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Abstract

In this thesis, we show a result on the expressive power of deep ReLU networks. We study
a countably parametric elliptic diffusion equation with parameter space U = [—1, 1] and
show that its parameter-to-solution map u : U — H2 N H}((0,1)2) can be approximated
efficiently by a family of deep ReLU networks. We show a lower bound on the convergence
rate in terms of the network size. The result we show is a generalisation of [75, Theorem 4.8
p. 22|, which addresses a countably parametric diffusion equation on the spatial domain
(0,1). We show that the analogous result holds on (0,1)2. The proof is based on the
efficient approximation of products by deep ReLU networks introduced in [89] and the
sparsity of the generalised polynomial chaos expansion (gpc expansion for short) of u
in the sense of /P-summability of the norms of the gpc coefficients for some 0 < p < 1
(shown in [3]). The proof is constructive if the gpc coefficients are known. The bound
on the convergence rate for the approximation of v only depends on the summability of
the gpc coefficients and the convergence rate of deep ReLU network approximations of
functions in H? N H((0,1)?). In particular, our main result also holds for parametric
PDEs with infinitely many parameters. In that sense, it does not suffer from the curse of
dimensionality.
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1 Introduction

In this section, we first introduce the context of this thesis. Section 1.1 introduces the field
of uncertainty quantification and in particular methods to solve PDEs with random input
using sparse generalised polynomial chaos expansions and approximations. Section 1.2
introduces the field of machine learning and mainly focusses on the deep neural networks
we study. It also reviews some of the relevant deep learning literature. The aim of this
thesis is to combine results from both fields to generalise [75, Theorem 4.8 p. 22], which
is cited in Section 1.3. Section 1.4 introduces notation as well as an index set and a
parameter space we will use throughout this thesis. Finally, in Section 1.5, we give an
outline of Sections 2—6.

1.1 Uncertainty quantification

In science and engineering, many systems can be described mathematically by partial
differential equations (PDEs), whose data (e.g. coefficients, source terms and boundary
value data) describe the properties of the specific system under consideration. One way to
investigate such a system is by solving the PDE numerically for data based on empirical
information. Small deviations in the data can have an immense impact on the solution
of the PDE, especially for non-linear PDEs, see e.g. [87, Section 1.1.1 pp. 1-2]. Such
uncertainties may be a property of the studied system, but are also inherent in data based
on empirical information. The quantitative study of such uncertainties and their influence
on the exact or the numerical solution of the PDE is the active scientific field named
uncertainty quantification (UQ).

UQ includes the development of exact and numerical PDE methods that take into account
the previously described uncertainty. The uncertainty can be modelled by assuming that
the data follow a probability distribution. Such spatial functions that follow a probability
distribution are called random fields. A PDE with such a random field as data is a PDE
with random input (RPDE). There are multiple ways to approach such an equation, we
now discuss very briefly some of the developed RPDE methods, mainly focussing on gpc
expansions and approximations introduced below. For a more complete introduction to UQ
and in particular gpc expansions and approximations, including references to historically
important literature, we refer to [87, especially Chapter 1 pp. 1-8] or [88]. These also
serve as references for the introduction given in this section.

1.1.1 Monte Carlo simulation

One popular approach is that of Monte Carlo simulation (MC simulation), an example of
a sampling-based method. In short, one computes independent draws from the probability
distribution for the data and solves the deterministic PDE for those values of the data.
Then, some statistical quantities of these solution samples are known to approximate those
of the solution of the RPDE, e.g. the sample average of the solution samples converges to
the mean solution of the RPDE. Although this method has been applied successfully in
many situations, its convergence rate is generally considered slow, e.g. denoting by N the



number of deterministic problems that have to be solved, in general one only knows that
the error of the sample average w.r.t. the mean solution is of the order O(N~1/2).

1.1.2 Deterministic methods

Alternatively, there exist nonsampling methods or deterministic methods, e.g. perturbation
methods and, developed more recently, methods based on generalised polynomial chaos
expansions and approzimations (for short gpc expansions and approximations, named after
polynomial chaos introduced in [85]). For both types of methods, one chooses bases for
the function spaces from which the data are drawn, e.g. Karhunen Loéve bases, see e.g.
[29, Section 3.1 pp. 66-68]. The uncertainty in the data is modelled as uncertainty in
the coefficients with respect to the chosen bases, i.e. these coefficients are modelled to be
drawn from a probability distribution and the data of the RPDE are parametric functions
with these coefficients as parameters. Solving the PDE for each possible value of the
parameters defines a parameter-to-solution map, called solution map. The solution of the
RPDE is determined by this parametric solution map and the probability distribution for
the parameters. The remainder of this thesis is concerned with approximating the solution
map of a parametric PDE, keeping in mind that results can also be applied in the context
of RPDEs.

For the perturbation method, the parametric data map is Taylor expanded (in RPDE
context usually around its mean) and approximated by a truncation of the expansion.
The solution map is then approximated by solving the PDE for this approximation of the
data, which is effective if the fluctuations of the data are small.

Alternatively, a gpc expansion is a polynomial expansion of the solution map in terms of the
parameters. Truncation of a gpc expansion gives a gpc approximation. The coefficients
of gpc expansions are functions in the solution space of the PDE and can themselves
be approximated by Galerkin methods, for instance. This combination is referred to
as a stochastic Galerkin method (SG method), cf. [30, 2, 79, 17]. Collocation methods
are an alternative for Galerkin methods, the combination of a gpc approximation with
a collocation method is referred to as a stochastic collocation method (SC method), cf.
[1, 58, 57]. In case the number of parameters in the gpc expansion is bounded by some
M € N, exponential convergence of an SG approximation in terms of the polynomial order
used in the finite element approximation of the gpc coefficients is shown in [2, Theorems
6.2 and 6.3 p. 818]. However, the error may increase exponentially with M, a phenomenon
called the curse of dimensionality. Hence, convergence rates independent of M are desired.
Such a result was first shown in [79].

Since then, many such results have followed based on sparsity of the gpc expansion as
expressed by the /P-summability of the norms of the gpc coefficients for some 0 < p < 1.
Early results in this direction are [17, Corollaries 7.4 p. 636 and 8.3 p. 644]. In addition,
such sparsity has been derived from the so-called (b, €)-holomorphy of the solution map, a
term that quantifies the holomorphic complex extendability of the solution map in each of
the parameters. This approach is followed in e.g. [18, 14, 90] and used in [75, Theorems 2.7
p. 6, 3.9 p. 15, 3.10 p. 17 and Corollary 4.1 p. 18]. Another approach, not based on
holomorphic extensions, was developed in [4, 3] and used to prove [75, Corollary 4.3 p. 18
and Theorem 4.8 p. 22]. The main topic of this thesis is [75, Theorem 4.8] (see Section
1.3 ahead), we hence review the second approach in Sections 4.2-4.4 below.



1.2 Deep learning

The main point in [75] is that it combines results on the sparsity of gpc expansions derived
in the context of UQ with another quickly expanding field, namely that of machine learning
(ML). The aim of that field is to develop algorithms that can extract features from data
sets and that in new situations can make predictions based on “learned” features, but
without designing the algorithms with those specific features in mind. In this context, the
process by which an algorithm improves the extraction and prediction capabilities based
on an available data set is called learning or training (see Section 1.2.3). Applications
of machine learning are ubiquitous and include image recognition, speech recognition,
autonomous driving and natural language understanding (see [73] and [32, Section 12
pp. 438-481]).

A sub-field of machine learning is deep learning (DL), which is the development and the
study of deep neural networks (DNNs) for machine learning tasks. We refer to the reviews
[45, 73] for an overview of the field up to 2015 and to the general introduction to the field
in [32]. Although most success has been achieved in the past two decades, the concept is
much older ([50]). We note that the principles behind what is now called deep learning
have had different names over time, e.g. cybernetics introduced in [86] and used in the
1950s—-1960s and connectionism used in the 1980s-1990s, see [32, Section 1.2.1 pp. 12-18].
The current wave of attention, under the name deep learning, started around 2006, see
[32] and references therein, especially [32, p. 18 and Section 1.2.4 pp. 22-26] and e.g.
[37, 8, 65]. Reasons for the recent success include the increased computational power of
computers, the increased quantity and size of available data sets and the development of
more efficient learning algorithms (see [32, Section 1.2 pp. 12-26)).

1.2.1 Neural networks

More specifically, neural networks (NNs) are computational algorithms that are defined in
terms of a collection of computational nodes that each carry out a computation of specified
type. The type of computation need not be the same for all computational nodes.

For most neural networks, the computational nodes are organised in layers. In this con-
text, depth refers to the number of layers with computational nodes, we will call such
layers computational layers. For the networks we consider, the input of the first compu-
tational layer is given externally, it is the input of the network. It consists of multiple
numbers, called input nodes. Together, they constitute the input layer. All other layers
are computational layers, the last of which is called output layer. The output of this layer
is the output of the network.

Generally, for each computational layer, the type of computation is equal for all nodes
in that layer. In the networks we consider, all computational layers carry out an affine
transformation, which in all those layers except the last is followed by a non-linear trans-
formation called activation. The activation is applied componentwise to the output of the
affine transformation. See [19] for examples of networks whose first computational layer
does not compute the activation function.

Currently, the most popular activation function is the rectified linear unit (ReLU) o : R —



R : x — max{0, x}, which is globally Lipschitz continuous and hence weakly differentiable
(o € Wligo (R)). Multiple variations of the ReLU exist, most of which are not constant
on (—o00,0). The reason why is explained in Section 1.2.3. Examples are R — R : z —
max{0,z}+0.01 min{0, z} (a leaky ReLU) and R — R : z + max{0, 2} + min{0, exp(z) —
1} (an ezponential linear unit), cf. [16]. In addition, sigmoidal functions are a popular
choice, which are functions ¢ that satisfy

Y :R—=R: lim ¢(z)=0, lim ¢(zx)=1, (1.1)

T—r—00 T—00

often combined with monotonicity assumptions and regularity assumptions such as (Lips-
chitz) continuity or smoothness. Examples of smooth sigmoidal functions are the logistic
function x — H% and z — 2 arctan(Zz). We note that the definition of “sigmoidal func-
tion” is not unambiguous, several different definitions can be found in the literature. Be-
sides the ReLU and sigmoidal functions, the binary step unit (BSU) R — R : x +— L[z > 0]
is a popular activation function. It is also called Heawviside function. Contrary to the ReLU
and most popular sigmoidal functions, it is discontinuous and not weakly differentiable
(it is not in HL _(R)). At the end of Section 1.2.3 on DNN training, we further discuss
activation functions and the importance of their regularity.

Computational layers in which nodes compute the activation function are called hidden
layers. That is, for the networks we consider, all computational layers except for the
output layer are hidden layers. Neural networks with not more than one hidden layer are
called shallow, while networks with multiple hidden layers are called deep. In addition, we
define the size of a network as the number of computational nodes applying the activation
function.

The term “neural network” expresses the inspiration the field has found in neuroscience.
For example, it builds on the idea that intelligent behaviour can result from complexly
structured networks of interacting neurons, which are themselves simple computational
nodes, and that learning is realised by properties of the nodes that change under exter-
nal input (cf. Section 1.2.3 below). Although neural networks have been used to gain
understanding of biological brains (see e.g. [38]), the currently popular neural networks
are designed for machine learning tasks and do not faithfully model biological neural net-
works. To distinguish abstract neural networks from biological ones, the former are called
artificial neural networks (ANNs). We only consider ANNs. The heuristic for the term
“network” is that the dependencies between computational nodes can be represented by
a graph: the dependence of the input of a computational node on the output of another
node can be represented by an edge connecting the two nodes. An example of such a
graph is shown in Figure 1.1.



Input layer

First hidden layer

Second hidden layer

Third hidden layer

Output layer

Figure 1.1: Example of a graph depicting a ReLLU network that has two inputs, one output,
depth 4 and size 12.

The network properties described so far, i.e. the collection of nodes organised into layers
and the type of computation carried out by each computational node, are part of the
architecture of the network. In addition, the architecture includes a rule that for each
computational layer describes on the output of which layers its input may depend. The
rule we use is described in Section 1.2.2 ahead. In particular, the architecture prescribes
the size of each layer, which is the number of nodes.

In addition to the architecture, the computation carried out by a computational node
also depends on a number of parameters, which are different for each node and are called
coefficients. For each allowed value of the input of the network, the architecture and the
coefficients of all computational nodes together determine the output of the network.

In the literature, the term “neural network” is used to refer to different objects. For
example, it can refer to the architecture, the collection of all coefficients or the function
that sends each allowed input value to the corresponding output value. In this thesis
we will use “neural network” (or simply “network”) to refer to the combination of an
architecture and a collection of corresponding coefficients. They together uniquely define
a function from the set of allowed input values to the set of possible output values, which
we call the realisation of the network, as in [62]. Therefore, we can speak about networks
approximating a function.

Although each network has a unique realisation, the converse is not true: for each function
that can be implemented by a ReLLU network of the type described above, there are many
other networks that implement the same function. This first of all follows from the positive
homogeneity of the ReLLU:

VA € Rup,z € R:o(Ax) = Ao(z).

In addition, Definition 2.4 below introduces networks that implement the identity operator.
As will be discussed in Remark A.2; they can be used to extend networks without changing
their realisation. Example 2.6 below shows a much less trivial case of two networks that
have the same realisation, namely the standard hat function. Similar hat functions will
be used in Sections 2.2 and 3.

Having fixed a realisation, the freedom in coefficients resulting from positive homogeneity



could be removed by rescaling the coefficients. The other two types of freedom cannot
simply be removed. In fact, such freedom shows that the relation between networks and
their realisation is very complex. On the one hand, exploiting this complex relationship
could lead to efficient DNN approximations (cf. Section 6.2.2). On the other hand, as a
result, it might be difficult to bound from below the convergence rates of DNN training
algorithms (training is further discussed in Section 1.2.3 below).

1.2.2 Non-residual feedforward neural networks

We restrict ourselves to feedforward ReLU NNs (FF ReLU NNs), which are ReLU networks
with finitely many linearly ordered layers. The input of each layer may only depend on
the outputs of the previous layers. Networks without this property are called recurrent
NNs. They may have feedback connections from the output of a layer to the input of that
layer or the input of a previous layer. Although in some situations recurrent networks
have shown to outperform feedforward networks (cf. [73, e.g. Section 5.13 pp. 95-96]), all
results in this thesis will be obtained without recurrence.

In addition, the networks we use are mon-residual, i.e. the input of computational nodes
in a certain layer may only depend on the output of the layer directly before, not on
the output of layers before that layer. Connections between two non-consecutive layers
appearing in residual NNs are called skip connections. Because skip connections could
be implemented by identity networks as defined in Definition 2.4, the assumption that
networks are non-residual is not very restrictive for the derivation of convergence rate
bounds in terms of the network size or the number of non-zero coefficients. It only increases
the number of computational nodes and the number of non-zero coefficients needed to
implement certain functions.

In Section 2.1 ahead, we introduce a formalism to describe the non-residual FF ReLLU NNs
we use throughout this thesis.

1.2.3 Training

For DNN training, the architecture is generally fixed beforehand. The coefficients are not
fixed, the aim of training is to optimise the coefficients for the task at hand. Two of
the first models that could be trained were the perceptron introduced in [68] and Adaline
(which stands for adaptive linear) introduced in [84], cf. also [82, 83].

In most cases, the aim of the training process is to find a network that minimises a certain
loss function, which expresses the difference between the output of the network and the
“true” value it needs to approximate. This type of learning uses a data set comprising pairs
of input values and corresponding “true” output values and is called supervised learning.

An example of a supervised learning algorithm is backpropagation introduced in [71]. In
each learning step, the loss function is evaluated on elements of the training data set. The
outcome is used to compute the gradient of the loss function with respect to the coefficients.
At the end of each step, the coefficients are changed along the negative gradient. This
deterministic method is an example of (deterministic) gradient descent. Better results
have been achieved with stochastic gradient descent (SGD), in which in each training step



the coefficients are changed along the sum of the negative gradient of the loss function
and a small random term. Choosing the size of the change in coefficients based on the
size of the gradients observed in previous steps further improves the results. An example
of an algorithm that does so is Adam. It was introduced in [42, Algorithm 1 p. 2] and
has since received much attention, cf. also the review of optimisation methods based on
deterministic or stochastic gradient descent in [70, Section 4.6 pp. 7-8] and the recent
article [66] on possible improvements of Adam.

Gradient descent requires differentiability of the activation function. It is desirable that
the activation function is continuously differentiable. In addition, it is undesirable that
the activation function is constant on a part of its domain. It being constant can result
in the vanishing of the gradient of the loss function with respect to the coefficients of
a neuron, which means that the coefficients cannot be optimised anymore by gradient
descent. Such nodes are called dead. In practice, this means that the size of networks
with such activation functions needs to be chosen much larger than theoretically needed,
because a significant part of the nodes will die during the training process.

The ReLU does not have the desired properties, it is only weakly differentiable and it is
constant on (—o0,0). Variations of the ReLLU can be used to overcome one or both of
these issues. The BSU is much less regular, it is discontinuous and its pointwise derivative
vanishes everywhere except in x = 0, where it is not defined.

1.2.4 Deep learning literature on approximation theory and on solving PDEs
numerically

Much literature is available on deep learning. On the one hand, many empirical works
describe the results achieved with state-of-the-art architectures and training algorithms.
Most of those results still lack a theoretical explanation and a proof guaranteeing good
results. On the other hand, much theoretical research has been conducted, building on
results obtained in e.g. information theory, statistics and numerical analysis. Our work is
of the latter form. We will now introduce some of the theoretical results that are related
to the work in this thesis.

If not specified otherwise, the networks discussed in this section are FF NNs whose com-
putational layers compute an affine transformation, in all computational layers except the
output layer followed by activation.

Universality

For a given neural network architecture, the first question to ask is which functions can
be implemented by networks of that architecture. For other functions, one wants to know
how well they can be approximated. A collection of networks with the same architecture,
except for the fact that their layer sizes may differ, is called universal if any function from
a certain function space (e.g. the space of continuous functions or the space of measurable
functions) can be approximated arbitrarily well by networks from that collection.

For n € N, one hidden layer NNs with continuous sigmoidal activation function are uni-
versal in the sense that their realisations are dense in C(]0, 1]") in the topology of uniform



convergence on compacta ([20, Theorem 1 p. 306]). See [20, Table 1 p. 312] for an overview
of the results in that paper and similar results at that time. It was shown in [39, Theorem
2.4 p. 362] that the realisations of one hidden layer NNs with non-decreasing sigmoidal
activation function are dense in the space of Borel measurable functions in the sense of
global convergence in measure (the used metric is given in [39, Definition 2.9 and Lemma
2.1 p. 361]). Similar results were obtained in e.g. [28, 6].

An important survey of universality was given in [63]. Based on [47], it was shown in
[63, Theorem 3.1 p. 153] that one hidden layer neural networks with continuous, non-
polynomial activation function are universal, i.e. their realisations are dense in the space
of continuous functions in the topology of uniform convergence on compacta. In the
context of ReLU networks, this result implies universality of ReLLU networks with more
than one hidden layer: as discussed in Remark A.2 in Appendix A, the depth of ReLU
networks can easily be increased without changing the realisation.

Expressive power

Universality results, however, do not give any information on the size of the network
or the number of non-zero coefficients needed for the implementation of a function or the
approximation up to a prescribed accuracy. The ability of networks of a given architecture
(i.e. with given depth and size) to implement or approximate functions is called expressive
power. It is one of the main topics in deep learning research. Early results in this direction
were given in [5, 52]. There, bounds were shown on the convergence rate of shallow network
approximations of functions of a certain smoothness in terms of the network size. For
similar results, see the references made there.

More recently, the expressive power of deep networks was studied in e.g. [10] and its
published summary [9]. They showed the efficient representability of so-called affine sys-
tems by neural networks with as activation function a smooth version of the ReLU or a
sigmoidal function of order k € N>9 as defined in [10, Definition 5.1 p. 19] (their definition
of “sigmoidal” is more general than ours).

The results on expressive power stated above and below have in common that they show
approximation properties in terms of the depth, the size or the number of non-zero coef-
ficients of the networks. They do not show how to find such networks through training.
In addition, in general, no restrictions are posed on the relation between the function to
be approximated and the coefficients of the approximating networks. This relation may
be very complicated, the coefficients need not depend continuously on the approximated
function. In practice, this relation between function and coefficients has to be learned
through DNN training, i.e. it depends on the performance of training algorithms whether
the theoretical approximation results can easily be achieved in practice. Theoretical results
on expressive power serve as benchmarks for the performance of training algorithms.

Efficient ReLU approximation of arithmetics

Many recent results on ReLU DNN convergence rates in terms of the network size (e.g.
the results obtained in [89, 62, 54, 75, 61, 24] and this thesis) depend on the efficient
approximation of products by ReLU DNNs as first proposed in [89, Proposition 3 p. 106]. It



exploits the fact that using the results in [77, Section 2.2 pp. 3—4] the function [0,1] > x —
x? can be approximated efficiently by deep ReLU networks ([89, Proposition 2 p. 105]).
We discuss this in more detail in Sections 2.2-2.3 below. A similar result on the efficient
DNN approximation of products is [48, Theorem 1 p. 4], which uses networks with ReLUs
and BSUs. A related result, but not used in [75] or this thesis, is the fact that division
can be implemented efficiently by ReLU networks, which follows from [78, Theorem 1.1
p. 1]. That theorem shows a more general statement, namely that rational functions can
be approximated efficiently by ReLU networks. Interestingly, it also shows the converse,
namely that the realisations of ReLLU networks can be approximated efficiently by rational
functions.

