wr_py0))
—f(t+ (T = U 2+ Wy, Yy ;(E+ (T = U 2+ Wi_y10))]]
(T=0E[|ly(t+ (T = )U° x+ Wi o) = Vo1 (E+ (T = )U° 2+ Wi pyp0)|]
(T =) E[|[Ya 1, =yl (t+ (T =)U° 2z + Wi _pypo)|]- (3.196)

<L
L

Jensen’s inequality and (3.192) hence ensure for all n,j € N, t € [0,T], z € R? that

2

=SB 3L, 2] 00

< LT — 0 (EB[|[YO1, — ] (t + (T = )0 2 + Wo_y0)[])° (3.197)
< IXT =P E[|[Y,, = y] (t+ (T = 0 2+ Wi_ygo) ] = L300 15(t,2).

Furthermore, (3.192), the fact that it holds for every n, j € N that W, Y;? | ., U°, and W°

are independent (cf. Lemma 3.27 and (ii)—(iii) in Proposition 3.8), and [181, Lemma 2.3|
(with S = R U = (R x Q5 (w,w) = [(T —1t) - [V, ;(w) —y](t + (T — t)U%w), € +
w + VV(OT_MUO(W)(w))|2 € [0,00)), Y < W, for t € [0,T], j,n € N in the notation of [181,
Lemma 2.3]) prove for all n,j € N, ¢t € [0, 7] that

BVt €+ Will = [ B (0.6 + ) (WilPages) (du)

= [ B[l =0 [V = s+ (T = 00,5 0+ W 0) ] (WilPlages) ()
—E[[(T = 1) [V, = g (t+ (T = U, € + Wi+ Wir_y00)|°] (3.198)
— E[\(T —t)- [V, —y] (t+ (T = )U°, €+ Wi+ W r_pypo — WY) \2].

Combining (3.132) with (3.197), the fact that U and W are independent, [181, Lemma 2.3|
(with S« [0,1], U «+ ([0,1] x Q 3 (s,w) = & Je—11 U,y ;(sT, & + Wr(w)) € [0, 00)),
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3.2. MLP for semi-linear heat equations

Y < U for j,n,k € N in the notation of [181, Lemma 2.3]), (3.198), again the fact
that it holds for every n,j € N that W, Y,V 1y U 0 and WY are independent, and [181,
Lemma 2.10] (with k < &k, U «+ ([0, T] x Ré Q3 (t z,w) = [V ()]t x) —y(t,z) €
R), v < U° W «+ W° for j,n,k € N in the notation of [181, Lemma 2.10]) establishes
for all k,n,j € N that

7

v 5 B 2, 2%) | (U6 + W)

n—1
Q/Jk(?/ - z;) E[q)l(YzOlel IJ’ZO):|>

Ukl

_]E(kl

2]
k—1 1 k—1
< P B[§55 00y (UL 6+ Wor)| = 12 [ 55 B0 (6T, €+ War)] ds
T
=5 [ e+ W (3199)
0
T
- 2
= %/0 = E[\(T —t)- [V, =y + (T = U 6+ Wi+ W pypo — WP ] dt
< @2 Tt’“E[ o 2
> TRFT " ‘ [ n—1,j y} (t, &+ Wt)‘ dt.
0

This, the fact that it holds for every n,j € N that Y2 15> W, and U are independent,
[181, Lemma 2.3] (with S < [0,1], U < ([0,1] x 2 > (s w) = | [V (w) —yl(sT, €+
W,r(w))]? € [0,00)), Y < U for j,n,k € N in the notation of [181, Lemma 2.3|), and
(3.132) show for all k,n,j € N that

|

B v (v = 5 Bl 11,27

1 3.200

<1 [ E[|, -6+ W) ds (3:200)
= (LT E[Y [V, — ] (UT.€ + Wour)|*] = (LT[ (Y21, — )]

Moreover, (3.132), (3.197), and the fact that it holds for all n, j € N that (Y,) , ;, U°, W?)

and (Y2, 5 Us W) are identically distributed demonstrate for all n, j € N that

2

n—1
1/10<3/— ;}E[q)l(y}o]aygllj’z )})

] |l Srmon i, 2] 0
< (LTPE[| [V, = o] (UT. € + Wior) ] (3.201)
= (LT)QED [Y;?—l,j - y] (UT7§+ WUT) }2] = (LT)QE[Wl (Ywi)—l,j - y) ﬂ

The proof of Lemma 3.31 is thus complete. O
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3.2.3 Complexity analysis
3.2.3.1 MLP approximations in fixed space dimensions

Proposition 3.32. Letd € N, ¢ e R, T € (0,00), L,p,B,x,C € [0,00), © =7, Z",
(Mj)jen € N satisfy liminf; . M; = oo, sup ey Mit1/m; < B, and sup ey Mifi < K, let
f e 0o, T] x R x R,R), g € C(RYLR) satisfy for all t € [0,T], * € RY, v,w € R
that max{|f(t,z,0)[,|g(x)|} < Lmax{1,||z|g.} and |f(t,z,v) — f(t,z,w)| < Llv — w],
let (2,7 ,P) be a probability space, let U%: Q — [0,1], § € ©, be independent on [0, 1]
uniformly distributed random wvariables, let W9: [0,T] x Q@ — R?, § € O, be indepen-
dent standard Brownian motions with continuous sample paths, assume that (U%)sece and
(W% 4o are independent, assume that

C= max{l, eLT [(E[[g(& + W) + VT ([T E[|f(t € + WP,0)[2] dt) 1/2} } (3.202)

let Yf’j: 0,T]xRIxQ =R, 0€0,jeN, nec (NgU{-1}), satisfy for all n,j € N,
0e0,tel0,T], xR that Y? ;(t,x) =Y, (t,x) =0 and

n—1 (My)n=t
t
T (M)t [

=0 i=1

(1)
Voi (T = 1,2) = g [ > gz + W)

i=1

(T = 4+ U0 WD, YO (T — 1+ U e WD) (3.208)

—ILN(l)f<T—t+U(9“t x+W0<6,lf),>t,Y}(_efjl’i)(T—t+U“Zt a:+W9(91fl)t)>}],

and let (Costy ;) m.j)emoui—11)xn € Ny satisfy for all n, j € N that Cost_, ; = Costg; = 0
and

Cost,,; < (M;)"d + Z it (Costy; + Costy_1,; + d + 1)] (3.204)

Then

(i) there exists a unique at most polynomially growing viscosity solution y € C([0,T] x
R%,R) of
(2)(t,2) + 2(Aay)(t, ) + f(t 2, y(t, 7)) = 0 (3.205)

with y(T,x) = g(x) for (t,x) € (0,T) x R4,
(it) it holds for alln € N that

e"(1+ (2LT)2)]"/2 -

(E[Y,2,(0.€) —y(0,6)]2])” < c{ 0 (3.206)

(ii1) it holds for all n € N that Cost,,,, < (5M,)"d, and
(iv) there exists (N:)eco) € N such that it holds for all e € (0,1], 6 € (0,00) that
SUPpe{N, ,N.+1,...} (E[‘an(oa §) —y(0,9)] ]) <¢ and

COStNE,NS < 5denc«2(1+§) <1 + SuanN|:[5%e%(1_(~_]\(/[2n[)€)2)](1+6):| )872(1+5) < 0. (3207)
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3.2. MLP for semi-linear heat equations

Proof of Proposition 3.32. Throughout this proof assume w.l.o.g. that L > 0, assume
w.l.o.g. that there exist an on [0, 1] uniformly distributed random variable U: Q — [0, 1]
and a standard Brownian motion W: [0,7] x  — R? with continuous sample paths
such that U, W, (U%)geco, and (W%)yeco are independent, let 3,y € [0,00), ¢ € (0,00),
p_1,00 € C([0,T] x RYR) be given by 3 =d, v =2, ¢ = (LT)? and y_; = o = 0, let
q € (p,o0), let Y C C([0,T] x R% R) be the set given by

t
Y =1{veC(0,T] x RLR): limsup sup [ ’f” —0b%,  (3.208)
Non—300 (£,2)€[0,T1xRY, allga>n |1 €]|Ra
let |||ly: Y — [0, 00) satisty for all v € ) that
lu(t, z)|
lvlly = sup { , (3.209)
(t,z)€[0,T] xR max{1, ||55||qd}

let (2, 2) = (10,1] x ([0, T}, RY), #(0,1]) © Z(C(0,T], RY)), le
O, satisfy for all § € © that Z° = (U, W), let (H, (-, )2, |]l%) (
7 = ouvan({{p € LY. H): o(v) € BY C LY, H): v € Y, B € BH)}).
L(Y,H), k € Ny, satisfy for all k € Ny, w € Q, v € Y that

v(0,¢) k=

[Ve(w)](v) = { G20 (UW)T, € + Wor(w) :keN’

and let ®;: Y x Y x Z — Y, | € Ny, satisty for all [ € No, v,w € Y, 3 = (u,w) € Z,
t € [0,7T], » € R? that
[@y(v, w,3)|(T" =, x)
gl +ry) +tf(T—t+ut,z +we, (T —t+ut,z+1wy)) :1=0
= Qt[f(T—t+ut, x4 1wy, 0(T —t +ut,z + 1y))
— f(T —t+ut,z + oy, w(T — t + ut,z + vy))]

(3.210)

(3.211)
:leN

(cf. Lemma 3.21 and Corollary 3.23). Note that the assumption that V¢ € [0,T], x €
R% v,w € R: (max{|f(t,z,0)|,|9(z)]} < Lmax{1,||z|2.} and |f(t,z,v) — f(t, 2z, w)| <
Liv — w|) ensures that there exists a unique at most polynomially growing viscosity
solution y € C([0,T] x R% R) of

(59)(t, =) + 3(Azy)(t,2) + f(t, 2, y(t,x)) = 0 (3.212)

with y(T,x) = g(z) for (t,x) € (0,T) x R? (cf., e.g., Hairer, Hutzenthaler, & Jentzen [157,
Section 4|, Hutzenthaler et al. [181, Corollary 3.11], and Beck et al. [24, Theorem 1.1]).
This shows (i). Moreover, the Feynman-Kac formula proves for all ¢ € [0, T], z € R? that

T
y(t,z) =E [g(x +Wry) + / f(s, x4+ We_y(s,z+ Ws,t)) ds (3.213)

(cf., e.g., |157, Section 4], [181, Corollary 3.11], and [24, Theorem 1.1]). Combining this
with [181, Corollary 3.11] demonstrates that

sup [ y(t, 2)] ]<oo. (3.214)

(t,)€[0,T] xRd max{1, ||x||%d}

Next observe that
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it holds that (), |||y) is a separable R-Banach space (cf. (ii) in Proposition 3.20),

it holds that min{B.x,C} > 1, y € Y (cf. (3.214) and Lemma 3.21), and y_q,
Do € y?

it holds that (Z, 2) is a measurable space,
it holds that Z%: Q — Z, 0 € ©, are i.i.d. .% /2 -measurable functions,
it holds that (H, (-, -)#, ||-|l3) is a separable R-Hilbert space,

it holds that ¢y: Q — L(Y,H), k € Ny, are & /.#-measurable functions (cf. Lem-
ma 3.25),

it holds that (Z%)pce and (v1.)ren, are independent,

it holds that ®;: YxYx Z — Y, 1 € Ny, are (B(Y)RA(Y)® %)/ HB(Y)-measurable
functions (cf. (ii) in Lemma 3.26),

it holds for all n € (NoU {-1}), j € N, 6 € © that Y,/ ,(Q) C Y (cf. assump-
tion (3.203) and (i) in Lemma 3.27),

it holds for all n,j € N, § € © that Y—el,j =1_q, Yo(fj =1, and

n—1 (M)~
0,1, 0,—1,i )
Yo = | 2 @y v 20 (3.215)
=0 =1

(cf. assumption (3.203) and (ii) in Lemma 3.27),
it holds for all n, j € N that Cost_lj = Costg; = 0 and

Costy, ; < (M;)"d + Z it (Costy; + Costy_1,; +d + )]
(3.216)

3+Z )"~ (Costy; + Costy_1; +73)]

(cf. assumption (3.204)),

it holds for all k € Ny, j € N that E[||®,(
and

V2 Y5, Z%ly] < oo (cf. Lemma 3.28),

it holds for all k € Ny, n,7 € N, u,v € ) that
mas {E[[4(@avo. 91, 20 3] In(W) E [t — 3]} < &, (3217)

E[[lx(®n(u, v, Z2)3] < cE[llnsr(u = v)ll3], (3.218)

‘wk@— zm[q),( ,],nl_lvj,zo)})H] < 20 [[vris (V2 — )] (3219)

(cf. (3.213), assumption (3.202), Lemma 3.29, Lemma 3.30, and Lemma 3.31).

Corollary 3.15 hence establishes (ii)—(iv). The proof of Proposition 3.32 is thus complete.

]
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3.2.3.2 MLP approximations in variable space dimensions

Theorem 3.33. Let T € (0,00), K,L,p,B,k € [0,00), © = |J ", Z", (M;)jen C N
satisfy liminf; o M; = 0o, sup;ey Mit1/m; < B, and sup;ey Mifi < K, let §g € R?,
d € N, satisfy supyeyll&allre < K, for every d € N let fg3 € C([0,T] x R? x R, R),
ga € C(RER) satisfy for all t € [0,T], x € RY, v,w € R that max{|fs(t,z,0)|, |ga(z)]} <
Lmax{l, ||z|[g.} and |fa(t,z,v) — fa(t,z,w)| < Ljv —w|, let (2, F,P) be a probability
space, let U?: Q0 — [0,1], 0 € ©, be independent on [0,1] uniformly distributed random
variables, for every d € N let W‘w 0,7] x Q — R, 0 € O, be independent standard
Brownian motions, assume for every d € N that (Ue)(;e@ and (Wd9)9€9 are independent,
let Yﬁ’f: 0, T]xRIxQ - R, 0€0,d,jeN, ne (NgU{-1}), satisfy for alln,j,d € N,
0e0,tel0,T], z€R? that Y_dfj(t,x) = Yolff(t,x) =0 and

(M;)" ( ) n—1 (Mj)nt
d,0 _ 1 d,(0,0,i t
=1 =0 =1
[ 7 <T — 4+ U o4 WEEED B OW (T g gt g 4 Wd((f,ijt)> (3.220)

_ ]1N(l)fd( T —t+ UOWt o 4 WEDE) v PO (T — t 4 U0 2+ W, J/ZQ))]],

and let (Costan,;)(dnjenxmou{—1})xn S No satisfy for all d,n,j € N that Costq_; =
Costgpj =0 and

Costan; < (M;)"d + Z )" (Costay ; + Costay1; +d+1)]. (3.221)

Then

(i) for every d € N there exists a unique at most polynomially growing viscosity solution

yq € C([0,T] x RYR) of
(%) (¢, ) + 5(Duya) (8, ) + falt, 2, ya(t, ) = 0 (3.222)
with ya(T,z) = ga(z) for (t,x) € (0,T) x R? and
(i) there exists (Nac)ae)enxo,1) S N such that it holds for all deN, ee (0,1, 6 €
(0,00) that sup,en, . ny.+1,.3 E[Y(0,€0) — ya(0, €a)l ]) < ¢ and

Costi g < [[4772 max{L, 1}(1+ )72 (max{ K, p, 1})7]20 40"
(3.223)

. (1 + SUp,,ey [[5%62”(1?]\(42;;) )]“*‘”}nﬂ QP+ —20140) oo

Proof of Theorem 3.33. Throughout this proof assume w.l.o.g. for every d € N that
W0 [0,T] x Q — R?, 6§ € O, are independent standard Brownian motions with contin-
uous sample paths (cf., e.g., Klenke [202, Definition 21.8]) and throughout this proof let
Cq € [1,00), d € N, be the real numbers which satisfy for all d € N that

Cy= max{l,eLT[(]EUgd(fd + W$’0)|2]) oy \/_(fo E[|fa(t, &+ VthO,O)|2] dt)l/Z] }
(3.224)
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First of all, observe that the Burkholder-Davis—-Gundy-type inequality in Da Prato &
Zabczyk |94, Lemma 7.7] establishes for all r € [2,00), d € N, ¢t € [0, T] that

B[ lga)) " < /i — Dtd < v/ 2. (3.225)

Jensen’s inequality and the fact that Va, b, r € [0,00): (a+b)" < 2m@{r=10}(g" 4+ b") hence
prove for all d € N that
(E[lga(&a+ W) )" + VT (f) B[ falt, &0+ W, 0)2] dt) "
< L(E[max{1,||&; + W22 3]) " + LVT(J; E[max{1, [l + W |2}] dt) "
< L(1+ (B[l&+ WD ™) + LT (4 5 7 B+ W3] de)
< L+ T) + L((E[llga+ Wit 0]zt )
7 J7 Bl + WAL )t
< LA+ T) + L([alles + (B[IWE 2D 7o ) (3.226)
max 1y
o+ LT (Iallra + (3 o B 501 ar) 7o)
< L(147T) + L(||éa]|pe + max{p, 1}vV2Td)” + LT (||&/|ga + max{p, 1}v2Td)"
< L+ T) + L(1+ T)27 10 (g |2, + max{p”, 1}(2Td)"?)

< @PmP AR (1 4 TP (KP4 max{pP, 1))
< dp/24p+1L(1 + T)P/2+1 (maX{K, D, 1})17

This and (3.224) show for all d € N, § € (0, 00) that

5(Cy)20+9) < 5[d247 ! max{L, 1}(1 + T)"**' "7 (max{K, p, 1} 7|21+

3.227
< (4P max{L, 1}(1 4+ T)"* el (max{ K, p, 1})P)?1+0) gpi+o), ( )

Combining this with Proposition 3.32 completes the proof of Theorem 3.33. O

Corollary 3.34. Let T € (0,00), p € [0,00), © = |77, Z", (M;)jen €N, (€4)aen C RY
satisfy sup ey (Mi+1/m; +Mifj4||€5]lri) < oo = liminf; o Mj, let f: R — R be a Lipschitz
continuous function, let g3 € C(R4,R), d € N, satisfy SUP N, pera 194(%)/max{1, 2|7} < 00,
let (Q,.7,P) be a probability space, let U%: Q — [0,1], € O, be independent on [0, 1]
uniformly distributed random variables, let W42 [0,T] x Q@ — R4, § € ©, d € N, be
independent standard Brownian motions, assume that (U%)pco and (Wd’e)(d,g)eNX@ are
independent, let Y,Zf: 0, T]xRIxQ =R, 0€0,d,jeN,ne (Nyu{-1}), satisfy for
alln,j,d €N, 0 €0, te[0,T], » € R? that Yflfj(t,x) = Yoﬁe(t,x) =0 and

(M)~

[ ( YO — 4 Uy, x+Wd(fli;t)> (3.228)

[y

n—

Yd9 T —t,x)

=0 =1

=) (YT — 4+ U000+ W) )|

(M) (6,0,
e | 3wl ).

=1
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3.2. MLP for semi-linear heat equations

and let (Costa ;) dmn.j)enx®ou{-1})xn © No satisfy for all d,n,j € N that Costy_,; =
Costgp; = 0 and

Costan; < (M;)"d + Z )" (Costay; + Costay1; +d+1)]. (3.229)

Then

(i) for every d € N there exists a unique at most polynomially growing viscosity solution
Ya € C([OaT] X RdvR) Of

(%) (t,2) + 3(Asya) (t ) + f(yalt, ) =0 (3.230)
with ya(T, z) = ga(z) for (t,x) € (0,T) x R and

(i) there exist (Nae)ae)enx©1] C N and (Cs)se0,00) € (0,00) such that it holds for all
deN, e€(0,1], 6 € (0,00) that Costan,_n,. < Csd PITIe2059) gngd

sup (B[[Y200,€0) — 5a(0,60)[7]) " < e (3.231)

ne{Nd,Ede,E+17"-}
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Chapter

Solving high-dimensional optimal stopping
problems using deep learning

The content of this chapter is a slightly modified extract of the preprint Becker
et al. [30].

In this chapter we propose a deep learning based algorithm for solving general possibly
high-dimensional optimal stopping problems (cf. Section 1.3 in Chapter 1). Step by
step we present the derivation and implementation of the algorithm, that is described in
Framework 4.2 in Subsection 4.2.2, and provide more details of our approach summarised
in (I)~(III) in Section 1.3. In addition, we report a large number of numerical experiments,
which demonstrate that the algorithm is highly effective for solving high-dimensional
optimal stopping problems, in terms of both accuracy and speed.

This chapter is organised in the following way. In Section 4.1 we present the main
ideas from which the proposed algorithm is derived. More specifically, in Subsection 4.1.1
we illustrate how an optimal stopping problem in the context of American option pric-
ing is typically formulated. Thereafter, a replacement of this continuous time problem
by a corresponding discrete time optimal stopping problem is discussed by means of an
example in Subsection 4.1.2. Subsection 4.1.3 is devoted to the statement and proof of an
elementary, but crucial result about factorising general discrete stopping times in terms of
compositions of measurable functions (cf. Lemma 4.2), which lies at the heart of the neu-
ral network architecture we propose in Subsection 4.1.4 to approximate general discrete
stopping times. This construction, in turn, is exploited in Subsection 4.1.5 to transform
the discrete time optimal stopping problem from Subsection 4.1.2 into the search of a
maximum of a suitable objective function (cf. (I) in Section 1.3). In Subsection 4.1.6
we suggest to employ stochastic gradient ascent-type optimisation algorithms to find ap-
proximate maximum points of the objective function (cf. (II) in Section 1.3). As a last
step, we explain in Subsection 4.1.7 how we calculate final approximations for both the
American option price as well as an optimal exercise strategy (cf. (III) in Section 1.3). In
Section 4.2 we introduce the proposed algorithm in a concise way, first for a special case
for the sake of clarity (cf. Subsection 4.2.1) and second in more generality so that, in par-
ticular, a rigorous description of our implementations is fully covered (cf. Subsections 4.2.2
and 4.2.3). Following this, in Section 4.3 first a few theoretical results are presented (cf.
Subsection 4.3.1), which are used to design numerical example problems and to provide
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reference values. Thereafter, we describe in detail a large number of example problems,
on which our proposed algorithm has been tested, and present numerical results for each
of these problems. In particular, the examples include the optimal stopping of Brownian
motions (cf. Subsection 4.3.3.1), the pricing of certain exotic American geometric aver-
age put and call-type options (cf. Subsection 4.3.3.2), the pricing of Bermudan max-call
options in up to 5000 dimensions (cf. Subsection 4.3.4.1), the pricing of an American
strangle spread basket option in five dimensions (cf. Subsection 4.3.4.2), the pricing of
an American put basket option in Dupire’s local volatility model in five dimensions (cf.
Subsection 4.3.4.3), and the pricing of an exotic path-dependent financial derivative of
a single underlying, which is modelled as a 100-dimensional optimal stopping problem
(cf. Subsection 4.3.4.4). The numerical results for the examples in Subsections 4.3.3.1.2,
4.3.3.2.1, 4.3.3.2.2, 4.3.3.2.3, and 4.3.4.1.3 are compared to calculated reference values
that can be easily obtained due to the specific design of the considered optimal stopping
problem. Moreover, the examples in Subsections 4.3.3.2.2, 4.3.4.1.1, 4.3.4.1.3, 4.3.4.2,
4.3.4.3, and 4.3.4.4 are taken from the literature and our corresponding numerical results
are compared to reference values from the literature (where available).

4.1 Main ideas of the proposed algorithm

In this section we outline the main ideas that lead to the formulation of the proposed
algorithm in Subsections 4.2.1 and 4.2.2 by considering the example of pricing an Amer-
ican option. The proposed algorithm in Framework 4.2 in Subsection 4.2.2 is, however,
general enough to also be applied to optimal stopping problems where there are no specific
assumptions on the dynamics of the underlying stochastic process, as long as it can be
cheaply simulated (cf. Subsection 4.2.3). Furthermore, often in practice and, in partic-
ular, in the case of Bermudan option pricing (cf. many of the examples in Section 4.3)
the optimal stopping problem of interest is not a continuous time problem but is already
formulated in discrete time. In such a situation there is no need for a time discretisation,
as described in Subsection 4.1.2 below, and the proposed algorithm in Framework 4.2 can
be applied directly.

4.1.1 The American option pricing problem

Let T € (0,00), d € N = {1,2,3,...}, let (Q,F,P) be a probability space with a fil-
tration # = (F;)ico,r) that satisfies the usual conditions (cf., e.g., [199, Definition 2.25
in Section 1.2]), let £: Q@ — R? be an .%;/B(R?)-measurable function which satisfies for
all p € (0,00) that E[[|¢[P,] < oo, let W: [0,T] x Q@ — R? be a standard (Q, F,P, F)-
Brownian motion with continuous sample paths, let p: R? — R? and o: RY — R4*9
be Lipschitz continuous functions, let X: [0,7] x Q — R? be an .%-adapted continuous
solution process of the stochastic differential equation

dXt = /,L(Xt) dt + O'(Xt> th, X(] == f, t e [O, T], (41)

let F = (Fy)epor) be the filtration generated by X, and let g: [0,7] x R* — R be a
continuous and at most polynomially growing function. We think of X as a model for the
price processes of d underlyings (say, d stock prices) under the risk-neutral pricing measure
P (cf., e.g., Kallsen [198]) and we are then interested in approximatively pricing the

96



4.1. Main ideas of the proposed algorithm

American option on the process (X¢);cjo,7] with the discounted pay-off function g: [0, 77 x
R? — R, that is, we intend to compute the real number

sup{E[g(r, X,)] : G oyt o) (42)

In addition to the price of the American option in the model (4.1) there is also a high
demand from the financial engineering industry to compute an approximately optimal
exercise strategy, that is, to compute a stopping time which approximately reaches the
supremum in (4.2).

In a very simple example of (4.1)—(4.2), we can think of an American put option in
the one-dimensional Black—Scholes model, in which there are an interest rate r € R, a
dividend rate § € [0,00), a volatility § € (0,00), and a strike price K € (0,00) such
that it holds for all x € R, t € [0,7] that d = 1, u(z) = (r — d)z, o(z) = Sz, and
g(t,z) = e " max{K — z,0}.

4.1.2 Temporal discretisation

To derive the proposed approximation algorithm we first apply the Euler-Maruyama
scheme to the stochastic differential equation (4.1) (cf. (4.5)—(4.6) below) and we employ
a suitable time discretisation for the optimal stopping problem (4.2). For this let N € N
be a natural number and let ¢o,t1,...,tx € [0,7T] be real numbers with

O=to<ti < ---<tn=T (43)

(such that the maximal mesh size max,co,1,..,n—1} (tn41—15) is sufficiently small). Observe
that (4.1) ensures that for all n € {0,1,..., N — 1} it holds P-a.s. that

tn+1 tn+1
th+1 = th + / /JL(XS) dS + / U(XS) dWS (44>
tn tn

Note that (4.4) suggests for every n € {0,1,..., N — 1} that
th+1 ~ th + I[’L(th) (tn+1 - tn) + O-(th) (th+1 - th) . (45)

The approximation scheme associated to (4.5) is referred to as the Euler-Maruyama
scheme in the literature (cf., e.g., Maruyama [239] and Kloeden & Platen [203]|). More
formally, let X': {0,1,..., N} x © — R? be the stochastic process which satisfies for all
ne€{0,1,...,N — 1} that Ay = £ and

Xn—i—l - Xn + ,U/(Xn) (tn—‘rl - tn) + O-(Xn) (V[/tn+1 - th) (46)

and let § = (§n)nefo,1,..,ny be the filtration generated by X. Combining this with (4.5)
suggests the approximation

SUP{E[Q<t7—, XT)} T 0—{0,1,...,N} is an} ~ sup{E[g(T, XT)i| T Q—[0,T] is an} (47)

§-stopping time F-stopping time

for the price (4.2) of the American option in Subsection 4.1.1. Below we employ, in
particular, (4.7) to derive the proposed approximation algorithm.
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4.1.3 Factorisation lemma for stopping times

The derivation of the proposed approximation algorithm is in parts based on an elementary
reformulation of time-discrete stopping times (cf. the left hand side of (4.7) above) in terms
of measurable functions that appropriately characterise the behaviour of the stopping
time; cf. (4.10) and (4.9) in Lemma 4.2 below. The proof of Lemma 4.2 employs the
following well-known factorisation result, Lemma 4.1. Lemma 4.1 follows, e.g., from
Klenke [202, Corollary 1.97].

Lemma 4.1 (Factorisation lemma). Let (S,S) be a measurable space, let 2 be a set, let
B € B(RU{—00,00}), and let X: Q — S and Y : Q — B be functions. Then it holds that
Y is {X'(A): A € §}/B(B)-measurable if and only if there exists an S /B(B)-measurable
function f: S — B such that

Y = foX. (4.8)

We are now ready to present the above mentioned Lemma 4.2. This elementary lemma
is a consequence of Lemma 4.1 above.

