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Neural operator architectures employ neural networks to approximate operators mapping between Banach
spaces of functions; they may be used to accelerate model evaluations via emulation, or to discover models
from data. Consequently, the methodology has received increasing attention over recent years, giving rise
to the rapidly growing field of operator learning. The first contribution of this paper is to prove that for
general classes of operators, which are characterized only by their C”- or Lipschitz-regularity, operator
learning suffers from a ‘curse of parametric complexity’, which is an infinite-dimensional analogue of the
well-known curse of dimensionality encountered in high-dimensional approximation problems. The result
is applicable to a wide variety of existing neural operators, including PCA-Net, DeepONet and the Fourier
neural operator. The second contribution of the paper is to prove that this general curse can be overcome for
solution operators defined by the Hamilton—Jacobi (HJ) equation; this is achieved by leveraging additional
structure in the underlying solution operator, going beyond regularity. To this end a novel neural operator
architecture is introduced, termed HJ-Net, which explicitly takes into account characteristic information
of the underlying Hamiltonian system. Error and complexity estimates are derived for HJ-Net, which
show that this architecture can provably beat the curse of parametric complexity related to the infinite-
dimensional input and output function spaces.

Keywords: operator learning; complexity; Hamilton—Jacobi; deep learning.

1. Introduction

This paper is devoted to a study of the computational complexity of the approximation of maps between
Banach spaces by means of neural operators. The paper has two main focii: establishing a complexity
barrier for general classes of C"— or Lipschitz regular maps; and then showing that this barrier can be
beaten for Hamilton—Jacobi (HJ) equations. In Subsection 1.1 we give a detailed literature review; we set
in context the definition of ‘the curse of parametric complexity’ that we introduce and use in this paper;
and we highlight our main contributions. Then, in Subsection 1.2, we overview the organization of the
remainder of the paper.

1.1 Context and literature review

The use of neural networks to learn operators, typically mapping between Banach spaces of functions
defined over subsets of finite-dimensional Euclidean space and referred to as neural operators, is
receiving growing interest in the computational science and engineering community (Chen & Chen,
1995; Zhu & Zabaras, 2018; Bhattacharya et al., 2021; Khoo et al., 2021; Li et al., 2021; Nelsen &
Stuart, 2021; Lu et al., 2021b; Boullé€ et al., 2022). The methodology has the potential for accelerating
numerical methods for solving partial differential equations (PDEs) when a model relating inputs and
outputs is known; and it has the potential for discovering input—output maps from data when no model
is available.
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The computational complexity of learning and evaluating such neural operators is crucial to
understanding when the methods will be effective. Numerical experiments addressing this issue may be
found in de Hoop et al. (2022) and the analysis of linear problems from this perspective may be found in
Boullé & Townsend (2022); de Hoop et al. (2023). Universal approximation theorems, applicable beyond
the linear setting, may be found in Chen & Chen (1995); Bhattacharya et al. (2021); Kovachki et al.
(2021); Lu et al. (2021b); Lanthaler et al. (2022); You et al. (2022); Kovachki et al. (2023); Lanthaler
et al. (2023a), but such theorems do not address the cost of achieving a given small error.

Early work on operator approximation (Mhaskar & Hahm, 1997) presents first quantitative bounds;
most notably, this work identifies the continuous nonlinear n-widths of a space of continuous functionals
defined on L?-spaces, showing that these n-widths decay at most (poly-)logarithmically in . Both upper
and lower bounds are derived in this specific setting. More recently, upper bounds on the computational
complexity of recent approaches to operator learning based on deep neural networks, including the
DeepONet (Lu et al., 2021b) and the Fourier neural operator (FNO) (Li ez al., 2021), have been studied in
more detail. Specific operator learning tasks arising in PDEs have been considered in the papers Schwab
& Zech (2019); Kovachki et al. (2021); Deng et al. (2022); Herrmann et al. (2024); Lanthaler et al.
(2022); Ryck & Mishra (2022); Marcati & Schwab (2023). Related complexity analysis for the PCA-Net
architecture (Bhattacharya et al., 2021) has recently been established in Lanthaler (2023). These papers
studying computational complexity focus on the issue of beating a form of the ‘curse of dimensionality
(CoD)’ in these operator approximation tasks.