Expressive efficiency of depth

A not yet fully understood issue concerning the expressive power of neural networks is the
(dis)advantage of depth. Twenty years ago it was still unclear whether depth was advan-
tageous in general, as depth is not needed for universality ([63, Section 7 pp. 182-187]).
In the mean time, many promising results have been achieved on the expressive efficiency
of depth. The aim is to show that for a fixed network size or a fixed number of non-zero
coefficients deep networks outperform shallow (or less deep) networks at implementing
and approximating functions, e.g. that for deep network approximations the convergence
rate in terms of the network size or the number of non-zero coefficients is better than for
shallow network approximations.

We now recall some results showing the expressive efficiency of depth. One hidden layer
BSU NNs cannot provide localised approximations in Euclidean space of dimension more
than one ([15, Theorem 2.2 p. 609]), whereas two hidden layer BSU NNs can ([15, Theo-
rem 2.3 p. 610]). In [60, 55|, it was shown that the realisations of ReLU DNNs are piecewise
linear on a finite partition of their domain. In addition, lower bounds on the maximum
possible number of linear regions were given in terms of depth and layer sizes (e.g. [55,
Theorem 5 p. 7]). It was shown that for networks with fixed layer size this lower bound
grows exponentially with depth ([55, Corollary 6 p. 7]), whereas the maximum number of
linear regions that can be achieved by a single hidden layer network grows polynomially
with the size of the network ([60, Proposition 2 p. 6]), i.e. deep networks can achieve ex-
ponentially more linear regions than shallow networks. The references [51, 53, 64] showed
that compositional functions can be approximated efficiently by DNNs, not by shallow
networks. In [89, 48], DNNs that approximate polynomials were constructed. In both
works, such networks were used to show that deep networks are more efficient at approx-
imating functions from certain smoothness classes than shallow networks. The results in
[89] were achieved using ReLU networks, whereas in [48] networks with ReLUs and BSUs
were used. For the approximation of a multivariate polynomial in n € N variables on a
bounded domain by networks with n times differentiable activation functions with non-
zero Taylor coefficients, it was shown in [67] that the required depth of networks with fixed
layer size grows linearly with n, whereas the required layer size for finite depth networks
grows exponentially with n. The optimal approximability of piecewise smooth functions
by ReLU DNNs was studied in [62]. In particular, they showed a lower bound on the depth
of networks that achieve the optimal convergence rate in terms of the number of non-zero
coefficients. In [61], it was shown that ReLU DNNs are rate-distortion optimal for the
approximation of sinusoidal functions, one-dimensional oscillatory textures and the Weier-
strass function. In particular, in [61, Theorems 6.4 and 6.6 p. 9], it was proved that deep



networks with finite width outperform networks with finite depth on the approximation
problems considered in those two theorems.

A more general type of result was obtained in [19], which studies sum-product networks,
which are also called convolutional arithmetic circuits and have a different architecture
than the networks we consider. In [19, Corollary 2 p. 10], the coefficients of sum-product
networks were interpreted as tensors. Under this correspondence, shallow sum-product
networks implement the canonical tensor decomposition and deep sum-product networks
implement the hierarchical Tucker tensor decomposition (HT decomposition, introduced
in [35]), see also [34]. It was shown that Lebesgue-almost every tensor in HT format
has canonical rank growing exponentially with the order of the tensor ([19, Theorem 1
p. 9]), which implies that for any given deep sum-product architecture the realisation of
Lebesgue almost every network of that architecture can only be implemented or approx-
imated arbitrarily closely by shallow sum-product networks of size exponentially growing
with the depth of the deep network ([19, Corollary 2 p. 10]). The strength of this result
is that it shows that almost every deep sum-product network cannot be approximated
efficiently by a shallow network, whereas the previously cited results merely showed this
for specific classes of networks. On the other hand, it is possible that most networks of
interest are elements of the exceptional set of zero Lebesgue measure whose elements can
be approximated by smaller shallow networks. An analogous result for recurrent neural
networks was shown in [41], by showing that deep recurrent neural networks implement
the tensor train decomposition (TT decomposition) introduced in [59].

Numerically solving differential equations with neural networks

We now discuss some results that use neural networks to solve PDEs numerically. The
idea of using neural networks to solve differential equations numerically has been around
for decades, see [46, 43, 44, 49]. Cf. also [76, Section 1.2 p. 3|, which discusses more recent
results that use deep learning to solve PDEs.

In order to train neural networks, a loss function is defined that evaluates how well a
function from the solution space of the PDE satisfies the PDE, its boundary conditions
and possibly initial conditions. The loss function can simply be based on the PDE itself,
but also on a variational formulation of the PDE similar to that in Proposition 4.2 below.
The latter approach was used in [23]. Often, e.g. in [46, 43, 44, 49], the loss function is
evaluated on a mesh. Alternatively, in [76] it was proposed to train DNNs by SGD based
on evaluation of the objective function in randomly drawn points in its domain.

Another research topic is the development of training algorithms for the specific purpose
of solving PDEs numerically, see e.g. [69].

Recently, DNNs have even proved successful in numerically solving some specific examples
of high-dimensional parametric PDEs, i.e. methods have been developed that in some
situations can overcome the curse of dimensionality, at least up to a large extent. As
discussed in Section 1.1.2, this can be used to solve RPDEs. An early result in this direction
is [40]. An RPDE is solved by first calculating independent draws for the data of the
underlying PDE. The PDE is then solved numerically for those values of the data, which
gives data-solution pairs with which a DNN can be trained. The references [22, 36, 27]
address high-dimensional non-linear PDEs and backward stochastic differential equations
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(BSDEs) by showing that they correspond to a stochastic control problem, whose solution
can be approximated using deep reinforcement learning. Numerical experiments show
that problems with dimension of the order 100 can be handled. Another work following
a roughly similar approach is [7]. It also relies on the correspondence of certain fully
non-linear PDEs to BSDEs.

Very recently, the existence of a family of DNN approximations of the solution of a high-
dimensional PDE was shown in [24, Theorem 7.3 p. 30], together with a lower bound on
the convergence rate in terms of the number of non-zero coefficients that does not suffer
from the curse of dimensionality.

The contribution of [75] and this thesis

The results in [75] and this thesis address the expressive power of DNNs and contribute
to the area using DNNs to solve PDEs numerically. The results use the sparsity of gpc
expansions and the efficient ReLU approximation of products to show the existence of a
family of ReLU DNNs approximating the solution map of a parametric PDE and to give
a lower bound on the convergence rate of the approximations in terms of the network size.
The proofs are constructive: the architecture and the coefficients of the approximating
family of networks are constructed explicitly, assuming that the gpc coefficients are known.

1.3 Theorem 4.8 from [75]

The aim of this thesis is to review [75, Theorem 4.8 p. 22] and its extensibility. The
theorem shows the existence of a family of non-residual FF ReLU DNNs (see Section
1.2.2) approximating the solution map of a parametric elliptic diffusion equation on the
domain (0,1) with a scalar diffusion coefficient that is uniformly elliptic with respect to
the parameters. More precisely, with D = (0,1), U = [~1,1]N (see Section 1.4.3 below)
and spaces of real-valued functions V = H}(D) and X = H2N H} (D), it reads:

Theorem 1.1 ([75, Theorem 4.8 p. 22]). “Let 0 < qv < qx < 2 and denote py =
(1/qv +1/2)7t € (0,1) and px = (1/qx +1/2)7 € (0,1). Let By = (Bv.;)jen € (0, 1N
and Bx = (Bx;;)jen € (O, )N be two monotonically decreasing sequences such that By €
(v (N) and Bx € (9% (N), and such that”

ZjGN /B\;,l]hpj()‘ <1
a() L(D)
and
en Bxylvi (-
HZ]GN a)((.,)ﬂ ()] <1, Z/@;{}jwﬁ(ﬂ < 00
L>(D) JEN L>(D)

for @ and all 1 belonging to WH*°(D) and with essinfa > 0. Assume that in

/D a(y, z)Vu(y,z) - Vu(z)dz = v (f,v)y, Yo e HY(D) (1.2)
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f € L3(D). “...] Denote for every y € U by u(y,-) € V the solution of (1.2) for the
affine-parametric diffusion coefficient

a(y.z) = a(z) + Y yy(a), € D.
JEN

Then, there exists a constant C' > 0 such that for every n € N there exists a ReLU
network y, (Y1, ..., Yn,x) with n + 1 input units and for a number N, > n with r =
min{1, (p;," — 1)/(1 +py* — px')} there holds the bound

sup [[u(y, ) — Un(y1, - yn, )y < CN"
yeU

Moreover, for everyn € N,
size(tin) < C(1 + N, log(Ny) loglog(N)),

depth(@,) < C(1 + log(N;,) loglog(Ny,)).”

Theorem 5.1 in Section 5 shows that an analogous result holds on the domain (0, 1)2.
Possibilities for further extensions are discussed in Section 6.

1.4 Notation
1.4.1 General notation

We will use the following notation: N = {1,2,...}, Ny = {0,1,2,...}. Cartesian powers are
denoted by superscripts, e.g. Ng = Ny x Ny x Ny, while certain subsets of Ny are denoted
by subscripts, e.g. N>o = {2,3,...} = N5, Nopy = {1,2,...,k}, Nep, = {1,2,...,k — 1}
and (No)%,. ={0,1,2,...,2"} x {0,1,2,...,2"}. For any set A, we denote its cardinality
by |Al.

For statements, we write

1 statement is true,

1|statement| =
[ ] {0 statement is false.

Vectors, sequences and multiindices are written in boldface, e.g. = € R? y € [—1,1]N.
Numbers in boldface denote sequences or vectors, e.g. 1 = (1,...,1) € R¢ for d € N. For
countable sequences b = (b;)cs, we write |b[; := ZjEJ b;. In addition, for all d,d;,ds € N,

we write for vectors in R? resp. matrices in R% *d2

d dy d2

Vb eR?: bl = 1[b; #0],  VAERW%®: A0 =) Y 1[A;; #0].

i=1 i=1 j=1

For d € N, the d x d identity matrix is denoted by Idgs. In addition, for any set S, the
identity function on S is denoted by Idg.
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We use the componentwise ordering on (Rxo)Y, i.e. v < p if and only if Vj € N : Vi < .
In addition, we define v < pas (v < p) A (v # p).

A set A C N is downward closed if all p € NY that satisfy g < X for some A € A are also
contained in A. For such A, we know that [{j € N:3X € A : \; # 0} < |A|, because we
have e; = (0,...,0,1,0,...) € A for each j satisfying (IX € A : \; # 0), where (e;); =1
and Vi € N,i # j : (ej); = 0.

1.4.2 Index set F

We define F := {v € N} : v; # 0 for only finitely many j € N}, i.e. F is the set of finitely
supported sequences with values in Ny. For v € F, we define

suppv = {j € N:v; # 0}.

Note that NV is uncountable (the famous result by Cantor, cf. [25, Theorem 6B p. 132]),
hence so is NON. However, F is countable, as we will use in many of our results. It follows
from

F = U U {VEN§:|v|1:n,suppvc{1,...,m}},
neNg meN

which shows that F is a countable union of finite sets, hence countable.

For a subset A C F, we denote its complement in F by A¢:= F\A. For v € F, we write
vl = HjeN v;!, using that 0! = 1. For v € F and b € RY, we define b” := Hjer;/j,
using that 0° = 1. Although these products formally have infinitely many factors, v € F
ensures that only finitely many factors differ from 1.

1.4.3 Parameter space U

We will study parametric functions with parameters y = (y;)jen in U = [—1,1]N. We will
always endow U with the product topology. In 1930 Tychonoff showed that the Cartesian
product of any cardinality of unit intervals endowed with the product topology is compact
Hausdorff ([80, Sections 1 and 2 pp. 546-550]). Second countable compact Hausdorff
spaces are metrisable by Urysohn’s metrisation theorem ([81, Hauptsatz p. 310]). Hence,
U is a compact metrisable space, as is any other countable Cartesian product of compact
intervals. An example of a metric inducing the product topology on [—1, 1]V is

d(y,y') = 22_j ly; — y;|
) - Y
jeN L+ ly; yjl

([72, Examples 3.3.20.(b) p. 84]), convergence in the product topology corresponds to
componentwise convergence.

1.4.4 Parametric functions

For a domain D C R? with d € N, we denote points in D by & € D or by x € D if d = 1.
For i € {1,...,d}, the ¢’th Euclidean unit vector is denoted by e;.
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For a Banach space V of functions defined on D, we will study parametric functions
a:U —=V:yw— a(y). In general, we write a(y) € V, suppressing the spatial variable
€ D in notation. Otherwise, we write a(x,y) € R. Weak and strong partial derivatives
with respect to the spatial variable € D are both denoted by %a for i € {1,...,d}
and, more generally, by

ol

0x{t0xy? - - - 0xy? (@ y).

Va € Ng : D% := Dga =

We denote partial derivatives of a with respect to the parameters y € U by

v v a"/h
\V/V S f . 8 a = aya = W@(m)y)

1.5 Outline

In Section 2, a formalism for non-residual feedforward deep ReLU networks (defined in
Sections 1.2.1 and 1.2.2) is introduced and ReLLU approximations of products of two or
more real numbers are studied. Section 3 introduces ReLLU approximations of functions in
H2NH((0,1)?), based on square grid continuous, piecewise bilinear interpolation. For the
ReLU approximation of the interpolants, the ReLLU product networks from Section 2 are
used. The main result of Section 3 shows the convergence rate of the ReLLU approximations
in terms of the ReLLU network size. In Section 4, we study a parametric elliptic diffusion
equation on the domain (0, 1)? and we derive properties of the corresponding solution map.
This section gives sufficient conditions for the Taylor gpc expansion of the solution map to
be sparse in the sense that the H'-norms of the Taylor gpc coefficients are ¢P-summable
for some 0 < p < 1. In addition, it is shown that under slightly stronger assumptions
the same holds for the H?-norms of the Taylor gpc coefficients, where p € (0,1) may
be larger than for the summability of the H'-norms. Truncations of the Taylor gpc
expansion are proposed as approximations of the solution map. The sparsity of the Taylor
gpc expansion is used to show lower bounds on the convergence rate of these Taylor gpc
approximations. Section 5 applies the ReLU approximation of functions in H2NHZ((0,1)?)
to the coefficients of the Taylor gpc approximations of the solution map. Combined with
the efficient ReLLU approximation of products shown in Section 2, it follows that the
solution map can be approximated efficiently by a family of ReLU networks. This is
expressed by a lower bound on the convergence rate in terms of the network size. This
convergence rate bound depends on the convergence rate of the ReLU approximations of
functions in H2N Hg((0,1)?) and the summability exponents of the H'- and the H?-norms
of the Taylor gpc coefficients. Finally, Section 6 discusses the main result of this thesis
(Theorem 5.1) and gives directions for further research. This includes two alternatives
for the ReLLU approximation of gpc coefficients, two generalisations of the spatial domain
(0,1)? and generalisations of the parametric PDE theory showing sparsity of the gpc
expansion.
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2 ReLU neural network calculus

We introduce a formal description of non-residual feedforward ReLLU neural networks in
Section 2.1 and discuss the approximation of products by such networks in Sections 2.2
and 2.3. Section 2.2 studies ReLLU approximations of products of two factors, whereas
Section 2.3 uses such networks for the approximation of products of multiple factors.

2.1 Formal description of non-residual feedforward ReLU neural net-
works

Non-residual FF ReLU NNs have been introduced in Sections 1.2.1-1.2.2. We now in-
troduce a formal description of such networks that is similar to but not equal to the
formalisms introduced in [62, Section 2 pp. 6-8] and [24, Section 5 pp. 16-19].

As discussed in Section 1.2.1, most neural networks consist of computational nodes or-
ganised in layers. The formalism we use describes the network in terms of layers, the
decomposition of layers into nodes is not used explicitly. At the end of Notation 2.2
below, we discuss how this formalism can be rephrased in terms of computational nodes.

We first introduce our assumptions on the network architecture and notation for net-
works of that architecture in Section 2.1.1. Then, we discuss how such networks can be
constructed from multiple subnetworks. Section 2.1.2 mainly contains definitions of such
constructions, many of their basic properties are given in Appendix A.

2.1.1 Assumptions on the architecture and notation for networks with such
architecture

Assumption 2.1 (Architecture, cf. [24, Setting 5.1 pp. 16-17]). The architecture of
networks we study in this thesis is as follows:

We study non-residual FF' NNs with inputs x1,...,xn, € R for Ny € N, also denoted as
a vector x = (r1,...,%N,) € RNo . The inputs form the input layer, which does not carry
out any computations. It serves as input for the first computational layer. The input layer
is followed by L € N computational layers. Forl € {1,...,L}, layer | has size N; € N,
which equals the dimension of the output of that layer.

We study networks in which computational layers 1,..., L — 1 carry out an affine trans-
formation followed by a non-linear activation. We use the ReLU activation function
o:R— R:z— max{0,z}. In addition, we denote

o* U RY — U RY: (21,...,29) = (0(21),...,0(2)).
deN deN

The output layer, which is the last computational layer, carries out an affine transforma-
tion not followed by activation.

Computational layers that apply the activation function are called hidden layers, i.e. com-

putational layers 1,...,L—1 are hidden layers. The output layer is the only computational
layer that is not a hidden layer.
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We now introduce notation for networks whose architecture satisfies Assumption 2.1. In
addition to introducing notation for the coefficients, the depth, the size and the number of
non-zero coeflicients of the network, we also give explicit expressions for the computations
carried out by layers of the network. That is, for a network ® that satisfies Assumption
2.1 and has L computational layers, for [ € {1,..., L}, we will give an explicit expression
for the function R, ;(®) : RN-1 — RN implemented by the I'th computational layer of ®
and for R, (®) : RN — RNz which denotes the realisation of ®. For these functions, the
subscript o denotes that ® has the ReLU activation function.

Notation 2.2 (Cf. [62, Definition 2.1 p. 6] and [24, Setting 5.1 pp. 16-17]). The coeffi-
cients of a network ® with the architecture of Assumption 2.1 are for eachl € {1,...,L}
a N; x Nj_; weight matrix 4; € RN N1 whose elements are called weights and a bias
vector b; € RM whose components are called biases. As mentioned in Section 1.2.1, a
network is determined by its architecture and its coefficients. Given that a network ® has
the architecture of Assumption 2.1, we identify it with its coefficients: with

No,N1,...NL . _ Ny xNj_, N,
N, : X (R x R™M),
le{1,...,.L}

we write

® = ((A1,b1), (Az,by),..., (AL, br)) € N O, (2.1)

In addition, we define

R=|) | NNt (22)

LeN Ny,...,Np,eN

As mentioned in Section 1.2.1, neural networks define an input-to-output map called real-
isation. We now describe the functions implemented by each computational layer and the
function implemented by the whole network.

For ® as in Equation (2.1) and forl € {1,...,L — 1}, computational layer | implements
Ryy(®) : RM-1 5 RN 2070 o o7 (412171 4 1y), (2.3)
whereas the output layer implements
Ryp(®) : RVt-1 5 RVL . 2171y Ay 2171 gy (2.4)
All layers together implement the realisation of ®

Ry(®) : RY RN g (Ry (@) 0 Ry r—1(®) 0+ - 0 Ryt (R)) (). (2.5)

)

The computational layers of a neural network are often thought of as composed of com-
putational nodes (see Section 1.2.1). In terms of Equations (2.3)-(2.4), a computational
node outputs one component of the output of a layer, i.e. denoting the elements of A; by
{Ajktjeqt, . Ny ke{t,...N,_} and the components of 271 and by by {Z/lg_l}ke{l,...,Nl_l} and
{bii} e, Ny for L€ {1,..., L} and j € {1,..., Ni}, the j'th node of the l’th computa-
tional layer computes for z!=1 € RNi-1

7 ( et Anirzy bl;j> befl,....L -1}

(Roa(®) ('), =
TS A by l=L.

(2.6)
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The number of ReLUs in the network equals the number of nodes in the hidden layers:
each such node applies the ReLU activation function once, nodes in other layers do not
contain ReL Us.

Finally, we will use the following definitions:

L-1 L
depth(®) =L,  size(®):=» Niy  M(®) =) ([Allo+ [bi]ew),
I=1 I=1

i.e. depth(®) denotes the number of computational layers of ®, size(®) the number of
ReLUs and M(®) the number of non-zero coefficients.

The following lemma holds, cf. [77, Lemmas 2.1 p. 2 and 2.3 p. 3] for non-residual FF
ReLU NNs with input size and output size equal to one and [55, Proposition 4 p. 6]
for non-residual FF ReLLU NNs with arbitrary input and output size. The statements in
[60, 55] are more precise, for us the result below suffices.

Lemma 2.3 (Cf. [55, Proposition 4 p. 6]). Every function f : RNo — R that can be
implemented by a ReLU network as described in Assumption 2.1 and Notation 2.2 has the
following property: there exists a family T = {T;}cq1,....5y of finitely many convex open
sets such that Vj € {1,...,J} : Tj C RNo RNo = Uje{l,...,J}Tj and such that f is linear
on Tj for each j € {1,...,J}.

The idea of the proof is that of [60, Lemma 1 pp. 3-4], which gives the result for one
hidden layer. The proof of Lemma 2.3 is given in Appendix B.1.

We now define networks with architecture as in Assumption 2.1 that implement the identity
operator. We will use them to increase the depth of a network without changing the
realisation (Remark A.2). This is sometimes needed when constructing networks from
subnetworks of unequal depth.