Lemma 4.2 (Factorisation lemma for stopping times). Let d,N € N, let (2, F,P) be
a probability space, let X: {0,1,...,N} x Q — R be a stochastic process, and let F =
(Fr)neqoa,...ny be the filtration generated by X. Then

(i) for all Borel measurable functions U,: (R — {0,1}, n € {0,1,..., N}, with
Vo, 21,..., o8 € R 27]:[:0 U, (zo,x1,...,x,) = 1 it holds that the function

Q5w Y U, (Aw), X4(w),. .., Xu(w)) €{0,1,...,N} (4.9)

n=0
1s an F-stopping time and

(i1) for every F-stopping time 7: Q — {0,1,..., N} there exist Borel measurable func-
tions U, : (R — {0,1}, n € {0,1,..., N}, which satisfy Vxg,1,..., TN €
R SN U.(xo, 21, .., 20) = 1 and

N
7= nU (X, X, ... X). (4.10)

n=0

Proof of Lemma 4.2. Note that for all Borel measurable functions U,,: (R4)"*1 — {0, 1},
n € {0,1,..., N}, with Vag,2q,..., 2y € R%: ZnNonn(xo,xl,...,xn) =1and all k& €
{0,1,..., N} it holds that

{w € Y nlU, (%), Xi(w),... Xu(w)) = k}

n=0

= {w € Q: Up(Xo(w), (), - .., Xy(w)) = 1} (4.11)

= w e Q: (W), Xi(w),..., W) € (Up) *({1}) p € Fy.
N——’

EB((RH)FH1)
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This establishes (i). It thus remains to prove (ii). For this let 7: Q2 — {0,1,..., N} be an
F-stopping time. Observe that for every function g: 2 — {0,1,..., N} and every w € 2
it holds that

N
o(w) =D nTipmn(w). (4.12)
n=0
Next note that for every n € {0,1,..., N} it holds that the function
Q3w Iy (w) € {0,1} (4.13)
is IF,,/B({0, 1})-measurable. This and the fact that
Vne{0,1,....,N}: oa((X, X1,..., X)) =F, (4.14)
ensures that for every n € {0,1,..., N} it holds that the function
Q5w L—ny(w) € {0,1} (4.15)

is oq((Xo, X1, ..., &,))/B({0,1})-measurable. Lemma 4.1 hence demonstrates that there
exist Borel measurable functions V,,: (RY)"*! — {0,1}, n € {0,1,..., N}, which satisfy
for all n € {0,1,..., N}, w € Q that

Liren (W) = Vo (Xo(w), Xi(w), ..., Xu(w)). (4.16)

Next let U,: (RY)™! — R, n € {0,1,...,N}, be the functions which satisfy for all
ne{0,1,...,N}, 29,21, ..., 7, € R? that

U, (zo, 1, ..., xy)
n—1
4.17
:maX{Vn('r()axla"wl‘n)?n—i_1_N} ll_ZU/{('xmxla"'axk)] : ( )
k=0

Observe that (4.17), in particular, ensures that for all g, 1, ..., 2y € R? it holds that

N-1
UN<$0,ZL‘1, ce ,JZN) = [1 - ZUk(ZL‘(),l’l, ce ,ZL‘k)] . (418)
k=0

Hence, we obtain that for all zg, 21, ...,zx € R? it holds that
N
> Uilwo, 1, ... 2x) = 1. (4.19)
k=0
In addition, note that (4.17) assures that for all zy € R? it holds that
Uo(l‘o) = VQ(!E()). (420)
Induction, the fact that
Vne{0,1,...,N}, zg,21,...,2, € R V, (29, 21,...,2,) € {0,1}, (4.21)
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and (4.17) hence demonstrate that for all n € {0,1,..., N}, zg,21,...,7, € R? it holds
that

{Uo(xo),Ul(.fo,Il), c. ,Un(l‘o, T1y... ,I‘n), ZUk($O,$1, c. ,.l’k)} Q {0, 1} (422)
k=0

Moreover, note that (4.17), induction, and the fact that the functions V,: (R%)"*! —
{0,1}, n € {0,1,..., N}, are Borel measurable ensure that for every n € {0,1,..., N} it
holds that the function

(]R"l)m'1 S (2o, 1, ..y xn) = Uy(o, 21, .., 2,) € {0,1} (4.23)

is also Borel measurable. In the next step we observe that (4.20), (4.17), (4.21), and
induction assure that for all n € {0,1,...,N}, 2o, 21,...,7, € R withn+1 - N <
Y peo Vi(xo, 1, ..., 2) < 1it holds that

VEke{0,1,...,n}: Ug(zo, x1,...,2x) = Vi(zo, 21, ..., Tk)- (4.24)
In addition, note that (4.16) shows that for all w € Q it holds that

D Vi(A(w), Xi(w), ., X)) = ) Loy (w) = 1. (4.25)

This, (4.24), and again (4.16) imply that for all k£ € {0,1,..., N}, w € Q it holds that
Uk (Xo(w), Xi(w), ..., X(w)) = Vi (Xp(w), Xo(w), ..., Xe(w)) = Lepy(w). (4.26)
Equation (4.12) hence proves that for all w € € it holds that

T(w) =Y nU, (X% (w), Xi(w), ..., Xa(w)). (4.27)

Combining this with (4.19) and (4.23) establishes (ii). The proof of Lemma 4.2 is thus
complete. O

4.1.4 Neural network architectures for stopping times

In the next step we employ multilayer neural network approximations for the functions
U,: (RH)"* — {0,1}, n € {0,1,..., N}, in the factorisation lemma, Lemma 4.2 above.
In the following we refer to these functions as ‘stopping time factors’. Consider again the
setting in Subsections 4.1.1 and 4.1.2, for every §-stopping time 7: Q — {0,1,..., N} let
U,,: (RY)"* — {0,1}, n € {0,1,..., N}, be Borel measurable functions which satisfy
Vo, 21,..., o8 € R?: Zgzo U, - (z0,21,...,2,) =1 and

N
7= nUp (X, X, &) (4.28)

n=0

(cf. (ii) in Lemma 4.2), let v € N be a sufficiently large natural number, and for every
n € {0,1,...,N}, 0 € R” let upp: R — (0,1) and U, 4: (R)"! — (0,1) be Borel

measurable functions which satisfy for all zg, z1, ..., 2, € R? that
n—1
Uno(zo, T1,. .., 2,) = max{u,o(z,),n+1—N} |1 — Z Uko(zo, 21, ..., T) (4.29)
k=0
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(cf. (4.17) above). Observe that for all § € R, 29, x1,...,zx € R? it holds that

N
> Unolwo,z1,... 1) = 1. (4.30)

n=0

We think of v € N as the number of parameters in the employed artificial neural networks
and for every appropriate §-stopping time 7: Q — {0, 1,..., N} we think of the functions
Ung: (R — (0,1) for n € {0,1,..., N} and suitable § € R” as appropriate approxi-
mations for the stopping time factors U, ,: (RY)"™1 — {0,1}, n € {0,1,..., N}. Due to
(4.30) for every 6 € R the stochastic process

{0,1,....N} x Q3 (n,w) = Upp(Xo(w), X1(w),..., X (w)) €(0,1) (4.31)

can also be viewed as an in an appropriate sense ‘randomised’ stopping time (cf., e.g.,
[291, Definition 1 in Subsection 3.1] and, e.g., [125, Section 1.1]). Furthermore, since
X:{0,1,...,N} x Q — R is a Markov process, for every n € {0,1,..., N} we only
consider functions u,¢: R? — (0,1), § € R”, which are defined on R? instead of (R%)"**
and which in (4.29) only depend on x,, € R? instead of (zg, z1, ..., 2z,) € (R?)"*! (cf. (4.29)
and (4.17) above and |28, Theorem 1 and Remark 2 in Subsection 2.1]). We suggest to
choose the functions wu,g: R? — (0,1), § € RY, n € {0,1,...,N — 1}, as multilayer
feedforward neural networks (cf. [28, Corollary 5 in Subsection 2.2| and, e.g., [16, 92,
175]). For example, for every k € N let £;,: R¥ — R* be the function which satisfies for
all z = (z1,...,7;) € R* that

B exp(zy) exp(a) exp(zy)
Lilz) = (exp(a:l) + 17 exp(xe) +17 7 exp(ay) + 1) ’ (4:32)

for every 0 = (01,...,0,) e R", v € Ny ={0,1,2,...}, k,l e Nwith v+ k(I +1) < v let

A%": Rl — R* be the affine linear function which satisfies for all = (z1,..., ;) € R!
that
Ovt1 D2 s Ouy I Ovtki1
Ovyit1 Ovrive oo Oupo T Ot kit2
Azq;(x) = Ovt2041 Oviair2 . Ougs T3 | 4+ | Oviries | (4.33)
Ovre—1)141 Oore—1i42 -+ Ouym T Ovtkitk

and assume for all n € {0,1,...,N — 1}, 0 € R” that v > N(2d + 1)(d + 1) and
Ung = Ly 0 APG I o £ 0 AGFHHDED 6 £ o AGPrENEEDERD () 3y)

The functions in (4.34) provide artificial neural networks with 4 layers (1 input layer with
d neurons, 2 hidden layers each with d neurons, and 1 output layer with 1 neuron) and the
multidimensional version of the standard logistic function R 3 z +— exp(@)/(exp(z)+1) € (0, 1)
(cf. (4.32) above) as activation functions. In our numerical simulations in Section 4.3 we
use this type of activation function only just in front of the output layer and we employ
instead the multidimensional version of the rectifier function R > = +— max{x,0} €
[0,00) as activation functions just in front of the hidden layers. But in order to keep the
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illustration here as short as possible we only employ the multidimensional version of the
standard logistic function as activation functions in (4.32)—(4.34) above. Furthermore,
note that in contrast to the choice of the functions u,g: R? — (0,1), § € R, n €
{0,1,..., N —1}, the choice of the functions uyg: R? — (0,1), # € R”, has no influence on
the approxmlate stopping time factors U, g: (Rd)"+1 — (0,1),0 e R, n e {0,1,...,N}
(cf. (4.29) above).

4.1.5 Formulation of the objective function

Recall that we intend to compute the real number

sup{E[g(t,, ;)] : 7 Lol i e (4.35)
as an approximation of the American option price (4.2) (cf. (4.7) in Subsection 4.1.2). By
employing neural network architectures for stopping times (cf. Subsection 4.1.4 above),
we next propose to replace the search over all §-stopping times for finding the supremum
in (4.35) by a search over the artificial neural network parameters 6 € R” (cf. (4.38) below).
For this, observe that (4.28) implies for all §-stopping times 7: 2 — {0,1,..., N} and all
ne€{0,1,..., N} that

Lireny = Up (X, X1, .0, X)), (4.36)

Therefore, for all F-stopping times 7: Q@ — {0,1,..., N} it holds that

N

t‘l’? X [Z ]1{7' n}] tT? X Z ]1{7':11} g(trw Xn)

n=0
0 (4.37)
- UHJ(XOaXla"'7Xn)g(tn7Xn)'
0

n=

Combining this with (i) in Lemma 4.2 and (4.30) inspires the approximation
sup{E[g(t,, ;)] : 7 o men

N
E Z Un,r(Xo, &1, ..., &) g(tn, Xn)] T %;}ti%xl);ng’ﬁinf an}

| n=0
Vp: (R 5{0,1},n€{0,1,...,N},
are Borel measurable functions with
Y 20,@1,...,0 ny ER?: Zn o Va(20,21,....2n)=

E> V(X X,

{ G(tn, Xn
| n=0
{ N B, : (RYH?T15[0,1],n€{0,1,...,N},

(4.38)
E Z mn(){m Xl, ey Xn) g(t,u Xn) : are Borel measurable functions with

N
=0 V20,@1,...t N ERT: SN W (20,21 00y n )=

Uy : (RH? 1 (0,1),n€{0,1,...,N},
are Borel measurable functlons with
V20,21, 2N ERY: SN 80 (20,2150 0T0 )=

E|> (X, X,

| n=0
~ sup{E

g(tm Xn)

N

ZUn,@(X()’Xh e JXH> g(tnw)(n)] 10 € RV}

n=0
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In view of this, our numerical solution for approximatively computing (4.35) consists of
trying to find an approximate maximiser of the objective function

N
R"3 0 E|Y Unp(Xo, X, .., Xa) gltn, Xa) | €R. (4.39)

n=0

4.1.6 Stochastic gradient ascent optimisation algorithms

Local /global maxima of the objective function (4.39) can be approximately reached by
maximising the expectation of the random objective function

R" x Q3 (0,w) = > Unp(Xo(w), Xi(w), ..., Xa(w)) g(tn, Xo(w)) €R (4.40)

n=0

by means of a stochastic gradient ascent-type optimisation algorithm. This yields a se-
quence of random parameter vectors along which we expect the objective function (4.39)
to increase. More formally, applying under suitable hyptheses stochastic gradient ascent-
type optimisation algorithms to (4.39) results in random approximations

0, =OW ... o). q R (4.41)

for m € {0,1,2,...} of the local/global maximum points of the objective function (4.39),
where m € {0,1,2,...} is the number of steps of the employed stochastic gradient ascent-
type optimisation algorithm.

4.1.7 Price and optimal exercise time for American-style options

The approximation algorithm sketched in Subsection 4.1.6 above allows us to approxima-
tively compute both the price and an optimal exercise strategy for the American option
(cf. Subsection 4.1.1). Let M € N and consider a realisation ©,; € R” of the random
variable ©,;: 0 — R”. Then for sufficiently large N, v, M € N a candidate for a suitable
approximation of the American option price is the real number

N
E|> Us, (X0, X, .., 2) gltn, Xn) (4.42)
n=0

and a candidate for a suitable approximation of an optimal exercise strategy for the
American option is the function

Q5w Y nU,5, (Xow), (W), ..., X (w)) € [0, N]. (4.43)

M
n=0
Note, however, that in general the function (4.43) does not take values in {0,1,..., N}
and hence is not a proper stopping time. Similarly, note that in general it is not clear
whether there exists an exercise strategy such that the number (4.42) is equal to the
expected discounted pay-off under this exercise strategy. For these reasons we suggest
other candidates for suitable approximations of the price and an optimal exercise strategy
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for the American option. More specifically, for every § € R” let 75: Q — {0,1,..., N} be
the §-stopping time given by

o = min{n €{0,1,... N} > Upp(Xo, .., ) > 1= Upp(X, ... ,Xn)}. (4.44)
k=0

Then for sufficiently large N, v, M € N we use a suitable Monte Carlo approximation of
the real number

E|g(trs,, Xy, (4.45)

as a suitable implementable approximation of the price of the American option (cf. (4.2)
in Subsection 4.1.1 above and (4.58) in Subsection 4.2.1 below) and we use the random
variable

T8, 2 —{0,1,...,N} (4.46)

as a suitable implementable approximation of an optimal exercise strategy for the Amer-
ican option. Note that one has

Ts,, = min{n €{0,1,...,N}: U5 (Xo,...., %) >1=> U (X,..., Xk)}
= (4.47)

N
— min{n €{0,1,... . N}: U 5 (Xo,.... %) > > U, (X, Xk)}.

k=n+1

This shows that the exercise strategy 75 Q — {0,1,..., N} exercises at the first time
index n € {0,1,..., N} for which the approximate stopping time factor associated to
the mesh point ¢, is at least as large as the combined approximate stopping time factors
associated to all later mesh points. Furthermore, observe that it holds that
Bo(tny, X, )] < up{ Bl )] 08B0 (aay
Roughly speaking, this illustrates that Monte Carlo approximations of the number (4.45)
are typically low-biased approximations for the American option price (4.2). Finally, we
point out that, in comparison with the deep learning based approximation method for
solving optimal stopping problems in Becker, Cheridito, & Jentzen [28], the parameters
Oy € R” determining an approximate optimal exercise strategy (cf. (4.46) above) are
obtained using a single training procedure to approximately maximise a single objective
function (cf. (4.39) above) and not found recursively through a sequence of training pro-
cedures along with different random objective functions (cf. |28, Subsections 2.2 and 2.3]).

4.2 Details of the proposed algorithm

4.2.1 Formulation of the proposed algorithm in a special case

In this subsection we describe the proposed algorithm in the specific situation where the
objective is to solve the American option pricing problem described in Subsection 4.1.1,
where batch normalisation (cf. loffe & Szegedy [184]) is not employed in the proposed algo-
rithm, and where the plain vanilla stochastic gradient ascent approximation method with
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a constant learning rate v € (0,00) and without mini-batches is the employed stochas-
tic approximation algorithm. The general framework, which includes the setting in this
subsection as a special case, can be found in Subsection 4.2.2 below.

Framework 4.1 (Specific case). Let T,y € (0,00), d,N € N, v = N(2d + 1)(d + 1),
let p: RY — R o: RT — R and g: [0,7] x R — R be Borel measurable func-
tions, let (Q, F,P) be a probability space, let £™: Q — RY, m € N, be independent ran-
dom variables, let W™: [0,T] x Q — R4, m € N, be independent P-standard Brownian
motions with continuous sample paths, assume that (§™)men and (W™)en are indepen-
dent, let to,ty,...,txy € [0,T] be real numbers with 0 = ty < t; < ... < ty =T, let
Xm: {to, ty, ... tn} x Q = RY m € N, be the stochastic processes which satisfy for all
meN, ne{0,1,...,N — 1} that A" =™ and

P

tn+1

= X"+ p(X]) (tngr — o) + o () (W — W), (4.49)

tn+1

for every k € N let L,: R¥ — R¥ be the function which satisfies for all v = (z1,...,7%) €
R* that
ﬁk(I) _ ( eXp(-Zj) 7 eXp($2) - eXp<xk’) ) ’ (450)
exp(zy) + 17 exp(zg) + 1 exp(zy) + 1

for every 0 = (0y,...,0,) e RV, v € Ny, k,l € N withv+k(l+1) <v let AZ’;: R! — R¥
be the function which satisfies for all & = (z1,...,7;) € R that

! I
Ai}’(m) = (0v+kl+1 + [Z T 9v+i:| sooo s Oogrigr + {Z T Qv+(k—l)l+i:| >, (4.51)
i=1 i=1
for every 0 € R” let uyo: R* — (0,1), n € {0,1,..., N}, be functions which satisfy for
alln € {0,1,...,N — 1} that

Ung = /Cl o A? EiQnd-i-n)(d-&-l ° [, AO ,(2nd+n+1)(d+1) ,C A ((2n+1) d-i-n-i—l)(d-ﬁ—l)7 (452)
for every n € {0,1,...,N}, 0 € R” let U,p: (RY)" — (0,1) be the function which
satisfies for all o, x1,...,x, € R? that

n—1

Un,g(aio,ﬂfl, - ,Q3n> = max{un,g(xn),n +1-— N} 1— Z Uk,g(xo, L1, ... ,xk)
k=0

. (4.53)

for every m € N let ¢™: R” x Q2 — R be the function which satisfies for all 6 € R”, w € Q
that

W) = 3 |Uno (R (@), K@), X)) g (b, X)) |, (454)

n=0

for every m € N let ®™: R¥ x Q — R¥ be the function which satisfies for all 6 € R,
w € ) that
@m(tg’w) = (V9¢m>(07w>7 (455>

let ©: Ny x Q — R” be a stochastic process which satisfies for all m € N that

@m = @m—l + Y- @m(@m_l), (456)
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and for every j € N, § € R” let 7;9: Q — {to,t1,...,tn} be the random variable given by

Tj,ezmin{se 0,77]: (Elne {0,1,...,N}:
| | (4.57)
[s =t and X7 Uo(Xi, ..., X0 ) >1-U, (Xgo,...,)cgn)D}.

Consider the setting in Framework 4.1, assume that p and o are globally Lipschitz
continuous, and assume that g is continuous and at most polynomially growing. In the
case of sufficiently large N, M,J € N and sufficiently small v € (0,00) we then think of

the random real number
J

1 .
j [Z g<7—M+j,@M? Xfrj‘léii(_)M )] (458)

j=1
as an approximation of the price of the American option with the discounted pay-off
function g and for every j € N we think of the random variable

M+ 0 = {fo, 1, N} (4.59)

as an approximation of an optimal exercise strategy associated to the underlying time-
discrete path (XtMﬂ)te{tmtl ,,,,, tx} (cf. Subsection 4.1.1 above and Section 4.3 below).

4.2.2 Formulation of the proposed algorithm in the general case

In this subsection we extend the framework in Subsection 4.2.1 above and describe the
proposed algorithm in the general case.

Framework 4.2. Let T € (0,00), d,N,M,v,s,0 € N, let g: [0,T] x R* — R be a Borel
measurable function, let (Q, F,IP) be a probability space, let to,t1,...,tx € [0,T] be real
numbers with 0 =ty < t; < ... <ty =T, let X™ = (XD Fmi Dy Lo ¢y,
tn} x Q=R j €N, m e Ny, be i.i.d. stochastic processes, for everyn € {0,1,..., N},
0 € R, s e€R let uls: RY — (0,1) be a function, for every n € {0,1,...,N}, 0 € R”,
s € RS let Uls: (Rd)”“ — (0,1) be the function which satisfies for all xo,x1,. .., 1, € R?
that

n—1
USS (o, 21, -, ) = max{uf(z,),n+ 1= N} |1 =Y U (w21, ... ,xk)] . (4.60)
k=0

let (Jm)men, € N be a sequence, for every m € N, s € R® let ¢"*: R” x Q — R be the
function which satisfies for all @ € R”, w € € that

&m0 ;ZZ[U“ Xm] ),X[l"’j(w),...,XtT’j(W))g(tnaXtTj(W))}’ (4.61)

m]an

for every m € N, s € R [et ™5: R” x Q@ — R” be a function which satisfies for all
weQ 0e{neR: ¢"™%(,w): R” — R is differentiable at n} that

(Dmﬁ(evw) = (V9¢m7s)(07w)7 (462)
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let S: RS x R” x (RHLOL--N=1XN s RS pe q function, for every m € N let ¥,,: R? x
RY — R¢ and 1,,: R — R” be functions, let S: Ny x Q — R, Z: Ny x Q — R?, and
O: Ny x Q — R” be stochastic processes which satisfy for all m € N that

S, = S(Sm_l, Om_1, (XtT’j)(n,j)e{o,l N—I}XN); (4.63)

-----

Em = lIlm(Emfla (I)m,Sm (@mfl))a and @m = @mfl + wm<Em)7 (464>

for every j € N, § € R”, s € RS let 7795: Q — {to,t1,...,tn} be the random variable
given by

73,08 :min{s € [0,7]: (3716 {0,1,...,N}: (4.65)
[s=t, and Y}, U,f’s(?(t?)’j, . Xti’j) >1- Us’s(xt?)’j’ e >Xt%j)]) }7

and let P: Q — R be the random variable which satisfies for all w € Q) that

Jo
1 j w w j
Pw) = T [Zg(Ta,@M( )Si( )(w)aXfﬁeM(w»sMww)W»] : (4.66)
j=1

Consider the setting in Framework 4.2. Under suitable further assumptions, in the
case of sufficiently large N, M, v, J, € N we think of the random real number

Jo
1 , ;
P = T [E g(Tj7®AI7SNI?XSJY:L)J\/I’SM)] (4.67)

J=1

as an approximation of the price of the American option with the discounted pay-off
function g and for every j € N we think of the random variable

Tj,@M,SM Q=N {t07 tl; .. ,tN} (468)

as an approximation of an optimal exercise strategy associated to the underlying time-
discrete path (AX)seron....en1 (cf. Subsection 4.1.1 above and Section 4.3 below).

4.2.3 Comments on the proposed algorithm

Note that the lack in Framework 4.2 of any assumptions on the dynamics of the stochas-
tic process (é\fto’l)te{toythm,m} allows us to approximatively compute the optimal pay-
off as well as an optimal exercise strategy for very general optimal stopping problems
where, in particular, the stochastic process under consideration is not necessarily a solu-
tion of any stochastic differential equation. We only require that the stochastic process
(Xto’l)te{tmth””t]v} can be simulated efficiently and formally we still rely on the Markov
assumption (cf. Subsection 4.1.4 above). In addition, observe that any particular choice
of the functions u?v’s: RY — (0,1), s € R, # € R”, has no influence on the proposed
algorithm (cf. (4.60)). Furthermore, the dynamics in (4.64) associated with the stochastic
processes (2, )men, and (O, )men, allow us to incorporate different stochastic approxima-
tion algorithms such as
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e plain vanilla stochastic gradient ascent with or without mini-batches (cf. (4.56)
above) as well as

e adaptive moment estimation (Adam) with mini-batches (cf. Kingma & Ba [201] and
(4.92)—(4.93) in Subsection 4.3.2 below)

into the algorithm in Subsection 4.2.2 (cf. E, Han, & Jentzen [110, Subsection 3.3]). The
dynamics in (4.63) associated with the stochastic process (S;,)men, in turn, allow us
to incorporate batch normalisation (cf. Toffe & Szegedy [184] and the beginning of Sec-
tion 4.3 below) into the algorithm in Subsection 4.2.2. In that case we think of (S;,)men,
as a bookkeeping process keeping track of approximatively calculated means and stan-
dard deviations as well as of the number of steps m € Ny of the employed stochastic
approximation algorithm.

4.3 Numerical examples of pricing American-style de-
rivatives

In this section we test the algorithm in Framework 4.2 on several different examples of
pricing American-style financial derivatives.

In each of the examples below we employ the general approximation algorithm in
Framework 4.2 above in conjunction with the Adam optimiser (cf. Kingma & Ba [201])
with varying learning rates and with mini-batches (cf. Subsection 4.3.2 below for a precise
description).

Furthermore, in the context of Framework 4.2 we employ N — 1 fully connected feed-
forward neural networks in each of our implementations for the examples below where
the initial value Xt(;’l is deterministic. In that case the data entering the functions
ug®: R — (0,1), s € R, § € RY, is deterministic (cf. (4.60)-(4.61)). Therefore, a train-
ing procedure is not necessary for the approximative calculations of these functions but is
only carried out for the functions u?’s, e ,u?\}s_l ' R? — (0,1), s € R°, # € R”. If, however,
the initial value Xt?)’l is not deterministic (cf. the example in Subsection 4.3.4.4 below),
a training procedure is carried out for all the functions ug®, u?®, ... u% : R? — (0,1),
s € R, 8 € R”, and in that case we hence employ N fully connected feedforward neural
networks (cf. Becker, Cheridito, & Jentzen |28, Remark 6 in Subsection 2.3]).

All neural networks employed have one input layer, two hidden layers, and one output
layer. As non-linear activation functions just in front of the two hidden layers we employ
the multidimensional version of the rectifier function R 5 z +— max{z,0} € [0, 00),
whereas just in front of the output layer we employ the standard logistic function R 5 x —
xp(2)/(exp(z)+1) € (0, 1) as non-linear activation function. In addition, batch normalisation
(cf. Toffe & Szegedy [184]) is applied just before the first linear transformation, just before
each of the two non-linear activation functions in front of the hidden layers as well as
just before the non-linear activation function in front of the output layer. We use Xavier
initialisation (cf. Glorot & Bengio [136]) to initialise all weights in the neural networks.

All the examples presented below were implemented in PYTHON. The corresponding
PYTHON codes were run, unless stated otherwise (cf. Subsection 4.3.4.1.2 as well as the last
sentence in Subsection 4.3.4.1.3 below), in single precision (float32) on a NVIDIA GeForce
GTX 1080 GPU with 1974 MHz core clock and 8 GB GDDR5X memory with 1809.5 MHz
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clock rate, where the underlying system consisted of an Intel Core i7-6800K 3.4 GHz CPU
with 64 GB DDR4-2133 memory running Tensorflow 1.5 on Ubuntu 16.04. We would like
to point out that no special emphasis has been put on optimising computation speed.
In many cases some of the algorithm parameters could be adjusted in order to obtain
similarly accurate results in shorter runtime.

4.3.1 Theoretical considerations

Before we present the optimal stopping problem examples on which we have tested the
algorithm in Framework 4.2 (cf. Subsections 4.3.3 and 4.3.4 below), we recall a few theo-
retical results, which are used to design some of these examples and to provide reference
values. The elementary and well-known result in Lemma 4.3 below specifies the distribu-
tions of linear combinations of independent and identically distributed centred Gaussian
random variables which take values in a separable normed R-vector space.

Lemma 4.3. Let n € N, v = (71,...,7,) € R*, let (V,|]|;,) be a separable normed
R-vector space, let (Q, F,P) be a probability space, and let X;: Q — V, i€ {1,...,n}, be
1.1.d. centred Gaussian random variables. Then it holds that

(Z Vi Xi) (B)svy = (vllre X0 (P)sev)- (4.69)

Proof of Lemma 4.5. Throughout this proof let Y;,Y5: 2 — V be the random variables
given by Y7 = " % X; and Yo = ||y[[gn Xi. Note that for every ¢ € V' it holds
that p o X;: Q@ — R, i € {1,...,n}, are independent and identically distributed centred
Gaussian random variables. This implies that for all ¢ € V' it holds that

ﬁ elrie(Xi) | — ﬁ]E[ei (vi <p)(Xi)]
i=1 ;

= [Texp(=3E[l(up)(X)P]) = [T exp (=3 E[I(: ) (X0)I])

P (4.70)
= exp (—%E Z !%sO(Xl)\ZD = exp(—3 E[|(I7llz- ©)(X1)[])

— E[eiH'YHR" sO(Xl)} — E[eiv(Yz)}_

E[ei‘p(yl)} = E[eiz?:l Vi @(Xz‘)] - )

This and, e.g., Jentzen, Salimova, & Welti [193, Lemma 4.10] establish that
Yi(P)sw) = Ya(P)sv). (4.71)
The proof of Lemma 4.3 is thus complete. 0

The next elementary and well-known corollary follows directly from Lemma 4.3.