In these operator learning problems the input and output spaces are infinite-dimensional, and hence
the meaning of the CoD could be ambiguous. In this infinite-dimensional context ‘beating the curse’ is
interpreted as identifying problems, and operator approximations applied to those problems, for which
a measure of evaluation cost (referred to as their complexity) grows only algebraically with the inverse
of the desired error. As shown rigorously in Lanthaler (2023) this is a nontrivial issue: for the PCA-Net
architecture it has been established that such algebraic complexity and error bounds cannot be achieved
for general Lipschitz (and even more regular) operators.

As will be explained in detail in this work, this fact is not specific to PCA-Net, but extends to many
other neural operator architectures. In fact, it can be interpreted as a scaling limit of the conventional
CoD; this conventional curse affects finite-dimensional approximation problems when the underlying
dimension d is very large. It can be shown that (ReLU) neural networks cannot overcome this curse, in
general. As a consequence, neural operators, which build on neural networks, suffer from the scaling
limit of this curse in infinite dimensions. To distinguish this infinite-dimensional phenomenon from the
conventional CoD encountered in high-but-finite-dimensional approximation problems we will refer to
the scaling limit identified in this work as ‘the curse of parametric complexity’.

The first contribution of this paper is to prove that for general classes of operators, which are
characterized only by their C"- or Lipschitz-regularity, operator learning suffers from such a curse of
parametric complexity: Theorem 2.11 (and a variant thereof, Theorem 2.27) shows that, in this setting,
there exist operators (and indeed even real-valued functionals) that are € —approximable only with
parametric model complexity that grows exponentially in e 1.

To overcome the general curse of parametric complexity implied by Theorem 2.11 (and Theorem
2.27) efficient operator learning frameworks therefore have to leverage additional structure present
in the operators of interest, going beyond C”- or Lipschitz-regularity. Previous work on overcoming
this curse for operator learning has mostly focused on operator holomorphy (Schwab & Zech, 2019;
Herrmann et al., 2020; Lanthaler et al., 2022) and the emulation of numerical methods (Kovachki et al.,
2021; Lanthaler et al., 2022; Lanthaler, 2023; Marcati & Schwab, 2023) as two basic mechanisms for
overcoming the curse of parametric complexity for specific operators of interest. A notable exception
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are the complexity estimates for DeepONets in (Deng ef al., 2022). These estimates are based on explicit
representation of the solution; most prominently, this is achieved via the Cole-Hopf transformation
for the viscous Burgers equation. Another distinct mechanism to overcome the curse of parametric
complexity is highlighted by the notion of Barron spaces, e.g., Barron (1993); Bach (2017); Ma et al.
(2022), which have recently been extended to the operator learning setting in Korolev (2022). In the finite-
dimensional context functions belonging to such Barron spaces can be approximated at Monte-Carlo
rates, which are independent of the dimension of the underlying domain. As shown in Korolev (2022)
similar rates can be established in an infinite-dimensional Barron class setting. The curse of parametric
complexity derived in this work indicates that spaces of r-times Fréchet differentiable operators cannot
embed into operator Barron spaces, no matter the degree of differentiability 7.

An abstract characterization of the entire class of operators that allow for efficient approximation by
neural operators would be very desirable. Unfortunately, this appears to be out of reach, at the current
state of analysis. Indeed, as far as the authors are aware, there does not even exist such a characterization
for any class of standard numerical methods, such as finite difference, finite element or spectral, viewed
as operator approximators. Therefore, in order to identify settings in which operator learning can be
effective (without suffering from the general curse of parametric complexity) we restrict attention to
specific classes of operators of interest.

The HJ equations present an application area that has the potential to be significantly impacted by the
use of ideas from neural networks, especially regarding the solution of problems for functions defined
over subsets of high-dimensional (d) Euclidean space (Darbon & Osher, 2016; Chow et al., 2017, 2019;
Darbon et al., 2020); in particular beating the CoD with respect to this dimension d has been the focus.
We highlight works that propose adapted neural network architectures, reflecting known structure of
viscosity solutions of the HJ equation, to approximate and represent individual solutions (Darbon &
Meng, 2021; Meng et al., 2022). This research includes studies of analytical convergence rates for such
architectures, as well as empirical works studying their practical performance (Nakamura-Zimmerer
et al., 2020; Huré et al., 2021; Darbon et al., 2023). However, this work does not include operator
learning, as it concerns settings in which only fixed instances of the PDE are solved. The purpose of
the second part of this paper is to study the design and analysis of neural operators to approximate the
solution operator for HJ equations; this operator maps the initial condition (a function) to the solution at
a later time (another function).