Definition 2.4 ([62, Lemma 2.3 and Remark 2.4 p. 7] and [24, Setting 5.2 pp. 17-18]).
Using Notation 2.2, for d € N and L € N>o, we define the identity network CI%C}L €

Ng’m’”"zd’d with architecture satisfying Assumption 2.1 as

o, = <<< _Iiﬁ;d ),0) (g0, 0), .., (1dgs, 0), (( Tdgs Tz ),0)). (2.7)

Ford € N and L = 1, we can implement the identity operator by the identity network
ol = ((1d4,0)) € N7

Remark 2.5 ([62, Lemma 2.3 and Remark 2.4 p. 7], see also [24, Setting 5.2 pp. 17-18]).
For d €N, L € N>g and M € Ry, the networks from Definition 2.4 satisfy

depth(®y') =L, size(®y') =2(L —1)d, M(D)) =2Ld, (2.8)
depth(®F) =1, size(®y) =0, M(@) =d. (2.9)

With o the ReLU as in Assumption 2.1, it follows from Yy € R : y = o(y) — o(—y) that
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ford € N and L € N>
Vo € R?: Ro()) (@) = (0%)° 7 (@) — (0")F () = =,
i.e. Ra(q)}fL) = Idga. In addition, R(,((I%fl) = Idga.

As was mentioned in Section 1.2.1, for each function that can be implemented by a ReLU
network, there exist multiple networks that do so. We mentioned two relatively straight-
forward types of network modifications that do not affect the realisation. In the following
example we show a simple but much less trivial example of two networks with the same
realisation.

Example 2.6. In this example we discuss ReLU networks that satisfy Assumption 2.1.
We use Notation 2.2 to denote them.

The standard hat function

2x oga:g%,
g)={201-2) L<e<l, (2.10)
0 r<0andx>1

can be implemented by the depth two network

1 0
ol — I I (( 2 —4 2 ),(0)) , (2.11)
1 1

as it computes Vo € R : Ry (®')(2) = 20(z) — do(z — ) + 20(z — 1) = g(=).

Alternatively, the depth three network

e (L) () (2 =)0 (0))) e

has realisation Yz € R : R, (9?)(z) = (1 — 20(z — 3) — 20(3 — 2)) = g().

Note that there is no natural way to find the coefficients of ®* from those of ®' or vice
versa.

2.1.2 Construction of networks from subnetworks

We will now discuss how multiple subnetworks can be combined into one network. This
includes the concatenation of subnetworks, implementing the composition of realisations,
and the parallelisation of multiple subnetworks. This section mainly contains definitions,
basic properties of the defined networks are given in Appendix A.

In this section we use Assumption 2.1 and Notation 2.2 for all networks.
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Definition 2.7 ([62, Definition 2.2 p. 6]). Fori e {1,2}, let L' € N, N§,N{,...,N;, €N

and NiNG N
= ((A},B}),... (AL, b)) e N

be arbitrary, but such that NgQ = NO. We define the concatenation &' e ®2 ¢

2 1 1
N3,NZ,..N2, Ni,.,N1,

NL1+L2 1 as

Ol ed? = ((A3,02),...,(A%o 1,022 ). (A1 A%, AlBE: 4 B]), (A3, B)), ., (4]0, B10) ).
(2.13)

Lemma 2.8 ([62, p. 6, below Definition 2.2]). For ®' and ®2 as in Definition 2.7, it holds

that
R, (®' o &%) = R, (®') 0 R,y (D?).

Proof. It follows from Equations (2.3)—(2.4) that

v € RVizos (Ro1(®') 0 R, 12(9?))(z) = 0" (A1 (Af. + b32) + b)
(AlA%Q:I; + Ajb7, + b))

R, 1, 2(P o<1>)( ).

The lemma now follows from the fact that

Vie{l,...,[* =1} : Ryy(P' 0 ®?) =
VIE{2,..., L'} i Ryp2 1y (@ 0 ®?)

a,l( )7

R
Rol( )

O

More properties of concatenations are given in Remark A.1. In Remark A.2, we discuss
the concatenation of a network with an identity network from Definition 2.4 in order to
increase the depth of that network without changing its realisation. We use such extensions
for the definition of parallelisations, see Definitions 2.10 and 2.11 below.

For ®! and ®2 as in Definition 2.7, Equation (A.4) from Remark A.1 provides an upper
bound on M(®' e $?) containing the term [|Aj||po]|AZ,|po. In certain situations that term
may be very large. Therefore, we now define a form of concatenation that has an upper
bound on the number of non-zero coefficients that does not contain such products, see
Equation (A.14) from Remark A.3.

Definition 2.9 (|62, Definition 2.5 p. 7], see also [24, Setting 5.2 pp. 17-18]). For i €
{1,2}, let L' € N, N}, Ni,... ,NEZ- € N and

: . . . . , i’ 7N7,1
o' = (( ﬁvbi),‘--,(AlLi,blLi))eN NN

be arbitrary, but such that N%Z = NOI. We define the sparse concatenation of ®! and ®2

as
2N?2 N1

2
N 2.,

N N17 V20

Pl o P2 = pl o Pl 2eN,, N
= NZ, 2° L1412

1o

(2.14)
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Remark A.3 discusses some properties of sparse concatenations.

We now introduce parallelisations of multiple subnetworks, i.e. networks that in parallel
implement the realisations of those subnetworks. For the parallelisation of subnetworks
that have unequal depth, we use identity networks (Definition 2.4) to extend the sub-
networks of less than maximum depth. Such extensions are discussed in Remark A.2.
As in [62, Remark 2.8 p. 7], we have chosen to extend the inputs of subnetworks of less
than maximum depth. Equivalently, parallelisations can be defined using extensions of
the outputs of those subnetworks, cf. [24, Setting 5.2 pp. 17-18].

In Definition 2.10 below, we define the parallelisation of subnetworks that share the same
inputs. As discussed in Remark A.5, the fact that the same inputs are shared by all
subnetworks can be exploited to reduce the number of ReLUs needed to implement the
extension of the inputs.

Besides that, parallelisations of subnetworks that do not share the same inputs are defined
in Definition 2.11 below.

Definition 2.10 ([62, Definition 2.7 and Remark 2.8 p. 7], cf. [24, Setting 5.2 pp. 17-18]).
Let NyNg € N. Forie€ {l,...,N}, let L' € N, Nli,...,Nii e N and
i i i i i No,Ni,....Np;
@ :(( lvbl)a---v(ALiabLi))eNLi ' v

be arbitrary, but such that {@i}i€{17.._’N} all share the same input in RNo.

Let L™ := maX;eqy, Ny Li. Forie{l,...,N}, letVl € {1,..., L™} : Nll €N be such
that ol
B o] 1y, € N

and let {Al}ieqr,. Nyieqt,.. ooy and {b}}icq1,.. Ny ieqi,.. ooy be such that
@Z [ ] ¢I]\dfo7Lmax—Li+l = (( N’i’ I;Zl), ey (Aimax, Bimax))- (215)

Forle{l,..., L™} let Nfo' .= Yl

.....

Then, the parallelisation for shared inputs Shared-Parallel(®!,... &) €

N, ,Nt0t7...,Nt0t .
N x| LB s defined as
Al 1
Al bl
Shared-Parallel(®!, ..., ®V) = : N ,
N N
Al bl
A% b% Aleax bimax
) 3 ) * ) )
AY bY Al ax b o

(2.16)

Properties of parallelisations for shared inputs are given in Remark A.4. In short, if all
subnetworks have equal depth, then the parallelisation for shared inputs also has that
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depth. In addition, in that case, its size and its number of non-zero coefficients equal
the sum of the sizes resp. the number of non-zero coefficients of the subnetworks. If the
subnetworks are not of equal depth, then the depth of the parallelisation for shared inputs
equals the maximum depth, whereas its size and its number of non-zero coefficients are
larger than the sums of those quantities for the subnetworks, as the identity networks add
extra ReLUs.

A potentially smaller network with the same realisation is proposed in Remark A.5.

We now define the parallelisation of subnetworks that do not share the same inputs.

Definition 2.11 ([24, Setting 5.2 pp. 17-18], cf. [62, Definition 2.7 and Remark 2.8 p. 7]).
For N € N and fori € {1,...,N}, let L' € N, Ng,Nf,...,N};i € N and
N§ N N

' = (AL, bY),... (AL, b)) e N,

Ll

be arbitrary.

Let L™ = max;cqy  ny LI Fori e {1,...,N}, let ¥l € {0,1,...,L™>} : Nj € N be
such that

1d N Ni. Nt
(P QN’L Lmax L1+1 E N max ! e

and let {Al}ieq1,.. Ny aeqL,...omoxy and {b]}ic(1,. N}ieqL,...Lmaxy be such that

Do <1>§3le v = (ALBY), ., (ALmax, Bmax)). (2.17)

Forl € {0,1,..., L™}, let Nf*t =3, 0 ny Nj.

tot tot to
Then, the parallelisation Parallel(®!,... ®V) ¢ Nﬁnax NI Nithax is defined as

Aj b}

Parallel(®!,..., ") :=

e
A% b% Ain’lax bl max

Aé\/ Bév Agmax bLmax
(2.18)

Properties of parallelisations of subnetworks that do not share inputs are given in Remark
A.6. In short, as for parallelisations for shared inputs, the depth of a parallelisation of
subnetworks that do not share inputs equals the maximum of the depths of the subnet-
works. The size and the number of non-zero coeflicients equal the sums of the respective
quantities for the subnetworks if all subnetworks are of equal depth. The size and the
number of non-zero coefficients exceed those sums if the subnetworks do not have equal
depth.
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2.2 ReLU DNN approximation of products

In this section and in the next section we discuss the approximation of products by deep
ReLU networks satisfying Assumption 2.1. We use Notation 2.2 and follow the discussion
in [75, Section 3.2 pp. 9-14], which is based on [89, Section 3.1 pp. 105-106]. The main
result of this section is the following proposition on the approximation of products of two
factors by ReLU networks, adapted from [75, Proposition 3.1 p. 11]. The main difference
with respect to that result is that we show that, under the assumptions made below, the
image of [~ M, M]? under R,(x) is contained in [~M?2, M?].

Proposition 2.12 ([75, Proposition 3.1 p. 11] and [89, Proposition 3 p. 106]). For M >0
and 0 < § < min{M, M?}, there exists a ReLU network x with two input values whose

realisation satisfies RU(>~<)}[7M M2 [-M, M)? — [-M?, M?] and
sup  |a-b— Ry(x)(a,b)| <4, (2.19)
a,be[~M,M]
d - d -
esssup max< |b— —Rys(x)(a,b)|,|a — —Rs(x)(a,b)| p < 0. (2.20)
(a,b)e[—M,M)]? da db

Here %Ra(g)(a, b) and %Ra(i)(a, b) denote weak derivatives. For allb € [—M, M|, there
erists a finite set Ny, C (=M, M) such that a — Ry (Xx)(a,b) is strongly differentiable at
all a € (=M, M)\Ny. In addition, X has the zero-in-zero-out property, i.e. [a =0V b=
0] = R,(x)(a,b) =0.

In total, the network comprises O(log(M) + log(1/6)) layers, ReLUs and non-zero coeffi-
cients.

The main idea behind the proposition is that squares can be approximated efficiently by
deep ReLLU networks ([89, Proposition 2 p. 105]), which is exploited by using a polarisation
argument to write the product [—M, M]? > (a,b) — ab € R as a linear combination of
squares. We use that for all a,b € [-M, M]

<|a+b!)2_ <M>2_ <|b|>2] ) (2.21)
2M 2M 2M

Note that |C2LJAF;|, %, % € [0,1]. As in [89, Proposition 2 p. 105], for m € N, we ap-
proximate [0,1] — [0,1] : # — z? by continuous, piecewise linear interpolation on the
equispaced partition Tl of [0,1] into 2™ intervals of size 2. The nodes of T\ are
{z} = k2™ : k € {0,...,2™}}. The continuous, piecewise linear interpolant of z —

on Ty is denoted by fi,. In Step 3 of the proof of Proposition 2.12, we construct a ReL.U
DNN that implements f,.

ab = 2M?

Note that f,, : [0,1] — [0,1], 0 — O, % > %, 1 — 1, that by convexity of z — z?

Va € [0,1] : fm(x) > 22, that f,, is strictly increasing on [0, 1] and that

12 = fon(@) || Loofo,1) = 272772, (2.22)
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122 = fr (@)l Loeo,1) = esssup |2z — f7, (w)]

z€(0,1]
= sup sup |2$ - f{n(x)‘
JE{l,2m} wefal 2l
12_(p1 )2
= s swp 2o S
JE{L..2m} zefal ) al] 7
= sup sup |2z — (:1:} + wjl'_1)‘
Jefl,...2m} zela) | 2]
_ym (2.23)

The properties of f,, are discussed in more detail in Step 5 of the proof of Proposition 2.12
in Appendix B.2.

The function f,, can be constructed efficiently from the standard hat function

2x 0<ax< %,
glz)=¢21-2) i<a<l, (2.24)
0 rz<0and x >1
=20(z) — do(z — §) + 20(z — 1), reR (2.25)

and sawtooth functions that are constructed as powers of g under function composition:
YmeN: gp= ¢g""=go---0g (2.26)

(see also [77, Lemma 2.4 p. 4]). Note that for x € [0,1] we can leave out the last term in
Equation (2.25), because o(z — 1) = 0 for x < 1. In terms of these sawtooth functions,
the interpolants { fy, }men satisfy the following recurrence:

fo(z) =2z =o(x), z € [0,1],
VmeN:  fu(@) = fmo1(z) — 272" g (2), x € 10,1]. (2.27)

We now use this recurrence to prove Proposition 2.12.

Proof of Proposition 2.12. The proof follows [75, pp. 10-11], which is based on [89,
Section 3.1 pp. 105-106], and consists of five steps. In the first step, given for all m €
N a ReLU network F,, € R implementing f,,, an approximation X,, of the product
[—M, M]? > (a,b) = ab is constructed. It is shown that Equations (2.19) and (2.20) hold
for appropriately chosen m. We define x := x,, for an appropriate value of m. In the
second step, it is discussed that for each b € [—M, M| we have strong differentiability of
a — Ry(x)(a,b) at all but finitely many a € [-~M, M| and that R,(x) has the zero-in-
zero-out property.

The last three steps are given in Appendix B.2. In the third step, for each m € N a ReLU
network Fj, that implements f,, is constructed. In the fourth step, bounds on the depth,
the size and the number of non-zero coefficients of x are given. In the fifth step, it is
shown that V(a,b) € [-M, M]? : |R,(x)(a,b)| < M?2.

Step 1. Assume that for all m € N a network F),, € R that implements f,, is given. For
m € N and M > 0, based on Equation (2.21), we define X,, € R such that it implements

(=M, M]? 5 (a,b) — 2M2 <‘a + b') _oM?f,, <W> _oM?f,, ('b‘> . (2.2)

2M 2M
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The structure of x,, is depicted in Figure 2.1.

a b

Ry (xm)(a,b)

Figure 2.1: Structure of X,,.

We define
%= ((~2M> —2M? 202 ),0) o Parallel(Fy, F, ) ® O, (2.29)
where
1
~1
, 11
Dsin = 10 e 11 0|, (2.30)
11
11
1 -1
Ro(®5,) : R = R?: (a,b) = (% o, ‘ZL’") : (2.31)

Equation (2.31) follows directly from Equations (2.3)—(2.4). Equation (2.28) follows from
Equation (2.29), Lemma 2.8 and Equations (2.31) and (A.23).

We now determine a value of m € N for which Equations (2.19)—(2.20) hold for x,.

From Equation (2.21), we see that x,, approximates the product ab with absolute error
less than 4, as in Equation (2.19), if the squares are approximated with absolute error less
than 6/(6M?). Using Equation (2.22), we find that Equation (2.19) is satisfied for X,
when 272m~2 < §/(6M?), which is satisfied when

2m > 2logy M +logy(1/0) + 1. (2.32)

We next derive a sufficient condition on m such that Equation (2.20) holds for x,,. Using

Equation (2.23) twice, we find for all (a,b) € [0, M]? satisfying e ﬁ, %—‘X/}’ ¢ {x} 1 j €

{0,...,2™}} that
d

- daRo(im)(a,b)' Yy

it — o — (i (557) = (3f7)) | < 2M277, (2333)
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which is bounded by § for
m = [logy(2M) + log(1/4)]. (2.34)

For that value of m, using the symmetry in a and b, it follows from Equation (2.33)
that Equation (2.20) is satisfied for x,, when the essential supremum is restricted to
(a,b) € [0, M]?, because 57,50z, 4L ¢ {x]l :j € {0,...,2™}} holds for almost every
(a,b) € [0,M]?. The analogous result holds when the essential supremum is restricted
to (a,b) € [-M,0] x [0, M], (a,b) € [0, M] x [-M,0] or (a,b) € [-M,0]2. This finishes
the proof of Equation (2.20) for x,, with m as in Equation (2.34). For that value of
m, Equation (2.32) is also satisfied, i.e. we have shown Equations (2.19)—(2.20) for X,,.
Therefore, we define

X = X[log,(2M)+log(1/8)] - (2.35)

Step 2. For b € [—M, M], the claimed differentiability of a — R,(x)(a,b) follows from
Lemma 2.3 using that a — R,(x)(a,b) can be implemented by

<))

More explicitly, the piecewise linearity of f,, on [z} ,,z}] for k € {1,...,2™} shows that

No={ae (=M, M) : {|g%] . [$7[} N {a} 5 € {0,....2™}} # 0}

The zero-in-zero-out property ([89, Proposition 3(b) p. 106]) directly follows from Equation
(2.28) and the fact that f,,, has the zero-in-zero-out property, which follows from the fact
that the interpolant f,, of x — 2% is exact in the node x} = 0. This finishes Step 2 of the
proof.

Steps 3-5 are given in Appendix B.2. O

Remark 2.13 (Cf. [24, Lemma 6.2 p. 20]). Note that for 6 > M? Equation (2.32) holds
for all m € N and that for 6 > M the right-hand side of Equation (2.34) is bounded from
above by m for all m € N.

In addition, for x = (( 00 ) , ( 0 )), Equation (2.19) holds when 6 > M? and Equa-

tion (2.20) holds when § > M. The other statements of the proposition also hold for this
trivial network.

2.3 ReLU DNN approximation of products of multiple factors

Products of more than two factors can be approximated by a binary tree-structured net-
work of X,,-subnetworks defined in Equation (2.29). The following proposition is [75,
Proposition 3.3 p. 11] adjusted to Proposition 2.12.

Proposition 2.14 ([75, Proposition 3.3 p. 11]). For all o5 € (0,1) and all n € N>, there
ezists a ReLU network Hn € R with n input values such that

R, (IT") ‘[_1,1]n =117 = [-1,1]
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and such that

sup HZ‘J R, ( ) (1,...,2n)| < 0. (2.36)

(@1en)E[= L] |52

The depth of 1:[” is of the order O(log(n)log(n/dg)), whereas its size and the number of
non-zero coefficients are of the order O(nlog(n/dg)).

Proof. This proof mainly follows [75, pp. 12-13]. For convenience, we extend the input
such that the number of input values is a power of 2: let 7 := min{2k :k eN, 2k > n}
and define Vn < j < n:x; = 1. Note that n < 2n.

The rest of this proof is divided into three steps. First, for m € N, we construct the network
H as a binary tree-structured network of X,,-subnetworks from Proposition 2.12. In Step
2, it will be shown that for each X,,-subnetwork absolute accuracy § = é;/n suffices. In
addition, a corresponding value of m will be given. Finally, Step 3 in Appendix B.3 gives
bounds on the depth, the size and the number of non-zero coefficients of the network in
terms of n and dp. In addition, Appendix B.3 contains Remark B.2, which describes two
ways to implement the auxiliary input values x; : n < j < n.

Step 1. We approximate the product of multiple real numbers of absolute value at most 1
by a binary tree-structured network H consisting of X,,-networks from Proposition 2.12
for m € N to be determined later. The binary tree contains 7 — 1 X,,-subnetworks and
log,(7) layers of such subnetworks, e.g. for n = i = 4 we have

Ry (ﬂnm) (21,9, 73, 24) = Ro(xm)(Ro(im)(wh962)7Ro(>~<m)(903a904)>7 x e [-1,1]%
(2.37)
as depicted in Figure 2.2.

~ 4 ~
Figure 2.2: Structure of [[, : a binary tree-structured network of X,,-subnetworks.

26



For m e Nand k € {1,...,logy(n)}, we define

LF, := Parallel (X, ..., Xm), (2.38)
[, =L o.. oL¥" (2.39)

where L% is the parallelisation of 281 X,,-subnetworks and has 2* inputs. Because we are
only interested in inputs in [—1, 1], it suffices to take maximum input value M = 1 for each
X m-subnetwork: Proposition 2.12 shows that V(a,b) € [~1,1]? : Ry(Xm)(a,b) € [-1,1],
which inductively shows that for all x,,-subnetworks in the binary tree the input and the
output are contained in [—1,1]. In particular, R, <]:[:Ln) ([-1,1]") C [-1,1]. Moreover,
for each x,,-subnetwork, we take absolute accuracy § := dp/n in the sense of Equation
(2.19). In Step 2 below, we will show that with this choice Equation (2.36) holds.

It follows from Equations (2.38) and (A.23) that for (by,...,by) € [-1,1]%"

Ry (ILE)(by,... byt) = (Ro(Xm)(b1,b2), ..., Rg(Xm)(bor_q, byr)) (2.40)
which together with Equation (2.39) and Remark A.3 determines the realisation of I:I:;
Step 2. We now show that Equation (2.36) holds if Equation (2.19) is satisfied for each
X m-subnetwork with absolute accuracy 6 = dp/n. If 7 = 2 this is trivially true, if n > 2

we use the following claim.

Claim.
k 2" ~ ok
VE €N, (by,...,by) € [-1,11 : |]] b, — Ro (Hm> (b, ..., bor)| < (2F = 1)6.
J=1

Using the claim for k£ = log,(n), we find

ﬁxj — R, (f[;) (T1,...,Tp) def ﬁxj — R, (1:[:1) (T1,...,T7)
j=1

as desired.