Corollary 4.4. Let d € N, v = (v1,...,7) € R%, let (Q, F,P) be a probability space,
and let W = (WO . W) [0,T] x Q — R? be a P-standard Brownian motion with
continuous sample paths. Then it holds that

d
(Z Vi Wm) (P)scqonm) = ([7lee W) (P)scormy- (4.72)
=1
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The next elementary and well-known result, Proposition 4.5, states that the distri-
bution of a product of multiple correlated geometric Brownian motions is equal to the
distribution of a single particular geometric Brownian motion.

Proposition 4.5. Let T,e € (0,00), d €N, & = (¢,...,54) E R £ = (&,...,&),a =
(1, ..., 0q), 8 = (B1,...,B8s) € R, let (Q,F,P) be a probability space, let F) =
(L%(i))te[gﬂ, i € {1,2}, be filtrations on (2, F,P) that satisfy the usual conditions, let W =
(WO W@ [0,T] x Q = R? be a standard (0, F,P,.FW)-Brownian motion with
continuous sample paths, let W: [0,T] x Q — R be a standard (Q, F,P,.F?)-Brownian
motion with continuous sample paths, let p: R — R, o: RY — R4 P: C([0,T], RY) —
C([0, T],R), and G: C([0,T],R) — C([0,T],R) be the functions which satisfy for all x =
(z1,...,24) € RY, u) = (ugl))se[oﬂ, coould) = (ugd))se[oﬂ e C([0,T,R), t € [0,T] that
w(z) = (anxy, ..., aqrq), o(r) = diag(Bixy, . .., Bexq) &%, (GuM]), = exp(e [Zle ; —
18il20/2]t + € ]|S Bllga uf™) L, 61, and (P[(w®,...,u®)]), = TIL, ||, let X =
(XO L XDY: [0, T]) x Q — R? be an .FWV-adapted stochastic process with continuous
sample paths, let Y : [0,T] x Q — R be an .F @ -adapted stochastic process with continuous
sample paths, and assume that for all t € [0,T] it holds P-a.s. that

X, -+ /0 H(X,) ds + /D o (X,)dW,, (4.73)

=1

d d iz, 1 lessiz,\ [ ¢
Y= I1GI + { e | X — = + = /YSdSJFGHGBHRd/stWS. (4.74)
1=1 0 0

Then
(i) forallie{1,...,d}, t €[0,T] it holds P-a.s. that

2
i 1Si
X0 = eXp<[ai B 2||Rd

}t + Bi(Si, Wt)Rd) &is (4.75)

(11) it holds that P and G are continuous functions, and
(111) it holds that

(P o X)(P)s(c(o.r) = (G o W)(P)scorry = Y (P)scqomr)- (4.76)

Proof of Proposition 4.5. Throughout this proof let v = (y1,...,74) € R¢ be the vector
given by v = &3, let ZW:[0,T] x Q — R, i € {1,...,d}, be the stochastic processes
which satisfy for all i € {1,...,d}, t € [0,T] that

(i) ”5&'”%@
Z, a; — 5 t+ Bifsi, Wi)ma, (4.77)

and let G: C([0,T],R) — C([0,T],R) be the function which satisfies for all u = (Us)sefo1]
e C([0, T],R), t € [0,T] that

(Glu) = exp ( [Z oo U

i=1

d
t+ eut> [T&l (4.78)

=1
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Observe that for all i € {1,...,d}, t € [0,T] it holds P-a.s. that
) t ) t )
X =&+ / X9 ds + 8 / XD, dW,)pa. (4.79)
0 0
In addition, note that (4.77) implies that for all i € {1,...,d}, t € [0,T] it holds P-a.s.

that
(4) ! ||Bi§i||2d !
Zt :/ Q; — 9 R dS“‘/ /6i<§i7dWs>]Rd- (480)
0 0

[t6’s formula hence shows that for all i € {1,...,d}, t € [0,7] it holds P-a.s. that

. 12 t ; t .
ezt()& =§z‘+ [Oéz' - Hﬁzznw]/ ezg)fz' dS—Fﬁz’/ 6Z§)€i<§i7dWs>Rd
0 0
|12 t i
+ H&Z"Rd/ €Z£>§'d8 (4.81)
0

t i t i
=&+ o4 / eZé >§i ds + @/ eZé )fi(gi, dWy)ga.
0 0

Combining this and (4.79) with, e.g., Da Prato & Zabczyk |94, (i) in Theorem 7.4] proves
that for all i € {1,...,d}, t € [0,77] it holds P-a.s. that

() _ 2O, _ ||5z‘§i||fgd
X' =e% & =exp| |a; — 5 t+ Bi{si, Wigra ) &. (4.82)

This establishes (i). In the next step note that (ii) is clear. It thus remains to prove (iii).
For this observe that (i) establishes that for all £ € [0, 7] it holds P-a.s. that

(PX]): = Q\Xw _ H e (e o - Lol

[ HﬁigiH%d_ d - €
=exp| € Z@i_ 5 t+e Z%ﬁi,Wt H‘fa’
=1 R4

}t + € Bi{si, Wt)Rd) |§z|6}

Li=1 i i=1
=exp| € _Ed:ou— Hﬁigi”%d_t—i-e( Wy) f[|§|6 (4.83)
= eXp 2 i 9 Vs VVt)Re 11 i .
[
=1 t
Continuity hence implies that it holds P-a.s. that

d
P[X] =G [Z i W“)] . (4.84)

i=1

Moreover, note that (i) shows that for all ¢t € [0, 7] it holds P-a.s. that

d d
Bisillza Syl €6 f|2a .
Y, :exp({e [Zai _ I 2||R + | ; I _ I 5 [ t+ €S Bllge W H|£’|

. |1Bisill - B
:exp<6 [Zai— TR t+ €||& B|pa wt> [T 1&r (4.85)
i=1 =1
= (G[W])s.
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This and continuity establish that it holds P-a.s. that
Y = Gw]. (4.86)
Furthermore, observe that Corollary 4.4 ensures that

(Z nW > seqormy = (Il W) (B)scomzy- (4.87)

The fact that G: C([0 ,T],R) = C([0,T],R) is a Borel measurable function, (ii), the fact
that Vu € C([0,T],R): G[||V|lge u] = Glu], (4.84), and (4.86) hence demonstrate that

(P o X)(P)s(c(o.1)r) = ( (Z v W ) > (0.T],R))

B (4.88)
= (G o (IMllre W) (P)sco.112) = (G o W) (P)s(co,mm)
= (G oW)(P)sc(oair) =Y (P)sc(orr)-
The proof of Proposition 4.5 is thus complete. O

In the next result, Lemma 4.6, we recall the well-known formula for the price of a
European call option on a single stock in the Black—Scholes model.

Lemma 4.6. Let T,&,0 € (0,00), r,c € R, let : R — R be the function which satisfies
for all x € R that ®(x) = ffoo me_%yQ dy, let (Q,F,P) be a probability space with a
filtration F = (F)icior) that satisfies the usual conditions, let W: [0,T] x Q@ — R be a
standard (2, F, P, F)-Brownian motion with continuous sample paths, and let X : [0, T] x

Q — R be an F -adapted stochastic process with continuous sample paths which satisfies
that for all t € [0,T] it holds P-a.s. that

t t
Xe=€+4(r— c)/ Xsds + a/ X, dWs. (4.89)
0 0

Then it holds for all K € R that
E[e”" max{Xr — K,0}]
—c r—c 22 T+In(§ o r—c—ﬁ T+In(§
e Tgcp(( + )T ) - K Tcp(( )T €9) iKk>0  (490)
e Te — Ke T K <0

4.3.2 Setting

Framework 4.3. Assume Framework 4.2, let (; = 0.9, ( = 0.999, € € (0,00), (Vm)men C
(0,00), & = (&1,...,80) € RY, let F = (Fi)icion be a filtration on (Q, F,P) that satis-
fies the usual conditions, let W™ = (Wm5M)  Jymid). [0,T] x Q@ — R, j € N,
m € Ny, be independent standard (Q, F,P, F)-Brownian motions with continuous sam-
ple paths, let pu: R — RY and o: R? — R¥>? be Lipschitz continuous functions, let
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X = (XMW XD [0,T] x Q — RY be an . -adapted stochastic process with continu-
ous sample paths which satisfies that for all t € [0,T) it holds P-a.s. that

t t
X _§+/ u(Xs)der/ o(X,)dwot (4.91)
0 0
assume for alln € {0,1,...,N} that o = 2v, 2y = 0, and t, = %, and assume for all
meN, z=(21,...,2,), y= (Y1, U), 1= (M,...,m) € R” that
V(z,y,m) = (Cll' + (1= C)n, Gy + (1 — Cz)((m)Q, cee (771/)2)) (4.92)
and
] T e ] T
o Y m Y mEr
Ym(x,y) = ({ Gy —1—6] A [ G T 6] . (C1>m> (4.93)

Equations (4.92)—(4.93) in Framework 4.3 describe the Adam optimiser with possibly
varying learning rates (cf. Kingma & Ba [201] and, e.g., E, Han, & Jentzen [110, (4.3)-
(4.4) in Subsection 4.1 and (5.4)—(5.5) in Subsection 5.2|). Furthermore, in the context
of pricing American-style financial derivatives, we think

e of T as the maturity,

e of d as the dimension of the associated optimal stopping problem,

e of N as the time discretisation parameter employed,

e of M as the total number of training steps employed in the Adam optimiser,
e of g as the discounted pay-off function,

o of {to,t1,...,tn} as the discrete time grid employed,

e of Jy as the number of Monte Carlo samples employed in the final integration for
the price approximation,

e of (J,,)men as the sequence of batch sizes employed in the Adam optimiser,

e of (7 as the momentum decay factor, of (5 as the second momentum decay factor,
and of ¢ as the regularising factor employed in the Adam optimiser,

e of (Vm)men as the sequence of learning rates employed in the Adam optimiser,

e and, where applicable, of X as a continuous-time model for d underlying stock prices
with initial prices &, drift coefficient function u, and diffusion coefficient function o.

Moreover, note that for every m € Ny, j € N the stochastic processes W™ =
(th’J’(l))te[mT], o, Wmenld) — (th’J’(d))te[QT] are the components of the d-dimensional
standard Brownian motion W™ = (W™ )tefo,r) and hence each a one-dimensional stan-
dard Brownian motion.
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4.3.3 Examples with known one-dimensional representation

In this subsection we test the algorithm in Framework 4.2 in the case of several very
simple optimal stopping problem examples in which the d-dimensional optimal stopping
problem under consideration has been designed in such a way that it can be represented
as a one-dimensional optimal stopping problem. This representation allows us to em-
ploy a numerical method for the one-dimensional optimal stopping problem to compute
reference values for the original d-dimensional optimal stopping problem. We refer to Sub-
section 4.3.4 below for more challenging examples where a one-dimensional representation
is not known.

4.3.3.1 Optimal stopping of a Brownian motion
4.3.3.1.1 A Bermudan two-exercise put-type example

In this subsection we test the algorithm in Framework 4.2 on the example of optimally
stopping a correlated Brownian motion under a put option inspired pay-off function with
two possible exercise dates.

Assume Framework 4.3, let » = 0.02 = 2%, 6 = 0.3 = 30%, x = 95, K = 90, Q =

{i}: Qi; = 0.1, and 66* = Q, let F = (F;)ep,r) be the filtration generated by W,
and assume for all m,j € N, n € {0,1,2}, s € [0,T], z = (21,...,24) € R? that
T =1, N=2 M =500, """ =&W,/ ", J, =4096000, J, = 8192, ¢ = 10~%,
Ym = O [10_2 1[17100](7%) +1073 1(1007300} (m) +104 1(300’00) (m)], and

g(s,x)=¢€""" maX{K - exp([r —18%]s+ i\(/gg) [Ty + ...+ xd])x, O}. (4.94)
Note that the distribution of the random variable Q 3 w — ([0, 7] 3 t — g(¢t, & W' (w)) €

R) € C([0,T],R) does not depend on the dimension d (cf. Corollary 4.4). The random
variable P provides approximations for the real number

Ft te{to,t1 to }—stopping time

sup{E[o(m, & WP+ (e o i e (4.95)

In Table 4.1 we show approximations for the mean and for the standard deviation of
P and the average runtime in seconds needed for calculating one realisation of P for
d € {1,5,10, 50,100, 500, 1000}. For each case the calculations of the results in Table 4.1
are based on 10 independent realisations of P, which have been obtained from an imple-
mentation in PYTHON.

4.3.3.1.2 An American put-type example

In this subsection we test the algorithm in Framework 4.2 on the example of optimally
stopping a standard Brownian motion under a put option inspired pay-off function.
Assume Framework 4.3, let r = 0.06 = 6%, § = 0.4 = 40%, x = K = 40, let F =
(F¢)tepo,r be the filtration generated by WOl let § = (8t)tefo,r be the filtration generated
by WoL() “and assume for all m,j € N, n € {0,1,...,N}, s € [0,T], x = (x1,...,34) €

R that T =1, N = 50, M = 1500 Ly 50)(c) + 1800 150,100 () + 3000 L (100,00 (), X" =
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Dimen- | Mean | Standard | Runtime in sec.
siond | of P | deviation | for one realisa-
of P tion of P
1 7.890 0.004 4.2
5 7.892 0.007 4.2
10 7.892 0.005 4.4
50 7.890 0.005 5.5
100 7.891 0.004 7.3
500 7.891 0.005 24.3
1000 7.892 0.007 54.4

Table 4.1: Numerical simulations of the algorithm in Framework 4.2 for optimally stopping
a correlated Brownian motion in the case of the Bermudan two-exercise put-type example
in Subsection 4.3.3.1.1.

W, Ty = 4096 000, J,, = 8192 1y 501(d)+4096 150,100, (d) +2048 L (100,00 (d), € = 0.001,
Ym = O [10_2 Tp1,079) (m) + 1073 T a3,201/3) (m) + 1074 T 2n1/3,00) (m)], and

9(37 LE) — TS maX{K - exp([r — %62} s + %[1’1 +...+ .’Bd]>X, 0} (496)
The random variable P provides approximations for the real number
sup{ E[g(r, W] st et (4.97)

We show approximations for the mean of P, for the standard deviation of P, and for
the relative L'-approximation error associated to P, the uncorrected sample standard
deviation of the relative approximation error associated to P, and the average runtime
in seconds needed for calculating one realisation of P for d € {1, 5, 10, 50, 100, 500, 1000}
in Table 4.2. For each case the calculations of the results in Table 4.2 are based on
10 independent realisations of P, which have been obtained from an implementation in
PyTHON. Furthermore, in the approximative calculations of the relative approximation
error associated to P the exact number (4.97) has been replaced, independently of the
dimension d, by the real number

sup{E [e‘” max{K — exp([r — %62] T+ 0 Wf’l’(1)>x, 0}] : Té_g;)gfg tlfnf‘:} (4.98)

(cf. Corollary 4.4), which, in turn, has been replaced by the value 5.318 (cf. Longstaff &
Schwartz [232, Table 1 in Section 3|). This value has been calculated using the binomial
tree method on M. Smirnov’s website [290] with 20000 nodes. Note that (4.98) corre-
sponds to the price of an American put option on a single stock in the Black—Scholes
model with initial stock price y, interest rate r, volatility 3, strike price K, and maturity

T.

4.3.3.2 Geometric average-type options
4.3.3.2.1 An American geometric average put-type example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing an

American geometric average put-type option on up to 200 distinguishable stocks in the
Black—Scholes model.
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Dimen- | Mean | Standard | Rel. L'- | Standard Runtime
sion d | of P | deviation | approx. | deviation in sec. for
of P err. of the rel. | one realisa-
approx. err. | tion of P
1 5.311 0.002 0.0013 0.0004 78.6
5 5.310 0.003 0.0015 0.0005 91.3
10 5.309 0.003 0.0017 0.0005 104.6
50 5.306 0.003 0.0022 0.0006 215.7
100 5.305 0.004 0.0025 0.0006 245.1
500 5.298 0.003 0.0037 0.0005 1006.3
1000 | 5.294 0.003 0.0046 0.0006 2266.0

Table 4.2: Numerical simulations of the algorithm in Framework 4.2 for optimally stopping
a standard Brownian motion in the case of the American put-type example in Subsec-
tion 4.3.3.1.2. In the approximative calculations of the relative approximation errors the
exact number (4.97) has been replaced by the value 5.318, which has been obtained using
the binomial tree method on M. Smirnov’s website [290].

Assume Framework 4.3, assume that d € {40,80,120,...}, let 8 = (B1,...,54) € R4,
p,0,08,01,02,...,00 € R, r = 0.6, K = 95, £ = 100 satisfy for all i« € {1,...,d} that
B; = min{0.04 (i — 1) mod 40}, 1.6 — 0.04 [(i — 1) mod 40]}, p = (18|24 = & Sy (8:)? =
0.2136,0; =r—5(i—3) — 57 0 =7~ S =8+ YL B2 = — £ — 1 =0.2932,

2d
and § = \%HﬁHRd = /p, let Y: [0,T] x 2 — R be an .#-adapted stochastic process with

continuous sample paths which satisfies that for all ¢ € [0, T] it holds P-a.s. that

t t

Y, =&+ (r—0) / Y, ds + 5/ Y, dWoLM) (4.99)
0 0

let F = (IF¢)c0,] be the filtration generated by X, let § = (§¢):co,r] be the filtration

generated by Y, and assume for all m,j € Ny n € {0,1,...,N},ie {1,...,d}, s € [0,T],

r = ([131,...,11755) & Rd that T" = 1, N = 100, M = 1800 ]1[17120](61) + 3000 ]1(120?00)(d),

J() = 4096 000, Jm = 8192 1[1,120]<d)+4096 ]1(120’00) (d), g = 10_8, Ym = 5 [10_2 ]1[17M/3](m>+

1073 Larsg 20175 (M) + 1074 Lansss o0y (M)], & = (100)7Y7, () = ((r—61) @1, - - ., (r — 64) xa),
o(x) = diag(piz1, - .., Bara), that
Xtrfil’j’(i) =exp([r — & — 3(8:)%]tn + B; Wtrfil’j’(i)) & (4.100)
and that .
g(s,x) =e" max{K — [H |:ck|1/ﬁ] ,0}. (4.101)
k=1
The random variable P provides approximations for the price
LT T is an
Sup{E [9(7-7 XT)} . ]F—st;)gJigg time } (4102)

In Table 4.3 we show approximations for the mean of P, for the standard deviation of P,
and for the relative L'-approximation error associated to P, the uncorrected sample stan-
dard deviation of the relative approximation error associated to P, and the average run-
time in seconds needed for calculating one realisation of P for d € {40, 80, 120, 160, 200}.
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Dimen- | Mean | Standard | Rel. L'- | Standard Runtime
sion d | of P | deviation | approx. | deviation in sec. for
of P err. of the rel. | one realisa-
approx. err. | tion of P
40 6.510 0.004 0.0053 0.0006 4777
80 6.508 0.003 0.0056 0.0005 793.5
120 6.505 0.003 0.0061 0.0005 934.7
160 6.504 0.003 0.0062 0.0005 1203.9
200 6.504 0.004 0.0063 0.0005 1475.0

Table 4.3: Numerical simulations of the algorithm in Framework 4.2 for pricing the Amer-
ican geometric average put-type option from the example in Subsection 4.3.3.2.1. In the
approximative calculations of the relative approximation errors the exact value of the
price (4.102) has been replaced by the value 6.545, which has been obtained using the
binomial tree method on M. Smirnov’s website [290].

For each case the calculations of the results in Table 4.3 are based on 10 independent
realisations of P, which have been obtained from an implementation in PYTHON. Fur-
thermore, in the approximative calculations of the relative approximation error associated
to P the exact value of the price (4.102) has been replaced, independently of the dimension
d, by the real number

Sup{]E[e_” max{K — Y, ()H . 7007 is an} :

F-stopping time

(4.103)

(cf. Proposition 4.5), which, in turn, has been replaced by the value 6.545. The latter
has been calculated using the binomial tree method on M. Smirnov’s website [290] with
20000 nodes. Note that (4.103) corresponds to the price of an American put option on a
single stock in the Black—Scholes model with initial stock price é , interest rate r, dividend
rate 4, volatility 8, strike price K, and maturity 7.

4.3.3.2.2 An American geometric average call-type example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing an
American geometric average call-type option on up to 100 correlated stocks in the Black—
Scholes model. This example is taken from Sirignano & Spiliopoulos [288, Subsection 4.3],
from where we consider the cases with 3, 20, and 100 dimensions.

Assume Framework 4.3, let 7 = 0%, § = 0.02 = 2%, 8 = 0.25 = 26%, K = £ = 1,
<) € R4 5 5 e R satisfy for all 4 € {1,...,d}
that Q; = 1, Vj € {1,...,d} \ {i}: Qi = 0.75, 6" & = Q, 6 = § + (8> — (B)?),
and 3 = Z/d(Bd+1),let Y:[0,7] x @ — R be an F-adapted stochastic process with
continuous sample paths which satisfies that for all ¢ € [0, 77 it holds P-a.s. that

t t
Yt=§+<r—5>/ stsM/ Y, dw, (4.104)
0 0

let F = (F¢)ic0,r7 be the filtration generated by X, let § = (F¢)tcpo,r) be the filtration
generated by Y, and assume for all m,j € N, n € {0,1,... ,N},i € {1,...,d}, s € [0,T],
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v = (21,...,24) € R? that T = 2, N = 50, M = 1600, Jy = 4096000, J,, = 8192,
e =10"% ~, =5[1072 111,400 (m) + 107? L (400,800) () + 1074 ﬂ(soo,oo)(m)L & =1, p(r) =
(r—20)z, o(x) = pdiag(zy,...,rq) 6*, that

X0 = eXp([r — 6 =18t + B (g, Wi >Rd) &, (4.105)
and that
d
g(s,z)=e" rnax{ [H |a:k|1/d] - K, 0}. (4.106)
k=1
The random variable P provides approximations for the price
sup{E[g(T, X)]: o e an?e“} (4.107)

Table 4.4 shows approximations for the mean of P, for the standard deviation of P, for
the real number
sup{E[e’” max{Y; — K,0}]:

7: Q—[0,T] is an
F-stopping time | ?

(4.108)

and for the relative L'-approximation error associated to P, the uncorrected sample stan-
dard deviation of the relative approximation error associated to P, and the average run-
time in seconds needed for calculating one realisation of P for d € {3,20,100}. The
approximative calculations of the mean of P, of the standard deviation of P, and of the
relative L!-approximation error associated to P, the computations of the uncorrected
sample standard deviation of the relative approximation error associated to P as well as
the computations of the average runtime for calculating one realisation of P in Table 4.4
each are based on 10 independent realisations of P, which have been obtained from an im-
plementation in PYTHON. Furthermore, in the approximative calculations of the relative
approximation error associated to P the exact value of the price (4.107) has been replaced
by the number (4.108) (cf. Proposition 4.5), which has been approximatively calculated
using the binomial tree method on M. Smirnov’s website [290] with 20000 nodes. Note
that (4.108) corresponds to the price of an American call option on a single stock in the
Black—Scholes model with initial stock price &, interest rate r, dividend rate 8, volatility
B , strike price K, and maturity 7.

Dimen- | Mean | Standard | Price | Rel. L'- | Standard Runtime
sion d of P | deviation | (4.108) | approx. | deviation in sec. for
of P err. of the rel. | one realisa-
approx. err. | tion of P
3 0.10699 | 0.00007 | 0.10719 | 0.0019 0.0006 92.1
20 0.10007 | 0.00006 | 0.10033 | 0.0026 0.0006 146.9
100 0.09903 | 0.00006 | 0.09935 | 0.0032 0.0006 409.0

Table 4.4: Numerical simulations of the algorithm in Framework 4.2 for pricing the Amer-
ican geometric average call-type option from the example in Subsection 4.3.3.2.2. In the
approximative calculations of the relative approximation errors the exact value of the
price (4.107) has been replaced by the number (4.108), which has been approximatively
calculated using the binomial tree method on M. Smirnov’s website [290].
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4.3.3.2.3 Another American geometric average call-type example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing an
American geometric average call-type option on up to 400 distinguishable stocks in the
Black—Scholes model.

Assume Framework 4.3, assume that d € {40, 80,120, ...}, let 8 = (f1,...,84) € RY,
op,..., 0 €R, 7, 3 € (0,00), K =95, & =100 satisfy for all i € {1,...,d} that §; = %4

a; = min{0.01 [( — 1) mod 40],0.4 — 0.01 [(¢ — 1) mod 40]}, r = éZle o; — S8R =
01— 28 d-1)(¢+1+L), and B =1 B|lga = %1 (4 + 1+ 5)1/2, let Y:[0,7]xQ =R

be an .#-adapted stochastic process with continuous sample paths which satisfies that for
all t € [0, 7] it holds P-a.s. that

t t
YV, =&+ r/ Y, ds + 5/ Y, dw oL, (4.109)
0 0

let F = (IF¢)co,] be the filtration generated by X, let § = (§¢):co,] be the filtration
generated by Y, and assume for all m,j € N;n € {0,1,..., N}, i€ {l,...,d}, s €[0,T],
r = (¢1,...,74) € R? that T = 3, N = 50, M = 1500, Jo = 4096000, J,, = 8192,
e=10"% 7, =5 [10_2 T, nz9) (m) + 1073 T (a3,201/3) (m) + 1074 T (2n1/5,00) (m)], & = 100,
p(x) = (aqzy, ..., aqzq), o(z) = diag(Bix1, . . ., Baza), that

A7 = exp([as — 58,2t + B W) €, (4.110)

and that ;
g(s,z)=e" max{ [H |xk|1/d] - K,O}. (4.111)
k=1

The random variable P provides approximations for the price

sup{E[g(T, XT)} : TF:_SSEC;&Q t‘fﬂf‘:} ) (4.112)
In Table 4.5 we show approximations for the mean of P, for the standard deviation of P,
for the real number

E[e™" max{Yr — K,0}], (4.113)

and for the relative L'-approximation error associated to P, the uncorrected sample stan-
dard deviation of the relative approximation error associated to P, and the average run-
time in seconds needed for calculating one realisation of P for d € {40, 80, 120, 160, 200,
400}. The approximative calculations of the mean of P, of the standard deviation of
P, and of the relative L'-approximation error associated to P, the computations of the
uncorrected sample standard deviation of the relative approximation error associated to
P as well as the computations of the average runtime for calculating one realisation of P
in Table 4.5 each are based on 10 independent realisations of P, which have been obtained
from an implementation in PYTHON. Moreover, in the approximative calculations of the
relative approximation error associated to P the exact value of the price (4.112) has been
replaced by the real number

sup{E[e*” max{Y, — K,0}]: 7 2701 is an} (4.114)

F-stopping time
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Dimen- | Mean | Standard | Price | Rel. L'- | Standard Runtime
sion d of P | deviation | (4.113) | approx. | deviation in sec. for
of P err. of the rel. | one realisa-
approx. err. | tion of P
40 23.6877 | 0.0030 | 23.6883 | 0.00012 0.00004 196.3
80 23.7235 | 0.0020 | 23.7235 | 0.00006 0.00005 323.3
120 23.7360 | 0.0019 | 23.7357 | 0.00006 0.00005 442.7
160 23.7415 | 0.0007 | 23.7419 | 0.00003 0.00002 569.9
200 23.7451 | 0.0014 | 23.7456 | 0.00005 0.00004 692.9
400 23.7528 | 0.0009 | 23.7531 | 0.00004 0.00002 1434.7

Table 4.5: Numerical simulations of the algorithm in Framework 4.2 for pricing the Amer-
ican geometric average call-type option from the example in Subsection 4.3.3.2.3. In the
approximative calculations of the relative approximation errors the exact value of the
price (4.112) has been replaced by the number (4.113), which has been approximatively
computed in MATLAB.

(cf. Proposition 4.5). It is well-known (cf., e.g., Shreve [286, Corollary 8.5.3]) that the
number (4.114) is equal to the number (4.113), which has been approximatively computed
in MATLAB R2017b using Lemma 4.6 above. Note that (4.114) corresponds to the price
of an American call option on a single stock in the Black—Scholes model with initial
stock price &, interest rate r, volatility j3, strike price K, and maturity 7', while (4.113)
corresponds to the price of a European call option on a single stock in the Black—Scholes

model with initial stock price &, interest rate r, volatility 3, strike price K, and maturity
T.

4.3.4 Examples without known one-dimensional representation

In Subsection 4.3.3 above numerical results for examples with a one-dimensional rep-
resentation can be found. We test in this subsection several examples where such a
representation is not known.