The second contribution of the paper is to prove in Theorem 5.1 that the general curse of parametric
complexity can be overcome for maps defined by the solution operator of the HJ equation; this is achieved
by exposing additional structure in the underlying solution operator, different from holomorphy and
emulation and going beyond regularity, that can be leveraged by neural operators; for the HJ equations,
the identified structure relies on representation of solutions of the HJ equations in terms of characteristics.
In this paper the dimension d of the underlying spatial domain will be fixed and we do not study the CoD
with respect to d. Instead, we demonstrate that it is possible to beat the curse of parametric complexity
with respect to the infinite-dimensional nature of the input function for fixed (and moderate) d.

1.2 Organization

In Section 2 we present the first contribution: Theorem 2.11, together with the closely related Theorem
2.27, which extends the general, but not exhaustive setting Theorem 2.11, to include the FNO, establishes
that the curse of parametric complexity is to be expected in operator learning. The following sections then
focus on the second contribution, and hence on solution operators associated with the HJ equation; in
Theorem 5.1 we prove that additional structure in the solution operator for this equation can be leveraged
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Fic. 1. Diagrammatic illustration of operator learning based on an encoding £, a neural network ¥ and a reconstruction R.

to beat the curse of parametric complexity. In Section 3 we describe the precise setting for the HJ equation
employed throughout this paper; we recall the method of characteristics for solution of the equations; and
we describe a short-time existence theorem. Section 4 introduces the proposed neural operator, the HJ-
Net, based on learning the flow underlying the method of characteristics and combining it with scattered
data approximation. In Section 5 we state our approximation theorem for the proposed HJ-Net, resulting
in complexity estimates that demonstrate that the curse of parametric complexity is avoided in relation to
the infinite-dimensional nature of the input space (of initial conditions). Section 6 contains concluding
remarks. While the high-level structure of the proofs is contained in the main body of the paper, many
technical details are collected in the appendix, to promote readability.

2. The curse of parametric complexity

Operator learning seeks to employ neural networks to efficiently approximate operators mapping
between infinite-dimensional Banach spaces of functions. To enable implementation of these methods
in practice maps between the formally infinite-dimensional spaces have to be approximated using only
a finite number of degrees of freedom.

Commonly, operator learning frameworks can therefore be written in terms of an encoding, a neural
network and a reconstruction step as shown in Fig. 1. The first step £ encodes the infinite-dimensional
input using a finite number of degrees of freedom. The second approximation step ¥ maps the encoded
input to an encoded, finite-dimensional output. The final reconstruction step R reconstructs an output
function, given the finite-dimensional output of the approximation mapping. The composition of these
encoding, approximation and reconstruction mappings thus takes an input function and maps it to another
output function, and hence defines an operator. Existing operator learning frameworks differ in their
particular choice of the encoder, neural network architecture and reconstruction mappings.

We start by giving background discussion on the CoD in finite dimensions, in Subsection 2.1.
We then describe the subject in detail for neural network-based operator learning, resulting in our
notion of the curse of parametric complexity, in Subsection 2.2. In Subsection 2.3 we state our main
theorem concerning the curse of parametric complexity for neural operators. Subsection 2.4 demonstrates
that the main theorem applies to PCA-Net, DeepONet and the NOMAD neural network architectures.
Subsection 2.5 extends the main theorem to the FNO since it sits outside the framework introduced in
Subsection 2.2.

2.1 CoD for neural networks

Since the neural network mapping ¥ : RPX¥ — RPY in the decomposition shown in Fig. 1 typically
maps between high-dimensional (encoded) spaces, with Dy, Dy, > 1, most approaches to operator
learning employ neural networks to learn this mapping. The motivation for this is that, empirically,
neural networks have been found to be exceptionally well suited for the approximation of such high-
dimensional functions in diverse applications (Goodfellow et al., 2016). Detailed investigation of the
approximation theory of neural networks, including quantitative upper and lower approximation error
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bounds, has thus attracted a lot of attention in recent years (Yarotsky, 2017; Yarotsky & Zhevnerchuk,
2020; DeVore et al., 2021; Kohler & Langer, 2021; Lu et al., 2021a). Since we build on this analysis
we summarize the relevant part of it here, restricting attention to ReLU neural networks in this work, as
defined next; generalization to the use of other (piecewise polynomial) activation functions is possible.