We now prove the claim by induction over k. For k = 1 we have |R, (X ) (b1, ba) — biba| <
§ = (2! — 1)4. For the induction step, we use that

R, <Hf:> (b1, ... bor)
= Ry (%m) (RJ (f[if_l> (by,. .. byi1), Ry <ﬂif_l> (byr—t 41+ - ,ka)>
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and find

ok

~ ok
Hbj — R, <Hm> (bla .- '7b2’9)
j=1

ok—1 ok

I1 v
j=1

~ 2]671

II b R (Hm )(kaIH,...,ka)

j’=2k_1+1

IN

2/671

- Qk—l -~ 2k—1
+ H bj_RO' <Hm > (bl,...,ka—l) ’Ro— <Hm > (b2k—1+17...7b2k)
=1

~ 9k—1 ~ ok—1
+ RO’ <Hm )(bl,...,bzkl)'Ro— <Hm >(b2k1+1,...,b2k)

Ry (%) (Rg (Hf:> (b byer), Ry <H:) (b 141, ,b2k)> '
<@ -DE+ 2 - 1)a 6= (28 - 1)6,

where the first and the second of the three terms have been estimated using the induction
hypothesis for & — 1 and using ‘H?Zl bj’ <1 resp.

<1,

~ 9k—1
R, <Hm > (ka*1+17 LR b2k)

and where the third of the three terms has been estimated using Equation (2.19). This
finishes the proof of the claim and thereby the proof of Equation (2.36).

Because the X,,-subnetworks do not need to satisfy Equation (2.20), we may choose a
smaller value for the parameter m than in Equation (2.35). More precisely, for M = 1 and
§ = g/, according to Equation (2.32), m = [4log(7i/dp) + 3] implies Equation (2.19)
with 0 = dp/n. As shown in the beginning of Step 2 of this proof, Equation (2.36) holds

for ]:[nm if the maximum input value of each X,,-subnetwork equals M = 1 and if Equation
(2.19) holds with § = /7 for each X,,,-subnetwork. Therefore,

n ~n
H = H [% 10g(ﬁ/5ﬁ)+%w (2.41)
satisfies the properties stated in the proposition. This finishes Step 2 of the proof.

Step 3 is given in Appendix B.3. O
Remark 2.15. By Remark 2.13, for 0 > 1, the statements of the proposition hold for

1:[”::<(0 0),(0)), neN,

Remark 2.16 (Cf. [75, Remarks 3.4 and 3.5 p. 13]). In Proposition 2.1/, products
were approzimated by X.,-subnetworks from Proposition 2.12 organised in a binary tree.
Instead, products of multiple factors could be approximated by the consecutive composition
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of Xm-subnetworks, cf. [89, Equation (14) p. 107]. For all n € N>o and oy € (0,1), let
A2
m = [$log(n/dy) + 31. Then, we can recursively define [[ = X, and for n > 2

2N

5 ~n—1
H = Xy ® Parallel(nn 9 (I){C}l)

Note that in the parallelisation the subnetwork <I)If}1 gets extended. It holds that for all
Yiy.o s Yn € [—1,1]

~n—1

By (T1") 1o+ 90) = Bo (%) (B (TT7) 15+ 1))

By inductively applymg Equation (2.19), it can be shown that the analogy of Equation
(2.36) holds for H if the Xm-networks have pointwise accuracy § = op/n.

This approximation of products is advantageous for the approximation of polynommls m
one variable. Ify1 = ... =y, =y € [—1,1], then the approximation of y" as H (y,...,y)
obtains all powers {yj}je{l,,..7n} as partzal results, which allows the approximation of poly-

nomials in one variable y € [—1,1] by a simple extension of the ﬂn—network.

For identical inputs y, the ﬂn—networks defined above are not efficient in terms of size. The
stacked parallelisations include extensions of the input. Because all the inputs equal y, there
are multiple parallel identity networks that all compute y. Using a construction similar to

that in Remark A.5, R, (]:[n> (y,...,y) can be implemented by smaller networks, having

depth, size and number of non-zero coefficients of the order O(nlog(n/éy)). Extensions of
such networks implementing polynomials in one variable y € [—1,1] have the same order
of depth, size and number of non-zero coefficients, while their absolute error is bounded
from above by 6y times the sum of the coefficients of the approximated polynomial.

These ideas can be used more generally for the approrimation of polynomials of one variable
y € [=M, M] and polynomials of multiple such variables, which in turn can be used for the
efficient approximation of smooth functions. This approach is followed in [89, Theorem 1
p. 106] for the ReLU approzimation of {f € W™>((0,1)9) : [ fllwn.oo(o,yay < 1} for
n,d € N. Similar results for networks with ReLUs and BSUs are [48, Theorems 4 p. 5
and 9 p. 7 and Corollary 10 p. 7-8].

Let F be as defined in Section 1.4.2. Given for each n € N a finite index set A,, C F of
size |A,| = n, the following lemma describes ReLU networks { fu },en, that approximate
the monomials y” : y € [-1,1]Y,v € A,,. The networks are defined such that a weighted
sum of their errors is small.

Lemma 2.17 ([75, Lemma 3.8 p. 14]). Given 0 < p, < 1 and a sequence (by),cr C Rso
satisfying (by)ver € (PP (F), as well as for each n € N a downward closed index set A, C F

satisfying [An| = n, sup,ep,, [V[1 = O(logn) and U, c,, suppv C {1,...,n}.

Then, with U := [—1, 1}N as in Section 1.4.3, for each n € N, there exist ReL U networks
{fv}ven, having inputs yi,...,yn € [—1,1] such that for allv € A,, the realisation Ry (f,)
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is constant in {y; : j € {1,...,n}\suppv} and such that { fu}ven, satisfy

sup > buly” — Ro(fu)(y1, . yn)| < n 7/, (2.42)
yGU I/GAn
sup sup |Ry(fu) (W1, yn)| < 1. (2.43)
veN, yeU
In addition,
max depth(f,) = O(log(n)loglog(n)), (2.44)
Z size(fy) = O(nlog(n)loglog(n)), (2.45)
veA,
Z M(f,) = O(nlog(n)loglog(n)). (2.46)
VEAn

Proof. This proof follows [75, p. 15] and consists of three steps. In the first step, for all
n € N, we define the networks {f,}vea,. In Step 2, we prove Equations (2.42)—(2.43),
while Equations (2.44)—(2.46) are proved in Step 3.

Step 1. Let n € N. For all v € A,,, it holds that y* is the product of ||; numbers. For such
v, by assumption, it holds that |v|; < sup,.cp, [V/[1 = O(logn). We will approximate
{y”}ven, with networks from Proposition 2.14. Note that in this lemma n = |A,,|, which
differs from n as used in Proposition 2.14. There, n denotes the number of factors. In this
lemma, for v € A, the number of factors in the product y* equals |v|;.

For v € A, satisfying |v|; € N>g and for ¢ € {1,...,|v|i}, we define j;, € {1,...,n}
such that for all y € U it holds that y*” = H'Z';‘i Yji.,- For such v, we define the matrix
pr,,., € R/ and the network f, € R as

(pr, )i = L i<|v|1,j = Jiw,
vt 0 else,
fv ::ﬂ‘uh i (prn;wo)v (2‘47)
=
Ro(fu)(y1,-- - yn) =Ro (H 1) (Yjris - - 7yj\u|1;u)7 (2.48)

with f[lyh as constructed in Proposition 2.14 and where Equation (2.48) follows from
Equation (2.47) and Lemma 2.8. For each v € A,,, we define 8, := min{1, b, 'n"'/P}. For

v € A, satisfying |v]1 > 2, we take o5 = J,, as accuracy of ﬂ'ull in the sense of Equation
(2.36). Note that f, hence explicitly depends on n. In addition, for v = 0, we define

W= (0 o))

which has constant output 1. For j € {1,...,n}, we define

fe=((0 010 - 0),0),

which implements (yi,...,yn) — y;. For v € A, satisfying |v|; € {0,1}, it holds that
Vy € U : y¥ = Ry(fu)(W1,--.,Yyn), hence those f, do not contribute to Equation (2.42)
and they satisfy Equation (2.43).
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It can be seen from Equation (2.48) that for n € N and v € A,, the realisation R, (f,) is
constant in {y; : j € {1,...,n}\supprv}.

Step 2. By Equation (2.36), for all n € N, it holds that

(2.36)

sup Z buly” — Ro(fu) (W1, .- yn)| < sup Z b, min{1, b, 'n"1/Pe}
vel e, yeUpen,
< Z bub;lnfl/pb _ nfl/PbJrl,
veA,

which shows Equation (2.42). Equation (2.43) directly follows from Proposition 2.14. This
finishes Step 2 of the proof.

Step 3. Let n € N. We now show Equations (2.44)—(2.46), giving bounds on the maximum
depth and the sum of the sizes of {fy},en,, as well as on the total number of non-zero
coefficients.

First of all, depth(fo) = 1, size(fo) = 0 and M(fo) = 1. Similarly, for j € {1,...,n}, it
holds that depth(fe;) = 1, size(fe;) = 0 and M(fe,;) = 1.

By Equations (2.47), (A.1), (A.2) and (A.3), it follows that for v € A,, satisfying |v|; > 2 it
holds that depth(f,.) = depth ("), size(f,) = size (TT*") and M(5,) = M (TT*").

Using (by)yer € £Po(F) < (2(F), we find max,ep, 1/6, = max,ecp, max{1,b,n/P} =
O(n'/Pv). This fact and the assumption that max,eca, V|1 = O(logn) show Equation
(2.44), because Proposition 2.14 implies that depth(f,) = O(log(|v|1) log(|v|1/6v)).

By Proposition 2.14, we have Vv € A, : size(f,) < C(1 + |v|ilog(|v]1/d,)). Hence, we
find (at (*) using that for = > 1 it holds that log(z) < x — 1)

Z size(fy) < Z C(1+ |v|1log(|v|1/6v))

veA, veA,
<C Z (1 +log(n)loglog(n)) + C Z (1 + log(n) log(max{1, b,n'/?}))
veAy veEA,
< C(1+ nlog(n)loglog(n)) + Clog(n Z p, Hlog(max{1,brn})
veEA,
(%)
< C(1+ nlog(n)loglog(n)) + Clog(n Z p, b
veA,
< (1 -+ nlog(n) oglog(n) + Cnlog(mp; 1w %
= O(nlog(n)loglog(n)),

which shows Equation (2.45). Equation (2.46) follows by the same argument. This finishes
the proof of Lemma 2.17. ]
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3 ReLU DNN approximation in H? N H;((0,1)?)

In this section, for D = (0, 1), we discuss the approximation of functions in H?NH}(D) by
ReLU networks. This approximation is done in two steps: First, functions in H? N H{ (D)
are approximated by continuous, piecewise bilinear interpolants. Then, the interpolants
are approximated by ReLU networks.

We use an approach similar to that in [54]. There, more regular functions were approxi-
mated, namely functions in the Korobov space

XZP(D) = {v e LP(D) : v|sp = 0 and DY € LP, |a|o < 2}

for any p € [2, 00] ([54, Equation (2.10) p. 6], we use a subscript 0 to denote the choice of
boundary conditions). In [54], the regularity of functions from Korobov spaces allows to
use of sparse grid approximations as defined in [12, Section 3.2 pp. 162-182, in particular
Equation (3.61) p. 172], using the error estimate from [12, Theorem 3.8 p. 176] for functions
in XO2 P(D). Because we want to approximate functions in H2NH} (D), we cannot use that
error estimate. Therefore, we use a full grid approximation, i.e. we use the approximation

spaces {VTSOO)}HGN defined in Equation (3.4) below.

The main result of this section is that for N € N large enough and for any function in
H? N H}(D) there exists a ReLU network with size at most N, having depth of the order
O(log N) and approximating the function with H'-error of the order O(N~/2(log N)'/?)
(Proposition 3.5).

3.1 Continuous, piecewise bilinear interpolation in H? N H;((0,1)?)

We start by introducing the continuous, piecewise bilinear functions we will use as in-
terpolants and the corresponding notation. A more general introduction to the used
interpolants can be found in [26, Sections 1.2-1.5 pp. 19-67].

In this section, we use the equispaced rectangular partition 7'21n22n of D into squares of
size 27" x 27", It can be constructed from two equispaced one-dimensional partitions
To and T, which both divide the interval (0,1) into 2" disjoint intervals of length
27", The grid 75 has grid points {x,lcl = k127" : ky € {0,...,2"}} and the grid 752
has grid points {sz = k927" 1 ko € {0,...,2"}}. The partition ’7'21712271 has grid points
{xy® = (x},.22) s k = (k1, k2) € (No)2,.} and grid lines {{z € [0,1]? 12’ =2} } i €
{1,2},k; € {0,...,2"}}.

For the interpolation of functions in H2N HE (D), we will use continuous, piecewise bilinear
functions defined on 7517{22,1. Because functions in H? N H}(D) vanish at the boundary, we
restrict ourselves to conéinuous, piecewise bilinear interpolants that vanish at the bound-
ary. The vector space of such functions will be denoted by V> (D), it will be defined
below.

Basis functions for VTEOO)(D) are constructed as tensor products of univariate continuous,
piecewise linear functions, namely so-called hat functions on Ty, and T2. For i € {1,2}
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and k; € {1,...,2" — 1}, they are defined as

Ny _ b 1) . )
2" (x4 xki—l) zy, o <@ <y,

(pzl (xz) = 2”($?ﬁ+1 — ;) le < :ZTZ < :cz,#l, ' (31)
0 T < m}%_l and x; > m}cﬁl
=o(l- 2”0(:r§€i —x;) —2"o(x; — a:}%)), z; € R. (3.2)

We note that Vi € {1,2},k; € {1,...,2" —1}: gozi € H}(D) (cf. [11, Section 8.2 Examples
pp. 202-203)).

©3 05 v§ O
| /><><\
0

N L e N N |
Ty T] Ty Tz Ty Ty Tg Ty Ty

T

Figure 3.1: Examples of univariate hat functions.

For k € N%Qn_l, we define

o (@) = of, (11) - 9F, (22), @ €D, (3.3)
1,2 1,2
Sy~ = suppp”,
V(<) (D) = span{gollc’2 ke N%Qn_l}. (3.4)

The functions {cp,lc’z}keNan | are continuous, piecewise bilinear hat functions. Note that

) (D) C HY(D), cf. [12, pp. 157-158 between Equations (3.15) and (3.17)].

Note that for k, k' € N2§2n,1

1 k=F

1,2, 12 )

o (") = (3.5)
0 else,

hence {p”}xenz,, | form a basis of V°)(D) and dim V;°(D) = (2" — 1)2 = O(22").

In what follows, we will often omit D in notation and simply write V,goo).

For u € H?NH} (D), using H?(D) < C°(D), we define the following continuous, piecewise
bilinear interpolant of u:

V) 3 Iynu : @ — Z u(a:,lc’Q)(p,lf(w), x e D. (3.6)

This interpolant is a nodal interpolant, because the weights of @,16’2 are simply the function
values of u in the nodes x,lf. It follows from Equation (3.6) that on each element T' of

the partition 7‘21712277 Ionu bilinearly interpolates the function values of u in the vertices of
T, which are nodes of the partition. Hence, it holds that

[onul| oo (py < llullze(p) < Clulg2(py, (3.7)

33



where |u|2(p) = |V?ul|2(p) denotes the H?-seminorm. In addition, we have the follow-
ing approximation result:

Proposition 3.1 ([26, Corollaries 1.110 pp. 61-62 and 1.109 p. 61]). There ezists a
C > 0 such that for alln € N and all u € H*> N H}(D)

lu = Tonull i py < C27"* Dlulya(py, € {0,1}. (3.8)

3.2 ReLU DNN approximation of continuous, piecewise bilinear func-
tions on (0,1)?

We fix n € Nand w € V,SOO) for VTEOO) as defined in Equation (3.4) and approximate w by
a ReLU network w. Throughout this section and the next, we use Assumption 2.1 and
Notation 2.2 for all discussed ReLLU networks.

Based on Equation (3.2), for i € {1,2} and k; € {1,...,2" — 1}, we define the network gﬁ’}%i

ot <<< —11 )( _:L";k ))(( o —on ) 1) ,(IdR,O)>, (3.9)

it exactly implements gp}ﬁ This network is analogous to ®? in Equation (2.12) from
Example 2.6. Alternatively, univariate hat functions can be implemented analogous to ®!
from the same example (Equation (2.11)).

For k € N2<27_1, we use the ReLU network x of Proposition 2.12 to approximate @,16’2:

g7 = x o Parallel(@},, 77,), (3.10)
Ro(¢7)(x) = Ro (%) (0, (21), 91, (22)), x € D. (3.11)

Because Vi € {1,2},k; € {1,...,2" — 1} : HQOZZ_HLOO((OJ)) = 1, we can take M =1 as
maximum input value of x for all k € N2,, ;. Similarly, we take the same pointwise
accuracy ¢ € (0,1) of x for all k € N2<2n71,_ in the sense of Equations (2.19)-(2.20). As a
result, all x-subnetworks are identical.

We use the following notation:

f/,ﬁoo) (D) = Span{Ra(Sallf) ke N2§2n—1}- (3.12)

Based on Equation (3.5), we now construct a network @ such that

Ro(@)= Y w(zy")Ro(gy") € V™. (3.13)

2
kENZ,,_,

We first construct the parallel implementation of univariate hat functions:
P := Parallel(Shared-Parallel(@1, . . ., $3._,), Shared-Parallel(¢3, ..., $3._)), (3.14)

(2.16),(2.18)
Ro(P)(z) ™ =77 (p1(21), s pan_q (1), 07 (22), o 0301 (22)), @€ D. (3.15)
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In order to define the parallel ReLU approximation of bivariate hat functions, we now
define the matrix pr € R2(2"=1)?%2(2"=1) 4 connect the outputs of P to the inputs of the
following x-networks:

1 1Sj§2n—1,i€2Z+1,<j—1)<2n_1)<%§j(2n_1)7
(pr)ig =141 20 <j<2(2"—1),i€2(2"—1)Z+2(j — (2" - 1)), (3.16)

0 else.

It holds that

RU(<pr7 0) i P) = (90%(‘731), @%(562)7 Soﬂxl)? @%(3"2)7 R
Pon_1 (1), P _o(2), P3n_1(21), P3n_1 (22)). (3.17)

Now, we define the matrix W € RIX(2"=D? and the network @ as

Vk € N%zn_l F Wy (k-1 @n 1)k = w(xllcz)?

w = (W, 0) e Parallel(x,..., x) e (pr,0) e P, (3.18)
where Parallel(X,...,x) is the parallelisation of the (2" — 1)? x-subnetworks of
{@i’2}k€Ng< o which all have maximum input value M = 1 and the same pointwise

accuracy 0 € (0,1). Equation (3.13) follows from Equation (3.18), Lemma 2.8 and Equa-
tions (3.17) and (A.23).

The structure of w is depicted in Figure 3.2 below.

Ry () (1, 22)

Figure 3.2: ReLLU approximation @ of w € VQ(OO).

Lemma 3.2. For each 6 € (0,1), eachn € N and each w € Vrfoo), the network w defined in
Equation (3.18) satisfies depth(w) = O(log(1/4)), size(w) = O(2?"log(1/6)) and M(w) =
O(22"log(1/5)). Moreover, the constants implied in these bounds are independent of w.

The proof of the lemma is given in Appendix B.4.

The following lemma bounds the L?- and L>®-error of the approximation.
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Lemma 3.3. For each 6 € (0,1), each n € N and each w € Véoo), there exists a ReLU
network W with depth of the order O(log(1/6)) and size and number of non-zero coefficients
of the order O(2%"1og(1/4)), with implied constants independent of w, satisfying

[w = Ro ()|l 2(p) < lw = Ro(0)|[ Lo (p) < 48]|w]|z(p) (3.19)

and hence
i<e/d = |w—Re(0)|r2p) < ellwllzec(py- (3.20)

Proof. We take w as defined in Equation (3.18) and we use Lemma 3.2. It remains to
show Equation (3.19), from which Equation (3.20) directly follows.

We note that at each € D at most four functions of the form 4,0,16’2 do not vanish, because
for at most two values of k; € {1,...,2"—1} it holds that 901%;1 (z1) # 0 and for at most two
values of ko € {1,...,2" — 1} it holds that @%2 (x2) # 0. It follows from the zero-in-zero-
out property of x that at most four functions of the form Rg(gbllc’Z) do not vanish at «.
Combined with Equations (3.13) and (2.19), this shows the second inequality in Equation
(3.19). The first inequality is true for all functions in L>°((0,1)?). O

We next estimate the H!'-error of the approximation.

Lemma 3.4. For each ¢ € (0,1), each n € N and each w € Vn(oo), there exists a ReLU
network W with depth of the order O(log(1/0)) and size and number of non-zero coefficients

of the order O(22"1og(1/9)), with implied constants independent of w, satisfying Equations
(8.19)-(5.20) and

§<e27"? = lw— Ro(®)|g1(p) < ellwllzo(p)- (3:21)

Proof. By Lemma 3.3, it only remains to show Equation (3.21).

At first, we fix k € NQSQn_l and T € 7'21712271 such that T C S,lf. Using the chain rule and
Equation (2.20), we find

d 1,2 d ~1,2
ey (e

dl'lSOk dl’l (SOk ) LOO(T)
d d

= |y (b)) = G (R b e |

d d : d
=l (@)~ o (Re(R) @R () o (o, (o)
' =Pk, (1) ' L(T)
(2.20)
dr ™l gy

where all derivatives are weak derivatives. Hence,

|

d 1, d 12|
- e 7RO’ =4 < 5222712—271 — 52
dx Pr dzy (Sok ) -

L*(T)
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Combined with the analogous statement for d%y we have

2
vao,lf B VR”(QZ)’EQ)‘ 2 = 2.