4.3.4.1 Max-call options
4.3.4.1.1 A Bermudan max-call standard benchmark example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing a
Bermudan max-call option on up to 500 stocks in the Black—Scholes model (cf. Becker,
Cheridito, & Jentzen |28, Subsection 4.1]). In the case of up to five underlying stocks
this example is a standard benchmark example in the literature (cf., e.g., |60, Subsec-
tion 5.4, [232, Subsection 8.1], |6, Section 4], [164, Subsection 5.1|, [270, Subsection 4.3],
[126, Subsection 3.9], [41, Subsection 4.2], [58, Subsection 5.3|, [36, Subsection 6.1], [188,
Subsection 4.1], [276, Subsection 7.2|, [38, Subsection 6.1], [223, Subsection 5.2.1|).
Assume Framework 4.3, let » = 0.05 = 5%, 6 = 0.1 = 10%, 8 = 0.2 = 20%,
K =100, let F = (F¢);c(0,77 be the filtration generated by X, and assume for all m, j € N,
ne{0,1,....N},ie{l,....,d}, s €[0,T], z = (x1,...,74) € R? that T = 3, N = 9,
M = 3000 +d, Jo = 4096000, J,, = 8192, ¢ = 0.1, 7, = 5[1072 Ly s00-+a/5(m) +
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1073 L500-+4/5,15004845] () + 107* L15004305500) ()], & = &1, plx) = (r — 8)z, o(z) =
pdiag(xy,...,xq), that

X0 = exp([r - 0 — 42t + AW0) 6, (4119

and that
g(s,z) = e max{max{z1,...,zs} — K,0}. (4.116)

The random variable P provides approximations for the price

te{tg,ty,....t 5 }-Stopping time

SUDAE[9(r, X )] = 0 g e s ime (4117)

In Table 4.6 we show approximations for the mean and for the standard deviation of P,
binomial approximations as well as 95% confidence intervals for the price (4.117) according
to Andersen & Broadie |6, Table 2 in Section 4| (where available), 95% confidence intervals
for the price (4.117) according to Broadie & Cao [58, Table 3 in Subsection 5.3] (where
available), and the average runtime in seconds needed for calculating one realisation of P
for (d, &) € {2,3,5} x{90,100,110}. In addition, we list approximations for the mean and
for the standard deviation of P and the average runtime in seconds needed for calculating
one realisation of P for (d,&;) € {10, 20, 30, 50, 100, 200, 500} x {90, 100, 110} in Table 4.7.
The approximative calculations of the mean and of the standard deviation of P as well as
the computations of the average runtime for calculating one realisation of P in Tables 4.6
and 4.7 each are based on 10 independent realisations of P, which have been obtained
from an implementation in PYTHON.

4.3.4.1.2 A high-dimensional Bermudan max-call benchmark example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing the
Bermudan max-call option from the example in Subsection 4.3.4.1.1 in a case with 5000
underlying stocks. All PYTHON codes corresponding to this example were run in single
precision (float32) on a NVIDIA Tesla P100 GPU with 1328 MHz core clock and 16 GB
HBM2 memory with 1408 MHz clock rate.

Assume Framework 4.3, let » = 0.05 = 5%, 6 = 0.1 = 10%, 8 = 0.2 = 20%,
K =100, let F = (F¢);cp0,77 be the filtration generated by X, and assume for all m, j € N,
ne€{0,1,....,N},ie{l,...,d},s€[0,T], z = (21,...,74) € R? that T = 3, d = 5000,
N =9 J = 220, Jm = 1024, ¢ = 1078, Ym = 10—2 ]]_[172000}(771) + 1073 ]]_(2000,4000](771) +
107 T (4000,00) (M), & = 100, p(x) = (r — 8) x, o(x) = B diag(x1,. .., x4), that

X1 Z exp([r— 6 — 38%t, + W) g, (4.118)
and that
g(s,z) = e " max{max{z1,...,zqs} — K,0}. (4.119)
For sufficiently large M € N the random variable P provides approximations for the price
7: Q—={to,t1,..-, t is an
SHP{E [9(7—7 XT)] : (]Ft)te{tojl{,.?,tj\,}‘St]ggping time} : (4120>

In Table 4.8 we show a realisation of P, a 95% confidence interval for the corresponding
realisation of the random variable

05w iy B g7 OmO0En0, 20 )| er (4.121)

» L0 p (W), Spy (W)
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Di- Ini- Mean | Standard | Bino- | 95% confidence | 95% confidence Runtime
men- | tial of P | deviation | mial interval in [6] | interval in [58] | in sec. for
sion | value of P value one realisa-

d & in [6] tion of P

2 90 8.072 0.005 8.075 [8.053, 8.082] - 31.3

2 100 | 13.899 0.008 13.902 | [13.892, 13.934] - 31.7

2 110 | 21.344 0.006 21.345 | [21.316, 21.359] - 31.7

3 90 11.275 0.005 11.29 | [11.265, 11.308| - 32.5

3 100 | 18.687 0.006 18.69 | [18.661, 18.728| - 32.6

3 110 | 27.560 0.009 27.58 | [27.512, 27.663| - 32.5

5 90 16.628 0.010 - [16.602, 16.655] | [16.620, 16.653] 33.3

5 100 | 26.144 0.008 — [26.109, 26.292| | [26.115, 26.164] 32.9

5 110 | 36.763 0.011 - [36.704, 36.832] | [36.710, 36.798| 33.3

Table 4.6: Numerical simulations of the algorithm in Framework 4.2 for pricing the Bermu-
dan max-call option from the example in Subsection 4.3.4.1.1 for d € {2,3,5}.

Dimen- | Initial Mean | Standard | Runtime in sec.
sion d | value & of P | deviation | for one realisa-
of P tion of P
10 90 26.200 0.010 35.5
10 100 38.278 0.010 35.5
10 110 50.817 0.011 35.5
20 90 37.697 0.011 42.6
20 100 51.569 0.008 42.6
20 110 65.514 0.010 42.6
30 90 44.822 0.008 49.2
30 100 59.521 0.010 49.2
30 110 74.231 0.010 49.2
50 90 53.897 0.008 63.4
50 100 69.574 0.012 63.3
50 110 85.256 0.013 63.3
100 90 66.361 0.016 101.1
100 100 83.386 0.009 101.2
100 110 100.429 0.014 101.2
200 90 78.996 0.009 179.1
200 100 97.411 0.011 179.1
200 110 115.827 0.009 179.0
500 90 95.976 0.007 507.7
500 100 116.249 0.013 507.4
500 110 136.541 0.005 507.8

Table 4.7: Numerical simulations of the algorithm in Framework 4.2 for pricing the Bermu-
dan max-call option from the example in Subsection 4.3.4.1.1 for d € {10, 20, 30, 50, 100,
200, 500}.
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the corresponding realisation of the relative approximation error associated to P, and the
runtime in seconds need or calculating the realisation of P for M € {0, 250, 500, . ..,2000}
U{6000}. In addition, Figure 4.1 depicts a realisation of the relative approximation error
associated to P against M € {0, 10,20, ...,2000}. For each case the 95% confidence in-
terval for the realisation of the random variable (4.121) in Table 4.8 has been computed
based on the corresponding realisation of P, the corresponding sample standard deviation,
and the 0.975 quantile of the standard normal distribution (cf., e.g., [28, Subsection 3.3]).
Moreover, in the approximative calculations of the realisation of the relative approxima-
tion error associated to P in Table 4.8 and Figure 4.1 the exact value of the price (4.120)
has been replaced by the value 165.430, which corresponds to a realisation of P with
M = 6000 (cf. Table 4.8).

Number of | Realisation | 95% confidence | Rel. approx. | Runtime

steps M of P interval error in sec.
0 106.711 [106.681, 106.741| 0.35495 157.3
250 132.261 [132.170, 132.353| 0.20050 271.7
500 156.038 [155.975, 156.101| 0.05677 386.0
750 103.764 [103.648, 103.879| 0.37276 500.4
1000 161.128 [161.065, 161.191| 0.02601 614.3
1250 162.756 [162.696, 162.816| 0.01616 728.8
1500 164.498 [164.444, 164.552] 0.00563 842.8
1750 163.858 [163.803, 163.913| 0.00950 957.3
2000 165.452 [165.400, 165.505] 0.00014 1071.9
6000 165.430 [165.378, 165.483| 0.00000 2899.5

Table 4.8: Numerical simulations of the algorithm in Framework 4.2 for pricing the Bermu-
dan max-call option on 5000 stocks from the example in Subsection 4.3.4.1.2. In the
approximative calculations of the relative approximation error the exact value of the
price (4.120) has been replaced by the value 165.430, which corresponds to a realisation
of P with M = 6000.

4.3.4.1.3 Another Bermudan max-call example

In this subsection we test the algorithm in Framework 4.2 on the example of pricing a
Bermudan max-call option for different maturities and strike prices on up to 400 correlated
stocks, that do not pay dividends, in the Black—Scholes model. This example is taken
from Barraquand & Martineau [15, Section VII].

Assume Framework 4.3, let 7 = 30/365, r = 0.057 = 5%-7, 8 = 0.4y/7 = 40%- /7, K €
{35,40,45}, Q = (Qij)uper,..ap2, S = (s1,...,1) € R satisty for all i € {1,...,d}
that Q;; = 1,Vj e {1,...,d} \ {i}: Qi; = 0.5, and 6" & = Q, let F = (F;)co,r) be the
filtration generated by X, and assume for all m,j € N, n € {0,1,...,N}, i € {1,...,d},
s€[0,T], z = (z1,...,74) € R that N = 10, M = 1600, Jy = 4096 000, .J,,, = 8192, ¢ =
0.001, Y = 51072 Ly 490 (m) + 1072 L(a00,800] (M) + 107* L(s00,00) (m2)], & = 40, p(z) = rx,
o(z) = pdiag(zy,...,zq) *, that

2010 —exp([r = 167t + 8 (50 W )0 ) (4.122)
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10° ¢ ‘ x
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Figure 4.1: Plot of a realisation of the relative approximation error % against

M € {0,10,20,...,2000} in the case of the Bermudan max-call option on 5000 stocks
from the example in Subsection 4.3.4.1.2.

and that
g(s,z) = e " max{max{as,...,z.} — K,0}. (4.123)
The random variable P provides approximations for the price
7: Q—{to,t1,..., t is an
Sup{]E [g(Ta XT)] : (Ft)te{to::{,.?,tjv}'Stjggping time} : (4124)

In Table 4.9 we show approximations for the mean and for the standard deviation of P,
Monte Carlo approximations for the European max-call option price

E[g(T, X7)] (4.125)

corresponding to (4.124), approximations for the price (4.124) according to [15, Table 4 in
Section VII| (where available), and the average runtime in seconds needed for calculating
one realisation of P for
(10,1,35),  (10,1,40),  (10,1,45),
(10,4, 35), (10,4,40),  (10,4,45),
(10,7,35), (10,7,40),  (10,7,45),
(400,12,35), (400, 12,40), (400,12,45)

(d,T,K) € (4.126)

The approximative calculations of the mean and of the standard deviation of P as
well as the computations of the average runtime for calculating one realisation of P
in Table 4.9 each are based on 10 independent realisations of P, which have been ob-
tained from an implementation in PYTHON. Furthermore, the Monte Carlo approxima-
tions for the European price (4.125) in Table 4.9 each are calculated in double preci-
sion (float64) and are based on 2 - 10'° independent realisations of the random variable
Q3w g(T, Xr(w)) € R.
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Dimen- | Matu- | Strike | Mean | Standard | European | Price | Runtime in sec.
sion d | rity T | price K | of P | deviation price in [15] | for one realisa-
of P (4.125) tion of P

10 1 35 10.365 0.002 10.365 10.36 24.4

10 1 40 5.540 0.002 5.540 5.54 24.3

10 1 45 1.897 0.001 1.896 1.90 24.3

10 4 35 16.519 0.003 16.520 16.53 24.3

10 4 40 11.869 0.007 11.870 11.87 24.3

10 4 45 7.801 0.003 7.804 7.81 24.3

10 7 35 20.913 0.007 20.916 20.92 24.3

10 7 40 16.374 0.008 16.374 16.38 24.3

10 7 45 12.271 0.006 12.277 12.28 24.3

400 12 35 55.712 0.009 55.714 - 247.7

400 12 40 50.969 0.020 50.964 - 247.8

400 12 45 46.233 0.010 46.234 - 247.6

Table 4.9: Numerical simulations of the algorithm in Framework 4.2 for pricing the Bermu-
dan max-call option from the example in Subsection 4.3.4.1.3.

4.3.4.2 A strangle spread basket option

In this subsection we test the algorithm in Framework 4.2 on the example of pricing an
American strangle spread basket option on five correlated stocks in the Black—Scholes
model. This example is taken from Kohler, Krzyzak, & Todorovic [207, Section 4] (cf.
also Kohler [204, Section 3| and Kohler, Krzyzak, & Walk [208, Section 4]).

Assume Framework 4.3, let » = 0.05 = 5%, K; = 75, Ky = 90, K3 = 110, K, = 125,
let & = (s1,...,55) € R be given by

0.3024 0.1354 0.0722 0.1367 0.1641
0.1354 0.2270 0.0613 0.1264 0.1610
6 =|0.0722 0.0613 0.0717 0.0884 0.0699 |, (4.127)
0.1367 0.1264 0.0884 0.2937 0.1394
0.1641 0.1610 0.0699 0.1394 0.2535

let F = (F;)cjo,r] be the filtration generated by X, and assume for all m,j € N, n €
{0,1,...,N}, i € {1,...,d}, s € [0,T], z = (z1,...,7q) € R that T =1, d =5

Y

N = 48, M = 750, JO = 4096000, J,, = 8192, ¢ = 1078, ~,, = 5[1072 1112501( m) +
10~ 1(25@500]( )+ 10 ]1(500700 ( )] fz = 100 ,U( ) =Trw, O'(ZL’) = dlag(xl,.. )6*
that N .
XZ:%’J’(Z) = eXp([r — %Hgl\%@}tn + <§¢, ngl’j >Rd> &, (4.128)
and that
d 1 [
g(s,x) = —e maX{Kl——[Zxk , }—i—e ! maX{Kg—E[Zxk],O}
! (4.129)
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The random variable P provides approximations for the price

sup{E[g(T, X,)]: gl an} . (4.130)

F-stopping time

Table 4.10 shows approximations for the mean and for the standard deviation of P, a lower
bound for the price (4.130) according to Kohler, Krzyzak, & Todorovic [207, Figure 4.5
in Section 4] (cf. also Kohler [204, Figure 2 in Section 3] and, for an upper bound for the
price (4.130), Kohler, Krzyzak, & Walk [208, Figure 4.2 in Section 4]), and the average
runtime in seconds needed for calculating one realisation of P. Since the mean of P is also
a lower bound for the price (4.130), a higher value indicates a better approximation for
the price (4.130) (cf. Table 4.10). The approximative calculations of the mean and of the
standard deviation of P as well as the computation of the average runtime for calculating
one realisation of P in Table 4.10 each are based on 10 independent realisations of P,
which have been obtained from an implementation in PYTHON.

Mean | Standard | Lower | Runtime in sec.
of P | deviation | bound | for one realisa-
of P in [207] tion of P
11.794 0.004 11.75 46.4

Table 4.10: Numerical simulations of the algorithm in Framework 4.2 for pricing the
American strangle spread basket option from the example in Subsection 4.3.4.2.

4.3.4.3 A put basket option in Dupire’s local volatility model

In this subsection we test the algorithm in Framework 4.2 on the example of pricing an
American put basket option on five stocks in Dupire’s local volatility model. This example
is taken from Labart & Lelong [219, Subsection 6.3] with the modification that we also
consider the case where the underlying stocks do not pay any dividends.

Assume Framework 4.3, let L = 10, r = 0.05 = 5%, § € {0%,10%}, K = 100, assume
foralli € {1,...,d}, z € R? that & = 100 and p(z) = (r —6) x, let 3: [0,7] x R — R and
o: [0, T]xR? — R4 be the functions which satisfy for allt € [0,T], z = (z1,...,24) € R?
that

5(257 331) — 0.6 6_0'05\/2(1.2 _ e—O.lt—0.001(e”x1—§1)2) T (4.131)

and o (t,z) = diag(8(t, z1), B(t, x2), ..., B(t,x4)), let S = (S, ..., S@D): [0,T] x Q2 — R?
be an .%-adapted stochastic process with continuous sample paths which satisfies that for
all t € [0, 7] it holds P-a.s. that

t t
:§+/ u(ss)ds+/ o(s,Ss)dWw!, (4.132)
0 0

let Yymd = (Yma)  ymady: 0, T x Q — R j € N, m € Ny, be the stochastic
processes which satisfy for all m € Ny, j € N, ¢ € {0,1,...,L — 1}, t € [Q BT

)
i€{1,...,d} that Y = log(&;) and
mJ(l y 3 (@) + ( zT) r—g5— l[ﬁ(  ex (ymj z)))}2
i L 2 P (4.133)
(3~ 08( exp () (WS, W20,
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let F' = (F;)icpo,r) be the filtration generated by S, let § = (§¢)ico,r) be the filtration
generated by V%! and assume for all m,j € N, n € {0,1,...,N}, s € [0,T], z =
(v1,...,m4) € Réthat T =1, d = 5, M = 1200, X" = Y J, = 4096000,
T = 8192, & = 105, 7 = 51072 11 400 () + 10~ T 1a00.500) (1) + 10~ T (500,00 ()], and

=1

g(s,x)=¢e"° maX{K — é [Z eXp(mi)] ,0}. (4.134)

The random variable P provides approximations for the price
sup{E[g(r, 01)] : 58 0m e (4.135)

which, in turn, is an approximation for the price

d

1 .

sup{E e " maX{K — 3 [ E S
i=1

In Table 4.11 we show approximations for the mean and for the standard deviation of
P and the average runtime in seconds needed for calculating one realisation of P for
(0, N) € {0%,10%} x {5,10,50,100}. For each case the calculations of the results in
Table 4.11 are based on 10 independent realisations of P, which have been obtained from
an implementation in PYTHON. According to [219, Subsection 6.3], the value 6.30 is an
approximation for a to (4.135) corresponding price in the case 6 = 10%. Furthermore,
the to (4.135) corresponding European put basket option price E[g(T , y%l)} has been
approximatively calculated using a Monte Carlo approximation based on 10! realisations
of the random variable Q 3 w — (T, %' (w)) € R, which resulted in the value 1.741 in
the case 6 = 0% and in the value 6.304 in the case 6 = 10%.

o}] oo éif?} e

Divi- | Time discreti- | Mean | Standard | Runtime in sec.
dend | sation para- | of P | deviation | for one realisa-
rate 0 meter N of P tion of P
0% 5 1.935 0.001 12.7
0% 10 1.978 0.001 21.3
0% 50 1.975 0.002 69.2
0% 100 1.971 0.002 137.5
10% 5 6.301 0.004 12.8
10% 10 6.303 0.003 21.4
10% 50 6.304 0.003 69.2
10% 100 6.303 0.004 137.5

Table 4.11: Numerical simulations of the algorithm in Framework 4.2 for pricing the
American put basket option in Dupire’s local volatility model from the example in Sub-
section 4.3.4.3. The corresponding European put basket option price is approximately
equal to the value 1.741 in the case 6 = 0% and to the value 6.304 in the case § = 10%.
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4.3.4.4 A path-dependent financial derivative

In this subsection we test the algorithm in Framework 4.2 on the example of pricing a
specific path-dependent financial derivative contingent on prices of a single underlying
stock in the Black—Scholes model, which is formulated as a 100-dimensional optimal stop-
ping problem. This example is taken from Tsitsiklis & Van Roy [294, Section IV]| with
the modification that we consider a finite instead of an infinite time horizon.

Assume Framework 4.3, let r = 0.0004 = 0.04%, 8 = 0.02 = 2%, let W™ : [0, 00) X
Q — R, j €N, m e Ny, be independent P-standard Brownian motions with continuous
sample paths, let S™7: [-100,00) X 2 — R, j € N, m € Ny, and Y™ : Ny x Q — R10Y,
j € N, m € Ny, be the stochastic processes which satisfy for all m,n € Ny, j € N,
t € [~100, 00) that S = exp([r — 18] (t + 100) + BW,t{yy) & and

. m,j m,j i
ymi — (Sn—99 Spos S )
n - m,j ) gm,j 9ttty ogmyj
Sn—lOO Sn—lOO Sn—lOO

— (exp([r — 187 + BV, — W) exp(2 [r — 187 + B W4, — wira)),  (4:137)
~.,exp(100 [r — 36%] + B W00 — Wit])),

let F = (F,)nen, be the filtration generated by V%!, and assume for all m,; € N,
n € {0,1,....N}, s € [0,T], 2 = (21,...,7y) € R* that T € N, d = 100, N =
T, M = 1200 111,150/ (T") + 1500 L150,250](1") + 3000 L250,00)(T), X1 = Ym=ti Jy =
4096 000, J,, = 819211 150 (T) + 4096 1 (150,250 (1) + 512 L(250,00)(T), € = 1075, 7, =
) [10_2 1[1,1\/1/3} (m) +1073 1(1\4/3,21»1/3]<m> +10* 1(21v1/3700)(m)], and g(S, $) = e " x100. The
random variable P provides approximations for the real number

sup{]E[e_” 501 ] y n)T: 0—{0,1,...,T} is an } (4.138)

SO o] Fr)neqo.n,....Ty-stopping time

In Table 4.12 we show approximations for the mean and for the standard deviation of
P and the average runtime in seconds needed for calculating one realisation of P for
T € {100, 150, 200, 250, 1000}. For each case the calculations of the results in Table 4.12
are based on 10 independent realisations of P, which have been obtained from an imple-
mentation in PYTHON. Note that in this example time is measured in days and that,
roughly speaking, (4.138) corresponds to the price of a financial derivative which, if the

Time Mean | Standard | Runtime in sec.
horizon T' | of P | deviation | for one realisa-
of P tion of P
100 1.2721 | 0.0001 475.5
150 1.2821 | 0.0001 724.8
200 1.2894 | 0.0002 653.1
250 1.2959 | 0.0001 838.7
1000 1.3002 | 0.0006 1680.1

Table 4.12: Numerical simulations of the algorithm in Framework 4.2 for pricing the path-
dependent financial derivative from the example in Subsection 4.3.4.4. According to [294,
Subsection IV.D], the value 1.282 is a lower bound for the price (4.139).
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holder decides to exercise, pays off the amount given by the ratio between the current
underlying stock price and the underlying stock price 100 days before (cf. [294, Section IV|
for more details). According to [294, Subsection IV.D], the value 1.282 is a lower bound
for the price

Sup{E |:efr7' 21 ] . 17: Q—=Np is an} ’ (4139>

0,1 + F-stopping time
S 100 pping

which corresponds to the price (4.138) in the case of an infinite time horizon. Since the
mean of P is a lower bound for the price (4.138), which, in turn, is a lower bound for the
price (4.139), a higher value indicates a better approximation for the price (4.139). In
addition, observe that the price (4.138) is non-decreasing in 7. While in our numerical
simulations the approximate value of the mean of P is less or equal than 1.282 for com-
paratively small time horizons, i.e., for 7' < 150, it is already higher for slightly larger
time horizons, i.e., for T > 200 (cf. Table 4.12).
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Chapter

Overall error analysis for the training of
deep neural networks via stochastic gradient
descent with random initialisation

The content of this chapter is a slightly modified extract of the preprint Jentzen
&9 Welti [196].

In this chapter we establish an overall error analysis of deep learning based empirical risk
minimisation with quadratic loss function in the probabilistically strong sense (cf. Sec-
tion 1.4 in Chapter 1). The main result of this chapter, Theorem 5.41 in Subsection 5.5.2,
provides a strong convergence estimate for the overall error arising when the underlying
deep neural networks (DNNs) are trained using, for example, a general stochastic approxi-
mation algorithm with random initialisation. Theorem 1.4 in Section 1.4 is a consequence
of Theorem 5.41 and specialises it, in particular, to the case where stochastic gradient
descent (SGD) with random initialisation is the employed optimisation method. Parts of
our derivation of Theorems 5.41 and 1.4, respectively, are inspired by Beck, Jentzen, &
Kuckuck [27], Berner, Grohs, & Jentzen [47], and Cucker & Smale [91].

This chapter is structured as follows. Section 5.1 recalls some basic definitions re-
lated to DNNs and thereby introduces the corresponding notation we use throughout this
chapter. In Section 5.2 we examine the approximation error and, in particular, establish
a convergence result for the approximation of Lipschitz continuous functions by DNNs.
The following section, Section 5.3, contains our strong convergence analysis of the gener-
alisation error. In Section 5.4, in turn, we address the optimisation error and derive in
connection with this strong convergence rates for the Minimum Monte Carlo method. Fi-
nally, we combine in Section 5.5 a decomposition of the overall error (cf. Subsection 5.5.1)
with our results for the different error sources from Sections 5.2, 5.3, and 5.4 to prove
strong convergence results for the overall error. The employed optimisation method is
initially allowed to be a general stochastic approximation algorithm with random initial-
isation (cf. Subsection 5.5.2) and is afterwards specialised to the setting of SGD with
random initialisation (cf. Subsection 5.5.3).
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Chapter 5. Empirical risk minimisation

5.1 Basics on DNNs

In this section we present the mathematical description of DNNs which we use throughout
this chapter. It is a vectorised description in the sense that all the weights and biases
associated to the DNN under consideration are collected in a single parameter vector
0 € RY with d € N = {1,2,3,...} sufficiently large (cf. Definitions 5.2 and 5.8). The
content of this section is taken from Beck, Jentzen, & Kuckuck [27, Section 2.1 and is
based on well-known material from the scientific literature; see, e.g., Beck et al. [22], Beck,
E, & Jentzen [23], Berner, Grohs, & Jentzen [47], E, Han, & Jentzen [110]|, Goodfellow,
Bengio, & Courville [145], and Grohs et al. [149]. In particular, Definition 5.1 is [27,
Definition 2.1] (cf., e.g., (25) in [23]), Definition 5.2 is |27, Definition 2.2| (cf., e.g., (26)
in [23]), Definition 5.3 is [27, Definition 2.3| (cf., e.g., [149, Definition 2.2]), and Defini-
tions 5.4, 5.5, 5.6, 5.7, and 5.8 are |27, Definitions 2.4, 2.5, 2.6, 2.7, and 2.8| (cf., e.g., [47,
Setting 2.5] and [145, Section 6.3]).

5.1.1 Vectorised description of DNNs

Definition 5.1 (Affine function). Let d,m,n € N, s € Ng ={0,1,2,...}, 0 = (61,0, ...,
0q) € R satisfy d > s+mn+m. Then we denote by Af;jn: R™ — R™ the function which
satisfies for all z = (z1,x9,...,2,) € R" that

93+1 es+2 e eern T 65+mn+1
gs—i-n—i-l ‘95+n+2 e 93—4—211 X2 95+mn+2

Afﬁsn(l’) — 05+2n+1 08+2n+2 T 05+3n Z3 + 05+mn+3 (51)
05+(m71)n+1 93+(m71)n+2 o es-i—mn T 95+mn+m

Z es+n+ixi:| + 08+mn+27 sy |:

95+(m—1)n+ixi:| + ‘93+mn+m) .
=1 =1

1=

= <|:Z 93+ixi:| + 93+mn+1> |:
=1

Definition 5.2 (Fully connected feedforward artificial neural network). Let d,L, 1,1,
ol €N, s € Ny, 0 € RY satisfy d > s+ 3.0, L(l,_; + 1) and let a;: RN — RY,
i € {1,2,...,L}, be functions. Then we denote by N5l Rl — R the function
which satisfies for all z € Rl that

L-1 L-2
0,s,1o _ 975+Z':1 IL(1271+1) 978-‘1-2.:1 lz(ll,1+1)
(Nal DI aL) (I) - (aL © AILJL—; ©ar—1° AlL—lalLZ—Q REER

6,5+11(lo+1) 0,s
Oa20A12711 Oal OAII’IO)(ZE)

(5.2)

(cf. Definition 5.1).

5.1.2 Activation functions

Definition 5.3 (Multidimensional version). Let d € N and let a: R — R be a func-
tion. Then we denote by M, q: RY — R? the function which satisfies for all z =
(11,29, ...,2q4) € RY that

Maa(x) = (a(z1),a(z2), ..., a(zq)). (5.3)
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5.2. Analysis of the approximation error

Definition 5.4 (Rectifier function). We denote by t: R — R the function which satisfies
for all z € R that
t(z) = max{z, 0}. (5.4)

Definition 5.5 (Multidimensional rectifier function). Let d € N. Then we denote by
Rq: RY — R? the function given by

9{d = 9)’tt,cl (55)
(cf. Definitions 5.3 and 5.4).

Definition 5.6 (Clipping function). Let u € [—00,00), v € (u,00]. Then we denote by
¢uv: R — R the function which satisfies for all z € R that

Cuw(z) = max{u, min{z,v}}. (5.6)

Definition 5.7 (Multidimensional clipping function). Let d € N, v € [—00,00), v €
(u,00]. Then we denote by €, 4: R? — R? the function given by

Q:u,v,d - SUtcu,u,d (57)

(cf. Definitions 5.3 and 5.6).

5.1.3 Rectified DNNs

Definition 5.8 (Rectified clipped DNN). Let d,L € N, u € [-00,0), v € (u,o0],
1= (lp,L;,...,1) € Nt 9 € RY satisfy d > Zle 1;(,_; +1). Then we denote by
A0 Rl — R the function which satisfies for all # € R" that

(Ng’o’lo ) () L=1
Ao (@) = { ( Ao (5.8)
(cf. Definitions 5.2, 5.5, and 5.7).