2.1.1 ReLU neural networks. Fix integer L and integers {de}ﬁié. Let A, € R¥+1xdt and p, € R+
for £ =0,...,L. A ReLU neural network ¥ : RP* — RPY x> ¥ (x) is a mapping of the form

Xo =X,
Xep1 =0(Apxg+by), £=0,---,L—1, 2.1)
W(x) =A;x; + by,
where dy = Dy and d; | = Dy,. Here, the activation function o : R — R is extended pointwise to act
on any Euclidean space; and in what follows we employ the ReLU activation function o (x) = min{0, x}.
Welet 6 := {A,, bl,/}ﬁ=0 and note that we have defined parametric mapping ¥ (-) = ¥ (-;6). We define

the depth of ¥ as the number of layers, and the size of ¥ as the number of nonzero weights and biases,
ie.,

L
depth(¥) =L, size(¥) = > {IAllo + lbello} »
£=0

where || - ||, counts the number of nonzero entries of a matrix or vector.

2.1.2  Two simple facts from ReLU neural network calculus. 'The following facts will be used without
further comment (see e.g. (Opschoor er al., 2022, section 2.2.3) for a discussion of more general results):
Ify : RPx I@D ¥ is an ReLU neural network, and A € RP**4 ig a matrix, then there exists an ReLU
neural network ¥ : R? — RPY such that
¥ (x) = ¥ (Ax), for all x € R,
depth(¥) = depth(¥) + 1, (2.2)
size(W) < 2||Allo + 2 size(¥).
Similarly, if V € R4*DY is a matrix then there exists an ReL.U neural network ¥ : RPX — Rd, such
that
¥x) = V¥ (x), for all x € RY,
depth(l};) = depth(¥) + 1, (2.3)
size(W) < 2||V||y + 2 size(¥).
The main nontrivial issue in (2.2) and (2.3) is to preserve the potentially sparse structure of the underlying

neural networks; this is based on a concept of ‘sparse concatenation’ from Petersen & Voigtlaender
(2018).
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2.1.3 Approximation theory and CoD for ReLU networks. One overall finding of research into
the approximation power of ReLU neural networks is that, for function approximation in spaces
characterized by smoothness, neural networks cannot entirely overcome the CoD (Yarotsky, 2017;
Yarotsky & Zhevnerchuk, 2020; Kohler & Langer, 2021; Lu et al., 2021a). This is illustrated by the
following result, which builds on (Yarotsky, 2017, theorem 5) derived by D. Yarotsky:

ProposiTioN 2.1 (Neural network CoD). Let r € N be given. For any dimension D € N there exists
fD’r € C"([0,117; R) and constant €, y > 0, such that any ReL.U neural network ¥ : RP - R achieving
accuracy

sup |fp,(x) =¥ )| <,
x€[0,11P

with € < €, has size at least size(¥) > ¢ YP/r The constant € = €(r) > 0 depends only on r, and
y > 0 is universal. O

The proof of Proposition 2.1 is included in Appendix Al. Proposition 2.1 shows that neural
network approximation of a function between high-dimensional Euclidean spaces suffers from a CoD,
characterized by an algebraic complexity with a potentially large exponent proportional to the dimension
D > 1. This lower bound is similar to the approximation rates (upper bounds) achieved by traditional
methods,' such as polynomial approximation. This fact suggests that the empirically observed efficiency
of neural networks may well rely on additional structure of functions f of practical interest, beyond their
smoothness; for relevant results in this direction see, for example, Mhaskar et al. (2016); Gribonval et al.
(2022).

2.2 Curse of parametric complexity in operator learning

In this work we consider the approximation of an underlying operator S* : X — ) acting between
Banach spaces; specifically, we assume that the dimensions of the spaces X, ) are infinite. Given the
CoD in the finite-dimensional setting, Proposition 2.1 and letting D — oo one would generally expect
a super-algebraic, potentially even exponential, lower bound on the ‘complexity’ of neural operators
S approximating such ST, as a function of the accuracy e. In this subsection we make this statement
precise for a general class of neural operators, in Theorem 2.11. This is preceded by a discussion of
relevant structure of compact sets in infinite-dimensional function spaces and a discussion of a suitable
class of ‘neural operators’.