Using the general fact Vm € N : || 327, fill? < my il | £;]|* and the fact that at each

x € D at most four functions of the form Rg(géllc’Q) do not vanish, we get
2

D 1,2 1,2
IVw = VRo (@) 72y <lwllZeepy D YVt ) VR($)
TE€T i yn |[k:Sy *NT#0 k:Sy°NT#0

2
2 1,2 ~1,2
Shuliepy 3 4 X [val-VR@&A,,,
T€Ty’yn kS NT#0

< JJwlF oo (py22"47282,

L2(T)

where 7" denotes the interior of 7. Combining this with the L?-error estimate in Equation
(3.19), we get

Hw — Ra’(w)”%ll(D) < 4252Hw||%°°(D)(22n+1 + 1) < 22n+652||w||%00(D)

and hence
5<e2 ™ = fw— Ro(@)lmp) < llwlliny.

3.3 Convergence rate of a family of ReLU DNN approximations of func-
tions in H? N H;((0,1)?) in terms of the network size

We now combine the results of Sections 3.1 and 3.2. As in the previous section, all
considered ReLLU networks satisfy Assumption 2.1 and we use Notation 2.2.

Equation (3.8) from Proposition 3.1 shows that there exists a C' > 0 such that for each
n € N and each u € H? N H(D)

[u = Tonul| sy < C27"FDlul g2y, j € {0,1}.

For each n € N, we now approximate Isnu by a ReLLU network ]I;L/u as in Lemma 3.4, for
§ € (0,1) to be determined next. Taking ;2 := 272" in Equation (3.20) and ey := 27"
in Equation (3.21), together with Equations (3.7) and (3.8), we find that for j € {0,1} it
holds that

lu = Ro (Ianu) || g3 (py < lu—Tonull gspy + [Tonw — R (Tonw) || g ()
(3.8),(3.20),(3.21)
<

C27" @D 2 py + 27D || Ipn| oo )

(3.7) ,
S 027"(27” |U‘H2(D) .
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The choices for ;2 and €1 require § to satisfy/évg 272" /4 and § < 272773 e 6 =
27273 = O(272") suffices. For that choice of §, Ionu has depth of the order O(log(1/4)) =
O(n) and size and number of non-zero coefficients of the order O(22" log(1/4)) = O(2%"n).

For all n € N, denoting size (]I;:{L) =: N, we have for j € {0,1} and C > 0 independent of
u and N - . '
[ — Ry (Tpntw) || 13 (py < CN~U73/2 (log N) 92 u gy ).

In Lemma 3.4, the size of w is bounded in terms of n and §, but independent of w €

) Asa result, size(I[/gn\/u) is bounded from above by a function of n, independent of

u € H? N H}(D) (however, the error of the approximation does depend on u). Hence, we
can define my € N51 to be that upper bound for n = 1.

For general N € N>, and n = max{n, : size(m) < N}, we define Iyu = Ipnu
satisfying R, (Hgnu) € IN/H(OO). For the same N and n, we define Iyu := Iypnu € VTSOO).

Note that Vn € N: § = 272"=3 < 1/4. Hence, by Equation (3.19),

[Inw = Ry (Inw)| oo () < [Nt oo (p)-

The results of this section are summarised by the following proposition:

Proposition 3.5. There exists a C > 0 such that for each N € N>y, and each u €
H?n H&(D) there exists a ReLU network Inu of size at most N satisfying

lu = Ro(In) || s py < CN U7/ (log N) /2 [uf 2 ), (3.22)
[ Inu = Ro(INw)|| oo (D) < [[INUllLoe(D)- (3.23)

Moreover, depth(Iyu) = O(log N) and M(Ixu) = O(N). For these two bounds the
implied constants are independent of u.
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4 Properties of the Taylor gpc approximation of the solution
map of a parametric diffusion equation

In this section, we discuss properties of the solutions of a class of parametric elliptic PDEs.
More precisely, we study the elliptic diffusion equation

—div(a(y)Vu) = f, ulop =0 (4.1)

on the domain D = (0,1)? for given f € H~!(D), arbitrary parameters y € U = [~1, 1]
(see Section 1.4.3), given parameter-dependent scalar diffusion coefficient a(y) € L*>°(D)
(see Section 1.4.4) and unknown u. We consider the case in which all functions are real
valued.

We will often use the following weak form of Equation (4.1). For V := H}(D) and for
V' = H~Y(D) denoting the dual of V, it reads

Ay(u,v) = (f,v)yry, Y0EV, (4.2)

where

Ay(u,v) = /Da(y)Vu Vv, w,veV (4.3)

and where (-, ->V,7V is the duality pairing. The boundary conditions are imposed by the
choice V = H}(D).

Section 4.1 discusses Equation (4.2) for fixed y € U. Section 4.2 discusses properties of
the parametric diffusion equation and the corresponding solution map v : U — V. It
introduces the Taylor gpc expansion of the solution map with Taylor gpc coefficients in V.
It proposes n-term truncations of the Taylor gpc expansion as Taylor gpc approximations.
For F as defined in Section 1.4.2, it shows that the weighted ¢?(F)-summability of the
V-norms of the Taylor gpc coefficients leads to ¢P(F)-summability of the V-norms for
some 0 < p < 1 and to an upper bound on the approximation error of the Taylor gpc
approximations in V-norm. Section 4.3 gives sufficient conditions for the required weighted
0%(F)-summability of the V-norms of the Taylor gpc coefficients. For more regular data,
which imply v : U — H? N H}(D), Section 4.4 shows a similar summability result for
the H2-norms of the Taylor gpc coefficients, from which the ¢P(F)-summability of the
H?-norms of the Taylor gpc coefficients follows for some 0 < p < 1 that is in general larger
than the p for the summability of the V-norms.

4.1 Properties of the non-parametric diffusion equation

In this section, we study Equation (4.2) for fixed y € U. We simply write a for the
diffusion coefficient a(y) and A for the bilinear form A,.

We recall the following result stating the well-posedness of Equation (4.2). It is a specific
case of the Lax-Milgram lemma.

Lemma 4.1 (Special case of [26, Lemma 2.2 p. 83], cf. [26, Sections A.2.3 and A.2.4
pp. 472-474] and [74, Theorem C.20 p. 450]). Consider

/ aVu-Vuv= <f>U>V',v> YvoeV (4.4)
D
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for given a € L>*°(D) and f € V'. Assume that there exists a constant amin > 0 such that

0 < amin < essinfa(x). (4.5)
xeD

Then, there exists a unique solution u € V' of Equation (4.4) that satisfies

lullvy < £ llv- (4.6)

— Omin

Moreover, if in addition damax < 0o such that

esssup a(x) < amax < 00, (4.7)
xzeD

then the bounded linear operator A € L(V,V") defined by

Vu,v € Vi (Au,v)y yy = Au,v) = / aVu - Vv (4.8)
D

18 boundedly invertible.

In the parametric context, for y € U, we will denote A by A,.

In applications, the following variational formulation of the PDE in Equation (4.4) is very
useful.

Proposition 4.2 (Special case of [26, Proposition 2.4 p. 84], see also [26, Remark 2.5
p. 84]). Under the assumptions of Lemma 4.1, the solution uw € V' of Equation (4.4) is
uniquely determined by

u = arg min J(v), J(v) = 3A(v,v) = (f, 0}y, vEV. (4.9)
veV ’

4.2 Properties of the parametric diffusion equation

We now consider the parametric problem, i.e. Equation (4.2) with parametric scalar
diffusion coefficient a : U 3 y — a(y) € L>®(D). In order for Lemma 4.1 to hold for all
y € U, we assume a(y) to satisfy the following uniform ellipticity condition: There exist
real numbers 0 < amin < Amax < 00 such that

Vy € U : amin < essinf a(x,y) < esssupa(x,y) < admax- (4.10)

Under this assumption, for each y € U, there exists a unique solution u € V' of Equation
(4.2), which we denote by u(y) € V. Note that it satisfies Equation (4.6) for ap;, inde-
pendent of y € U. The map u: U — V : y — u(y) is the solution map of the parametric
PDE in Equation (4.2) (see Section 1.1.2).
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In the rest of Section 4, we discuss several results stated in [3], which give properties of the
solution map under the assumption that the diffusion coefficient is affinely parametrised,
i.e.
a:U—L®D):yma+ Yy ynh (4.11)
jEN
for a € L>(D) and Vj € N : ¢; € L>(D).

For this parametrisation of a, the uniform ellipticity condition is satisfied if

D ()] < a(a) — amm  for ae. @ €D (4.12)
jeN
or, equivalently, if
0 < essinf a(x) =: amin (4.13)
xeD
" 5y
- H JENTT <1. (4.14)
@ L= (D)

The fact that Equation (4.12) implies Equation (4.14) can be seen from
E:jeN|¢U‘
a

G — Gmin <1 Omin

- <1
Lo (D) lall o (D)

a

Le(D)

(e.g. [4, Equation (2.1) p. 325]). The other implication is similar to [17, Equations (2.2)—
(2.4) p. 621]:

D i) = Md(m) < fa(x)

‘N a(x)

<a(x) — (1 — 0)amin =: a(x) — amin, for a.e. « € D.

For F the index set defined in Section 1.4.2, by [17, Theorem 4.2 p. 625], for all v € F,
the partial derivative 0¥u(y) € V exists at all y € U. In general, the assumptions on
{#j}jen made in [17] are stronger than ours. However, those assumptions are not used in
the proof of [17, Theorem 4.2], we may hence use that result.

In order to approximate the solution map, we note that it has the following Taylor gpc
expansion (see Section 1.1.2):

Vy e U :u(y) = Z tLyY, ty = 56"u\y:0 eV. (4.15)
veF

The functions t,, € V are the Taylor gpc coefficients of the solution map. The unconditional
convergence of this sum directly follows from Yy € U,v € F : |y¥| < 1 and the ¢! (F)-
summability of (||t,||v)ver, implied by the ¢P(F)-summability of that sequence for some
0 < p < 1, which we will show in Lemma 4.3 below under the assumptions made there.

Given for each n € N an index set A,, C F satisfying |A,| = n, we can approximate u by

un:U—>V:yHZy"t,,7 (4.16)
VEAn
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which is an n-term truncation of the Taylor gpc expansion, a Taylor gpc approximation (see
[21, especially Section 2 pp. 56-60] for a general introduction to n-term approximations).
The approximation error is bounded from above by

lu = wnl o0,y = sup [[u(y) —un(®)llv < D litullv- (4.17)
yev vEAS

This bound is minimised, when for each n € N the index set A,, C F contains n elements
v € F for which ||t, ||y are largest. Note that such sets A, need not be unique. Approxi-
mations of u using this choice of index sets {A,, }nen are called best n-term approzimations
of u. In general, (||t,||v),er are unknown, hence the best n-term approximation cannot be
implemented directly. Instead, we construct {A,, }nen in Lemma 4.3 below, for b, = ||t ||v.
The construction in the lemma is based on the weighted £2(F)-summability of (||t,||v)wer
and gives an upper bound on },¢ . [[tu|lv for {An}nen as constructed there. Indepen-
dent of the choice of {A; }nen, it is shown that the assumed weighted ¢2(F)-summability
implies (||t ||v)ver € ¢P(F) for some 0 < p < 1.

Lemma 4.3 (Special case of [75, Lemma 2.8 p. 7], see also [4, Corollary 2.3 p. 328]).

For 0 < p <1 and a decreasing sequence 3 = (B;)jen C (0,1) satisfying B € ¢4(N) for
q= ffpp, assume that for some non-negative sequence (by)yecr

(B by)ver € E(F). (4.18)

Then, (by)ver € (P(F) and for each n € N there exists a downward closed index set
A, C F of size |Ay| = n such that

> b, < Cn7 VP (4.19)
veAS

and
max |v]1 = O(logn) (4.20)
vENy

and such that for each j € N: e; € A, implies e; € A,, fori < j.

The proof of Lemma 4.3 is given in Appendix B.5.

When its requirements are satisfied for b, = ||t ||y, the lemma first of all shows that
(Itullv)wer € €P(F) < £*(F), i.e. the Taylor gpc expansion in Equation (4.15) converges
unconditionally. In addition, we get the following bound on the V-error of u, defined in
Equation (4.16):

= wnll ey € D ltwllv < Cn= /P4 (4.21)

veEAS

Hence, for fast convergence of u,, it suffices to show £2-summability of (87 ||ty||v)ver
for any 3 € ¢4(N) satisfying the requirements of the lemma for small g. The next section
shows sufficient conditions for that summability to hold.
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4.3 Weighted summability of the H'-norms of the Taylor gpc coeffi-
cients of the solution map

The desired summability is shown in [4, Section 2 pp. 325-329], we now recall the results
obtained there and their proofs.

Proposition 4.4 ([4, Theorem 2.2 p. 327]). Let f € V' and a : U — L*°(D) be given

such that a satisfies Equation (4.11) with a € L (D) satisfying Equation (4.18) and

with Vj € N : ¢; € L>®(D). Let {t,}ver be as in Equation (4.15). Assume that for

B = (Bj)jen C Rso we have the weighted uniform ellipticity condition

ZjeN 5;1|1/}J|
a

0 = <1. (4.22)

Leo(D)

Then, (B~ |tullv)ver € L(F).

Remark 4.5 ([4, Theorem 2.2 p. 327]). For B8 C Rso, Equations (4.11), (4.15) and
(4.22) are equivalent to those equations for §; == B;y; instead of y;, 1;]- = Bj_le instead
of ¥, ty == B7Yt, instead of t, and ,5’]- = 1 instead of Bj. This means that we can assume
B =1 without loss of generality. The parameter set U= X jen|—Bj, B;] from which g are
taken is compact as well, see Section 1.4.3.

Proof of Proposition 4.4. We follow [4, Section 2 pp. 325-329] and [3, pp. 2163-2164]. By
Remark 4.5, we may without loss of generality assume that 8 = 1.

For v € F, we define

dy = / AV, dyy = / ||Vt |2 (4.23)
D D
and note that, by Poincaré’s inequality, for some C' > 0 independent of %,
Clitully < du < llall Lo () lltw - (4.24)
Equation (4.22) with 8 = 1 implies that for all v € F
Y duj < 6dy. (4.25)
jeN

Differentiation of Equation (4.2) for u = u(y) by applying 20" |y—o gives
/ avt, -Vu=— Y / Vi Vity_e, - Vv, YoeV. (4.26)
D jEsuppv D
Using v =t, € V as test function and using Young’s inequality, we get

d,,:/ alVi,|? < / Vil Vty_e. ||Vt
i |Vt | Z DI il IVt

JEsupp v

< > /Dlel(§!Vtuej|2+§|wV\2)

JEsupp v

- Z %(dufej,j‘{'du,j) (4.27)

JjEsupp v
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and, by using Equation (4.25) twice, for all k € N

(4.25) and (4.27)
(1 - g)dl’ < % Z dV*Ej,j?

jEsupp v
(4.25)
=9 D d<3 D> D dveyy=3 Y, D dvy < 5 Y, 0,
[vli=Fk |v|1=k jEsuppv lv|1=k—1 jEN v =k—1
dodo<sty Y da (4.28)

lv1=k lv|1=k—1

Writing  := %, it follows from Equation (4.28) that

> dy < tAdo < o (4.29)
veF

It now follows from Equation (4.24) that

St < oc. (4.30)

veF

This finishes the proof. O

4.4 Weighted summability of the H?-norms of the Taylor gpc coeffi-
cients of the solution map

Under the assumption of more regular data, we show that the H?-norms of the Taylor gpc
coefficients of the solution map are weighted ¢?(F)-summable, from which by Lemma 4.3
(P(F)-summability follows for some 0 < p < 1.

More precisely, let f € L?(D) and assume that a : U — W1>(D) satisfies Equation
(4.11) with @ € W1°(D) satisfying Equation (4.13) and with Vj € N : ¢; € WL(D).
By [33, Theorem 3.2.1.2 p. 147], the solution of Equation (4.2) is a strong solution of
Equation (4.1), i.e. u € H?(D). In [18, Section 5.1 pp. 39-40] the same is shown, as well
as Vv € F : t, € H*(D). For this situation, we have [3, Theorem 4.1 p. 2162], which is
similar to Proposition 4.4. We now recall the theorem and its proof.

Proposition 4.6 ([3, Theorem 4.1 p. 2162]). Let f € L*(D) and a : U — Wh%°(D) be
given such that a satisfies Equation (4.11) with a € W1°°(D) satisfying Equation (4.13)
and with Vj € N : ¢p; € WH(D). Let {t,}ver be as in Equation (4.15). Assume that for
B = (Bj)jen C R

—1y,
§ = Hw <1, S 87Vl < 0. (4.31)

Le>=(D) JeN Lo (D)

Then, (B7Itullg2)ver € 2 (F).

Remark 4.7 ([3, Proof Theorem 4.1 p. 2163], cf. [4, Theorem 2.2 p. 327]). Analogous
to Remark 4.5, for B C Rsg, Equations (4.11), (4.15) and (4.31) are equivalent to those
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equations for y; = B;y; instead of y;, @j = 5;1%- instead of 1;, t, == B~ "t, instead of
t, and Bj =1 instead of B;, i.e. we can again assume B = 1 without loss of generality.
As before, the parameter set U = X jen[—fBj, B;] from which gy are taken is compact.

Proof of Proposition 4.6. We follow [3, pp. 2163-2165]. By Remark 4.7, we may without
loss of generality assume that 3 = 1.

For v € F and n € Ny, we define
Cp = / @|At,,]2, C, = Z Cu, D,, = Z dy (4.32)
D lv|1=n lv|1=n
and note that for some C' > 0 independent of ¢,
ClituH2 < cv < llall oy ltull (4.33)

(cf. [33, Theorem 3.1.3.1 p. 142 and the proof of Theorem 3.2.1.2 pp. 147-149)).

Differentiating Equation (4.1) for u = u(y) by applying %6V|y:0, we find

—alt, =Va Vi, + Y (VjAty_e, + Vi - Viy_e)), (4.34)

jEsupp v

which again shows that Vv € F : At, € L?(D). We can integrate Equation (4.34) against
At, and find, using Young’s inequality for arbitrary & > 0,

c,,_/ a\At,,ng/ V@|’Aty‘2+41€/ |Val||Vt, |
D D

w3 3 [wlsnled 3 [ willstep
JESupp v JjEsupp v
ve 3 [vnlanrek X [ 90h-e P @35
JjEsupp v JESupp v
The sum of the first, the third and the fifth term is bounded by
= ||IVal + Z |V, ¢y + 4, < (4 + Be)ey,
JEsupp v LOO(D)
where B := amm IVal + 3 jen |V¢j\H < 00. Regarding the second and the sixth

term in Equation (4.35),

/ VallVi P+ L 3 /rwmwu o

|u|1 n jEsupp v

<Ep,+Lt Y Z/rwﬂrvwsﬁ(Dan_l).

lv|1=n—1jeN

Regarding the fourth term in Equation (4.35),

Y4 % [ mlanp<ic,

|vji=n jEsuppv
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Summing over {v € F : |v|; = n} in Equation (4.35), we get
Cn S (g + 5B)Cn + gcnfl + :%(Dn + anl)-
For £ > 0 such that g +eB < %, we have

0 B
1, A=
’ 2e(2—6 —2eB)’

Co < 7Cp_1 + A(Dy + D). (4.36)

T3 -2B "
We recall from the proof of Proposition 4.4 that Vn € N : D, < kD,_1 with k = QLLG.
Taking ¢ such that kK <7 < ¢ < 1, it follows from Equation (4.36) that
(4.36)
Cn < ADo(1+ Kk M)K" 4+ 7Cp1
(4.36)
< ADo(1+ k(K" + 76" + 72C, o
(4.36) n .
< ADo(1+r7H Z(K,/T)J "+ 7"Cy
j=1

< [ADo(1 + (1 — k/6) ™" + Co] 6™

Summing over n € Ny, we find

da=) Co<[ADy(1+ k(1= k/8)" 4+ Co] (1-6)" < o0.

veF n€eNp

Together with Equation (4.33), this finishes the proof. O

Remark 4.8. Note that Propositions 4.8 and 4.6 show that (|[tu| g2(p))ver € €P(F),
independent of any choice of index sets { Ay }nen-

Remark 4.9 ([3, Remark 2.2 p. 2156]). We note that in Lemma 4.3 the required summa-
bility (B~Yby)ver € (2(F) poses stronger restrictions on 3 when b, = ||ty || g2 than when
by = ||tu|lv. Hence, the best possible value of q for the summability of the H?-norms will
be at least as large as the best possible value of q for the summability of the V -norms. This
implies that the same holds for the values of p, i.e. the summability of the V-norms is at
least as good as the summability of the H?-norms, as expected.

Remark 4.10. In the derivation of Equation (4.21), we never explicitly used that the
norms of u — uy and t, were calculated with respect to the V-norm. That is, by exactly
the same arguments as used there, we find that under the conditions of Proposition 4.6

lu = wnll o 2y < Y ltwllmzpy < Cn~HPH. (4.37)
veEAS

By Remark 4.9, p for the summability of the V-norms is at least as small as p for the
summability of the H?-norms, i.e. the convergence rate in Equation (4.21) is at least as
good as the convergence rate in Equation (4.537).