5.2 Analysis of the approximation error

This section is devoted to establishing a convergence result for the approximation of
Lipschitz continuous functions by DNNs (cf. Proposition 5.13). More precisely, Proposi-
tion 5.13 establishes that a Lipschitz continuous function defined on a d-dimensional hy-
percube for d € N can be approximated by DNNs with convergence rate 1/d with respect
to a parameter A € (0,00) that bounds the architecture size (that is, depth and width)
of the approximating DNN from below. Key ingredients of the proof of Proposition 5.13
are Beck, Jentzen, & Kuckuck |27, Corollary 3.8] as well as the elementary covering num-
ber estimate in Lemma 5.11. In order to improve the accessibility of Lemma 5.11, we
recall the definition of covering numbers associated to a metric space in Definition 5.10,
which is [27, Definition 3.11]. Lemma 5.11 provides upper bounds for the covering num-
bers of hypercubes equipped with the metric induced by the p-norm (cf. Definition 5.9)
for p € [1,00] and is a generalisation of Berner, Grohs, & Jentzen [47, Lemma 2.7| (cf.
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Chapter 5. Empirical risk minimisation

Cucker & Smale [91, Proposition 5| and |27, Proposition 3.12|). Furthermore, we present
in Lemma 5.12 an elementary upper bound for the error arising when Lipschitz continuous
functions defined on a hypercube are approximated by certain DNNs. Additional DNN
approximation results can be found, e.g., in [11, 16, 17, 49, 50, 63, 64, 74, 76, 78, 92, 105,
116, 120-122, 128, 147-154, 159, 160, 163, 173-176, 180, 194, 218, 226, 243-245, 249, 252,
255, 256, 258-260, 263, 268, 275, 277, 280, 284, 285, 288, 298, 309, 310| and the references
therein.

5.2.1 A covering number estimate

Definition 5.9 (p-norm). We denote by [||,: (Ui, RY) — [0,00), p € [1,00], the
functions which satisfy for all p € [1,00), d € N, 0 = (61,05, ...,04) € R? that

d Y
0], = 0 d 0|0o = 0;|. 5.9
o= (i) and ol = o 59
Definition 5.10 (Covering number). Let (E,J) be a metric space and let r € [0, cc].
Then we denote by C(g ), € NgU{oo} (we denote by Cg, € NoU{oo}) the extended real
number given by

Cip)r = inf({n € Ny: {HA CE: ((alﬁsﬁ)g\(é,v; 2%)} } U {oo}). (5.10)

Lemma 5.11. Let d € N, a € R, b € (a,00), r € (0,00), for every p € [1,00] let
8y ([a,b]?) x ([a, b)) — [0, 00) satisfy for all z,y € [a,b]? that §,(z,y) = ||z —y|,, and let
[-]:]0,00) = Ny satisfy for all x € [0,00) that [x] = min([z,00)NNy) (cf. Definition 5.9).
Then

(i) it holds for all p € [1,00) that

d'/?(b—a) d 1 r > d(b*a)/2
Clladit gy < ([Q——D < {(d(b—a))d < do-a)fy (5.11)

T

and

(11) it holds that
1 s> (b-a)/y

(=) < 0oy (5.12)

_and
Cluspenrs < ([552])" < {

(¢f. Definition 5.10).

Proof of Lemma 5.11. Throughout this proof let (M,)peq1,00) € N satisfy for all p € [1, 00)
that
N, = [dl/p(b—a)—‘ and N, = I'b—_a"" (5.13)

2r 2r

for every N € N, i € {1,2,..., N} let gn; € [a,b] be given by gn; = a+ (~/2(-a)/N and
for every p € [1,00] let A, C [a,b]? be given by A, = {gm, 1, 9n, 2, - -, go,m, 1% Observe
that it holds for all N e N, i € {1,2,..., N}, z € [a + (i-D(~-a)/N, gy ;] that

|z — gni|l =a+ —(i_l/izl(b_a) —z<a+ —(i_l/?f(b_a) — (a+ —(1—13\(717—[1)) = b (5.14)
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5.2. Analysis of the approximation error

In addition, note that it holds for all N € N, ¢ € {1,2,..., N}, = € [gn,, a + {b~a)/n] that

| — gl = @ — (o + LAY <y W00 (g g Ry boa (5.15)

Combining (5.14) and (5.15) implies for all N € N, ¢ € {1,2,..., N}, z € [a+ (-D-a)/n,
a + ib-a)/N] that |x — gn,| < (0=a)/@2n). This proves that for every N € N, = € [a, b] there
exists y € {gn1,9N2,- -, 9NN} such that

lz —y| < (5.16)

b=a
2N °

This, in turn, establishes that for every p € [1,00), * = (21, 22,...,24) € [a,b]? there
exists y = (Y1, Y2, - .-, Ya) € Ay such that

d Yp Yp |
b—a d'/?(b—a d'/p(b—a)2r
bu(.y) = llz—yll, = (2|—y|) (Z o ) = o < Gy =1 (5.17)

Furthermore, again (5.16) shows that for every @ = (21, 12,...,24) € [a,b]¢ there exists
v = (y1,Y2,-..,Ya) € As such that
a (b—a)2r

Ooo(2,y) = llz = Ylloc = o e d}|:ci —yil <t < gty =7 (5.18)

Note that (5.17), (5.13), and the fact that Vz € [0,00): [z] < L1(2) + 221 (1,00)(2) =
Lo, (re) 4+ 221 o0) (re) yield for all p € [1,00) that

Uppear T\ 4 .
Clnaays < = O0' = (|52 ) < (52"
< (]]_(07T]<d(b2—a)> +2d(b_a)]]-(r,oo)(M))d (519>

2r 2
= Lo (25 2) + (222) D) (252).

This proves (i). In addition, (5.18), (5.13), and again the fact that Vo € [0,00): [z] <
Lo, (re) 4+ 201 o0y (rx) demonstrate that

Clntsre < 1Al = (L) = ([521)" <€ Lo (52) + (52) Lo (552). (5:20)

This implies (ii) and thus completes the proof of Lemma 5.11. ]

5.2.2 Convergence rates for the approximation error

Lemma 5.12. Let d,d,L € N, L,a € R, b € (a,00), u € [—oo,oo), v € (u,00],
1 = (10,11,...,1L) € NV assume 1y = d, I, = 1, and d > Z L(L_y 4+ 1), and
let f:[a,b]Y = ([u,v] NR) satisfy for all z,y € |a, b] that | f(z) — f(y) < L|lz =yl
(cf. Definition 5.9). Then there exists ¥ € Rd such that ||¥||ec < sUp,eqpelf(®)] and

dL(b — a)

: (5.21)

Spre[a,b]d|%ill($) — f(z)] <
(cf. Definition 5.8).
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Proof of Lemma 5.12. Throughout this proof let 0 € N be given by 0 = ZZ Lo+ 1),
let m = (my, my, ..., my) € [a,b]? satisfy for all s € {1,2,...,d} that m; = (@+b)/2 and let
¥ = (V1,09,...,9q) € RY satisfy for all i € {1,2,...,d}\ {0} that ¥; = 0 and ¥, = f(m).
Observe that the assumption that 1y, = 1 and the fact that Vi € {1,2,...,0—1}:9; =0
show for all z = (w1, 29,..., 71, ,) € RI-1 that

Mp 1

9, L (Lo 1) o
A 1 (z) = 2221 19[ vy lz(li_1+1)]+ixi} +19[E?;11 L(Lio14+1)] 11 +1

Ll

ML_1

-4 ﬁ[z%_lliui1+1>]—<1L_1—i+1>xi] s ey (022)

M1

= Z 190 (IL_1—i+1)T :| +19D ﬁb = f(m)

(cf. Definition 5.1). Combining this with the fact that f(m) € [u,v] ensures for all
x € Rlt-1 that

(¢ R ) (@) = (€ wont © AT N ) (@) = eun(f(m)

11 Llp—g (5.23)
= max{u, min{f(m), v}} = max{u, f(m)} = f(m)
(cf. Definitions 5.6 and 5.7). This proves for all z € R? that
A (x) = f(m). (5.24)

In addition, note that it holds for all z € [a,my], ¢ € [my,b] that |m; — 2| =m; —z =
(atb)/o—g < (atb)/o—g = (b=a)/2 and |my —p| = t—m; = p—(a+b)/o < h—(at+b)/y = (b=a)/s. The
assumption that Vx,y € [a,b]?: |f(z) — f(y)] < L||z — y||; and (5.24) hence demonstrate
for all z = (21,29, ...,74) € [a,b]? that

d
A (@) = f(@)] = f(m) = f(2)] < L|m — x|, = L;Imi —

(b —a) dL(b —a)

; (5.25)
—L2|m1—xz|§; 5

This and the fact that ||| = maxicq12. ay|Vi| = [f(m)] < sup,cp, 44| f(2)] complete
the proof of Lemma 5.12. O]

Proposition 5.13. Let d,d,L € N, A € (0,00), L,a € R, b € (a,00), u € [—00,00),
v € (u,00], 1 = (Ip,1;,...,1) € NEFL assume L > Aletoo@/2a) + 1, 1y = d, 1; >
Algioe)(A), I = 1, and d > Y2, L(L_y, + 1), assume for all i € {2,3,...} N[0,L)
that 1; > L o) (A) max{4/a — 2i + 3,2}, and let f: [a,b]* = ([u,v] NR) satisfy for all
z,y € [a,b]¢ that |f(z) — f(y)| < Lllz—ylli (cf. Definition 5.9). Then there exists 9 € RY
such that ||V < max{1, L, |al,[b|, 2[sup e, el f(2)[]} and

3dL(b—a
S, gol V) — f()] < 2 =) (5.26)

(cf. Definition 5.8).
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5.2. Analysis of the approximation error

Proof of Proposition 5.15. Throughout this proof assume w.l.o.g. that A > 67 (cf. Lem-
a 5.12), let M € N be given by

N = max{n eN:n< (%)w}, (5.27)

let 7 € (0,00) be given by r = db-a)/am), let 0: ([a,b]?) x ([a,b]?) — [0, 00) satisfy for all
z,y € [a,b)? that §(z,y) = ||z — yl1, let Z C [a,b]? satisfy |2| = max{2, (a5} and

SUD,¢[a e fyes 0(z,y) <7 (5.28)

(cf. Definition 5.10), and let [-]: [0,00) — Ny satisfy for all z € [0,00) that [z] =
min([z,00) N Np). Note that it holds for all 0 € N that

20 <2271 =2 (5.29)
This implies that 3% = 6?/2¢ < 4/(24). Equation (5.27) hence demonstrates that

1/ Y Y Y
2<36) =) ) TG -1 (5.30)

This and (i) in Lemma 5.11 (with d; < 0, p < 1 in the notation of (i) in Lemma 5.11)
establish that

1] = max(2,Cupes, ) < max{2, ([152] )} = maxf2, () = v, (5.3)

Combining this with (5.27) proves that

4<2d|9| < 24N < 24 = A (5.32)

The fact that L > Ale?«)(A)/(2d) + 1 = 4/(2d) + 1 hence yields that |2| < 4/(2e) < L — 1.
This, (5.32), and the facts that I; > Algi)(A) = A and Vi € {2,3,...} N [0,L) =
{2,3,.. ., L—=1}: L; > L6d 00y (A) max{4/a — 20 4 3,2} = max{4/a — 2i + 3,2} imply for all
i€4{2,3,...,|2|} that

L>|2/+1, 4L >A>2d|2|, and 1, >4/a—2i+3>2/2|-2+3.  (5.33)

In addition, the fact that Vi € {2,3,...}N[0,L): I; > max{4/a— 2i + 3,2} ensures for all
i€ NN (]2|,L) that
1> 2. (5.34)

Furthermore, observe that it holds for all z = (z1,22,...,24),y = (Y1, Y2, .- -, ¥a) € [a,b]?
that

(@) — FW)] < Lz — il = L[Z| - yi@. (5.35)

This, the assumptions that 1o =d, 1, = 1, and d > ZL L;(Liy + 1), (5.33)-(5.34), and
Beck, Jentzen, & Kuckuck [27, Corollary 3.8] (withd <— d,0 <~ d, £« L, L + L, u < u,
v v, D« [a,b]¢, f <+ f, M+ 2,1+ 1in the notation of [27, Corollary 3.8]) show
that there exists ¥ € R such that ||¥]|o < max{1, L, sup,cq 7|, 2[sup,eq|f(z)]]} and

d
s A0 - f@l<2r] s (et S|
z€la,b]d r=(x1,22,...,24)E|a,b]? y=(y1,92,-¥a)€Z j=1

(5.36)
= QL[ sup in;Hx - yHl} = 2Ll sup inf 6(x,y)].

x€a,bd YE z€[a,b]? yes
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Note that this demonstrates that
||19H00 < maX{l? L> |CL|, |b‘7 2[Supx6[a,b]d|f(x)|]}' (537)
Moreover, (5.36) and (5.28)—(5.30) prove that

SUD e (ot M () — f(2)] < 2L[sup,e(y ya infyes 6(x, )] < 2Lr

_dL(b—a) _dL(b—a) _ (2d)*3dL(b — a)  3dL(b—a) (5.38)
3\2d
Combining this with (5.37) completes the proof of Proposition 5.13. ]

5.3 Analysis of the generalisation error

In this section we consider the worst-case generalisation error arising in deep learning
based empirical risk minimisation with quadratic loss function for DNNs with a fixed
architecture and weights and biases bounded in size by a fixed constant (cf. Corollary 5.28
in Subsection 5.3.3). We prove that this worst-case generalisation error converges in the
probabilistically strong sense with rate 1/2 (up to a logarithmic factor) with respect to
the number of samples used for calculating the empirical risk and that the constant in
the corresponding upper bound for the worst-case generalisation error scales favourably
(i.e., only very moderately) in terms of depth and width of the DNNs employed; cf. (ii)
in Corollary 5.28. Corollary 5.28 is a consequence of the main result of this section,
Proposition 5.27 in Subsection 5.3.3, which provides a similar conclusion in a more general
setting. The proofs of Proposition 5.27 and Corollary 5.28, respectively, rely on the tools
developed in the two preceding subsections, Subsections 5.3.1 and 5.3.2.

On the one hand, Subsection 5.3.1 provides an essentially well-known estimate for
the LP-error of Monte Carlo-type approximations; cf. Corollary 5.18. Corollary 5.18
is a consequence of the well-known result stated here as Proposition 5.17, which, in
turn, follows directly from, e.g., Cox et al. [85, Corollary 5.11| (with M <+ M, q + 2,
(E7 “”E) — (Rd’ ||'||2|Rd)7 (Q7§7P) — (97]:7 IP)>7 (fj)je{lﬂ,.--,M} = (Xj)j6{1727--~7M}7 psp
in the notation of [85, Corollary 5.11] and Proposition 5.17, respectively). In the proof
of Corollary 5.18 we also apply Lemma 5.16, which is Grohs et al. [148, Lemma 2.2|.
In order to make the statements of Lemma 5.16 and Proposition 5.17 more accessible
for the reader, we recall in Definition 5.14 (cf., e.g., [85, Definition 5.1]) the notion of
a Rademacher family and in Definition 5.15 (cf., e.g., [85, Definition 5.4] or Gonon et
al. [144, Definition 2.1]) the notion of the p-Kahane—Khintchine constant.

On the other hand, we derive in Subsection 5.3.2 uniform LP-estimates for Lipschitz
continuous random fields with a separable metric space as index set (cf. Lemmas 5.23
and 5.24 and Corollary 5.25). These estimates are uniform in the sense that the supre-
mum over the index set is inside the expectation belonging to the LP-norm, which is
necessary since we intend to prove error bounds for the worst-case generalisation error,
as illustrated above. One of the elementary but crucial arguments in our derivation of
such uniform LP-estimates is given in Lemma 5.22 (cf. Lemma 5.21). Roughly speaking,
Lemma 5.22 illustrates how the LP-norm of a supremum can be bounded from above
by the supremum of certain LP-norms, where the LP-norms are integrating over a general
measure space and where the suprema are taken over a general (bounded) separable metric
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space. Furthermore, the elementary and well-known Lemmas 5.19 and 5.20, respectively,
follow immediately from Beck, Jentzen, & Kuckuck [27, (ii) in Lemma 3.13 and (ii) in
Lemma 3.14] and ensure that the mathematical statements of Lemmas 5.21, 5.22, and
5.23 do indeed make sense.

The results in Subsections 5.3.2 and 5.3.3 are in parts inspired by |27, Subsection 3.2]
and we refer, e.g., to [18, 47, 91, 113-115, 156, 240, 281, 297] and the references therein
for further results on the generalisation error.

5.3.1 Monte Carlo estimates

Definition 5.14 (Rademacher family). Let (2, F,P) be a probability space and let J
be a set. Then we say that (7;);cs is a P-Rademacher family if and only if it holds that
r;: Q@ — {—1,1}, j € J, are independent random variables with Vj € J: P(r; = 1) =
P(Tj = — )

Definition 5.15 (p-Kahane-Khintchine constant). Let p € (0,00). Then we denote by
R, € (0, 00] the extended real number given by

( i JR-Banach space (E, ||| g): 1)
Jprobability space (2, F,P):

_ . JP-Rademacher family (7;) en:
K, =supq c € [0,00): J/1€ 5.39
P [ ) E”{?GNIE|J?1,Z’2,...,CE]€EE\{O}I ( )

L Else])” = (i)

(cf. Definition 5.14).

Lemma 5.16. It holds for all p € [2,00) that R, < /D —1 < 0o (cf. Definition 5.15).
Proposition 5.17. Let d,M € N, p € [2,00), let (2, F,P) be a probability space,

let X;:Q — R4, j € {1,2,...,M}, be independent random wvariables, and assume
max;e(i,2,...m} E[|| Xj|l2] < oo (cf. Definition 5.9). Then

CIERES

(cf. Definition 5.15 and Lemma 5.16).

} )l/p <28, [ﬁ ©lIX - BT Gao)

2 j=1

Corollary 5.18. Let d,M € N, p € [2,00), let (2, F,P) be a probability space,
let X;: Q — R4 j € {1,2,...,M}, be independent random wvariables, and assume
maxje(1,2,...m} El|| Xj|l2] < oo (c¢f. Definition 5.9). Then

] ) = g -]

(5.41)
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Proof of Corollary 5.18. Observe that Proposition 5.17 and Lemma 5.16 imply that

s )

“a(e{J[E0] {20 ]l])

1

iIH

|
)

M 2/p
< 2| S (E01X; - B
—~ (5.42)
1/2
_2%,[, —
7 je{{g??.(,M}(E[HX] E[XJ]”Q])
1/p
\/M { e{{%?)fM}(E[HXj ~ERXIIE]) ]
2\/]?1 1/p
<2 (®[IX, — B
v M je{1,2,...,M}
(cf. Definition 5.15). The proof of Corollary 5.18 is thus complete. -

5.3.2 Uniform strong error estimates for random fields

Lemma 5.19. Let (E, &) be a separable topological space, assume E # 0, let (2, F) be a
measurable space, let f,: Q — R, x € E, be F/B(R)-measurable functions, and assume
for allw € Q that E > x +— f,(w) € R is a continuous function. Then it holds that the
function

Q3w sup,ep fo(w) € RU{oo} (5.43)
is F /B(R U {o0})-measurable.

Lemma 5.20. Let (E,0) be a separable metric space, assume E # 0, let L € R, let
(Q, F,P) be a probability space, let Z,: Q — R, x € E, be random variables, and assume
forallz,y € E that E[|Z,|] < oo and |Z, —Z,| < Lé(x,y). Then it holds that the function

Q3w sup,cp|Z:(w) — E[Z,]] € [0, 0] (5.44)
is F /B([0, oo])-measurable.

Lemma 5.21. Let (E,0) be a separable metric space, let N € N, p,L,r1,79,...,n €
0,00), 21,20,...,2v € E satisfy E C UX {z € E:d(x,2) <}, let (Q,F, 1) be a
measure space, let Z,: Q — R, z € E, be F/B(R)-measurable functions, and assume for
alweQ, x,y € E that | Z,(w) — Zy(w)| < Lo(z,y). Then

[ swplziiPuio) < 3 [ (Lri+ 12, @) (5.45)
Q i=1JQ

zeFE
(cf. Lemma 5.19).
Proof of Lemma 5.21. Throughout this proof let By, Bs,..., By C E satisfy for all ¢ €

{1,2,...,N} that B, = {z € E: d(z,2) < r;}. Note that the fact that £ = JY B
shows for all w € €2 that

P, |Ze(0)] = SUD,c gy | )| Ze()] = WANicqin, vy SUDyep | Zel@)]. (5.46)
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This establishes that

/ sup | Zo(@)P p(de) = [ max  sup|Ze(w)]? u(dw)
O zeF Q i6{172 7777 N} r€EB;

N N (5.47)
< | 2 sup|Zy(w)[P p(dw) = 3 | sup|Zy(w)[” p(dw).

Qi=1z€B; i=1JQ z€B;

Furthermore, the assumption that Vw € Q, z,y € E: |Z,(w) — Z,(w)| < Lé(z,y) implies
forallw e Q, i€ {1,2,...,N}, x € B; that

| Ze(W)| = |Za(w) = 2z (W) + Z2,(W)] < | Ze(w) = 2z ()] + [ 22 (w)]

5.48
< Lo(r,2) + |Z,()| < Ly + |2, (@) o4
Combining this with (5.47) proves that
N
[ s Ze@P ) < 32 [ (L |2 @) o) (5.9
QO xeE i=1JQ
The proof of Lemma 5.21 is thus complete. O]

Lemma 5.22. Let p,L,r € (0,00), let (E,d) be a separable metric space, let (Q, F, )
be a measure space, assume E # O and p(Q) # 0, let Z,: Q@ - R, x € E, be F/B(R)-
measurable functions, and assume for allw € Q, x,y € E that | Z,(w) — Zy(w)| < Lo(z,y).
Then
[ sup 1ZuP i) < Came s [ (L1412, uta) (5.50)
Q Q

z€eE z€E

(cf. Definition 5.10 and Lemma 5.19).

Proof of Lemma 5.22. Throughout this proof assume w.l.o.g. that C(gs), < oo, let N € N
be given by N = C(g ), and let 21, 25, ..., 2y € E satisfy F' C UzNzl{x € E:6(x,z) <r}.
Note that Lemma 5.21 (with ry <= r, 7o <= r, ..., ry = r in the notation of Lemma 5.21)
establishes that

/qup | Z2 (W) p(dw) S;:l Q(LT’ + 12z (W)])" pldw)

zeFE

(5.51)
N
<y [sup Jr+ |Z$<w>|>m<dw>} - N[sup [+ 1z )|
i=1|lx€E JQ zeE JQ
The proof of Lemma 5.22 is thus complete. O]

Lemma 5.23. Letp € [1,00), L,r € (0,00), let (E, &) be a separable metric space, assume
E £ 0, let (Q,F,P) be a probability space, let Z,: Q — R, z € E, be random variables,
and assume for all v,y € E that E[|Z,|] < 0o and |Z, — Z,| < Lé(x,y). Then
p 1 /v
(E[sup,er|Z: — E[Z,]["]) " < (Cippyn)” [2Lr + sup,ep (E[| Z: — E[Z,]]P]) / } (5.52)
(cf. Definition 5.10 and Lemma 5.20).
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Proof of Lemma 5.23. Throughout this proof let Y,.: Q2 — R, x € E, satisty for all x € E,
w € Q that Y, (w) = Z,(w) — E[Z,]. Note that it holds for all w € Q, x,y € E that

Ya(w) = Yy(w)| = [(Ze(w) — E[Z:]) — (Zy(w) — E[Z,])]

|Z2(w) = Zy(W)| + [E[Z:] - E[Z,]] < Lo(z,y) + E[|Z: — Z,]] (5.53)
2L6(x,y).

Combining this with Lemma 5.22 (with L < 2L, (Q,F,pu) < (Q,F,P), (Z.)eer <

(Y.)zer in the notation of Lemma 5.22) implies that

(E[supye sl Z0 — E[Z.][P])) " = (B [sup,cpVal"]) "

IAIA

<€) [upscs (B[(2Lr + V1)) "]
y - s (5.54)
< (Cimy) 7" |2L7 + sup, e (B[|Yal]) |
= (Cim)) 7" |2L7 + sup, e (B[ Z, — EIZ]1) ™).
The proof of Lemma 5.23 is thus complete. O]

Lemma 5.24. Let M € N, p € [2,00), L, € (0,00), let (E,d) be a separable metric
space, assume E # 0, let (Q, F,P) be a probability space, for every v € E let Y, ;j: Q —
R, j € {1,2,..., M}, be independent random wvariables, assume for all z,y € E, j €
{1,2,..., M} that E[|Y,;|] < 0o and |Y,; — Y, ;| < Lé(x,y), and let Z,: @ - R, z € E,
satisfy for all x € E that

1M
Zo= = L; Yw-] . (5.55)
Then
(i) it holds for all x € E that E[|Z,|] < oo,
(ii) it holds that the function Q3 w — sup,cp|Z:(w) — E[Z,]] € [0,00] is F/B([0, c0])-

measurable, and
(11) it holds that
(E[sup,ep|Z. — E[Z.]F])”

ot ng (5.56)
< 2(Ciz.g).) " [LT + \pﬁl (SUPer maxjeq 2, ) (B[[Ye; — E[Y.;]7]) / )}

M
(cf. Definition 5.10).

Proof of Lemma 5.2/. Note that the assumption that Vo € E,j € {1,2,...,M}:
E[|Y, j]] < oo implies for all = € E that

EllZ) = E|3;

M
> Y
j=1

| < 57| Z Bl < e B < @0

T je{1,2,... .M}

This proves (i). Next observe that the assumption that Vz,y € E, 5 € {1,2,...,M}:
Y., — Y, ;| < Lé(z,y) demonstrates for all z,y € E that

e ] [0

1 M
< 1| Bl < ). 639
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Combining this with (i) and Lemma 5.20 establishes (ii). It thus remains to show (iii).
For this note that (i), (5.58), and Lemma 5.23 yield that

(E[supseglZe — BIZ)) ™ < (Cie) ™ |2Lr + 50be (B[ 2 — EIZ]1]) ] (5.59)

Moreover, (5.57) and Corollary 5.18 (with d < 1, (X})jcq2,...my — (Yaj)ieq12,...my for
x € E in the notation of Corollary 5.18) prove for all x € E that
il
(5.60)

(€l - Bz = (| 37| £ 1| - 2| 2 2]

2vp—1 o e
= VM {je{{l,l??,}iM}(E[|Yx’] E[Y;]I"]) ]

This and (5.59) imply that
p
(E[sup,erl Z. — EIZ.]])”
NG Yp
< (Cgs)r) /p [2L7’ -+ 2r (super maxjeqi o,y (E[[Yay — E[Y2]17]) ! )] (5.61)

VD /p
=2(Cps.)"" [LT‘ + YA (super maxjeqi, vy (E[|Yz; — E[Ya;]7]) / ﬂ
The proof of Lemma 5.24 is thus complete. m

Corollary 5.25. Let M € N, p € [2,00), L,C € (0,00), let (E,d) be a separable metric
space, assume E # (0, let (Q, F,P) be a probability space, for every v € E let Y, ;j: Q —
R, j € {1,2,..., M}, be independent random wvariables, assume for all z,y € E, j €
{1,2,..., M} that E[|Y, || < o0 and |Y,; — Y, ;| < Lé(x,y), and let Z,: Q@ - R, v € E,
satisfy for all x € E that

Z=+ [% Y} - (5.62)

Then
(1) it holds for all x € E that E[|Z,]] < oo,

(ii) it holds that the function Q@ 3 w +— sup,cp|Z.(w) — E[Z,]| € [0, 00] is F /B([0, 00])-
measurable, and

(iii) it holds that
(E[sup,cp|Z. — E[Z.F])"

5T o
<5 (%6»%) €+ sup,cpmasyeq s, (B[ Ve, —E[¥:]P])

(cf. Definition 5.10).

Proof of Corollary 5.25. Note that Lemma 5.24 shows (i) and (ii). In addition, Lem-
ma 5.24 (with r <— ¢vP=1/(Lya1) in the notation of Lemma 5.24) ensures that

(E[sup,ep|Z. — E[Z ”p})l/p

/p — 5T
p
S 2<C(E76)7c\/pf> |:LCL\/— + \/M (Super maxje{lg 77777 M} (EU}/J;J —E[Y;’jﬂp}) )]

: /p} (5.63)

LVM
— /p /p
— 2 (c(m),%p;) (€ b, maxjeqiz,..on (B2, — ENGIP]) "] (5.64)
This establishes (iii) and thus completes the proof of Corollary 5.25. O
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5.3.3 Strong convergence rates for the generalisation error

Lemma 5.26. Let M € N, p € [2,00), L,C,;b € (0,00), let (E,d) be a separable
metric space, assume E # 0, let (Q,F,P) be a probability space, let X, ;: Q@ — R,
jge{l,2,..., M}, z € E, and Y;: Q@ = R, j € {1,2,..., M}, be functions, assume
for every x € E that (X,;,Y;), j € {1,2,...,M}, are i.i.d. random variables, assume
forallz,y € E, j € {1,2,...,M} that | X,; —Y;| < b and | X,; — X, ;| < Lo(z,y), let
R: E — [0,00) satisfy for all x € E that R(x) = E[|X,1 — Y1[%], and let R: E x Q —
[0,00) satisfy for all x € E, w € Q) that

Rr,w) = L% X5 (0) — V(). (5.65)

Then
(1) it holds that the function Q 3 w +— sup,cp|R(z,w) —R(x)| € [0, 0] is F/B([0, c0])-

measurable and

(11) it holds that

(EfsupecslR(@) = R@)]) " < (Cpp, cnvems

1o [2(C + 1)b2/p—1
) { N (5.66)
(cf. Definition 5.10).