2.2.1 Infinite-dimensional hypercubes. Proposition 2.1 was stated for the unit cube [0, 1]° as the
underlying domain. In the finite-dimensional setting of Proposition 2.1 the approximation rate turns out
to be independent of the underlying compact domain, provided that the domain has nonempty interior
and assuming a Lipschitz continuous boundary. This is in contrast to the infinite-dimensional case, where
compact domains necessarily have empty interior and where the convergence rate depends on the specific
structure of the domain. To state our complexity bound for operator approximation we will therefore need
to discuss the prototypical structure of compact subsets K C X.

! Ignoring the potentially beneficial factor y.
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To fix intuition we temporarily consider X a function space (for example, a Holder, Lebesgue or
Sobolev space). In this case, the most common way to define a compact subset K C X is via a smoothness
constraint, as illustrated by the following concrete example:

ExampLE 2.2. Assume that X = C*(£2) is the space of s-times continuously differentiable functions on
a bounded domain 2 C R¥. Then, for p > s and upper bound M > 0, the subset K C X, defined as

K={uec’(@|lule <M}, (2.4)
is a compact subset of X. Here, we define the C”-norm as

lull co = max sup [D"u(x)|. (2.5)
VIZo xe2

O

To better understand the approximation theory of operators S* : K ¢ X — Y we would like to
understand the structure of such K. Our point of view is inspired by Fourier analysis, according to which
smoothness of u € K roughly corresponds to a decay rate of the Fourier coefficients of u. In particular,
u is guaranteed to belong to the set (2.4), if u is of the form

o0
u=A z e, yjel01]foralljeN, (2.6)
j=1

for a sufficiently large decay rate o > 0, small constant A > 0 and where ¢; : R? — R denotes
the periodic Fourier (sine/cosine) basis, restricted to 2. We include a proof of this fact at the end of
this subsection (see Lemma 2.7), where we also identify relevant decay rate «. In this sense the set K in
(2.4) could be said to ‘contain’ an infinite-dimensional hypercube Hj’il [0,Aj~*], with decay rate «. Such
hypercubes will replace the finite-dimensional unit cube [0, 1]° in our analysis of operator approximation
in infinite dimensions.

We would like to point out that a similar observation holds for many other sets K defined by a
smoothness constraint, such as sets in Sobolev spaces defined by a smoothness constraint, {|[u|lg, <
M} C H*($2), or more generally {||lully,, < M} C WP(£2), forany 1 < p < oo, but also Besov
spaces, spaces of functions of bounded variation and others share a similar structure. Bounded balls in
all of these spaces contain infinite-dimensional hypercubes, consisting of elements of the form (2.6). We
note in passing that, in general, it may be more natural to replace the trigonometric basis in (2.6) by some
other choice of basis, such as polynomials, splines, wavelets or a more general (frame) expansion. We
refer to e.g., Christensen et al. (2003); Heil (2010) for general background and Herrmann et al. (2024)
for an example of such a setting in the context of holomorphic operators.

The above considerations lead us to the following definition of an abstract hypercube:

DerNITION 2.3. Let e,e,,--- € X be a sequence of linearly independent and normed elements,
||ej|| x = 1. Given constants A > 0, « > 1, we say that K C X" contains an infinite-dimensional
cube O, = Q,(A;eq,e,,...), if the following hold:

(1) K contains the set Q,, consisting of all u of the form (2.6);
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(2) theset {e;};cy possesses a bounded bi-orthogonal sequence of functionals, labelled e, e5, - € X%,

in the continuous dual of X2 i.e., we assume that e,’; (ej) = Sjk for all j, k € N, and that there exists
M > 0, such that ||e} || y» < M forall k € N. o

RemMark 2.4. Property (2) in Definition 2.3, i.e., the assumed existence of a bi-orthogonal sequence e]f“,
ensures that there exist ‘coordinate projections’: if u is of the form (2.6) then the jth coefficient y; can be
retrieved from u as y; = ATl e;.k (u). This allows us to uniquely identify u € Q,, with a set of coefficients

(yl’y29"')€[0’1]oo' <>

REmMARK 2.5. The decay rate o of the infinite-dimensional cube Q, C K provides a measure of its
‘asymptotic size’ or ‘complexity’. In terms of our complexity bounds this decay rate will play a special
role. Hence, we will usually retain this dependence explicitly by writing Q,,, but suppress the additional
dependence on A and ey, e,, ... in the following text. O

The notion of infinite-dimensional cubes introduced in Definition 2.3 is only a minor generalization
of an established notion of cube embeddings, introduced by Donoho (Donoho, 2001) in a Hilbert space
setting. We refer to (Dahlke et al., 2015, chapter 5) for a pedagogical exposition of such cube embeddings
in the Hilbert space setting, and their relation to the Kolmogorov entropy of K.