Note that the index sets {Ay}nen constructed in Lemma 4.3 for Yv € F : by = ||tu|| g2
may differ from those constructed in Lemma 4.3 for Vv € F : b, = ||tu|lv. In Section 5,
we will choose {Ay}nen based on the weighted (2(F)-summability of (||tu|v)ver. Hence,
in Section 5, Equation (4.37) does not necessarily hold.
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5 ReLU DNN approximation of the solution map of a para-
metric diffusion equation

We now use the obtained results to show Theorem 5.1 below concerning the approximation
of the solution map y — u(y) of Equation (4.1) under the assumptions made in Section
4.4. Tt is a generalisation of [75, Theorem 4.8 p. 22] stated in Section 1.3, for D =
(0,1)? instead of D = (0,1) used in [75]. The main difference is that on D = (0,1)
the continuous, piecewise linear interpolants of {t,},cr could be implemented exactly
by ReLU networks, cf. [75, Lemma 4.5 p. 20]. For the continuous, piecewise bilinear
interpolants introduced in Section 3.1 that is not possible, as ReLU networks can only
implement continuous, piecewise linear functions, see [55, Proposition 4 p. 6], Lemma
2.3 and Remark B.1. Instead, we use the ReLU approximations of continuous, piecewise
bilinear interpolants discussed in Sections 3.2 and 3.3.

Throughout this section, we will write D = (0,1)?, V = H}(D) and
X = H*n H}(D). (5.1)
Theorem 5.1 (Generalisation of [75, Theorem 4.8 p. 22]). We consider Equation (4.1)

for given f € L*(D) and a : U — WH*°(D) satisfying Equation (4.11) with a € W1H>°(D)
satisfying Equation (4.13) and Vj € N :1p; € Wh*°(D). We assume that Equation (4.22)

holds with a decreasing sequence By € (0,1)N satisfying By € €9V (N) for qv = (ﬁ — %)_1
for some 0 < py < 1 and that Equation (4.31) holds with a decreasing sequence Bx €
(0, )N satisfying Bx € £9%(N) for qx = (Zi — %)_1 for some 0 < py < px < 1.

Then, for each n € N, there exists a ReLU network u, € R of size N} > n approximating
the solution map u: U — X : y +— u(y) of the parametric PDE in Equation (4.1), having
n + 2 inputs, denoted by x1,T2,y1,...,Yn, such that U, satisfies

sup Hu(v '7y) - Ra(an)('a YLy - ,yn)HV =0 <<./V;:)_r*) (52)
yeU

for any r* that satisfies, for arbitrary 0 < v < %,

« . 1/py —1 }
0<r*<r:=~vminql, . 5.3
! { v+ 1/pv —1/px (5:3)

In addition,
depth(i,) = O(log(Ny;) loglog(Ny))

and the number of non-zero coefficients is of the order O(NY).

In what follows, we will often suppress the inputs x7 and xo of i, in notation and write
Rg(ﬂn)(yl, e ,yn) eV.

Remark 5.2 (Cf. [3, p. 2160]). Note that the convergence rate r* holds for parametric
PDFEs with countably many parameters, i.e. in that sense {U, }nen do not suffer from the
curse of dimensionality.
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In addition, note that r < v < % and that v =~ if 1/px —~ > 1, which is equivalent

to px < (1+7)7! and to 1/px —1 > v. As we will see in the proof, in this case, the
rate r = 7 is determined by the convergence rate of the spatial ReLU approximations
of (ty)ver. Conversely, we have r < ~v if 1/px — 1 < ~. In addition, in Remark 4.9
it is argued that the assumption py < px poses no loss of generality. The assumption
implies that r < 1/py — 1. The value 1/py — 1 is the convergence rate of the best n-term
approximation of u, see Equation (4.17) and Remark B.3. That is, v is bounded from
above by v and 1/py — 1, which are the convergence rate of the ReLU approximations of
the Taylor gpc coefficients and the best n-term convergence rate of uy,.

If the requirements of the theorem hold for some px € (0,1), we can always take py

equal to px (see Remark 4.9). Interestingly, if py < px we get a better lower bound on the

1/pv—1 <1
v+1/pv—1/px ’
hence 0 < (1/py — 1/px) < min{l/py — 1,7+ 1/py — 1/px} implies that

1/py —1 S 1/py —1—(1/py —1/px)
T 1/pv —1/px s 1/py —1/px — (1/pv — 1/px)

convergence rate than if py = px: If 1/px —1 < vy, then it holds that 0 <

where 1/px — 1 is the lower bound on the convergence rate if we take py = px.

For the proof of the theorem, we recall from Sections 4.2, 4.3 and 4.4 that

By Itwllvver, B lltulx)ver € €(F), that ([tulv)ver € V(F) and that
(Itvllx)ver € PX(F). In addition, Equation (4.31) and Bx € (0,1)Y imply that

SUPyecu Ha(y)HWLoo(D) < Q.

We need the following lemma, which is adapted from [75, Lemma 4.7 p. 21].

Lemma 5.3 ([75, Lemma 4.7 p. 21]). Let mg be as defined in Section 3.3, assume the
conditions of Theorem 5.1 and let {Ay }nen be as in Lemma 4.3 withVv € F : by = ||ty ||v-

Then, there exists a C > 0 such that for all n € N there exists a sequence (Mpw)ven, €

N/;’jno such that with Ny, := 3 cp Mnw > n we have

S lltlixmad + > v < Cn” VP < ONT (5.4)

vEA, veAS,

for r as defined in Equation (5.8) for arbitrary 0 <y < 5.

The proof of this lemma is given in Appendix B.6. The main difference with respect to
(75, Lemma 4.7 p. 21] is that we explicitly choose m,,.,, > mg for all n € N and v € A,,.

Proof of Theorem 5.1. We closely follow [75, pp. 22-25]. Let n € N. Throughout this
proof, let the index set A,, be as in Lemma 4.3 with Vv € F : by, = ||t ]|v.

The proof consists of five steps. In the first step, we estimate the errors of ReLLU approx-
imations of {ty}yen, and {y — y"}vea, . In the second step, we define the network a,,
which is an approximation of u,, as defined in Equation (4.16). In the third step, its error
is estimated. In the fourth step, which is stated in Appendix B.7, bounds on the depth,
the size and the number of non-zero coefficients are calculated. In the fifth step, stated in
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this section, a lower bound on the convergence rate of %, in terms of the network size is
given.

Step 1. Let mg be as defined in Section 3.3 and let {m,. },ea, be as given by Lemma
5.3. Using that Vv € A, : mp, > mg, we get from Proposition 3.5 that for any v < % it
holds that Vv € Ay, @ ||t, — Ra(jmn;l,tl/)”\/ < C|lty || xmn:t, where C > 0 is independent of
ty, v and n. Hence, by Lemma 5.3,

(5.4)
Yty = Ro(Im,,,t )Ilv < ‘o Yo ltwllxmy, < CnmlrvEL (5.5)

veA, veA,

Moreover, by Lemma 4.3, we have (J,c, {y;:j € suppv} C {y1,...,yn}. This allows us
to use Lemma 2.17 with Vv € F : b, = ||t,||v and p, = py, which shows that there exist
ReLU networks { fy },en,,, all having inputs y1, ..., yp, such that

sup Z tl/y Z tl/ fl/ ylv"'ayn)
YU |lven, veAn v
(2.42)
< sup STl lvly” = Rolfu)yis- vyl < 0o t/ovHd (5.6)
VGA

and such that Equations (2.43)—(2.46) hold.

Step 2. With X as defined in Equation (5.1), we use boundedness of the embedding
X < L*®(D) and define

M :=max {1, 2 sup \t,,HLoo(D)}
veF

< max {1, 2 sup CIItVIIX}
vEF

1/2
(*) Proposition 4.6
< max{ 1,2C (Z(,@)_(VHtuHX)2> I o,

veF

where at (*) we used Vv € F : ByY > 1. By Equation (2.43), we have
SUDy e pen, |Ro(fv)((y5)jesuppr)| < M. Using Equations (3.7) and (3.23), we find

||R ( mnu )”LOO(D < ||Imn utVHLoo ) + H‘[mn;utV - Ra(fmn;utu)HLoo(D)

(3.23
2H[mn VtVHLOO

<

(3.7)

< 2[[tu ||z (p)
<

M.

We will now define 4, € R such that

RU(an)($17$27y17-~7yn = Z R a mnutu)(w)7Ra(fI/)(y17-"7yn))a

veA,
xeDyeU (57
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We first define the matrix pr; € R?*2" to connect the output of {I,.ty}ven, U
{fu}ven, to the input of the x-networks.
(prg, )ij =41 n+1<j<2n,i=2(—n),
0 else.
For a bijection 7 : {1,...,n} — A,, and for Simul-Shared-Parallel as constructed in Remark
A.5, we define
Py, := Parallel (Simul—Shared—Parallel(fmmﬁ(1)tﬂ(l), e ,fmmﬂ(mtw(n)),
Simul-Shared-Parallel( f (1), - . -, fw(n))),

Uy, = (( 1 -1 ),0) e Parallel(X,..., x) e (pry ,0)©® Py, (5.8)

where the x-subnetworks are as in Proposition 2.12 with maximum input size M and
accuracy 0, := n~'/PV in the sense of Equations (2.19)(2.20), i.e. all those x-subnetworks
are identical. It follows from the estimates in the beginning of Step 2 of this proof that
maximum input size M suffices.

The structure of the network is depicted in Figure 5.1.

T X2 Y Y2 Y3
/. o o0
Simul-Shared-Parallel Simul-Shared-Parallel
= —
q’fL q’:fL/
Nmn;w(l)t"r(l) Nmn;w(2)t7r(2) fmn;w(B)tﬂ'(g) fﬂ(l) f7T(2) fﬂ-(3)
X X X

Ry (tin) (21, 22, Y1, Y2, Y3)

Figure 5.1: Structure of #g3; the sizes of the subnetworks {fmn;yt,,},,eAS U{fo}ven, U
{(PIQ?L, @gc}L,} depend on the approximated function u, this figure depicts a possible situa-
tion. By construction of Simul-Shared-Parallel in Remark A.5, there is only one identity
network per Simul-Shared-Parallel-subnetwork. Moreover, some networks take the output
of a hidden layer of one of the identity networks as input.

Equation (5.7) follows from Equation (5.8), Remark A.3, Lemma 2.8 and Equations (A.23)
and (A.15) (see Remark A.5 for the fact that Simul-Shared-Parallel also satisfies Equation
(A.15)).
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For v € A,, according to Lemma 2.17, the realisation R,(f,) is constant in {y; : j €

{1,...,n}\suppv}. Hence, Ry(7y,) is constant in {y; : j € {1,...,n}\U,ep, suppv}, ie.
those inputs could be left out.

Step 3. We begin the error estimate by estimating the H'-error made by the X-
subnetworks appearing in Equation (5.8).

By Lemma 2.3, the functions Rg(fmmut,,) and R, (uy,) are continuous and piecewise linear
on a finite partition of their domain. Combined with Proposition 2.12, it shows that for
all y € U and n € N at almost all & € D those functions are strongly differentiable w.r.t.
x1 and x2, hence so is the expression

Z Rcr(imn;utu)(w)Ra(fu)(yla e Yn)— Z Ro(i)(RU(imn;utu)(w)a Ro(fu)(y1, .- ayn))-

veA, veA,

As a result, Equation (2.20) leads to the following estimate. For y € U and v € F, with
d%:l denoting weak derivatives that are strong at almost every o € D, it holds that

o (Rolln ) @) R ()01 30)
d - ~
- (R Rall ) &) B ) 0))|
< |Bol )01 ) o (Rolate)@)
e (B @R 1 ) ) G (ol )(2))|
2 su |- L Ry (G to)(@)|, @ e D,
dxy ’
| (ol st )@ R ) o)
e (R (Ro By t) @), Ro ) 1 30)) o
<o | e Ry t)(@)||
d$1 ’ L2(D)

Using the analogous statement for & and Equation (2.19), it follows that

| Roinsti) Ra () w1+ ) = R () (BTt Ba(F) (on.- ) |

(2.19) .
< 5n(1 + ”RO'(Imn;VtV)HV)7

o1



sup || Y Ro(Imytv)Ro(fu) (1, - - )

yeu veA,

- Z R R, mnut )7Rcr(fu)(yla~-->yn))

veA, 1%

<sup HR mnwtv) Ro(fu) (W1, - -+ yn)

yEU

—Rg<><>(Rg<Imwtu>,Rg<fu>(y1,...,yn))HV
<SUP|A |0n (1+Sup |1 Ro (Lt )

yeU
(%)
< Cné, = Cn~Y/PvHL (5.9)

At (*) we have used that Equation (5.5) implies the following uniform bound for all n € N
and v € Ay:

1R (L t )||V <ltllv + Ity = Ro (It llv

< It llv)verle +On P < l(Itwllv)verllee + C < .

All together, we have the following bound on the H'-error:

lu = Ro(tin) || oo vy = sup [[u(y) = Ry () (Y1, - -+ yn) lv

yeu
Z tLy? Z toy”

veF veA,

< sup
yeU

+ sup Z tvy” Z tuRo(fu) W1, -, Yn)

+ sup Z tvRo(fu) (1, yn)
yeU I/EAn
- Z Ro( Iy tv)Ro(fo)(y1,- - yn)
veh, %
+sup || Y Ro(Impto)Ro(fu) (W1, -+ Un)
yeu veA,
- Z R mnut )7R0'(f1/)(y177yn))
veA, Vv

< Cn~1/pv+1 + n~V/pv+l + Cn~l/pv+l + Cn~l/pv+l
D o). (5.10)

The first of four terms has been estimated using Equations (4.17) and (5.4), the second
using Equation (5.6), the third using and Equations (2.43) and (5.5) and the fourth using

Equation (5.9). The last step follows from Equation (5.4). This finishes Step 3 of this
proof.
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Step 4 is given in Appendix B.7 and gives bounds on the depth, the size and the number
of non-zero coefficients of the network.

Step 5. In total, the network has depth of the order O(log(N,,)loglog(N,,)) and size
and number of non-zero coefficients of the order O(N,, log(N,,) loglog(N;,)). Denoting the
network size by N, and comparing N, with Equation (5.10), we find that the proposed
network u,, achieves

sup [[u(y) — Ro(n) (w1, ) v = O (W) ")

yeU

for any r* < r. O

Remark 5.4. The last of four terms in Equation (5.10) is of the order O(ndy,). Tak-
mng Op = N7 instead of 6, = n~YPv | as in [75], the resulting network is slightly
smaller, but we cannot improve the current bound, namely that the size is of the order
O(N;, + nlog(n)loglog(n)). For 6,, the error bound in Equation (5.10) is still of the
order O(N,; "), hence taking b instead of 0, does not affect the convergence rate in terms
of the network size.

For &, instead of 6n, the depth and the number of non-zero coefficients are also of the
same order as before.
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6 Discussion and directions for further research

We first discuss Theorem 5.1 in Section 6.1. We then discuss possible generalisations of the
theorem. Section 6.2 contains two alternatives for the ReLU approximation of gpc coeffi-
cients discussed in Section 3. The first alternative is a more efficient ReLLU approximation
of the full grid interpolants introduced in Section 3.1, the second alternative involves the
ReLU approximation of functions with corner singularities. Section 6.3 discusses the gen-
eralisation of the spatial domain to hypercubes and general two-dimensional polygons.
Section 6.4 discusses alternatives for the parametric PDE theory in Section 4, especially
an alternative that allows PDE data with corner singularities.

6.1 Discussion of Theorem 5.1

Theorem 5.1 shows a lower bound on the convergence rate of the family of ReLLU networks
{tip }nen defined in Equation (5.8) in terms of the network size. The lower bound has been
discussed in Remark 5.2. As the number of non-zero coefficients is of the same order as
the network size, the same bound holds for the convergence rate in terms of the number
of non-zero coefficients. The bound should be seen as a benchmark for the performance of
training algorithms, i.e. it describes how the upper bound on the error decreases with an
increase in network size. However, it does not bound the amount of computational work
needed to reach a certain accuracy through training or how this amount of work depends
on the required accuracy.

We note that in [75] and in this thesis the H'-error is estimated, whereas most other ReL.U
DNN approximation results are w.r.t the L>°-norm (e.g. the results in [89, 48, 54, 24]).
Denoting D = (0, 1)2, we expect that our results also hold w.r.t. the L°°(D)-norm instead
of the H!(D)-norm. Instead of Proposition 4.4 for H} (D) =: V, we can use Proposition 4.6
for H2 N H}(D) = X and use boundedness of the embedding X — L*°(D). Then, the
summability exponent pre € (0,1) replacing py equals px, which means that, if the
statement analogous to Theorem 5.1 holds, the lower bound on the convergence rate w.r.t.
the L>°(D)-norm equals min{v,1/px — 1} (see Remark 5.2).

In addition, we note that the proof of the convergence rate bound is mostly constructive:
the architecture is constructed explicitly, assuming that the Taylor gpc coefficients {t, },cr
are known. For DNN training, it is not very important that {¢,},cr are in general
unknown, as the coeflicients resulting from training are not expected to approximate those
of 1, constructed in this thesis.

Even if {t,}yer are unknown, it would be interesting to see whether an architecture
similar to that of the networks {a,}nen performs well. In addition, it remains to be
studied whether the coefficients of {@y, }nen that are independent of {¢,},cr can used to
improve the results of training, e.g. by using some of them as initial values for the training
process.
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6.2 Alternatives for the ReLU DNN approximation of Taylor gpc coef-
ficients

6.2.1 More efficient ReLU DNN approximation of the full grid continuous,
piecewise bilinear interpolants introduced in Section 3.1

We note that the full grid approximation of functions in H2 N H} (D) for D = (0,1)? used
in Section 3.1 has a sum-product structure similar to that of the networks studied in [19].
Inspired by the hierarchical network structure used there, we could approximate the full
grid interpolants given by Proposition 3.1 more hierarchically, namely by a network w"e*
satisfying

on 1 21
Ry(@™)(x) = > Ro(X) [ ¢p, (1), Y wlxy®)er,(z2) |, € D.
ki1=1 ko=1
We can define the matrix pry;., € R2(2"=1)x2(2"~1) and the network WM as
1 1<j<on—1,i=2j—1,
1,2 ‘ _
(PThier)inj == w(x(z?/2,j—(2"—1))) 2 <j<22"—1),i€2Z,
0 else,
e = << 1 -1 ) ,O) e Parallel(X, ..., x) ® (pIpio, 0) ® P,
where P is as defined in Equation (3.14) and where Parallel(x, ..., x) is the parallelisation

of 2" — 1 = O(2") x-subnetworks, instead of (2" — 1)? = O(2%") subnetworks in Section
3.2. If we take the maximum input value M > 1 and the accuracy 0 < 6§ < M < M?
equal for all those x-subnetworks, then it can be shown that depth(w"e") = O(log(M/$)),
size(wMer) = O(2" log(M/9)) and M (@) = O(2%" + 2" log(M/9)).

Note that the network size is much smaller than before. In fact, it is of smaller order than
the the number of degrees of freedom of the full grid approximation it approximates. That
number equals (2" —1)2, because the full grid approximation is determined by the function
values {w(ar:ﬂlc’Q)}keNz< n_,+ The network size can be smaller than the number of degrees
of freedom, because there can be many non-zero coefficients associated to a single ReLU.
For that reason, in general, the convergence rate of a family of ReLLU approximations in
terms of the network size can be better than the convergence rate of traditional numerical
methods in terms of the number of degrees of freedom, even if the ReLLU approximations
simply implement such a traditional numerical method. However, it is unknown whether
training algorithms can profit from this advantage. Moreover, the advantage cannot be
arbitrarily large, as the number of coefficients of a network & satisfying Assumption 2.1
(including vanishing coefficients) equals

depth(®)
3" (Nie1 +1)N; < depth(®)(No + size(®) + Naeprn(a)) -
=1
Because the function values {w(w,lc’Q)}keNg appear as coefficients, the number of non-

<an_1

hier is hounded from below by (2" —1)2, hence the number of non-zero

zero coefficients of W
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coefficients is nearly of the same order as in Lemma 3.2. This shows that in this situation
the number of non-zero coefficients is a better measure for the number of degrees of freedom
than the number of ReLUs.

The H'-error of @M is expected to be of the same order as that of W, except for an
increase in error if M > 1, which does not affect the asymptotic behaviour for ¢ | 0. This
implies that the convergence rate with respect to the H'-norm in terms of the network
size is at least y for any v < 1, which is considerably better than for w. It also follows that
the lower bound on the convergence rate in terms of the number of non-zero coefficients
is /2 for any v < 1.

Moreover, it is expected that the increased convergence rate of the ReLU approximations
of functions in H? N H}((0,1)?) directly translates into an increased convergence rate in
Theorem 5.1, i.e. that Equations (5.2) and (5.3) hold for arbitrary v < 1. In terms of the
number of non-zero coefficients, it is expected that those equations hold with v replaced
by /2 for any v < 1.

6.2.2 Anisotropic sparse grid-based ReLU DNN approximation

For D = (0,1)2, one of the drawbacks of using full grid approximations proposed in
Section 3.1 for the approximation of Taylor gpc coefficients is that it requires Taylor gpc
coefficients to be in H?(D) to get the convergence rates of Proposition 3.1.

More generally, the approximation of functions that may have corner singularities, which
functions in H?(D) do not have, is studied in [56]. It studies the approximation of such
functions by tensor products of univariate continuous, piecewise linear wavelets. Such
wavelets can be implemented efficiently by ReLLU networks using a construction analogous
to that in Sections 3.2-3.3.

We now shortly discuss how we expect that special cases of results shown in [56] can be
used for the generalisation of the results in Section 3. The results from [56] mentioned
here hold in much more generality, see [56, especially Section 1 pp. 63-65].