Proof of Lemma 5.26. Throughout this proof let Y, ;: Q@ = R, j € {1,2,..., M}, z € E,
satisfy for all z € F, j € {1,2,..., M} that )V, ; = | X, ; — Y;|>. Note that the assumption
that for every € E it holds that (X, ;,Y;), 7 € {1,2,..., M}, are i.i.d. random variables
ensures for all z € E that

s - 1 [ Bl - v - PRI re e

Furthermore, the assumption that Vo € E, j € {1,2,...,M}: |X,; —Y;| < b shows for
allz € £, j € {1,2,..., M} that
E[| V. 0] = E[[ X — Yj[*] < < o0, (5.68)
Voj = EVej] = |Xoy = YiI? —E[|Xo; = ViP] <IX,; - Y|? <, (5.69)
and
BVes) = Voj = B[[Xej = ViI’] = [Xoy = Vil <E[|Xo; - VP <07 (5.70)
Combining (5.68)—(5.70) implies for all z € E, j € {1,2,..., M} that

(E[|Ve,; — B ) < (B[] = 02, (5.71)

Moreover, note that the assumptions that Vz,y € E, j € {1,2,...,M}: [|X,,; = Y;| <
band | X, ; — X, ;| < Lé(z,y)] and the fact that Va1, 20,y € R: (21 — y)? — (22 — y)? =
(x1 — 22)((z1 — y) + (x2 — y)) establish for all x,y € E, j € {1,2,..., M} that
Vo = Vuil = [(Xag = ¥5)* = (Xyy = ¥3)°]
< KXoy — Xyl X = Vil + 1%, = Vi) (572
S 2b|XIJ — Xy,j| S 2bL5(ZE, y)
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Combining this, (5.67), (5.68), and the fact that for every z € E it holds that ), ;,
j€{1,2,..., M}, are independent random variables with Corollary 5.25 (with L < 2bL,

C <~ Cb27 (Yz,j)er,j€{1,2 ..... M} — (yz,j)er,j€{1,2 ..... M} (Zx)xEE < (Q S W R(QT,W) €
R),ep in the notation of Corollary 5.25) and (5.71) proves (i) and

(Efsup.epR(z) — R(@)])” = (E[sup,ep|R(z) — E[R()]"]) "

— /p 1/p
< 2\/1;\71 (C(E’é),czﬂ\/m) [052 + SUP,ep MAXje(1,2,..., M} (Eﬂyx,j _E[yx,jﬂp]) ] (5.73)

2bLvM
— /p 1/p 2(0 + 1)b2 D — 1
2v/p—1 2 21 _ \/
<2 Coaeaz) 100+ = (Conaz) |y
This shows (ii) and thus completes the proof of Lemma 5.26. u

Proposition 5.27. Let d,d,M € N, Lb € (0,0), a € R, B € (a,00), D C R,
let (Q, F,IP) be a probability space, let X;: Q@ — D, j € {1,2,..., M}, and Y;: Q@ — R,
j€{1,2,..., M}, be functions, assume that (X;,Y;), j € {1,2,..., M}, are i.i.d. random
variables, let f = (fp)oeja,ga: [, B]4 — C(D,R) be a function, assume for all 6,9 €
[avﬁ]df JE {1727 - '7M}7 x € D that |f9(XJ) _YH < b and ‘f@(il?) _fﬁ(x)‘ < LHG_ﬁHoo;
let R: [, B]4 — [0,00) satisfy for all 0 € [o, B]9 that R(0) = E[|fo(X1) — Y1|%], and let
R: [, B]2 x Q — [0, 00) satisfy for all 6 € |a, B]9, w € Q that

Ri6.) = 7| Z 16D - V)P 5:74)

(cf. Definition 5.9). Then

(i) it holds that the function Q > w > supye|y ga|R(0,w) — R(O)| € [0,00] is F/
B([0, oo])-measurable and

(i) it holds for all p € (0,00) that

(E[suppea s/ R(O) — R(O)P]) "

o iy 2O+ DY max{l, 2VML(5 — a)(Ch)~1)}/max{l, p, 9}
- C,e€(0,00) \/M (575)
< inf 2(C + 1)b2\/e max{1,p,dIn(4ML%(3 — a)2(Cb)~2)}

Ce(0,00) \/M .

Proof of Proposition 5.27. Throughout this proof let p € (0,00), let (k¢)ce(o,00) € (0, 00)
satisfy for all C' € (0,00) that ko = 2VML(B=a)/(cv), let Xp;: Q@ — R, j € {1,2,..., M},
0 € [, B]9, satisty for all 0 € [o,[]4, j € {1,2,..., M} that Xy, = fo(X;), and let
§: ([, B]9) x ([er, B]Y) — [0, 00) satisfy for all 6,9 € [a, 8]9 that §(6,9) = ||0 — || . First
of all, note that the assumption that V0 € [o, 8]9, j € {1,2,...,M}: |fo(X;) = Y;| < b
implies for all 6 € [, 8]9, 7 € {1,2,..., M} that

Xy — Y| = 1fo(X;) = Yj| < b (5.76)
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In addition, the assumption that V60,9 € [a, 8]9, x € D: |fo(x) — fo(z)] < L||0 — Vw0
ensures for all 0,9 € [o, ]9, j € {1,2,..., M} that

| X, = X il = [fo(X;) = Fo(X;) < sup,eplfo(z) = fol(w)] < L]0 =D = L5, 7). (5.77)

Combining this, (5.76), and the fact that for every 6 € [o,8]¢ it holds that (X, ;,Y;),
j € {1,2,..., M}, are i.i.d. random variables with Lemma 5.26 (with p < ¢, C' < C,
(E,8) « ([a, B]4,9), (Xej)eer jetia,..my < (Xoj)oela,gd, jefr2,..my for ¢ € [2,00), C €
(0,00) in the notation of Lemma 5.26) demonstrates for all C' € (0,00), ¢ € [2,00) that
the function Q 3 w = supye(, ga|R (0, w) —R(0)] € [0, oc] is F/B([0, oo])-measurable and

Ve Ya[2(C + 1D /g =1
(E [Supge[aﬁ]d |R<9) - R(@)|q]) < <C([a,ﬂ]d,§),il;\/\;§> |: \/M (578)

(cf. Definition 5.10). This finishes the proof of (i). Next observe that (ii) in Lemma 5.11
(with d <= d, a <= «, b < [, r < r for r € (0,00) in the notation of Lemma 5.11) shows
for all r € (0, 00) that

Clagase < T (52)
< max{1, (52) }(m( B2 4 1y (552)) 5.7
(=2

= max{

_l’_
—
Q
Q
\_/
=
g
—
‘Q
N |
Q
= —

This yields for all C' € (0,00), ¢ € [2,00) that

l/q 9 d
(5—Ot)L\/M q
G 22) Smax{l’ () }

< max{l, (2“ Ap—a)LVM W)d} _ max{l, (no)%}.

Jensen’s inequality and (5.78) hence prove for all C,e € (0, 00) that

(5.80)

(E [supgero, g0 R(O) — R(O)])”
< (E[suppefo e R(0) — R(O) ™20 41] iy
2(C' + 1)b?\/max{2, p,d/:} — 1
VM (5.81)
C)min{d/z,d/p,a}} 2(C + 1)b2\/max{1,p —1,d/—1}
VI

< 2(C' + 1)b* max{1, (kc)®}/max{l, p, /s
B VM

__a
< max{l, (ko) max(2p. 9/} }

= max{1, (x

Next note that the fact that Va € (1,00): a/G""®) = ™@/@m@) = ¢'2 — | /o > 1 ensures
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for all C' € (0,00) with k¢ > 1 that

2(C' + 1)b* max{1,

—~

inf
€€(0,00)

< 2AC + Db max{l, (re) """} y/max{1, p, 2d In(rc) } (5.82)

ko )f y/max{1, p, d/s}]

=

=

2(C' + 1)b?/emax{1,p,dIn
vM

In addition, observe that it holds for all C' € (0, 00) with ko < 1 that

2(C + 1)b? max{1, (rkc)* }/max{1, p, d/a}]

—~

re)}

inf
€€(0,00)

VM

_ g |2CH DR mad{lp | 2AC+ D max{lph 5 g9
€€(0,00) VM B VM

_ 2(C + 1)bv?\/emax{1,p,dIn([xc]?)}

> \/M ’

Combining (5.81) with (5.82) and (5.83) demonstrates that

(B [suppeia 54| R(0) — R(O)]]) "

. _2(0 + 1)b* max{1, (k¢)®}y/max{l, p,d/}
< inf
C,e€(0,00) i v M
- [2(C + 1)b? max{1, 2V ML(8 — a)(Cb)~YJ*}/max{L, p, 9/}
= in
C,e€(0,00) v M (584)
. -2(0 + 1)b?\/emax{1,p,dIn([rc]?)}
< inf
C'e(0,00) I \/M
" -2(0 + 1)b*\/emax{1,p,dIn(4M L%(3 — «)2(Cb)~2)}
= 1n .
Ce(0,00) i \/M
This establishes (ii) and thus completes the proof of Proposition 5.27. O

Corollary 5.28. Let d,d,L,M € N, B;b € [1,00), u € R, v € [u+1,0), 1 =
(I, 1y, ..., 1) € N¥*1 D C [=b,b)¢, assume ly =d, I, = 1, and d > S5 L(Li_y + 1), let
(Q, F,P) be a probability space, let X;: Q@ — D, j € {1,2,..., M}, and Y;: Q@ — [u,v],
g€ A{1,2,..., M}, be functions, assume that (X;,Y;), j € {1,2,...,M}, are i.i.d. ran-
dom wvariables, let R: [-B,B]Y — [0,00) satisfy for all 0 € [—-B,B]? that R(0) =
E[|A451(X1) — Y1[?], and let R: [-B,B]? x Q — [0,00) satisfy for all 0 € [-B, B9,
w € Q that .

Ri6.2) = 37| S AL ) - V) (5.55)

—1

(cf. Definition 5.8). Then
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(i) it holds that the function Q > w + supge_p palR(0,w) — R(0)| € [0,00] is F/

B([0, oc])-measurable and
(it) it holds for all p € (0,00) that

(E[supocr- 554 R(O) ~R(O)F])”
9(v — w)’L(||c + 1)y/max{p, n(4(Mb)" (1]l + 1) B)}
<
= NG (5.86)
9(v — u)?L(||1]|sc + 1)? max{p, In(3M Bb)}
<
VM
(cf. Definition 5.9).
Proof of Corollary 5.28. Throughout this prooflet 9 € Nbe givenby o = 2 | Li(L,_;+1),
let L € (0,00) be given by L = bL(||l]|oc + 1)*BY"Y, let f = (fo)oel-n,5p: [—B,
C(D,R) satisfy for all @ € [-B,B]°, v € D that fy(z) = A%} (x), let Z: [-B,
[0, 00) satisfy for all 0 € [—B, B]® that Z(0) = E[| fo(X1) — Y1|*] = E[|A4.%}(X1) — Y1]?],
and let R: [—B, B]° x  — [0, 00) satisty for all § € [-B, B]°, w € Q that

RO.w) = 57 | S ) = G| = 37| SR W) - el 687

Note that the fact that V6 € R®, x € R?: A4 %l(z) € [u,v] and the assumption that
Vjie{l,2,...,M}: Y;(Q) C [u,v] imply for all 0 € [-B, B]°, j € {1,2,..., M} that
‘fG(Xj) - Y;| = ‘%?él(Xj) - Y;‘ < SuPyuyze[u,v]‘yl — Y| =v—u. (5.88)
Moreover, the assumptions that D C [—b,b]¢, 1y = d, and 1, = 1, Beck, Jentzen, &
Kuckuck [27, Corollary 2.37] (with a <~ —b, b« b, u <~ u, v < v, d+ 0, L+ L, [ + 1
in the notation of |27, Corollary 2.37]), and the assumptions that b > 1 and B > 1 ensure
for all 0,9 € [—B, B]°, x € D that
[fo(x) = fo(@)] < supyeyal A0 (y) — A5 (W)
< Lmax{1, b}([1flsc + 1)*(max{1, [0llcc, [l N*7'10 = Il (5-89)
< WL([[Uloe + D B* 10 = 9loc = LIIO — V]| cc.
Furthermore, the facts that d > 9 and V0 = (61,6,,...,04) € RY: A0 = %621’92 """ 62).1
prove for all w € 2 that
Supee[fB,B}d|R(07w) —R(0)] = SUPae[fB,BMR(@aW) —Z%(0)|. (5.90)

Next observe that (5.88), (5.89), Proposition 5.27 (with d <~ 0, b < v — u, a < —B,
B+ B, R+ %, R +< R in the notation of Proposition 5.27), and the facts that
v—u>(u+1)—u=1and 0 < L|[1f|(ljec +1) < L(J1]|oc + 1)* demonstrate for all
p € (0, 00) that the function Q 5 w = supge_p gp|R(0,w)—Z(0)] € [0, 00] is F/B([0, oc])-
measurable and

(E [Supge[_B,B]a |R(6) — %2(0) |pj| ) p

< inf —2(0 + 1) (v — u)?\/emax{1,p, 0 In(4M L2(2B)2(Clv — u])~2)}
T Ce(0,00) I \/M (591)
_ e [0 ) - wremax(Tp L + PR EPEC 2]

~ Ce(0,00) I ,_M .
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This and (5.90) establish (i). In addition, combining (5.90)—(5.91) with the fact that
2612 < 26. 92(L—1) — 94+2L < 4L+2L _ 96L 51 the facts that 3 > e, B > 1, L > 1,
M > 1, and b > 1 shows for all p € (0,00) that

(E [Supee[—B,B}d|R(9) - R(9)|pDI/p = (]E [Supee[—B,B]°|R(0) - %(Q)V)D%
< 2(12+ 1) (v — u)?y/emax{1, p, L(|[l]|o + 1)2In(24M L2 B222)}
- VI

u)?y/emax{p, L([1]c + 1)* m(2SMPL2 ([ + 1)?2B0)}

VM

_ 3(v = w?/emax{p, 3L2([1[ s + D’ m(2TMP([[] + )FBE7om)y - (5:92)
- VM
_ 3(v —w)?y/3max{p, 3L ([ + 1?22 (MB) 0 ([T« + D B)}

~—

2B

(v — u) Ll oo + 1)y/max{p, In
<
vM
Furthermore, note that the fact that Vn € N: n < 27! and the fact that ||1]|. > 1 imply
that

~—~

4(Mb) (||| +1)B)}

A(|[T| 4+ 1) < 22 20t D=1 — 93 p(llst)=2 < 32 g(lllect D=2 _ glctD)  (5.93)

This demonstrates for all p € (0, 00) that

9(v — u)*L(|[1]|o + 1) v/max{p, In(4(M) /(||| + 1)B)}
VM
< 9(v — u)?L(|[1| oo + 1) v/max{p, (|1]|cc + 1) In([30Mec+1) (Mb)Y/E B]/tloo+1)) )
- VM
< 9(v — u)?L(|[1]|oo + 1)* max{p, In(3M Bb)}
< NiTi .

Combining this with (5.92) shows (ii). The proof of Corollary 5.28 is thus complete. [

(5.94)

5.4 Analysis of the optimisation error

The main result of this section, Proposition 5.34, establishes that the optimisation error
of the Minimum Monte Carlo method applied to a Lipschitz continuous random field with
a d-dimensional hypercube as index set, where d € N, converges in the probabilistically
strong sense with rate 1/a with respect to the number of samples used, provided that
the sample indices are continuous uniformly drawn from the index hypercube (cf. (ii) in
Proposition 5.34). We refer to Beck, Jentzen, & Kuckuck |27, Lemmas 3.22 and 3.23| for
analogous results for convergence in probability instead of strong convergence and to Beck
et al. [22, Lemma 3.5] for a related result. Corollary 5.36 below specialises Proposition 5.34
to the case where the empirical risk from deep learning based empirical risk minimisation
with quadratic loss function indexed by a hypercube of DNN parameter vectors plays the
role of the random field under consideration. In the proof of Corollary 5.36 we make use of
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the elementary and well-known fact that this choice for the random field is indeed Lipschitz
continuous, which is the assertion of Lemma 5.35. Further results on the optimisation
error in the context of stochastic approximation can be found, e.g., in [10, 12, 44, 72, 102,
103, 108, 109, 124, 161, 190, 195, 200, 222, 282, 311, 313] and the references therein.

The proof of the main result of this section, Proposition 5.34, crucially relies (cf.
Lemma 5.33) on the complementary distribution function formula (cf., e.g., Elbrachter et
al. [120, Lemma 2.2|) and the elementary estimate for the beta function given in Corol-
lary 5.32. In order to prove Corollary 5.32, we first collect a few basic facts about the
gamma and the beta function in the elementary and well-known Lemma 5.29 and derive
from these in Proposition 5.31 further elementary and essentially well-known properties
of the gamma function. In particular, the inequalities in (5.96) in Proposition 5.31 are
slightly reformulated versions of the well-known inequalities called Wendel’s double in-
equality (cf. Wendel [308]) or Gautschi’s double inequality (cf. Gautschi [130]); cf., e.g.,
Qi [264, Subsections 2.1 and 2.4].

5.4.1 Properties of the gamma and the beta function

Lemma 5.29. Let I': (0, 00) — (0,00) satisfy for allz € (0,00) that I'(z) = [~ t*te~" dt
and let B: (0,00)% — (0,00) satisfy for all z,y € (0,00) that B(x,y) = fo t*H1—t)v—de.
Then

(i) it holds for all x € (0,00) that I'(x + 1) = 2 T'(z),
(11) it holds that T'(1) =T(2) =1, and
(ii1) it holds for all x,y € (0,00) that B(x,y) = (?2};;)).
Lemma 5.30. [t holds for all o,z € [0,1] that (1 —2)* <1 — ax.

Proof of Lemma 5.30. Note that the fact that for every y € [0,00) it holds that the
function [0,00) 3 z — y* € [0, 00) is a convex function implies for all o, x € [0, 1] that

(1—2)" = (1 — )t
<a(l—z)'+(1- a)(l — x)o (5.95)

The proof of Lemma 5.30 is thus complete. O

Proposition 5.31. Let I': (0,00) — (0,00) satisfy for all x € (0,00) that I'(x
St et dt and let -,: (0,00) — Ny satisfy for all z € (0,00) that x, = max([O,az)
No). Then

(i) it holds that T': (0,00) — (0,00) is a convex function,
(11) it holds for all x € (0,00) that I'(x + 1) = 2 '(z) < 2® < max{l,z"},
(1i1) it holds for all x € (0,00), a € [0, 1] that

(max{z +a —1,0})* < " +ﬂ;)1_a - F(I:f(l-)a) < 2°, (5.96)

and
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5.4. Analysis of the optimisation error

() it holds for all x € (0,00), a € [0,00) that

[z + «)

(max{z + min{a — 1,0},0})* < T'(x)

< (x +max{a —1,0})". (5.97)

Proof of Proposition 5.31. First, observe that the fact that for every ¢ € (0,00) it holds
that the function R 5 x — ¢* € (0,00) is a convex function implies for all z,y € (0, c0),
a € [0,1] that

oz + (1 —a)y) = / goet=edy=lo=t qp — / oet=—adyy=lo=t q¢
0 0
< / (at” + (1 —)t¥)t et dt
0

= a/ t" e tdt 4 (1 — a)/ t et dt
0 0
=al(z) + (1 -a)l'(y).

(5.98)

This shows (i).
Second, note that (ii) in Lemma 5.29 and (i) establish for all a € [0, 1] that

Ma+l)=T(a-2+(1—-0a)- ) <al'Q)+(1-a)I(1)=a+(1—a)=1. (5.99)
This yields for all z € (0, 1] that
I'z+1) <1=2" =max{l,z"}. (5.100)

Induction, (i) in Lemma 5.29, and the fact that Va € (0,00): z— x, € (0,1] hence ensure
for all € [1,00) that

x+1)= {H(w — i+ 1)} M- z,+1) <z®T(x— oz, +1) <" <z =max{l,2"}.
i=1

(5.101)
Combining this with again (i) in Lemma 5.29 and (5.100) establishes (ii).
Third, note that Holder’s inequality and (i) in Lemma 5.29 prove for all z € (0, 00),
a € [0,1] that

I'(z+a)= / trrerleTt qt = / terematylma)z=(1-a) ,—(1=a)t 43
0 0

— / [txe—t]a[tm—le—t]l—a dt
0

(5.102)
< ( /0 N tre dt)a < /0 N et dt)l_a
= [[(z + D]*[0(2)]' ™ = 2*[[(2)]*[[(2)]'™ = 2°T ().
This and again (i) in Lemma 5.29 demonstrate for all = € (0,00), a € [0,1] that
eT(x)=T(z+1)=T@+a+(l-0a)) < (z+a)°T(z+a). (5.103)
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Combining (5.102) and (5.103) yields for all x € (0,00), « € [0, 1] that

x Mleta) _ .
T S T < (5.104)

Furthermore, observe that (i) in Lemma 5.29 and (5.104) imply for all z € (0,00), o €
[0,1] that
MNz+a) T(z+a)

T(z+1)  2D(z) <27 (5.105)

This shows for all a € [0, 1], z € (o, 00) that

[(x) I((x—a)+«) 1 1
— < — @ = 1
M+ (1—-a)) T(z—a)+1) — (z—a) (x — a)t—@ (5.106)
This, in turn, ensures for all & € [0,1], z € (1 — a, 00) that
(r+a—1)°=(z—(1—a) < &L (5.107)
N - D(x) )
Next note that Lemma 5.30 proves for all z € (0,00), a € [0, 1] that
max{z +a —1,0}\"
-1 a o
(max{z +a—1,0})* = (v + ) ( T a )
1 [e%
= (:Jc—l—a)“(max{l— ,O})
THa (5.108)
< (:C—l—oz)o‘(l— - ) = (x—l—&)“( - )
T+« T+«
B x
C (z+ )t

This and (5.104) establish (iii).

Fourth, we show (iv). For this let |-]: [0,00) — Ny satisfy for all x € [0,00) that
|z] = max([0,z] N Ny). Observe that induction, (i) in Lemma 5.29, the fact that Va €
[0,00): @ — |a] €[0,1), and (iii) demonstrate for all z € (0,00), a € [0, 00) that

[(r+4+a) L“Jx o g x4+ a—|a)) M:E o — )| golo]

= (e o S < [l o)
x4 a — 1)lelge-lal (5.109)
2+ max{a — 1,0} (z + max{a — 1,0})>"

= (z + max{a — 1,0})".

<(
<(

Furthermore, again the fact that Va € [0,00): o — |« € [0,1), (iii), induction, and (i) in
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Lemma 5.29 imply for all z € (0,00), a € [0, 00) that
Mz+a) T+|o]+a—]a])

['(z) ['(z)

> (max{x + |a] + o — |a] — 170})06—Lo< [ (ﬁr—ExL&J)}
Lo T
= (ma{w e 1,0 [Hl(ﬁ o _Zﬂ% (5.110)

> (max{z + o — 1,0})2lelgle]
— (max{z + o — 1,0})2"L (max{x 0}l
> (max{z + min{a — 1,0}, 0})*" 1 (max{z + min{a — 1,0},0})*!
= (max{z + min{a — 1,0},0})*.
Combining this with (5.109) shows (iv). The proof of Proposition 5.31 is thus complete.

Corollary 5.32. Let B: (0,00)? — (0,00) satisfy for all z,y € (0,00) that B(z,y) =

fol t* 11 — t)v=1dt and let T': (0,00) — (0,00) satisfy for all x € (0,00) that T'(x) =
fooo t*“te~tdt. Then it holds for all z,y € (0,00) with x +vy > 1 that

['(x) <B(s.y) < I'(x) < max{1,z"}
(y + max{x — 1,0})" Y (y + min{z — 1,0})* — x(y + min{x — 1,0})*
(5.111)
Proof of Corollary 5.32. Note that (iii) in Lemma 5.29 ensures for all z,y € (0,00) that
['(z)C(y)
B = —=. 5.112
(@) = (5.12)

In addition, observe that it holds for all z, y € (0, co) with z+y > 1 that y+min{z—1,0} >

0. This and (iv) in Proposition 5.31 demonstrate for all z,y € (0, 00) with x +y > 1 that

I'(y + )
'(y)

Combining this with (5.112) and (ii) in Proposition 5.31 shows for all x,y € (0, c0) with
x +y > 1 that

0 < (y+ min{z — 1,0})" < < (y + max{z — 1,0})". (5.113)

['(x) [(x) max{1,z"}
< B(z,y) < . < : :
(y + max{z — 1,0})* (y + min{z — 1,0})* = z(y + min{z — 1,0})*
(5.114)
The proof of Corollary 5.32 is thus complete. O

5.4.2 Strong convergence rates for the optimisation error

Lemma 5.33. Let K € N, p,L € (0,00), let (E,d) be a metric space, let (Q,F,P)
be a probability space, let R: E x Q — R be a (B(F) ® F)/B(R)-measurable function,
assume for all x,y € E, w € Q that |R(r,w) — R(y,w)| < Li(z,y), and let Xi: Q@ — E,
ke{l,2,...,K}, be i.i.d. random variables. Then it holds for all x € E that

E[mingeqi 2,k R(Xk) — R(z)[P] < LP /0 M[P(é(xl,x) > /) K de. (5.115)
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Proof of Lemma 5.33. Throughout this proof let z € F and let Y: Q — [0,00) be the
function which satisfies for all w € Q that Y(w) = mingeq o, x}3[0(Xi(w),z)P. Ob-
serve that the fact that Y is a random variable, the assumption that Vo, w € E, w €
Q: R(v,w) — R(w,w)| < Lé(v,w), and the complementary distribution function formula
(see, e.g., Elbrachter et al. [120, Lemma 2.2|) demonstrate that

E[minke{lg ..... K}|R(Xk> - R@)m < LP]E[minke{M ~~~~~ K}[‘S(Xk’x)]p}
= LPE[Y] = L”/O yPy(dy) = L”/O Py ((e,00)) de (5.116)

= Lp/ P(Y >¢)de = Lp/ ]P’(minke{m ,,,,, K [0( Xy, )P > 6) de.
0 0

Moreover, the assumption that O, k € {1,2,..., K}, are i.i.d. random variables shows
for all € € (0, 00) that

P(minke{m ,,,,, K} [0 (X, 2)]P > 5) = P(Vk e{1,2,...,K}: [0(Xg,x)]P > 5)

T K K (5.117)
= kljllP([é(Xk,x)]” > ¢) = [P([6(Xy, 2)]P > &) = [P(6(Xy, x) > £7/7))K.

Combining (5.116) with (5.117) proves (5.115). The proof of Lemma 5.33 is thus complete.
[

Proposition 5.34. Let d, K € N, L,a € R, € (a,00), let (2, F,IP) be a probability
space, let R: [a, B]9 x © — R be a random field, assume for all 6,9 € [a,B]9, w €
Q that [R(0,w) — R, w)| < L||0 — oo, let Op: Q — [, B89, k € {1,2,...,K}, be
i.i.d. random variables, and assume that O, is continuous uniformly distributed on [, 3|4

(cf. Definition 5.9). Then
(i) it holds that R is a (B([o, 8]%) @ F)/B(R)-measurable function and
(i1) it holds for all 6 € |, B]9, p € (0,00) that

(E [minke{1,2,,,,,K}|R(@k) — R(e)lp})l/p
< L(B — a) max{1, (»/a)"/?} < L(B — a)max{1,p} (5.118)
=~ Kl/d >~ Kl/d )

Proof of Proposition 5.34. Throughout this proof assume w.l.o.g. that L > 0, let :

([o, B]) % ([er, B]Y) — [0, 00) satisfy for all 6,9 € [a, 5|9 that §(0,9) = [|0 — Ve, let
B: (0,00)% — (0, 00) satisfy for all z,y € (0, 00) that B(z,y) = fol t"1(1—t)¥~1 dt, and let
©11,012,...,014: Q = [, ] satisfy ©; = (011,019,...,0;14). First of all, note that
the assumption that V6,9 € [o, f]9, w € Q: |R(0,w) — R(V,w)| < L||@ — V|| ensures for
all w € Q that the function [a, )4 3 6 — R(0,w) € R is continuous. Combining this with
the fact that (o, 8]9,0) is a separable metric space, the fact that for every 0 € [, 5]¢ it
holds that the function 2 5 w +— R(0,w) € R is F/B(R)-measurable, and, e.g., Aliprantis
& Border |4, Lemma 4.51] (see also, e.g., Beck et al. |22, Lemma 2.4]) proves (i). Next
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observe that it holds for all 6 € [a, ], € € [0, 00) that

min{f + ¢, f} — max{f — ¢,a} = min{f + ¢, 5} + min{e — 0, —a}
= min{f + ¢ + min{e — 6, —a},  + min{e — 0, —a}}
= min{min{2¢,6 — a + ¢}, min{8 — 0 +¢, 8 — a}} (5.119)
> min{min{2s,0 — a + ¢}, min{8 — B +¢, 8 — a}}
= min{2¢,¢,¢, 8 — a} = min{e, § — a}.
The assumption that ©; is continuous uniformly distributed on [, 3]¢ hence shows for
all @ = (01,0s,...,04) € [, 8], € € [0,00) that
P(|©1 — 0]l <€) = P(maxjeqi,..a}|O1i — bi] < ¢)
:IP(WE {1,2,...,d}: =<6y, —0;<¢)
(VzE{lQ d}:@i—z—:g@ug@i—ke)
=P(Vie {1,2,...,d}: max{6; — e, a} < O1; < min{6; + ¢, 5})
(

_B(61 € [xy [max{h - = a}, min + =, )] S
j (mm{@ +¢,8} — max{6; — e,a})
1 almin{e, § — a}]d min{l, W}
Therefore, we obtain for all § € [, 8]9, p € (0,00), € € [0, 00) that
P([|61 = blloc > ") = 1 = P(||©1 — 0]l <)
(5.121)

. d/p /
Sl—mln{l,(ﬁ )d}:max{Ol %}

This, (i), the assumption that V0,9 € [o, 84, w € Q: |R(0,w)—R (Y, w)| < L||0—3||, the
assumption that O, k € {1,2,..., K}, are i.i.d. random variables, and Lemma 5.33 (with
(E,8) « ([, 8]9,0), (Xp)keqr2,.k3 < (Ok)reqi 2.k} in the notation of Lemma 5.33)
establish for all 6 € [, 5]9, p € (0, 00) that

777777

<o [Tmaxfo- 22 )] @ — (ﬂ‘”"p(l__ed/p ) e
- 0 ) (B—a)d 0 (B—a)d (5'122)

=2LP(B— a)” /1 tp/d71<1 — t)K dt = BLP(B — )P /1 tp/d*l(l _ t)KH*l dat
0 0
LP(B — a) B(r/a, K +1).

Corollary 5.32 (with < ?/d, y < K + 1 for p € (0,00) in the notation of (5.111) in
Corollary 5.32) hence demonstrates for all 6 € [, 8]9, p € (0,00) that

E[minke{l,Q ..... Kk} R(Ok) — R(Q)\p}
BIP(5 — o max{L, (fa)") _ (B — P max{lL (ay}  (5:123)
B(K + 14 min{r/a —1,0})7¢ — Kv/4

<
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This implies for all 6 € [, 8]9, p € (0,00) that

(E[mingeqis... 53 R(Ok) — R(9)|PD1/P

< L(B — a)max{1, (¢/a)} . L(B — ) max{1, p} (5.124)
=~ Kl/d —= Kl/d
This shows (ii) and thus completes the proof of Proposition 5.34. 0

Lemma 5.35. Let d,d,L,M € N, Bjbe [1,00), u € R, v € (u,00), 1 = (lp,1;,...,1p) €
NL+L D C [—b,b]?, assume ly =d, 1, =1, and d > Z,};l L(L_y 4+ 1), let Q be a set, let
X;:Q—=D,je{l,2,.... M}, and Y;: Q — [u,v], j € {1,2,..., M}, be functions, and
let R: [—B, B]4 x Q — [0,00) satisfy for all § € [-B, B]%, w € Q that

Ri6.2) = 7| S A @) - Ve (5125

(cf. Definition 5.8). Then it holds for all 6,9 € [-B, B]4, w € Q that
R0, w) — RO, w)| < 2(v —u)bL(||1]|ee + 1)*B*1|0 — 9| (5.126)
(cf. Definition 5.9).

Proof of Lemma 5.35. Observe that the fact that Vo, zo,y € R: (2 —y)? — (19 —y)? =
(21 — 22)((z1 — y) + (x2 — y)), the fact that V6 € RY, x € R?: A% (z) € [u,v], and the
assumption that Vj € {1,2,..., M}, w € Q: Y;(w) € [u,v] prove for all 6,9 € [—B, B4,
w € () that

R(0,w) — RV, w)|
- sl [E e - v - [S e - ver

L%! X)) = V() — A X)) — Yj<w>12}]

s EIH

Lﬁ (A () — A X)) (5.127)

=1

AL (X (W) = V()] + (A5 (X (w)) — Yj(wm)}

A
§|‘°

M
Lz ([supepl AN — A2 )] [suPy, 4yl — vl] )]

2(v — u) [sup,p | A0 (2) — AN ()]

In addition, combining the assumptions that D C [—b,b]¢, d > Zle L,(Liy+1), 1) =d,
I = 1,b > 1, and B > 1 with Beck, Jentzen, & Kuckuck [27, Corollary 2.37] (with
a< —b,b<bu<+ u,vv,d<«d, L+ L, <+ linthe notation of [27, Corollary 2.37|)
shows for all 0,9 € [—B, B] that

SUP,ep| A (2) = A0 (2)| < suppepyal A (2) — A% ()]

< Lmax{1, b} (|[Uflee + 1™ (max{L, [[6]loc, [9]loc})" (|6 — Iloo (5.128)

< OL([[loo +1)E B0 — |-
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This and (5.127) imply for all 6,9 € [-B, B]¢, w € Q that
IR(0,w) — R(¥,w)| < 2(v — u)bL(|1f|oe + 1)*BE0 — V|- (5.129)
The proof of Lemma 5.35 is thus complete. O]

Corollary 5.36. Let d,d,0,L,M,K € N, Bjb € [l,00), u € R, v € (u,00), 1 =
(Io, 1y, ..., 1) € N¥1 D C [=b,0]%, assumely =d, I = 1, andd >0 =31 Ll +1),
let (2, F,P) be a probability space, let ©: Q — [-B,B]4, k € {1,2,..., K}, be i.i.d.
random variables, assume that ©1 is continuous uniformly distributed on [—B, B]9d, let
X;:Q—=D,je{l,2,....M}, and Y;: Q — [u,v], j € {1,2,..., M}, be random vari-
ables, and let R: [—B, B]Y x Q — [0, 00) satisfy for all € [-B, B]4, w € Q that

Ri6.2) = 7| S ARG ) - V)P (5130

(cf. Definition 5.8). Then
(i) it holds that R is a (B([—B, B]?) @ F)/B([0, 0))-measurable function and
(ii) it holds for all § € [—B, B]9, p € (0,00) that

(B[minge (i, [R(Ok) = R(O)"]) " (5.131)
< 4(v — u)bL(|1)| oo + 1) By /max{1, 7/} < 4(v — u)bL(|1||ee + 1) BY max{1, p}
- Ko - KL (Moo +1) 2]

(cf. Definition 5.9).

Proof of Corollary 5.36. Throughout this proof let L € R be given by L = 2(v — u)[bL
(oo + DEBYY)) let P: [-B,B]Y — [—B, B]® satisfy for all § = (0y,0s,...,0a4) €
[—B, B]? that P(#) = (01,0,...,6,), and let R: [-B,B]® x Q@ — R satisfy for all
0 € [-B,B]°, w € Q that

1 M
RiO,w) = 7 | SIAL0G ) - VP (5.132)
]:
Note that the fact that V0 € [-B, B]%: A0 = AL implies for all § € [-B, B4,

w € € that

Ri6.) = 7| S AL ) - Ve
]\f " (5.133)
— 7| Z A ) = V)P | = AP

Furthermore, Lemma 5.35 (with d + 9, R «+ ([-B, B xQ 3 (f,w) — R(#,w) € [0,0))
in the notation of Lemma 5.35) demonstrates for all §,¢ € [—B, B]°, w € Q) that

[R(0,0) = R(¥,w)| < 2(v — wbL(|[l|o + 1)*B 710 = Vljoc = L0 = V]|c.  (5.134)

Moreover, observe that the assumption that X;, j € {1,2,..., M}, and Y}, j € {1,2,...,
M}, are random variables ensures that R: [—B, B]® x  — R is a random field. This,
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(5.134), the fact that Po©y: Q — [-B, B]°, k € {1,2,..., K}, are i.i.d. random variables,
the fact that Po©; is continuous uniformly distributed on [— B, B]?, and Proposition 5.34
(With d <« 90, a+ —B, 3+ B, R+ R, (@k)ke{LQ ..... K} < (PO G)k:)ke{l,2 ..... K} in
the notation of Proposition 5.34) prove for all § € [-B,B]Y, p € (0,00) that R is a
(B([-B, B]*) ® F)/B(R)-measurable function and

(]E[minke{12 ,,,,, K}|R( ( ))_R(P(ﬁ))v’})l/p

o L@B)max{1, (7o)} 4(v = w)bL(|[Uflc + 1)"B" max{1, (n/2)'"} (5.135)

=~ Kl/a - [(1/D
The fact that P is a B(|—B, B]?)/B([-B, B]®)-measurable function and (5.133) hence
135), and the fact that 2 < 0 = ZZL:1 Ll +1) <

show (i). In addition, (5. 133), (5.
L(|[1]|oc + 1)? yield for all § € [-B

(E [minke{l,Z ..... K}|R(@k) - R(0)|p]> o

, B9, p € (0,00) that

= (E[mingeqz...i0 | R(P(O1)) — R(P(O))P])"” (5.136)
< 4(v — u)bL(|1||oe + 1) By /max{1,7/s} < 4(v — u)bL(|1)| oo + 1)L BY max{1, p}
- K - KL (Moo +1)72]

This establishes (ii). The proof of Corollary 5.36 is thus complete. [

5.5 Analysis of the overall error

In Subsection 5.5.2 below we present the main result of this chapter, Theorem 5.41, that
provides an estlmate for the overall L%-error arising in deep learning based emplrlcal
risk minimisation with quadratic loss function in the probabilistically strong sense and
that covers the case where the underlying DNNs are trained using a general stochastic
optimisation algorithm with random initialisation.

In order to prove Theorem 5.41, we require a link to combine the results from Sec-
tions 5.2, 5.3, and 5.4, which is given in Subsection 5.5.1 below. More specifically, Propo-
sition 5.37 in Subsection 5.5.1 shows that the overall error can be decomposed into three
different error sources: the approzimation error (cf. Section 5.2), the worst-case generali-
sation error (cf. Section 5.3), and the optimisation error (cf. Section 5.4). Proposition 5.37
is a consequence of the well-known bias—variance decomposition (cf., e.g., Beck, Jentzen,
& Kuckuck [27, Lemma 4.1] or Berner, Grohs, & Jentzen [47, Lemma 2.2]) and is very
similar to [27, Lemma 4.3].

Thereafter, Subsection 5.5.2 is devoted to strong convergence results for deep learning
based empirical risk minimisation with quadratic loss function where a general stochastic
approximation algorithm with random initialisation is allowed to be the employed opti-
misation method. Apart from the main result (cf. Theorem 5.41), Subsection 5.5.2 also
includes, on the one hand, Proposition 5.39, which combines the overall error decompo-
sition (cf. Proposition 5.37) with our convergence result for the generalisation error (cf.
Corollary 5.28 in Section 5.3) and our convergence result for the optimisation error (cf.
Corollary 5.36 in Section 5.4), and, on the other hand, Corollary 5.42, which replaces the
architecture parameter A € (0, oo) in Theorem 5.41 (cf. Proposmon .13) by the mini-
mum of the depth parameter L € N and the hidden layer sizes 1;,15,...,1,_1 € N of the
trained DNN (cf. (5.174) in the proof of Corollary 5.42).
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Finally, in Subsection 5.5.3 we present three more strong convergence results for the
special case where SGD with random initialisation is the employed optimisation method.
In particular, Corollary 5.43 specifies Corollary 5.42 to this special case, Corollary 5.44
provides a convergence estimate for the expectation of the L!-distance between the trained
DNN and the target function, and Corollary 5.45 reaches an analogous conclusion in a
simplified setting.

5.5.1 Overall error decomposition

Proposition 5.37. Let d,d,L,M,K,N € N, B € [0,00), u € R, v € (u,00), 1 =
(lp,1y,...,1) € N\FLU N C {0,1,...,N}, D C R?, assume 0 € N, 1y = d, 1y, = 1,
and d > ZZL:1 L(Liy + 1), let (Q,F,P) be a probability space, let X;: Q@ — D, j €
{1,2,..., M}, and Y;: Q — [u,v], j € {1,2,..., M}, be random variables, let £: D —
[u,v] be a B(D)/B(|u,v])-measurable function, assume that it holds P-a.s. that £(X;) =
E[Y1]X1], let Oppn: Q@ — R, k,n € N, satisfy (Ure; Oro(Q)) € [-B,B]9, let R: RY —
[0, 00) satisfy for all @ € RY that R(0) = E[|A.51(X1) = Y1|?], and let R: R x Q — [0, 00)
and k: Q — (Ng)? satisfy for all 0 € RY, w € Q that

R(0.0) = 37| SARGW) - V| md (G0
k(w) € argming, (12, k)N, |04, @) o< B R(Okin (W), w) (5.138)
(cf. Definitions 5.8 and 5.9). Then it holds for all ¥ € [—B, B]? that
[ 14864 a) — E@) P, (do)
< [5up,ep AN (w) — £(2)[?] + 2[supge;_p,pal R(O) — R(D)]] (5.139)

+ mln(kvn)e{LZ """ K}XN’ ”@k,n”ooSBlR(@k:n) - R<19> ’ °

Proof of Proposition 5.37. Throughout this proof let Z: L*(Px,;R) — [0, 00) satisfy for
all f € L2(Px,;R) that Z(f) = E[|f(X1) — Y1|?]. Observe that the assumption that
Vw e Q: Yi(w) € [u,v] and the fact that V0 € RY, 2 € R?: A% () € [u, v] ensure for all
0 € RY that E[|Y;]?] < max{u?,v?} < co and

/D|</V‘“( D) Py, (dz) = E[| A% (X1)] < max{e, v?} < oo. (5.140)

The bias—variance decomposition (cf., e.g., Beck, Jentzen, & Kuckuck [27, (iii) in Lem-
ma 4.1] with (Q, F,P) «+ (Q,F,P), (S,S) «+ (D,B(D)), X + X1,V + (23w +—
Viw) €R), €« Z, [+ b, g — A5} p for 6,9 € RY in the notation of [27, (ii)
in Lemma 4.1]) hence proves for all 6,9 € R that

/ AP ) — E() Py, ()
E[| 451 (X1) — E(X)PP] = E[|A4% (X)) — EY1| X))

u,v

=E[|A4%(X1) — EYV1|X4] )] + Z(A0) p) — B(Ap) (5.141)

u,v

= IE?[IJW1 X1) = EXD P +E[lA75 (X)) = Vi) = E[lA051(X0) = Y]

u,v

= [ 1428a) — £@) B, (d) + R(6) ~ ROD),
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This implies for all 4,9 € RY that

[ 1488 — @) B o)

— [ 1423a) - E() 2 Py, (da) — [R(9) — R(6)] + R(9) — R(9) + R(0) — R(9)

< [ 142}0) - E@)P Py, (do) + [R(6) - R(O)| + [R() — R)| + R(6) — R(D)

< [ 1030) — E@P P () + 2w R — RG] +R(0) - D). (5142

Next note that the fact that Yw € Q: ||Okw)(w)|lc < B ensures for all w € €2 that
Okw)(w) € [-B,B]%. Combining (5.142) with (5.138) hence establishes for all ¥ €
[—B, B]? that

< [ 145N @) = E(@) P Px, (dz) + 2[suppe;p pjal R(0) — R(O)]] + R(Ok) — R(¥)

= [ |42 (@) — E(x) P Px, (dz) + 2[supge;_p pja|R(0) — R(O)]] (5.143)

D
+ M n)ef1,2,.... K}xN, [0 0o <BR(Okn) — R(I)]

< [sup,eplA5N @) — E(2) ] + 2[supge_p ga| R(6) — R(6)]]
+ MmN n)e(1,2,. K}xN, |04 1 00<B| R(Okn) — R(J)].

The proof of Proposition 5.37 is thus complete. O]

5.5.2 Overall strong error analysis for the training of DNNs

Lemma 5.38. Letd,d,L €N, p € [0,00), u € [-00,00), v € (u,00], 1 = (lp,1,...,1Ip) €
NLFL D C R, assume ly =d, 1y, = 1, and d > 2?:1 Ly +1),let £E: D — R be a
B(D)/B(R)-measurable function, let (Q, F,P) be a probability space, and let X : Q@ — D,
k: Q — (Ng)2, and O Q = R, k,n € Ny, be random variables. Then

(i) it holds that the function RYxXR? 3 (0, z) — A %N (x) € R is (B(RY) @ B(RY)) /B(R)-
measurable,

(i) it holds that the function Q 3 w — O (w) € RY is F /B(RY)-measurable, and
(111) it holds that the function
Q5w / AN 1) £ ()P Py (dx) € [0, o] (5.144)
D
is F /B([0, 00])-measurable
(cf. Definition 5.8).
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Proof of Lemma 5.38. First, observe that Beck, Jentzen, & Kuckuck |27, Corollary 2.37]
(with @ <+ —[|Z||ce, b < [|Z]|0e, u < u, v ¢~ v, d < d, L + L, | < 1 for z € R? in the
notation of [27, Corollary 2.37]) demonstrates for all x € R, 6,9 € R9 that

|</1@?731(95) - %ﬁg&l(xﬂ < SUPye[— o] oo, |2l o]0 |=/1Q,9731(y) - %?él(yﬂ

L L1 (5.145)
< Lmax{1, [|zflcc }(|Uoo 4 1) (max{T, |0]|cc [[I]]oo })™ 10 = V]]oo
(cf. Definition 5.9). This implies for all z € R that the function
RY> 60— A0 (z) eR (5.146)

is continuous. In addition, the fact that V6 € RY: 4% € C(R? R) ensures for all § € R4
that the function R 3 2 — A4%l(z) € R is B(R?)/B(R)-measurable. This, (5.146),
the fact that (R, ||-||e|ra) is a separable normed R-vector space, and, e.g., Aliprantis &
Border |4, Lemma 4.51] (see also, e.g., Beck et al. [22, Lemma 2.4]) show (i).

Second, we prove (ii). For this let Z: Q — RY satisfy for all w € Q that Z(w) =
Ok(w)(w). Observe that the assumption that Oy, : Q — R4, k,n € Ny, and k: Q — (Np)?

are random variables establishes for all U € B(R?) that

ENU)={weQ: Ew) e U} ={w € Q: O (w) € U}
={w e Q: [Fk,n € No: ([Opn(w) € U A [k(w) = (k,n)])] }

- kf_j f_jo({w € Q: Opu(w) € U} {w € Q: k(w) = (k,n)}) (5.147)
= 0 U (@) 0)n b (kmyp) € 7

This implies (ii).

Third, note that (i)-(ii) yield that the function QxR? 5 (w, x) — A G (z) € Ris
(F @ B(RY))/B(R)-measurable. This and the assumption that £: D — R is B(D)/B(R)-
measurable demonstrate that the function Q X D 3 (w,z) — [ A <@ (z) — E(z)P €
[0,00) is (F®B(D))/B([0,00))-measurable. Tonelli’s theorem hence establishes (iii). The
proof of Lemma 5.38 is thus complete. O

Proposition 5.39. Let d,d,L,M,K,N € N, b,c € [1,0), B € [¢c,0), u € R, v €
(u,00), 1= (lp,13,...,1y) e N\FLN C {0,1,..., N}, D C [-b,b]%, assume0 € N, 1y = d,
I, =1, and d > Z;L:l L(Lioy + 1), let (2, F,P) be a probability space, let X;: Q@ — D,
jeN, and Y;: Q = [u,v], j € N, be functions, assume that (X;,Y;), 7 € {1,2,..., M},
are i.i.d. random variables, let £: D — [u,v] be a B(D)/B([u,v])-measurable function,
assume that it holds P-a.s. that £(X,) = E[Y1|X1], let O, @ — R, k,n € Ny, and
k: Q — (No)? be random variables, assume ({Up-, Oro(Q)) C [—B, B, assume that
Oro, k € {1,2,..., K}, are i.i.d., assume that ©1 is continuous uniformly distributed on
[—c,c]q, and let R: RY x Q — [0, 00) satisfy for all § € RY, w € Q that

1 M
R(.0) = 37| DAL - G| od (G
=1
k(w) € arg ming e ..., k3N, 04,0 @)oo <8 ROk (W), @) (5.149)
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(cf. Definitions 5.8 and 5.9). Then it holds for all p € (0,00) that

([(fy et - e@r e an) 1)

, 4(v — w)bL(|[l]|sc + 1)"c* max{1, p}
< [infpeic.a supgepl ey (2) — E(@)[*] + KL (Mo t1)2)
2 2
| 18max{l, (v = u)*} (1|0 +1)* max{p, In(3M Bb) } (5.150)

v M
< [infoe-e,ga SuPgep| Aty () — E(2) ]
N 20 max{1, (v — u)?}OL(||1]|c + 1)¥"! BX max{p, In(3M)}
mln{\/ K[L (IMloo+1)~ 2]}
(cf. (iii) in Lemma 5.58).
Proof of Proposition 5.39. Throughout this proof let R: RY — [0, 00) satisfy for all § €
R that R(0) = E[4%(X1) — Y1|*]. First of all, observe that the assumption that

(U, Ok O(Q)) [—B, B]4, the assumption that 0 € N, and Proposition 5.37 show for
all ¥ € [-B, B4 that

/ A8 (2) — £(x) PPy, (dx)

< [sup,epl o5 (@) — E@@)*] + 2[supger_p pa|R(0) — R(6)]
+ MiN (k) e(1,2,.... K}xN, [Op.nloo<B| R(Okn) — R(V)]
< [upacph A20) — EWP] + 2super_p 54 R(6) — REO)]
+HMigeqn 2, k), 05 o)< B R(Or0) = R(V)]
= [sup,ep| 4,5 () — E(@)*] + 2[suppep | R(6) — R(0)]
+ mingeqio,..., K}|R(@k,0) = R(D)].
Minkowski’s inequality hence establishes for all p € [1,00), ¥ € [—¢, ] C [-B, B]9 that

(E[( [ ASM @) = E@)]P Py, (d@)p} )1/ ’
< (E[supyep| A% (@) = E@)])" + 2(E [suppe; g pe[R(O) ~ RIO)]) "

+ (E[mingeqrp,... 53| R(Okp0) — R(ﬁ)|p])l/‘° (5.152)
< [sup,epl AN @) — E(@) ] + 2(E[supper_p pal R(0) — R(0)))"

+ supgei_oaga (B [minkeqr2,..13 [ R(Oro) — R(O)F])”

(cf. (i) in Corollary 5.28 and (i) in Corollary 5.36). Next note that Corollary 5.28 (with
v < max{u + 1,v}, R < R|_p gja, R < R|_p,paxq in the notation of Corollary 5.28)
proves for all p € (0,00) that

(Efsupoe;-p 5l R(6) — R(O)]) "
- 9(max{u + 1,v} — u)*L(||1]| o + 1)* max{p, In(3M Bb)}
= VM (5.153)
_ 9max{1, (v — u)*}L(|]1||ec + 1)?> max{p, In(3M Bb)}
il .
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In addition, observe that Corollary 5.36 (with @ <= S0, Li(l,_;+1), B < ¢, (O)kef1,2,...K}
— (Q SwWi :H-{Gk,oe[—c,c]d}(w)@k,ﬂ(w) S [_Cv C]d)ke{l,Q ..... K} R « R|[—c,c}d><(2 in the nota-
tion of Corollary 5.36) implies for all p € (0, 00) that

SUPpe( o (B[mingeqr2,..x3 R(Or0) — R(O)F])"”

. 1y

= suPpe;_cga (B [minger o, 53 R(Lie, pe-e.qgayOro) — R(D)]7]) (5.154)
4(v — u)bL(|[1)| oo + 1)¥ct max{1, p}
- KL (oo +1) 2] ’

Combining this, (5.152), (5.153), and the fact that In(3M Bb) > 1 with Jensen’s inequality
demonstrates for all p € (0, 00) that

CIVARSNE (w)|21P>Xl(dx)>pD1/”
( W A <x>|2PX1<dx>)max{l’p}} )H

< [infge(_c,qa sup,epl A2 () — E(x) ]
1
+ SUPge[_c,gd (E [minke{m ..... KR (Okp) — R(Q)\max{l’p}] ) max{L,p} (5.155)

+ 2(E[suppe; g al R(O) — R(O) 1)) moctros

, 4(v — u)bL(|[1|| 0o + 1)Ect max{1, p}
< [Hlfée[—c,c]d Sup$€D|%?’l7]l(m) - 5(1‘)|2] + KL([1oe+1)=2]

N 18 max{1, (v — u)*}L(||1]|oc + 1)* max{p, In(3M Bb)}
i :

Moreover, note that the fact that Vo € [0,00): z+1 < e* < 3% and the facts that Bb > 1
and M > 1 ensure that

In(3M Bb) < In(3M35°~1) = In(38°M) = BbIn([35°M]Y/®) < BbIn(3M).  (5.156)

The facts that ||l||c +1>2, B>c¢>1,In(3M) > 1,5 > 1, and L > 1 hence show for
all p € (0,00) that

4(v — u)bL(|1)| e + 1)Lt max{1, p}
KL (Moo +1)72]
N 18 max{1, (v — u)*}L(||1]|oc + 1)* max{p, In(3M Bb)}

VM
2(|[1|oo + 1) max{1, (v — u)?}BL(||1]| o + 1)¥BY max{p, In(3M)} (5.157)
- KL (oo+1) 2] '
18 max{1, (v — u)?}bL(|[1]|oc + 1)*B max{p, In(3M)}
+
VM
20 max{1, (v — u)?}bL(||1]|c + 1)¥" BY max{p,In(3M)}
- min{v/M, KL~ (Nl+1)=} '
This and (5.155) complete the proof of Proposition 5.39. ]

Lemma 5.40. Let a,z,p € (0,00), M,c € [1,00), B € [¢,00). Then
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(i) it holds that ax? < exp(a'"2X) and
(ii) it holds that In(3M Bc) < 28 1n(eM).