For s € Ny, ¢ € R and rp a smooth, positive, real-valued function on D that close to each
vertex of D equals the distance to that vertex, the Kondratiev space ICZI(D) is defined by

lulZemy = D2 "~ 0%ul ),

leel1<s

Ki(D) = {u: D — C measurable and ||u|],c2(D) < oo}

([13, Equation (2) p. 2] and [90, Equation (4.4) p. 28]). We expect that for 1 < ¢ small
enough it can be shown that functions in Ké(D) can be approximated by an anisotropic
sparse grid of tensor products of univariate continuous, piecewise linear wavelets, namely
using [56, Theorem 1 p. 74}, [56, Equation (13) p. 71] and [90, Equation (4.20) p. 33| for
p=1and % < v < 1. Denoting by N,, the number of such bivariate continuous, piecewise
bilinear wavelets, we expect that the H'-error of the approximation can be shown to be of
the order O(N,*(log N,,)?). We expect that these continuous, piecewise bilinear wavelets
can be implemented efficiently by ReLU networks, i.e. that the H'-error of the resulting
ReLU approximations of functions in IC%(D) is of the order O(N~!(log N)*) for some
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k € Ry and where IV denotes the network size. Note that this is better than the rate
O(N~1/2(log N)/?) achieved by the full grid approximation in Proposition 3.5.

In Example 6.1 below, we will use the ReLU approximation of functions in IC‘CI(D) discussed
here to propose a generalisation of Theorem 5.1 that allows the data of the parametric
PDE to have corner singularities.

6.3 Generalisations of the choice of domain
6.3.1 Generalisation of Theorem 5.1 to (0,1)¢ for d > 2

We can consider the extension of Theorem 5.1 to a domain (0,1)¢ of dimension d > 2.
The results of Section 3.1 directly generalise to piecewise multilinear interpolation on such
domains for any d € N, but the required number of d-variate continuous, piecewise d-linear
hat functions grows exponentially in the dimension d: it is of the order O((2")?%) when
the domain is partitioned according to a tensor product of partitions, one for each spatial
coordinate, each consisting of 2" elements. This is called the curse of dimensionality.

Another issue is that for d > 4 the space H2((0,1)¢) does not embed into L>((0,1)%),
hence some of the currently used error bounds do not generalise to d > 4. In addition,
for d > 3, we need error estimates on the derivatives of ReLU approximations of products
of d numbers. They are needed to generalise the results of Section 3.2. All in all, the
extension to (0,1)3 is expected to hold. For extensions to (0,1)? more issues arise for
d > 3. Independent of that, the curse of dimensionality means that such extensions are
not of practical importance for d much larger than 3.

6.3.2 Generalisation of Theorem 5.1 to general polygonal domains

Another way to generalise the domain is to consider the elliptic diffusion equation on a
general two-dimensional polygon D. We discuss two approaches.

We first assume that a family of gpc approximations of the solution map is given and that
we have shown a lower bound on its convergence rate. For parameters y € [—1,1]N = U
we denote the solution map by u : U — H}(D) : y — u(y). We note that D can be
partitioned into a finite number of triangles (|26, Section 7.3.3 pp. 349-354]) and that
each triangle can be divided into three quadrilaterals, e.g. along the line segments that
connect the midpoints of its edges with its barycentre. For each such quadrilateral K, there
exists a bilinear (hence smooth) transformation Fx that maps K := (0,1)? to K. Using
Fk, the spatially restricted solution map u|x (y) can be pulled back to K. We expect that
the obtained results on ReLLU approximations can be applied to the map u|g(y) o Fx on
K resulting in ReLLU approximations of that map that each take « € K and finitely many
of the parameters y € U as input. We can now pull back by a ReLU approximation of the
map Fy!, which gives ReLU approximations of the solution map u|x(y) on K. In this
procedure, we exploit the fact that the rational map FI;I can efficiently be approximated
by ReLU networks ([78, Theorem 1.1 p. 1]) and that the composition of realisations of
ReLU networks can simply be implemented by the concatenation of the networks.

This can be done for each such quadrilateral K. It then needs to be shown that the
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resulting approximations of u are continuous across the edges of the quadrilaterals and
that they can each be implemented globally by one ReLU network. In addition, for each K,
the error bounds on the ReLU approximations of u|x (y) o Fx on K have to be transferred
to error bounds on the ReLU approximations of u|x(y) on K. Finally, the error bounds
achieved for all quadrilaterals K have to be combined into a global error estimate for the
approximations of u(y) on all of D.

Another approach is to show that u|x(y) o Fix satisfies a parametric elliptic PDE on
K = (0,1)%. If we can generalise the results of Section 4 to that PDE on K and if
we can generalise Theorem 5.1 to that setting as well, then for each quadrilateral K
we can pull back the resulting ReLU approximations of the solution map to K by a
ReLU approximation of F' 1;1 and proceed as in the other approach, i.e. by combining the
ReLU approximations on quadrilaterals into networks that approximate u globally and by
combining the error estimates on the quadrilaterals into a global error estimate.

The advantage of the second approach is that it suffices to show the sparsity of gpc
expansions on (0,1)%, whereas in the first approach we need to show it on D. On the
other hand, the parametric PDE that the pull-back of u|x(y) o Fi satisfies could be of a
different type than that on D: the pull-back of a diffusion equation with a scalar diffusion
coefficient need not be a diffusion equation with a scalar diffusion coefficient.

6.4 Generalisation of the parametric PDE theory in Section 4

The parametric PDE theory discussed in Section 4 can be generalised in several ways. We
could consider more general elliptic PDEs in the current L?-based Hilbert space setting,
but could also, even more generally, use LI-based theory for 1 < ¢ < 2. For any generali-
sation, it has to be shown that the equation is well-posed uniformly w.r.t. the parameters
and that the solution has a sparse gpc expansion.

For well-posedness, we need to generalise Lemma 4.1. It is a special case of the Lax-
Milgram lemma, which only gives sufficient conditions for well-posedness of the PDE and
which is restricted to Hilbert spaces. Instead, we could use the more general Banach-
Necas-Babuska theorem (BNB theorem, [26, Theorem 2.6 p. 85]), which gives conditions
that are both necessary and sufficient for well-posedness. Moreover, it is not restricted
to Hilbert spaces. It holds in the more general context of reflexive Banach spaces, which
includes L4-based settings for 1 < ¢ < 2.

It then remains a point of further investigation whether Propositions 4.4 and 4.6 can be
extended, based on the isomorphism property that holds under the assumptions of the
BNB-theorem, i.e. that the differential operator in the PDE is boundedly invertible. The
reason why the proofs given in Section 4 do not generalise directly is that in Equations
(4.27) and (4.35) t, was used as a test function, which is not possible in the L%-based
setting with 1 < ¢ < 2.

Examples of more general parametric PDEs that have a sparse gpc expansion were given in
[14]. Sparsity was shown for solution maps of a class of linear elliptic PDEs, a class of linear
parabolic PDEs, a nonlinear elliptic PDE and a PDE with parameter-dependent domain.
These four cases were covered by showing that the solution maps are (b,e)-holomorphic
(see e.g. [14, Definition 2.1 p. 407] and [75, Definition 2.1 p. 4]), which implies sparsity of
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the gpc expansions. We note that ReLU approximations of (b, £)-holomorphic maps are
studied in [75, especially Theorem 2.7 p. 6].

The choice for an affine parametrisation of the diffusion coefficient (Equation (4.11)) and
a Taylor gpc expansion (Equation (4.15)) are not restrictive. Results similar to those
discussed in Section 4 for different expansions have been shown in e.g. [3, Sections 5 and
6 pp. 2169-2176).

Based on [13], we now discuss a generalisation of the parametric PDE theory that allows
PDE data with corner singularities of the type discussed in Section 6.2.2. We propose a
generalisation of Theorem 5.1 that combines the ideas discussed in Section 6.2.2 for the
ReLU approximation of gpc coefficients with the parametric PDE theory introduced in
this section.

Example 6.1 (Generalisation of the parametric PDE theory that allows PDE data with
corner singularities). The generalisation of the parametric PDE theory is based on [183,
Theorem 1.1 p. 3], which studies a class of non-parametric elliptic PDEs that includes
Equation (4.1) with non-parametric diffusion coefficient, i.e.

—div(aVu) = f, ulapp = 0. (6.1)

The results in [13] hold for general curvilinear polygonal domains, for simplicity we here
take D = (0,1)2. In addition, the results in [13] hold for more general elliptic PDEs and
more general boundary conditions.

For s € Ny and for rp as in Section 6.2.2, let the space W*>°(D) be defined by

lallyysee(p) = e Iri S D[ oo (),
1>

W (D) :={a: D — C measurable and rlghDaa € L™®(D),|af1 < s}

([13, Equation (5) p. 3] and [90, Equation (4.5) p. 28]). For { > 1 small enough, by [13,
Theorem 1.1 p. 3], a € W3®(D) and f € ICEQ(D) imply that the solution u of Equation
(6.1) is contained in ICZL(D), where IC%_Q(D) and ng(D) are Kondratiev spaces defined in
Section 6.2.2. In particular, the solution may also have corner singularities. We note that
¢ and ¢ — 2 in our notation correspond to a +1 and a — 1 in [13].

In [13, Theorem 1.1 p. 3], it is also shown that Equation (6.1) is well posed and that the
solution u depends analytically on the data a and f. Stronger still, for uniformly elliptic
parametric data, these results hold uniformly in the parameters.

For uniformly elliptic affinely parametrised data, the parameter-to-data map is analytic.
We could use that to show analyticity of the solution map of Equation (4.1). In [18],
analyticity of the solution map of Equation (4.1) with respect to the V-norm ([18, Section 2
pp. 20-26]) was used to show sparsity of the Taylor gpc expansion of the solution map ([18,
Theorem 1.2 p. 17]). That theorem shows the ¢P(F)-summability of the V-norms of the
Taylor gpc coefficients for some 0 < p < 1, which is also shown in Lemma 4.3 and
Proposition 4.4. For Vv € F : by, := |[tu|lv, Lemma 4.3 shows more than the result of
[18, Theorem 1.2 p. 17]. We expect that [75, Theorem 2.7 p. 6] can be used to show the
analogy of Lemma 4.3 for that case.
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We expect that similar arguments can be used to show sparsity of the Taylor gpc expansion
with respect to the ICZL(D)—norm, which generalises Remark 4.8. That is, we have proposed
generalisations for the main results in Section 4. We expect that they can be used to
generalise Theorem 5.1, using the ReLU approximation of functions in Ké(D) proposed in
Section 6.2.2 for the approximation of the Taylor gpc coefficients.
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A Properties of concatenations and parallelisations

Remark A.1 (Cf. [62, Definition 2.2 p. 6]). For ®' and ®? as in Definition 2.7, it follows
from Equation (2.13) that

depth(®* e ®2) = depth(®') + depth(®?) — 1, (A1)
size(®! o ®?) = size(d) + size(D?), (A.2)
M(D' 0 3?) = M(D') + M(D?) — [|AZ: ]l — [|Aflleo + AT AZ2 0
- Hbzz\leo — [Ibtlleo + 1 A167 + bil|o (A.3)
L?-1
< Z 1A} |0 + Z A7 [leo + (147 [leo [ AZ2 [0 + N7 (A.4)

Remark A.2 (Extensions, cf. [24, Setting 5.2 pp. 17-18]). For arbitrary L € N,
No,Ni,...,Np € N and

® = ((A1,b1),...,(Ap,bp)) € NYoNLNL
it follows from Lemma 2.8 and Remarks A.1 and 2.5 that for L' € N
Ry (PN, 1/ ®) =Ry (®) = Ro(® 0 DG, 1)), (A.5)
depth(®y, ;@ ®) =L+ L' —1 = depth(® e Dy ), (A.6)
size ‘I)N e®) = sme( )+ 2(L —1)Ny, (A7)
size(D o <I>N0 1) = size(®) + 2(L" — 1) Ny, (A.8)

M@ o @)(:')

2L'Np + M(®) — ||ALllpo — 2N + (1 + 1[L" > 1])||AL]|0
—[IbLlleo — 0+ (14 1[L" > 1])[[bL ||
=M(P) + 2(L’ —1)Ng + IL[L’ > (| ALl + [|bLleo0), (A.9)

A3
M@ o B ) (@) 4+ 20Ny — 2Ng = [ Ar o + (1+ L[ > 1])][ A1

— 0 —[[bllo + [[b1 |0
= M(®) + 2(L' — 1)No + 1[L' > 1]|| A1 0. (A.10)

In particular, we note that (I)}\C}L,I e P =0=0e @%@'}071.

Remark A.3 (Cf. [24, Lemma 5.3 p. 18] and [62, Remark 2.6 p. 7]). For ®! and ®? as
in Definition 2.9, it follows from Equation (2.14) that

12 2 72 A7, b7,
o' o = [ (A7,b7),...,(AT>_1, b7 y), 5 ; A )
_AL2 _bL2

(( A% _A% ) ab%> 7(A%ab%)7 (AL17b 1))7 (All)
from which it follows that
depth(®! ® ®?) = depth(®') + depth(®?), (A.12)
size(®' © ®?) = size(®') + 2N7, + size(P?), (A.13)
M(@! © @%) = M(D') + M(2%) + [ ATzl + [[b72le0 + [|Afllo- (A.14)
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It follows from Lemma 2.8 and Remark 2.5 that Ry(®' ® ®2) = R,(®') o R, (®?).

Remark A.4 (Cf. [62, p. 7 below Definition 2.7, including Remark 2.8] and [24, Lemma
5.4 p. 19]). We consider the situation of Definition 2.10. By Equation (A.5), we find

R, (Shared-Parallel(®?, ..., ®N)) : RN — RViHax ;
z— (Ry (@ (x) ', ..., (Ry(®V)(x)) ). (A.15)

In addition, using Remark A.2, we find

depth(Shared-Parallel(®!, ..., ®Y)) = L™ =  max L, (A.16)
ie{1,...,N}
. 2N, le{1,..., LM — i}
vz'e{1,...,N}:N;={ 2 { o } .
N_(Lmax_Li>+l ZE{L _L +1,7L },
(A.17)

N
size(Shared-Parallel(®!, ..., ®V)) = Z (size(®') + 2No(L™ — L))
i=1

N
= " size(d) + 21Ny (NL““ax = Li> . (A.18)
=1 =1
N
M (Shared-Parallel(@! ..., @) "2 ™ (M(@7) + 2N (L7 — L)
=1

+ L™ > L[| Af )

N . N .
=" M(®') + 2Ny (NLmax = L1>
=1 =1
N . .
+ ) AL > L] Af |0 (A.19)
=1

Remark A.5. Note that for alll € {1,..., L™} the weight matrices {Al};pmax_pisi_1
coincide and equal Idpen, and that the bias vectors {Bf}i:Lmax_L¢>l_1 vanish. This fact
can be used to construct the parallelisation for shared inputs with simultaneous im-
plementation of the identity operator Simul-Shared-Parallel(®!,... ®Y), which satis-

fies Equation (A.15), but has smaller size and number of non-zero coefficients than
Shared-Parallel(®!, ..., V).

Without loss of generality, we may assume that L' = minie(q,. N} L, which allows us to
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define

Pre-Simul-Shared-Parallel(®!, ..., ®V) :=

Al ) b} )
1[Lmax — [2 = 0] A% 1[Lmax — L2 = 0]b?
L[Lmax — LV = 0] A 1[Lmex — LN = 0]bY
A
1[Lmex — [2 = 1]A3  1[L™> — L2 < 1]A?
1[Lmex — LN = 1]AY 1[Lmex — LN < 1]AY
b}

1[L™ax — 2 < 1]b2

1[Lmax — LN < 1)bY
Al
1[Lmax — [2 = 2]A2  1[L™> — L2 < 2]A3

1[Lmax — [N = 2]AY 1[Lmex — LN < 2)AY

Bé A}/Inax Bin)ax
1[Lmax — 12 < 2]b3 A2 o b2 ax
1[Lmax — [N < 2]6Y AN o b
(A.20)
which satisfies Equations (A.15)-(A.16) and
N N A
M (Pre-Simul-Shared-Parallel (@', ..., V) = " M(®) + > 1[L™ > L]| A{ [0
=1 =1
+ 2N, (Lmax —  min Li> . (A.21)
ie{l,...,N}

Let {Ai}hieqn, .. pmaxy, {bi}iequ, .. pmaxy be such that Pre-Simul-Shared-Parallel(®?, ..., &) =
((A1,b1),..., (Apmax,brmax)). For i € {2,...,N} and | € {1,...,L™*} that satisfy
Lmax _ [V > 1 — 1, the i’th “row” of Ay, the i’th “row” of by and the i + 1’st “column”
of Ajy1 wvanish identically. For such ¢ and l, changing the sizes of A;, b; and A4
by removing “row” i from A; and by and “column” i + 1 from A; 1 gives a network
Simul-Shared-Parallel(®!, ..., ®") that satisfies Equations (A.15), (A.16), (A.21) and

N
ize(Simul-Shared-Parallel(®!, ..., ®V)) = ize(®') + 2N, (Lmax_ i L)
size(Simul-Shared-Parallel( ) ;sme( ) 0 ie{l’ll}‘l.IjN}

(A.22)
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Remark A.6 (Cf. [24, Lemma 5.4 p. 19] and [62, p. 7 below Definition 2.7, including
Remark 2.8]). Analogous to Remark A.4, assuming the situation of Definition 2.11, it
holds that

Ry(Parallel(®!, ... ®M)): RV _y RV Shax
s (R ()T (B0 (g o))V (A28

In addition, using Remark A.2, we find

depth(Parallel(®!, ... &) = L™ = max L, (A.24)
ie{l,...,.N}
- 2N le{l,...,Lm> — L'},
We{l,...,N}:Nf:{ 0 t AR J ey (AL25)
N (Lmax L2)+l ZE{L _L +].,,L }7
N
size(Parallel(@,...., V) ) $™ (size(@1) + 2N (L™ — L)), (A.26)
=1
N .
M (Parallel(®!, . .. Z M(®) + 2NG (L™ — L)
i=1
+ 1L > L[| A}|| ). (A.27)
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B Proofs

B.1 Proof of Lemma 2.3

Proof. The idea of this proof is that of [60, Lemma 1 pp. 3-4]. The lemma follows from
Equation (2.6) and the following two observations:

First observation. Let g : RN — R be a linear combination of K € N continuous,
piecewise linear functions {gi}icq1,. .k} RNo — R that have the property of the lemma
for families of sets {Ti}icq1,... k) satisfying Vi € {1,..., K} : Ti = {Tij, }jieqn,...siy- Then,
g has the property of the lemma.

Proof of the first observation. Let

K K
v(jh v 7]K) € X{17 . 7JZ} : T(jl,...,jK) = m E;jw
i=1 i=1

jly--ij)}(j1’,,,,jK)EXiK:I{I,.,.,Ji}

and observe that 7 is a finite family of subsets of R™. Let J € N be such that there
exists a bijection B : {1,...,J} — xE {1,...,J;}. For j € {1,...,J}, let T; € T be
defined by T} := Tp;) € T. T satisfies RNo — Uje{l,...,J}Tj and all elements of T are
finite intersections of open convex sets, hence open and convex. Note that, by construction
of T, the functions {gi}icq1,. k) : RNo — R are linear on each element T' € T, hence ¢ is
linear on each element T € 7. In addition, as a finite sum of continuous functions, g is
continuous. This finishes the proof of the first observation.

Second observation. For a continuous, piecewise linear function g : RN — R that has
the property of the lemma for a family of sets T, oo g also has the property of the lemma.

Proof of the second observation. On each element T of 7, the function g is linear. If
g does not vanish identically on 7', T := {g > 0} N T and T_ := {g < 0} N T are
open, convex subsets of R0 satisfying T € T, UT_. The function o o g is linear on
T, and T_. If g vanishes identically on T, then Ty := T and T_ := () are open, convex
subsets of R0 satisfying T C Ty UT_, such that o o g is linear on Ty and T_. We have
RY = Jper (T4 UT-). In addition, o o g is the composition of two continuous functions,
hence continuous. This finishes the proof of the second observation.

The lemma follows from the two observations, Equation (2.6) and the fact that Vi €
{1,...,No} : RN0 5 2 s z; trivially has the property of the lemma for 7 = {R™}. To
show the lemma, we consider a network ® that implements f. We use the same notation
as in Notation 2.2. Assuming that for some [ € {1,...,L — 1} for all k € {1,...,N;_1}

the map RM 35 ¢ z,lc_l has the property of the lemma, the first observation shows

that for all j € {1,...,N;} the function R™ > x Z,ivi’ll Al;j’szgl + by;; has the
property as well. The second observation now shows that the same holds for RNo 5 z —
o (Zfi‘ll Al;j,kzij—l + bl;j> = zé» for all j € {1,...,N;}. For L=1, for all k € {1,..., Ny},

the map © — x = zg has the property of the lemma. By induction it follows that for all
ke{l,...,Np_1} the map RN 3 2 — z,f_l also has the property. The first observation
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now shows that the same holds for RM > z — Zé;v:L{l AL;Lkz,f_l + br1 = f(x), which
finishes the proof of the lemma. O

Remark B.1 ([55, Proposition 4 p. 6], cf. [60, Lemma 1 pp. 3-4]). Note that the statement
of the lemma also holds for No, N € N and functions f : RNo — RN that can be imple-
mented by ReL U networks as described in Assumption 2.1 and Notation 2.2. Each compo-
nent of the output of f can be implemented by a ReL U network of the desired type: Assume
that ® € R is such that Ry(®) = f. For alli € {1,...,N}, we define ® = ((e;)",0)),
where we interpret e; as an N x 1-matriz. Then, Vi € {1,...,N}: R,(®* ¢ ®) : RN — R
implements the i’th component of f and satisfies the requirements of the lemma. The
claim now follows from [60, Lemma 1 pp. 3—4], which is based on an argument similar to
that used to prove the first observation in the proof of Lemma 2.3.