Proof of Lemma 5.40. First, note that the fact that Vy € R: y + 1 < e¥ demonstrates
that

ax? = (al/pa:)p = [e(al/p2 -1+ 1)}p < [eexp(al/”f — 1)]p = exp(al/”%). (5.158)

€

This proves (i).
Second, observe that (i) and the fact that 2v3/c < 23/1s ensure that

3B% < exp(\/g%) = eXp(MT?’B) < exp(22). (5.159)

The facts that B > ¢ > 1 and M > 1 hence imply that
In(3M Be) < In(3B>M) < In([eM]*?/1%) = 5 In(eM). (5.160)
This establishes (ii). The proof of Lemma 5.40 is thus complete. H

Theorem 5.41. Let d,d,L,M,K,N € N, A € (0,00), L,a,u € R, b € (a,00), v €
(u,0), ¢ € [max{1, L, |a|,|b],2|ul,2|v|},00), B € [c,00), 1 = (Ip,1;,...,1y) € NM1 N C
{0,1,..., N}, assume 0 € N, L > AL’ o) D/ @a)+1, Iy = d, I; > Al o) (A), I, = 1, and
d>F L(L_y 4+ 1), assume for alli € {2,3,...}N[0,L) that 1, > 1 (6¢,00) (A) max{4/a —
2i + 3,2}, let (Q,F,P) be a probability space, let X;: Q — [a,b]?, j € N, and Y;: Q —
[u,v], 7 € N, be functions, assume that (X;,Y;), j € {1,2,..., M}, are i.i.d. random
variables, let €: [a,b]? — [u,v] satisfy P-a.s. that E(X,) = E[Y1|X1], assume for all
z,y € [a,b]? that |E(x) — E(y)| < L||lz — y||1, let O @ — R, kyn € Ny, and k: Q —
(No)? be random variables, assume ((Jpe, Oro(Q)) C [=B, B]9, assume that Oy, k €
{1,2,..., K}, are i.i.d., assume that ©1 is continuous uniformly distributed on [—c,c]9,
and let R: RY x Q — [0, 00) satisfy for all § € R, w € Q that

1 M
R0.0) = 37| DAL - WP md (G260
k(w) € arg N ()12, K} XN, |04 ()]0 <B R(Oppn(w),w) (5.162)

(cf. Definitions 5.8 and 5.9). Then it holds for all p € (0,00) that

([ o2 etoeran) )
2 9P —a)® | 4 — w)L(|l]lo + 1" c" " max{1, p}

- A% KL (eo+1)-2]
18 max{1, (v — u)?}L(|[1]| e + 1)? max{p, In(3M Bc)} (5.163)
+
VM
36" AL(|[1)|leo + D)EcE 2 max{1,p} = 23B3L(||l||e + 1)?> max{p,In(eM)}
= KL ()7 + NGV

(cf. (i11) in Lemma 5.38).
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Proof of Theorem 5.41. First of all, note that the assumption that Vz,y € [a,b]?: |E(x) —
E(y)| < L||z—y||1 ensures that £: [a,b]? — [u,v] is a B([a, b]?)/B([u, v])-measurable func-
tion. The fact that max{1,|a|, |b|} < ¢ and Proposition 5.39 (with b <— max{1, |al, |b|},
D < [a,b]? in the notation of Proposition 5.39) hence show for all p € (0, 00) that

([(f, ') - £t P ])”
< [infee[—c,c]d Supxe[a,b]d|</%i’;l($) - 5(m)|2]

4(v — w) max{1, |a|, |b|}L(|]1]| s + 1)LcL max{1,p}
+ KL (Moot 1) 7]
, 18 max{l, (v = WLl + 1 max{p, In3M B max{1, ol [o})}

vM
. 4(v — w)L(|1|ee + DX max{1, p}
< [lnfee[—c,c}d Supxe[a,b]d|‘/1{f{)1(x> - 8(x)|2] + KL (Moo +1)~2]

N 18 max{1, (v — u)*}L(||1]|oc + 1)* max{p, In(3M Bc)}

i .
Furthermore, observe that Proposition 5.13 (with f < & in the notation of Proposi-
tion 5.13) proves that there exists ¥ € RY such that ||¥]. < max{l,L,|al,|d],

2[5 efop0/€ ()]} and

(5.164)

3dL(b — a
Dol A ) — E()] < 2 )

The fact that Va € [a,b]?: E(z) € [u,v] hence implies that

(5.165)

[9llo0 < max{1, L, |al, [b], 2[ul, 2]v[} < e. (5.166)
This and (5.165) demonstrate that
inf@e[—c,c}d Supxe[a,b]d|%?{zl(x) - S(x)|2
< SUp,epo Aoy () — E(2) ]

{3dL(b — a)] > 9d*LA(b —a)?
< | == /) == /7
— Al/d A2/d

(5.167)

Combining this with (5.164) establishes for all p € (0, 00) that

([, b - s ) )
< 92L?(b—a)?  4(v — u)L(|1|le + 1)EcE T max{1, p}

- A4 KL (oo +1)72]
18 max{1, (v — u)*}L(||1]|oc + 1)* max{p, In(3M Bc)}
+ .
VM
Moreover, note that the facts that max{1, L, |a|,|b]} < ¢ and (b — a)* < (Ja| + ]b])* <
2(a* + b?) yield that

(5.168)

9L2(b — a)? < 18c%(a® + b?) < 18c*(c® + ¢*) = 36¢*. (5.169)
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In addition, the fact that B > ¢ > 1, the fact that M > 1, and (ii) in Lemma 5.40 ensure
that In(3M Be) < 28 1In(eM). This, (5.169), the fact that (v —u) < 2max{|ul, [v|} =
max{2|ul,2|v|} < ¢ < B, and the fact that B > 1 prove for all p € (0, 00) that

92 L?*(b — a)? N 4(v — u)L(|[| + 1= max{1, p}

A2/ KIL71([1feo+1)~2]
18 max{1, (v — w)?}L(|[1||sc + 1)? max{p, In(3M Bc
18 max{l, (v~ WLl + 2 max{p In(3) B0)) 1m0
v M

36" AL(||o + D22 max{1,p}  23B3L(|[1]|e + 1)? max{p, In(eM)}

= T A% KL (WD) 7] * i :
Combining this with (5.168) shows (5.163). The proof of Theorem 5.41 is thus complete.
L]

Corollary 5.42. Let d,d,L,M,K,N € N, Lia,u € R, b € (a,0), v € (u,), ¢ €
[max{1, L, |al, |b], 2ul],2|v|}, <), B € [¢,0), 1 = (Ip,1;,...,1) € NFFL. N C {0,1,...,
N}, assume 0 € N, 1y = d, I, = 1, and d > Z;L:l L(L_1 4+ 1), let (2, F,P) be a
probability space, let X;: Q — [a,b]?, j € N, and Y;: Q — [u,v], j € N, be functions,
assume that (X;,Y;), j € {1,2,..., M}, are i.i.d. random variables, let £: [a,b]* — [u,v]
satisfy P-a.s. that £(X,) = E[Y1|X1], assume for all z,y € [a,b]¢ that |E(x) — E(y)| <
Lllz —yl1, let Oppn: Q = R, k,n € Ny, and k: Q — (Ng)? be random variables, assume
(Uiozl @k,O(Q)) C [-B, B]4, assume that Oy, k € {1,2,...,K}, are i.i.d., assume that
O1 is continuous uniformly distributed on [—c,c]9, and let R: R x Q — [0, 00) satisfy
for all € RY, w € Q that

1 M
R(.0) = 37| SARGE) - G| md (Ga7)
k(w) € argming, uyer19,. K}xN, [0 0 (@)]oe<B R(Okn (W), w) (5.172)

(cf. Definitions 5.8 and 5.9). Then it holds for all p € (0,00) that

(B[( [, e @) — e@rpran)])”

. 34L( - a) O — WL(los + 1) max{1, /21"
~ [min({L} U{l;: i € NN [0,L)})]" KL~ (1l +1)72]
3max{1l,v — u}(||l||oc + 1)[L max{p, 21n(3MBc)}]l/2
+ T (5.173)
< 6dc? 2L(|1| 0 + )l max{1, p}
~ [min({L}U{L: i e NN[0,L)})]" KL~ (1o +1)72]
5B2L(||1]|o + 1) max{p,In(eM)}
+ Wil

(cf. (iii) in Lemma 5.58).
Proof of Corollary 5./2. Throughout this proof let A € (0, 00) be given by
A=min({L}U{l;: i e NN [0,L)}). (5.174)
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Note that (5.174) ensures that

L>A=A—-14+1>(A-1)Ip(A4)+1
> (A= 2)poy(A) + 1= 220 g > Ao 4 g (3175)
Moreover, the assumption that 1y, = 1 and (5.174) imply that
L =h1ap(L) + hilpe) (L) = Tay(L) + Al (L) = A = Algto)(4).  (5.176)
Moreover, again (5.174) shows for all i € {2,3,...} N [0,L) that

LL>A> Aﬂ[gpo) (A) > 1[2700) (A) maX{A -1, 2} = 1[2700) (A) max{A — 4+ 3, 2}

5.177
> Ig,00)(A) max{A — 20 + 3,2} > L(gt,00)(A) max{4/a — 2i + 3,2}. ( )

Combining (5.175)—(5.177) and Theorem 5.41 (with p < #/2 for p € (0, 00) in the notation
of Theorem 5.41) establishes for all p € (0, 00) that

<E[</@v‘ﬂd A (@) = E(@) Py, (dx>>p/2] >%
IPL*(b—a)*  4(v— )Ll + D)™™ max{1,r/2}

- A KL (Moo +1)72]
| 18max{l, (v — u)*}L([ll + 1)° max{#/2, n(3M Be)} (5.178)
vV M
36d%¢"  AL(|l)|l + DEc* P max{1,r/2}  23B3L(||1]|o + 1)? max{r/2,In(eM)}
= A7 KL (Mt D] + NG '

This, (5.174), and the facts that L > 1, ¢ > 1, B > 1, and In(eM) > 1 demonstrate for
all p € (0,00) that

(E [( /[a,b]d A0 (2) — E(2)* Px, (dx))”/ ’ } )1/ ’
< 3dL<b — CL) " 2[(1) — U)L(H]HOO + 1)LCL+1 max{l,P/z}]l/z
~ min({L} U {l;: i € NN [0,L)})]" KL ([cot+1) 2]

. 3max{1v — u}([lfl + 1)[L max{p, 2In(3)Be)}] "

MY+
< Gdc? Q[L(HIHOO + 1)LCL+2 maX{lap/2}]l/2 5.179
S (L} UL ieNAODNF RIGL T (5.179)
5B3L(|1]|s0 + 1)? max{r/2, In(eM)}]"/?
+ Voo
< 6dc? 2L(|[1| 0 + 1)Eev max{1, p}
= [min({L} U{L;: i € NN [0,L)})]"¢ KL~ (oo +1)72]
5B%L(||1]| + 1) max{p,In(eM)}
+ il .
The proof of Corollary 5.42 is thus complete. O

167



Chapter 5. Empirical risk minimisation

5.5.3 Overall strong error analysis for the training of DNNs with
optimisation via SGD with random initialisation

Corollary 5.43. Let d,d,L,M,K,N € N, Lia,u € R, b € (a,0), v € (u,), ¢ €
[max{1, L, |al, |b], 2ul,2|v|},0), B € [¢,0), 1 = (Ip,1;,...,1) € N\FL. N C {0,1,...,
N}, (J)nen CN, (Y)neny C R, assume 0 € N, lg=d, I, = 1, and d > S L(Liy + 1),
let (Q, F,IP) be a probability space, let X]’?“’”: Q — [a,b]¢, k,n,j € Ny, and Y]’”‘ Q —
[u,v], k,n,j € Ny, be functions, assume that (XJQ’O, Y}O’O), je{1,2,..., M}, are i.i.d. ran-
dom variables, let £: [a,b]? — [u,v] satisfy P-a.s. that E(X{0) = E[Y 0| X0, assume for
all z,y € [a,b]? that |E(x) —E(y)| < L||lz—y|l1, let Oppn: @ = R, kn € Ny, and k: Q —
(No)? be random variables, assume ((Jpe, Oro(Q)) C [—B, B]9, assume that Oy, k €
{1,2,..., K}, are i.i.d., assume that ©1 is continuous uniformly distributed on [—c, c]9,
let RE": RY x Q — [0,00), k,n,J € Ny, and GF¥": RY x Q — RY, k. n € N, satisfy for
allk,n e N,weQ, 0 e{deR: (RE'(,w): RY — [0,00) is differentiable at ¥)} that
GF(0,w) = (VoR5™)(0,w), assume for all k,n € N that O, = Opp1 — 1G"" (Okn-1),
and assume for all k,n € Ny, J €N, 0 € R4, w € Q that

1 J
RE0.0) = 3| SIARG @) =@ and (5250
=1
k(w) € argmin e (12.... 5} xN, [0y (@)l <B RAT (Otm(W), w) (5.181)

(cf. Definitions 5.8 and 5.9). Then it holds for all p € (0,00) that

(Bl 20 -0 P00 )

< 3dL(b— a) n 2[(v — w)L(|]U|oo + 1)t max{1,7/2}]"?

~ min({L} U{L;: i € NN [0,L)})]"* KL= (Moo +1)72]
n 3max{1,v — u}(|[l]|ec + 1)[Lmax{p, 2In(3M Bc)}]

T (5.182)
< 6dc? 2L(|11| 0 + )Lt max{1,p}
~ min({L}U{L:ie NN0,L)})]7 KL= (loo +1)72]
SB*L([[l|oc + 1) max{p, In(eM)}
+ o

(cf. (iii) in Lemma 5.58).

Proof of Corollary 5.43. Observe that Corollary 5.42 (with (X;)jen < (X7°)jen, (V))jen
— (Y9)jen, R < RYY in the notation of Corollary 5.42) shows (5.182). The proof of
Corollary 5.43 is thus complete. ]

Corollary 5.44. Let d,d,L,M,K,N € N, Lia,u € R, b € (a,0), v € (u,), ¢ €
[max{1, L, |al, |b], 2ul],2|v|}, <), B € [¢,0), 1 = (Ip,L;,...,1) € NFFL N C {0,1,...,
N}, (J)nen CN, (Yn)nen € R, assume 0 € N, 1y =d, I, =1, and d > ZL L1 +1),
let (2, F,P) be a probability space, let Xj’?’": Q — [a,b]¢, k,n,j € No, and Y]’”L Q —
[u,v], k,n, j € Ny, be functions, assume that (X°,Y20), j € {1,2,..., M}, arei.i.d. ran-
dom variables, let £: [a,b]? — [u,v] satisfy P-a.s. that E(XP0) = E[Y 20| XV0] assume for
all z,y € [a,b] that |E(x) —E(y)| < L||lz—y|1, let Oppn: Q= R, kn € Ny, and k: Q —
(No)? be random variables, assume ((Jpe, Oro(Q)) C [=B, B]9, assume that Oy, k €
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{1,2,...,K}, are i.i.d., assume that ©,q is continuous uniformly distributed on [—c, c]9,
let RE": R x Q — [0,00), k,n,J € Ny, and GF": RY x Q — R, k,n € N, satisfy for
allk,n e N, weQ, 0 e {¥eR: (RY"(-,w): R — [0,00) is differentiable at ¥)} that
Gkn(0,w) = (VgRﬁf)(G,w), assume for all k,n € N that O, = O 1 — VG (Or.n_1),
and assume for all k,n € Ny, J €N, 0 € R, w € Q that

1 J
RE(0.0) = 3| SIARE @) =@ and (518
k(w) € argmin g, eq12,.. k3N, [81m(w) <8 RN (OLm(w), w) (5.184)

(cf. Definitions 5.8 and 5.9). Then

_ L L+1]1/2
B o) - eI getan)] < 2t
3dL(b — a) 3max{1,v — u}(||l||e + 1)[2LIn(3M Bc)]"/? (5.185)
[min{L, 1y, 15, ... 1 }]"¢ MY+ '
- 6dc? 5B2L(|[1]|ls + 1) In(eM)  2L(||1]|o + 1)kclt?
= [min{L, 1,1y, ..., 15 }]" MY KD (e 1)72]

(cf. (i11) in Lemma 5.58).

Proof of Corollary 5./4. Note that Jensen’s inequality implies that

E[ [ A% @)@ Bypa(da) | <E[(f A2 @)-E@)P Pypoldr))” ], (5.156)

This and Corollary 5.43 (with p <— 1 in the notation of Corollary 5.43) complete the proof
of Corollary 5.44. O

Corollary 5.45. Let d,d,L,M,K,N € N, L € R, ¢ € [max{2,L},o0), B € [¢,),
1 = (lp,1y,...,1y) € NIFU N C {0,1,...,N}, (J)ney C N, (Yn)nen € R, assume
0eN,ly=d, 1y, =1, andd > ZZL:1 L(L_y 4+ 1), let (2, F,P) be a probability space, let
X Q= [0,1]9, k,n,j € No, and Y}": Q — [0,1], k,n,j € No, be functions, assume
that (X90,Y20), j € {1,2,..., M}, are ii.d. random variables, let £: [0,1]7 — [0,1]
satisfy P-a.s. that £(X ) = E[Y>°| X0, assume for all x,y € [0,1]¢ that |E(x) —E(y)| <
Lz —yl1, let Oppn: Q = R, k,n € Ny, and k: Q — (Ng)? be random variables, assume
(UZO:1 @k,o(Q)) C [-B, B]4, assume that Oy, k € {1,2,...,K}, are i.i.d., assume that
O1, is continuous uniformly distributed on [—c,c]d, let R%™: RY x Q — [0,00), k,n, J €
No, and GF": R x Q@ — R, k,n € N, satisfy for all k,n € N, w € Q, 0 € {9 €
RY: (RE"(-,w): RY — [0,00) is differentiable at ¥)} that GF"(0,w) = (VeR5™)(0,w),
assume for all k,n € N that O, = O 1 — 1 G""(Orn_1), and assume for all k,n € Ny,
JEN, )R we that

1 J
RE(0.0) = 3| SIARKE @) =V @PE|  and (580
=1
k(w) € argming 10, kN, 1©1,m (W)[|oc<B R (O (w), w) (5.188)
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(cf. Definitions 5.8 and 5.9). Then

Owl( .\ _
E|f, 4 (@) = £(@)] Bygo(da)

_ 3dL 3(/[1| + 1)[2L In(3M Bc)] /2 L 2L + 1)Ll
- [mln{L, 11, 12, ceey lLfl}]l/d M1/4 K[(2L)71(”l”oo+1)72]

3 3 L L+1
< de B°L(|]l|c + 1) In(eM) N L(HlHof + 1)ke - (5.189)
- [m]n{L’ 1,1, ... 7]L_1}]1/d MY+ K1)~ (oo +1)~2]

(cf. (i11) in Lemma 5.58).

Proof of Corollary 5.45. Observe that Corollary 5.44 (with a <= 0, u <= 0, b+ 1, v + 1
in the notation of Corollary 5.44), the facts that B > ¢ > max{2, L} and M > 1, and (ii)
in Lemma 5.40 show that

= [/[0 1}d|%%k7l(m) — E(z)| Pyoo(dz)

3dL 3(|1|oe + D [2LIn(3M Be)]? 2[L(|[1)|oo + 1)Eclt1]2
< +
= [min{L,1;, 1, ..., 1} M4 KL ([ee+1)72]
< de’ (Moo + DR3BLInM)] | [L([Lo + )"
~ [min{L, 1,15, ... 1y }]"¢ MY+ KL (oo +1)72]
3 3 L _L+1
- de BUL([tlc + D) In(ed)  L(|[loo + DFH (5.190)
[nnn{L7 I, L, ..., ]Lil}]l/d M4 KL= (|Nlee+1)72]
The proof of Corollary 5.45 is thus complete. O
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Chapter

Conclusion and Outlook

In this thesis and in the preprints Jacobe de Naurois, Jentzen, & Welti [185], Giles,
Jentzen, & Welti [134], Becker et al. [30], and Jentzen & Welti [196], which make up this
thesis, we have studied stochastic numerical approximation algorithms for tackling four
possibly high-dimensional approximation problems. On the one hand, for three of these
problems we have carried out a mathematically rigorous analysis of existing stochastic nu-
merical approximation algorithms from the scientific literature and derived corresponding
convergence rates (cf. Chapters 2, 3, and 5). Thereby we have been able to gain a better
understanding of the way the approximation error arising from employing these algorithms
behaves with respect to the computational effort invested into running the algorithm. On
the other hand, for one of the considered problems we have designed a stochastic numeri-
cal approximation algorithm and presented the results of suitable numerical experiments
(cf. Chapter 4). These computational results suggest that the algorithm lives up to the
expectations which have led to its design and that the approximation error decays quickly
with increasing computational effort. The findings of this thesis and the preprints incor-
porated into this thesis give rise to a multitude of new research questions which may be
the subjects of future research endeavours. In the following we reflect on these findings
and mention a number of such emerging questions.

6.1 Stochastic wave equations

In Chapter 2 we have proved essentially sharp rates of convergence in the probabilistically
weak sense for spatial spectral Galerkin approximations of semi-linear stochastic wave
equations with multiplicative noise. In particular, we have established that spatial spectral
Galerkin approximations for the continuous version of the hyperbolic Anderson model
converge with weak rate 1- to the true solution (cf. Corollary 2.18 in Subsection 2.2.3).
Note that the considered approximations cannot be implemented directly on a computer
since they are discretised only in space but remain continuous in time and driven by
infinite-dimensional noise.

In the more recent work Cox, Jentzen, & Lindner [86] weak convergence rates for
temporal numerical approximations of semi-linear stochastic wave equations with multi-
plicative noise are derived. More specifically, [86, Theorem 1.1| shows that exponential
Euler approximations for the continuous version of the hyperbolic Anderson model con-
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verge with weak rate 1- to the true solution. These approximations are discretised only in
time, while space and noise remain infinite-dimensional, and are thus not directly imple-
mentable either. In view of the results of Chapter 2 and [86] it is a natural next step to
consider weak convergence rates of a fully discrete approximation scheme for semi-linear
stochastic wave equations with multiplicative noise that combines a noise discretisation
(cf., e.g., Harms & Miiller [162, Subsection 3.1]) with spectral Galerkin discretisation of
space and exponential Euler discretisation of time. In the case of the continuous version
of the hyperbolic Anderson model the resulting approximations would be implementable
on a computer and, as a consequence, a theoretically proved weak convergence rate could
be complemented by numerical experiments.

Moreover, so far we have only studied stochastic wave equations with one spatial
dimension. Another possible subject of future research efforts is to examine weak conver-
gence properties of numerical approximations for two- and three-dimensional stochastic
wave equations with suitably coloured multiplicative noise. In this context, we also note
that spatial spectral Galerkin discretisations of space are in practice only feasible to com-
pute in the one-dimensional case or for simple two- and three-dimensional domains, such
as rectangles and rectangular cuboids. In order to approximate stochastic wave equations
on more complicated domains, we need to discretise space using more sophisticated algo-
rithms, such as, for example, finite element methods. Deriving weak convergence rates for
this case does not seem to be possible to achieve using the methodology from Chapter 2.
It is thus a topic for further research to establish essentially sharp weak convergence rates
for such more sophisticated numerical approximations of stochastic wave equations with
multiplicative noise. Furthermore, a variety of relevant research questions about weak
convergence rates for numerical approximations of other important SPDEs remain open.
An example is the question of how to prove essentially sharp weak convergence rates for
spatial spectral Galerkin approximations of the stochastic Burgers equation with additive
space-time white noise.

6.2 Generalised multilevel Picard approximations

The main contribution of Chapter 3 has been the development of a mathematical frame-
work in which in essence slight generalisations of the MLP approximations introduced
in Hutzenthaler et al. [181] are viewed as random variables taking values in a Banach
space. On this level of abstraction we have derived a complete error analysis, cost anal-
ysis, and complexity analysis of generalised MLP approximations (cf. Corollary 3.15 in
Subsection 3.1.6). Thereafter, we have shown that the framework, when applied to semi-
linear heat equations with gradient-independent and globally Lipschitz continuous non-
linearities, allows us to recover a complexity result similar to [181, Theorem 1.1], stating
that MLP approximations overcome the curse of dimensionality (cf. Theorem 3.33 in
Subsection 3.2.3).

In [181] MLP methods were introduced based on approximating time integrals for the
fist time using the Monte Carlo method instead of fixed-grid quadrature rules (cf. [111, 112,
183]). In the meantime, beside the preprint [134], containing the content of Chapter 3,
other works have proposed several variants of MLP approximations. More specifically,
in Hutzenthaler, Jentzen, & von Wurstemberger [182] the MLP algorithm from [181]
for semi-linear heat equations is generalised to approximate a larger class of semi-linear
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Kolmogorov PDEs without the curse of dimensionality (cf. [182, Theorem 3.20]). The
MLP approximations from Beck et al. [26] are truncated variants of the ones in [181]
and are shown to beat the curse of dimensionality in the numerical approximation of
reaction—diffusion-type PDEs with a locally Lipschitz continuous coercive non-linearity
(cf. |26, Theorem 4.5]). Moreover, Hutzenthaler, Jentzen, & Kruse [179] proposes a new
MLP algorithm that solves, provably without suffering from the curse of dimensionality,
non-linear heat equations with gradient-dependent non-linearities (cf. [179, Theorem 5.2]).
Finally, in Beck, Gonon, & Jentzen [25] a new MLP algorithm is introduced that is
proven to approximate certain semi-linear elliptic PDEs and to overcome the curse of
dimensionality in doing so (cf. [25, Theorem 3.16]).

A mathematical framework through which all or most of the different MLP approxima-
tions from [25, 26, 179, 181, 182] could be interpreted in a unified way would significantly
improve the general understanding of MLP algorithms and their ability to beat the curse
of dimensionality in several PDE approximation problems. The framework from Chap-
ter 3 appears to be a first step into the right direction. Presumably, it essentially covers,
apart from the MLP approximations in [181], also the MLP approximations from [182]
and can, presumably, be applied to prove a variant of [182, Theorem 3.20]. However, it
does not seem to be possible to employ the framework from Chapter 3 to recover suit-
able complexity results for the MLP approximations from [25, 26, 179]. Furthermore,
such a unifying framework for MLP algorithms would be particularly insightful if it also
comprised classical multilevel Monte Carlo methods (cf. Heinrich [167], Giles [133], and,
e.g., Cox et al. [85, Subsection 5.3|). In this case it would allow contrasting the latter
with MLP algorithms in a concise way and working out key similarities and differences
in their respective modes of action, of which the further development of multilevel Monte
Carlo-type algorithms could benefit.

The subject of a possible future research article is also to improve the framework
from Chapter 3 by reformulating it in such a way that some of the measurability and
integrability assumptions can be weakened. Doing this could simplify the verification of
said assumptions significantly when the framework is specialised to the context of concrete
PDEs. Moreover, we recall that one of the innovations of Chapter 3 and the preprint [134],
respectively, has been employing the sequence of Monte Carlo numbers (1/;);en € N in
the definition of generalised MLP approximations (cf. (1.6), (1.13), and the last paragraph
in Section 1.2). It would be interesting to conduct a number of numerical experiments
to see the possible impact of the freedom in choosing this sequence in practice. Last but
not least, it would be fascinating to come up with MLP algorithms exhibiting even faster
convergence speeds for high-dimensional PDEs with suitably regular non-linearities as well
as MLP algorithms capable of solving high-dimensional PDEs with boundary conditions
instead of just PDEs defined on the whole Euclidean space.

6.3 Optimal stopping problems

Chapter 4 has been devoted to a deep learning based algorithm for solving high-dimen-
sional optimal stopping problems, which computes, in the context of early exercise option
pricing, both approximations for an optimal exercise strategy and the price (cf. Sub-
section 4.1.7). While we have presented many numerical experiments which strongly
suggest that the algorithm yields accurate and reliable approximations of the price (cf.
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Section 4.3), of course there is now a natural desire for more mathematical theory that is
capable of rigorously justifying under which precise assumptions this is indeed the case.

In Becker, Cheridito, & Jentzen [28] a few steps into this direction have already been
taken. More specifically, [28, Theorem 1 and Remark 2| essentially demonstrate that, in
the Markovian case, the stopping time factors from Lemma 4.2 in Subsection 4.1.3 do
not need to take past but only current values of the process to be stopped into account
(cf. Subsection 4.1.4). In addition, |28, Corollary 5| in essence shows that approximate
stopping decisions based on appropriate artificial neural networks with fixed depth and
at least one hidden layer have the flexibility to yield stopping times with expected pay-
offs that are arbitrarily close to the optimal expected pay-off. Since the approximations
for optimal stopping times in Subsection 4.1.7 are based on a single learning procedure
for all approximate stopping time factors simultaneously and not on recursively learned
approximate stopping decisions (cf. the last paragraph in Section 1.3), [28, Corollary 5|
does, however, not apply directly to the algorithm from the preprint [30] and Chapter 4,
respectively. It is a possible subject of future work to prove a similar result that also
covers approximate optimal stopping times such as the ones delivered by this algorithm.

Nevertheless, [28, Corollary 5| is a mathematical existence result that leaves many
for applications highly important questions unanswered. For example, significantly more
research efforts need to be invested into understanding DNN architectures best suited for
approximatively solving optimal stopping problems, in particular, in view of the fact that
all computational results in [28, 30] have been obtained using artificial neural networks
with precisely two hidden layers. In addition, an explanation is required of the reasons
why stochastic gradient ascent and more sophisticated optimisation algorithms such as
the Adam optimiser are able to find parameter vectors which yield sufficiently accurate
results for objective functions as complicated as (4.39) in Subsection 4.1.5. Moreover, it is
a central aim to derive convergence rates for the approximations of the optimal expected
pay-off in terms of various algorithm and model parameters. This may eventually allow
to prove that the algorithms from |28, 30| overcome the curse of dimensionality for a large
class of optimal stopping problems.

Another direction for a future research article is to use deep learning based algorithms
to tackle further relevant optimal stopping problems. One non-Markovian example could
be Robbins’ problem, an optimal stopping problem which is also referred to as the ex-
pected rank problem under full information (cf., e.g., Bruss & Ferguson [62] and Meier &
Sogner [242]).

6.4 Empirical risk minimisation

In Chapter 5 we have established a strong convergence analysis of the overall error which
emerges in deep learning based empirical risk minimisation in the case that the loss
function is quadratic. In particular, we have decomposed the overall error into the ap-
proximation error, the generalisation error, and the optimisation error and derived strong
convergence rates for each of these three error sources separately. The achieved results
are instructive in many ways, especially because the dependence of the obtained error
bounds on all algorithm and model parameters, such as depth and width of the employed
DNNs and the dimension of the training sample space, is explicit (cf. Theorem 1.4 in
Section 1.4). However, the convergence speeds in our results for both the approximation

174



6.4. Empirical risk minimisation

error and the optimisation error suffer under the curse of dimensionality (cf. (1.18) in
Theorem 1.4).

A natural question to study as a next step is by how much the obtained convergence
rates for the individual error sources can be improved in the generality considered. While
we expect that the error term corresponding to the generalisation error in (1.18) in The-
orem 1.4 can hardly be improved, it would be interesting to prove lower bounds for the
error term corresponding to the approximation error in (1.18). This would clarify to which
extent a different set of assumptions on the target function would be required in order to
achieve a faster rate of convergence.

Furthermore, although our framework includes the case of training via SGD with
random initialisation, our analysis of the optimisation error in Section 5.4 yields a very
slow convergence speed since it relies on the convergence of the Minimum Monte Carlo
method. It is clear that future research efforts need to exploit the dynamics of SGD
and more advanced optimisers in order to prove strong convergence rates which possess
more explanatory power for the successful performance of DNN based supervised learning
algorithms in applications.

To summarise, it remains an open problem how to develop a convergence analysis
capable of rigorously explaining the success of deep learning based empirical risk minimi-
sation witnessed in practice. The same also applies to the algorithm for solving optimal
stopping problems from Chapter 4 (cf. Section 6.3) and to deep learning based algorithms
in general. We thus live in exciting times for developing more mathematical theory for
deep learning.
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