B.2 Proof of Proposition 2.12, Steps 3—5

Step 3. For arbitrary m € N, we construct a ReLU network F),, satisfying R, (Fm)‘[o =

fm by implementing Equations (2.25)—(2.27) for « € [0, 1], a construction that was first
given in [89, Proposition 2 and its proof pp. 105-106]. The network is depicted in Figure
B.1.

Figure B.1: Structure of Fj.
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We define

D) 4 0 0
Al = 2 —4 0 ) le {2,...,7’)’1}, b= _% ’ (Bl)
_9=2(-1)+1  9-2(-1)+2 1 0
F D] (32
1 0
E, = 1], _% ,(A2,b), (As,b),...,(Am, b), (An+1,0) | . (B.3)
1 0

For 1 € {1,...,m} and 21 € [0, 1], we define 2’ := (R, (Fj;) 00 Ro1(F))(z1) € R3. Tt
holds that

z' = (o(z1),0(z1 = §), fo(x1)), (B.4)
Zl = (J(glfl(:(}l)), J(glfl(:(}l) — %), fl,l(azl)), l c {2, e ,m}, (B.5)
Ry(Fp)(21) = — 272" gm(21) + fm—1(21) = fm(z1). (B.6)

Note that zll = z%

Step 4. We bound the depth, the size and the number of non-zero coefficients of x in terms
of m = [logy(2M) +1og(1/9)] (Equation (2.34)). Before we do so, we calculate the second
and the last weight matrix of x. As a result of the concatenations and the parallelisation
in Equation (2.29), they are defined as products of weight matrices of subnetworks. By
Equations (2.29), (2.30), (2.18) and (B.3) we find that the second weight matrix of x
equals

1 11
1 11
1 11
1 11 11
757 1 11 = 517 11 , (B
1 11 11
1 11
1 11
1 11

the second bias vector of X equals (O,—%,O,O,—%,O,O,—%,O)T. By Equations (2.29),
(2.18) and (B.2) we find that the last weight matrix equals

Am
2M2( -1 -1 1 ) " A1 | =2M2( —Am+1 —Amt1 Amtr );
m+1
(B.8)

whereas the last bias vector vanishes.

In order to calculate depth(x), we note that depth(F;,) = m + 1. Hence, by Equations
(2.29), (A.1), (2.30) and (A.24), we find that depth(x) = m + 2.
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From Equations (B.1)-(B.3), we see that for Ngo = N,,y1 =1 and Ny =... = N, =3 it
holds that
E, GNﬁii\h’m’Nmﬂo

Hence, by Equations (2.29), (2.30), (B.7), (A.25) and (B.8), we find

for N)=2,N] =6, Ny =...=N],,; =9and N}, ., = 1. It follows that size(x) = 9m+6.

It follows from Equations (2.29), (2.30), (B.7), (A.27), (B.1) and (B.8) that M(x) =
8+ 21+ (m—1)24+9 = 24m + 14.

Substituting m as in Equation (2.34), we find that depth(x), size(x) and M(x) are of
the order O(log(M) + log(1/0d)).

Step 5. The aim of this step is to prove the claim that V(a,b) € [-M, M]? : |R,(X)(a,b)| <
M?. Throughout this step, m is as in Equation (2.34).

All properties of f,;, used here and in Section 2.2 directly follow the following explicit
expression for f,:

vk e {1,...,2"} x € [ag_y, ) f(2) = (24o)? + (2 — 24 _1) 71—
=272k — 1)x — k(k —1)272™,

To prove the claim, we study the function E,, : [0,1] — R : 2 — fn(2) — 2%, For

ke{l,....,2™}, on [} ,,x1], By is given by E,,(z) = (z — x;_,)(x} — x), it vanishes in
1 1
z} | and z}, it satisfies Em(W) =272m=2 and on [z} _,,z}] it is symmetric around

1 1
%' Note that E,, is 27"™-periodic, hence also symmetric around {x,lg}ke{]_“”zm_l}.

We start by showing that V(a,b) € [0, M]? : Ry(x)(a,b) < ab < M?. To that end, we
use that E,, > 0, which implies that it suffices to show V(a,b) € [0, M]? : E, (%) <
En(3%) + En(5t;). We define o' == 5% and y' = 5t.. The 2 ™-periodicity of E,
implies that it suffices to show the result for 2,y € [0,27™]. Let us first look at the case
in which 2/ 43" < 2™ and assume by contradiction that E,,(z' +v') > En(2) + En(y').

That implies

En(@" +y) — En(y) _ Em(')
x! x

which contradicts the strict concavity of Ep,|jg-m). For ' +4y > 27™ we can use the

symmetry of E,, in the point 2~ and apply the same argument, but now for z” := 27" —z/

and y" .= 27" —y/, using Em(l'”) = Em(l'/)a Em(y//) = Em(y/)7 Em(xﬂ‘{'y//) = Em($/+y,)

and 0 < 2” +y” < 27™. This finishes the proof of ¥(a,b) € [0, M]? : Ry(x)(a,b) < ab <

M?2.

For (a,b) € [0, M]?, Equation (2.19) together with § < M? shows that R,(x)(a,b) > —M?.
Note that the case (a,b) € [~M,0]? is completely analogous to (a,b) € [0, M]?, as Ry (X)
only depends on a,b through |a|, |b| and |a + b|, see Equation (2.28). This shows that
|Ry(x)(a,b)] < M? for (a,b) € [-M, 02U [0, M]2.
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The fact that R,(x)(a,b) < M? for (a,b) € [~M,M]? with ab < 0 follows from
Equation (2.19) and § < M?2. Lastly, for (a,b) € [-M,M]? with ab < 0, the fact
that R,(x)(a,b) > —M? directly follows from Equation (2.28): the first term is non-
negative and for the two other terms we know that fm(M), () € o, 1], because

2M 2M
la| o]

fm is strictly increasing, o737, 937 < % and fm(%) = %. This finishes the proof that

V(a,b) € [-M, M]? : |Ry(x)(a,b)] < M? and thereby the proof of Proposition 2.12. O

B.3 Proof of Proposition 2.14, Step 3

Step 3. We now give bounds on the depth, the size and the number of non-zero coefficients
in the network. As shown in Step 4 of the proof of Proposition 2.12 in Appendix 2.12, for
m = [$log(f/d) + 31, each X,,-subnetwork has depth m + 2, size 9m + 6 and not more
than 24m + 14 non-zero coefficients. By Remarks A.3 and A.6, we have

depth (1) 72" togs (7) (m + 2) = O(10g(n) og(n /o).

~ N (A.13),(A.26)
size (H ) < (9m + 6) + 27 = O(nlog(n/dg)),

~ oy (A.14),(A.27),(2.30),(B.8)
(1) -

M n(24m + 14) + (9 + 8)n = O(nlog(n/dg)).

This finishes the proof of Proposition 2.14. O

Remark B.2 (Cf. [24, Proof Proposition 6.3 pp. 20-23], especially [24, Equation (112)
p. 21]). Note that we can implement the auxiliary input values xj,n < j <7 by biases in
the first computational layer, keeping the rest of the network as it would be for n = n, in
particular not affecting the number of non-zero coefficients.

Note that Vx € [-M,M] : Ry(xm)(z,1) = Ry(Xm)(1,z) = & when logy(2M) € (No)<m.
As a result, the auziliary input values do not introduce errors. To show this, we use
properties of the function Ep,(y) = fm(y) —y* on [0,1] that are discussed in Step 5 of the
proof of Proposition 2.12 in Appendix B.2.

For x € [0, M], it follows from the exactness of fm in the nodes of Ty and the 27™-
periodicity of En, on [0,1] that

- 1
2= Ro(%m)(1,2)| = En('557) = B (g37) — Em(357) = B3 + 5i7) =0~ B (357) = 0.

For x € [=M,0], there are two cases: when © < —1, we have by the same arguments as
before that

& = Ro(%m)(1,2)| = Enn(I55H) = Eun(5h) = Em(45) = En(5 — 527) —0— En(421) = 0.

When —1 < x < 0, then the ezactness of fm in the nodes of Tom and the symmetry of Ep,

around x = ﬁ imply

|$_Ra(>~<m)(1vx)| = Em(%) _Em(%) _Em(%) = Em(ﬁ - %) _O_Em(%) = 0.

Instead, we could leave out all X,,-subnetworks that do not depend on the actual input
values xj,1 < j < n and replace X m-subnetworks that depend on actual input values
through one of their inputs by identity networks as defined in Definition 2.4.
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B.4 Proof of Lemma 3.2

Proof. Tt follows from Equations (3.14), (A.26), (A.18) and (3.9) that the number of
ReLUs in the first two hidden layers is 2(2" — 1)(2 + 1) = O(2") and from Equations
(3.14), (A.27), (A.19) and (3.9) that the number of non-zero coefficients in those layers is
22" - 1)(4+3) =02").

By Equations (3.18), (3.14) and (3.9), the rest of @ equals
(W, 0) e Parallel(x, ..., x) e (pr,0) e (Idg22n—1),0), (B.9)

which includes (2" — 1)? parallel x-subnetworks. It follows from Equations (A.1), (A.24)
and Proposition 2.12 that the depth is of the order O(log(1/d)). Equations (A.2),
(A.26) and Proposition 2.12 show that the number of ReLUs equals (2" — 1)?size(x) =
O(22"log(1/9)).

In order to bound the number of non-zero coefficients of these layers, we first compute the
third and the last weight matrix of w. For

-1 -1

by Equations (B.9), (2.13), (2.18) and (2.30), the third weight matrix of @ equals
A prIdgaen-1), which has at most 8(2" — 1)? non-zero components. 8(2" —1)? also bounds
the number of non-zero coefficients in the first computational layer of Parallel(x, ..., X),
having weight matrix A. For

B
B := [ Rlxg(Q"_l)Q’ B = 2M2 ( _Am+1 —Am+1 Aerl ) y
B

it follows from Equations (B.9), (2.13), (2.18) and (B.8) that the last weight matrix of
W equals WIB, which has at most 9(2” — 1)? non-zero components. This number also
bounds the number of non-zero coefficients in the last layer of Parallel(x, ..., x), which
has weight matrix B. As a result, we find that the number of non-zero coefficients of the
network in Equation (B.9) is at most (2" — 1)2M(x), which by Proposition 2.12 is of the
order O(2%"1og(1/6)).

The lemma now follows by adding up the depth, the size and the number of non-zero
coefficients of the first two computational layers and those quantities for the rest of the
network.

The independence of the implied constants of w follows from the fact that all the bounds

are explicit functions of n, §, depth(x), size(x) and M(x). By Proposition 2.12, the
latter three are bounded in terms of §. O
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B.5 Proof of Lemma 4.3

Proof. This proof follows [75, pp. 7-8], see also [4, p. 328].

Holder’s inequality with 1 =% 2%‘” gives

p/2 (2-p)/2
D= (BB < (Z ,8—2”b,%) (Z BQ”) :

veF veF veF veF

In addition, using 3 € (0,1)Y, we find

S =TI 8% | =T[a-89)"

veF jeN \ keNg jEN

which converges because 8 € ¢4(N), i.e. we have shown (8Y),cr € (1(F) and (by)yer €
P(F).

Next, we fix some 0 < g < g and define for all v € F

0 else,

'—l/q. — .
ay = {‘] V=€ ¢y = max{B", o, }

and note that ¢ € £9(F) < £2(F), because ¢ < 2. In addition, we note that

DG <D (B7Vh) < o (B.10)

veF veF

Because (ay)per and (8Y),cr are decreasing with respect to the ordering on F, ({,)ver
is decreasing as well, hence we can define a bijection 7 : N — F such that ((r(j))jen
is decreasing and such that A, := 7(N<,) is downward closed for all n € N. Because
(cte;)jen and B are decreasing, so is (8 ) en and hence (e, )jen, i-e. Ce; > Ce, for i < j,
hence 7 can be chosen such that for all n € N and for each j € N: e; € A,, implies e; € A,
for all ¢ < j.

We next show Equation (4.19). From Hoélder’s inequality, we get

Z b < (G )weng lleziae) 1S b )wenc leae ) < oo (B.11)

vEAS

By [91, Lemma 2.9 p. 10], ¢ € ¢9(F) implies that there exists a C' > 0 such that Vj € N :
Cﬂ(j) < Cj_l/q. We find

1/2
H(CV)VEAZHEQ(A%) < CZj*Q/q < C(nlfQ/Q)1/2 < Cn~1/p+1 (B.12)
i>n

(cf. [21, proof of Equation (2.18) pp. 59-60]), which together with Equations (B.10) and
(B.11) shows Equation (4.19).
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It remains to show Equation (4.20). By definition of ({,)y,cr, we have
min{¢, : v € Ap} > (o, > n %, (B.13)

Using 81 = maxjen B < 1, we have

d v
sup{¢y s v € F vy = d} E sup{B” :v € F,|v|; = d} = (B1)" (B.14)
For all n € N, let d,, € N>o be such that n=/% > (5;)%. We then find

max |v|; < dy, (B.15)

veA,

by Equations (B.13) and (B.14). Hence, using that x — log(x)/log(f1) is the inverse of
d — (81)4, it follows from Equation (B.15) that

max [v]; < log(n~ /%) /log(1) = O(logn).
ve n

This finishes the proof of Lemma 4.3. O

Remark B.3. Note that, a fortiori, Equation (4.19) holds if we define {A,}nen based on
(BY)veF instead of (Cu)ver-

The sequence (Cu)per was used instead of (BY)ver, because it allowed us to construct
{An}nen such that Equation (4.20) holds and such that for alln € N and for each j € N:
e; € Ay, implies e; € A,, for i < j. As Equation (4.18) is the only information we have
about the size of {by tver, using (()ver instead of (BY)ver for the definition of { Ay }nen
in general increases ZVGA% by .

However, by the argument in [21, proof of Equation (2.18) pp. 59-60], it follows that for
a bijection m: N — F for which (by(j))jen is decreasing

def _
> bey = r))jensn lops,y < Cn' 7P (B.16)

i>n

s equivalent to
VjeN:byy <Cj/P (B.17)

(one of the implications is similar to Equation (B.12), but for £*(AS) instead of £2(AS)).
Equation (B.17) follows from (by)yer € ¢P(F) by [91, Lemma 2.9 p. 10] (conversely,
Equation (B.17) implies (by)ver € ﬁp/(]:) for all p' > p). That is, 1/p — 1 is the best
n-term convergence rate of the sequence (by),er € (P(F) (for the discussion of best n-
term approzimations in comparison to linear approximations, we refer to [21, especially
Section 2 pp. 56-60]). Note that we achieved the best n-term convergence rate with A,
constructed in terms of ((y)ver. Hence, we find that the use of (Cu)ver instead of (B )ver
does not decrease the bound on the convergence rate.

B.6 Proof of Lemma 5.3

Proof. This proof mainly follows [75, pp. 21-22], which contains results similar to those
derived in [3, Section 3] and [31, Section 2].
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From Lemma 4.3, we know that

> ltlly < Cn7HrvHL (B.18)
veAS

Next, we aim to choose (M. )ven, such that N, = ZueAn My is minimal, under the
constraint that
>t xmgl, < n eV (B.19)
veA,
We solve this optimisation problem as a continuous optimisation problem, i.e. we cal-
culate (Mnw)ven, C Rso using the Lagrange multiplier A. For F((Mnw)ven,, ) =
Sven, M + A e, twllxritng, — =PV setting VF = 0 gives

1/
g = — n(/pv— 1)/"/||t ||1/ 1+7) (Z Htqu/ 1+7) 7 (B.20)
veA,
n-l/pv+l _ Z [0 ]| x 71, - (B.21)
veA,

Therefore, we define
mn;y = Imax { [mn;,j ,mo} . (B22)

Note that Equations (B.21) and (B.22) imply Equation (B.19), which together with Equa-
tion (B.18) shows the first inequality in Equation (5.4).

It remains to show the second inequality in Equation (5.4), i.e. that for some C' > 0 for
alln e N
n VPV < ONTT

By Equation (B.22),

A+7) /v
No =Y mpy < nmg +n0/pv=1/ <Z It 15 “”) -

veA, veEA

Let us first assume that 1/px — 1 > . Then, we have

Nn <nm0+n(1/pv 1)/’Y||(||tv||X)u€.7:||@PX (F)

< n(t/pv=1)/v (mo + H(HtVHX)uE]:HZPX(]:))
= n(l/pvfl)/')/cl/'n

= p Ut < OoNTT

where we have used 1/py —1 > 1/px — 1 > ~ in the second step and r = v in the last
step.
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For 1/px — 1 < =, which is equivalent to px (1 + ) > 1, we use Holder’s inequality to get

(47~
nl—1/(px(14+7))

Ny < nmg 4 n(1/Pv=1/ (Z [t |5

veA

> 1/(px (1+7))

1
it l)verlli

< a2 (g 4 (I wer 7 ) )

= n( /ey =1/px) /7 c(r+1/pv =1/px)/(v(1/pv 1))

= p Ut <oNTT

< nmg + nOT/Pv=1ex)/v (|

where we have used (y+ 1/py —1/px)/~v > 1 in the third step. This finishes the proof of
Equation (5.4).

Finally, note that Vv € A, : mp,, > mo implies N, > mgn > n, which finishes the proof
of Lemma 5.3. L]

B.7 Proof of Proposition 5.1, Step 4

Step 4. In this step, we bound the depth, the size and the number of non-zero coeflicients
of @y,. Before we do so, we note that Equation (5.4) implies that log ;, = O(log n).

It holds that >, size(Im,., tv) < > ven, Mnw = Ny by definition of {Inmntv}ven, in
Proposition 3.5. By Proposition 3.5, we also find maxyea,, depth(fmn;ut,,) = O(logN,,) =
O(logn) and ) ,cx ML, tv) = ON,).

According to Lemma 2.17, we have
mas depth(f,,) = O(log(n) loglo(n),
vely

Z size(fy) = O(nlog(n)loglog(n)),

VEATL

> M(f,) = O(nlog(n) loglog(n)).

VEAn

By Remarks A.6 and A.5, the latter of which in particular showing that Equations (A.16)
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and (A.21) hold for Simul-Shared-Parallel, it holds that

depth(Ps,) “*EY O(log(n) log log(n)),

(A.26),(A.22) 5
size(Py,) < Z size(Im,,, tv) + 2 - 2depth(Py,,)
veA,

+ Z size(fy,) + 2n depth(Py,)
VEATL

=N, + O(nlog(n)loglog(n)),

(A.27)7(A.21) ~ ~
M(Pﬂn) S Z M(Imn;ut’/) + Z M(Imn;ut'/)

UEAn VeAn

+2-2depth(FPy,) + Z M(fy)

veA,

+ Z M(fu) + 2ndepth(Py,)
veA,
=O(N,, + nlog(n)loglog(n)),

where in the second to last step the second and the fifth term bound the second term in
Equation (A.21) for {1, tv}tven, resp. {fvlven,-

Equation (A.14) implies that
M(in) < 2M ((( 11 ) ,0) o Parallel(X,..., %) (prﬂn,0)> FOM(Pr) (B.23)

([62, Remark 2.6 p. 7], see also [24, Lemma 5.3.(iii) p. 18]). In addition, for

-1 -1

by Equations (2.13), (2.18) and (2.30), the first weight matrix of

(( 1 -1 ) ,0) e Parallel(x, ..., x) e (pr; ,0) (B.24)
equals A pr; . Because, by construction, multiplication by pr; only permutes the columns
of A, the number of non-zero components of A pr; equals that of A. Besides that, by

Equations (2.13), (2.18), (B.8) and (B.2), the last weight matrix of the network in Equation
(B.24) is a 1 x 9n matrix, it has at most 9n non-zero components.

By Proposition 2.12, the x-subnetworks appearing in Equation (5.8) all have depth, size
and number of non-zero coefficients of the order O(log(M) +log(1/6,)) = O(logn). Using
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Equation (5.8) and Remarks A.1 and A.6, we find

(A.12),(A.1),(A.24)

depth(ay,) O(log(n)loglog(n)) + O(log(1/4y,))

= O(log(n) loglog(n)) = O(log(Ny) loglog(Nn)),
(A.13),(A.2),(A.26)
size(iy, ) < N, + O(nlog(n)loglog(n)) + 2(2n) + O(nlog(1/4,)
=N + O(nlog(n)loglog(n)) = O(N;, log(Ny) log log(Ny)),
(B.23),(A.27)
M(ay,) < 20(N,, + nlog(n)loglog(n)) 4+ 20(nlog(1/6,)) + 9In

= O(Nn + nlog(n)loglog(n)) = O(Nn log(Nn) log 1Og(Nn))

This finishes Step 4 of the proof of Theorem 5.1. Step 5 in Section 5 gives the convergence
rate of 4, in terms of the network size. O
Remark B.4. Note that ) .5 size(fmnwt,,) is the only term in the upper bound on
size(ty,) that need not be of the order O(nlog(n)loglog(n)).

We can reduce the number of ReLUs needed for the implementation of these subnetworks
by simultaneously approximating {ty }ven,, . Hat functions only need to be evaluated once,
namely the hat functions on the finest grid, used to implement fmnw, tyr for V' that satisfies
My = MaXpyep, Mnw. 1The functions {t, }uen, can be approximated by {jmnA,,/tV}ueAm
which are all linear combinations of the same hat functions. Note that this involves at
most max,ep, Mny ReLUs, implying that the corresponding size of u, 1is of the order
O(maxyep, Mn + nlog(n)loglog(n)).

The order of the depth is unaffected, while the number of non-zero coefficients is of the
order O(nmaxycp, Mnw + nlog(n)loglog(n)), which is larger than for the case without
simultaneous approzimation of {ty}ven, . This increase in the number of non-zero coeffi-
cients can be overcome by using a hierarchical basis of hat functions.
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