RemARK 2.6. The complexity bounds established in this work will be based on infinite-dimensional
hypercubes. An interesting question, left for future work, is whether our main result on the curse of
parametric complexity, Theorem 2.11, could be stated directly in terms of the Kolmogorov complexity
of K, or other notions such as the Kolmogorov n-width (DeVore, 1998). O

Our definition of an infinite-dimensional hypercube is natural in view of the following lemma, the
discussion following Example 2.2 and other similar results.

LeEmma 2.7. Assume that X = C°(£2) is the space of s-times continuously differentiable functions on a
bounded domain £2 C R?. Choose p > s and define K, compact in X, by

K={uec]|lule =M},

with constant M > 0. Then K contains an infinite-dimensional hypercube Q,,, for any o > 1 + %. O

The proof of Lemma 2.7 is included in Appendix A. While we have focused on spaces of continuously
differentiable functions, similar considerations also apply to other smoothness spaces, such as the
Sobolev spaces W*P, and more general Besov spaces.

2.2.2  Curse of parametric complexity. The main question to be addressed in this section is the
following: given K C X compact, ST : X — ) an r-times Fréchet differentiable operator to be
approximated by a neural operator S : X — ) and given a desired approximation accuracy € > 0
how many tunable parameters (in the architecture of S) are required to achieve

sup ST (w) — S@)lly < €?
uek

2 If X is a Hilbert space such a bi-orthogonal sequence always exists for independent ey, es, - - - € X.
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The answer to this question clearly depends on our assumptions on K C X, ) and the class of neural
operators S.

Assume K C X contains a hypercube Q. Consistent with our discussion in the last subsection we
will assume that K C X contains an infinite-dimensional hypercube Q,,, as introduced in Definition 2.3,
with algebraic decay rate o > 0.

Assume ) = R, i.e., ST is a functional. The approximation of an operator S* : X — ) with potentially
infinite-dimensional output space ) is generally harder to achieve than the approximation of a functional
ST X — R with one-dimensional output; indeed, if dim()’) > 1 then R can be embedded in ) and any
functional X — R gives rise to an operator X — )’ under this embedding. To simplify our discussion
we will therefore initially restrict attention to the approximation of functionals, with the aim of showing
that even the approximation of r-times Fréchet differentiable functionals is generally intractable.

Assume S is of neural network-type. Assuming that ) = R we must finally introduce a rigorous
notion of the relevant class of approximating functionals S : X — R, i.e., define a class of ‘neural
operators/functionals’ approximating the functional S7.

DeriniTiON 2.8 (Functional of neural network-type). We will say that a (neural) functional S : X — R
is a ‘functional of neural network-type’, if it can be written in the form

Sw) =®(Lu), Yuek, 2.7)

where for some ¢ € N, £ : X — R’ is a linear map, and @ : RY — R is an ReLU neural network
(potentially sparse). O

If S is a functional of neural network-type, we define the complexity of S, denoted cmplx(S), as the
smallest size of a neural network @ for which there exists linear map £ such that a representation of the
form (2.7) holds, i.e.,

cmplx(S) = n(lgn size(D), (2.8)

where the minimum is taken over all possible @ in (2.7).

REMARK 2.9. Without loss of generality we may assume that £ < size(®) in (2.7) and (2.8). Indeed, if this
is not the case then size(®) < ¢ and we can show that it is possible to construct another representation
pair (<D L) in (2.7), consisting of a neural network @R R, linear map L:X— R? and such that
< 51ze(<1§) To see why let us assume that l = = size(P) < L. Let A be the weight matrix in the first
input layer of @. Since

lAlly < € < ¢,
at most £ columns of A can be nonvanishing. Write the matrix A = [ay, a,, ..., a,] in terms of its column
vectors. Up to permutation we may assume that ag, | = = a, = 0. We now drop the corresponding

columns in the input layer of @ and remove these unused components from the output of the linear map £
in (2.7). This leads to a new map L:X—> ]R’Z with output components (,Cu) = (Lu); forj=1,. "

and we define @ : Rﬁ — R, as the neural network that is obtained from & by replacing the input matrix
A=lay,...,a;]byA =lay,...,a;]. Then, @ o L = ® o L, so that £ and @ satisty a representation of

920z Iudy /g uo Jesn ABojouyos | Jo synysu| elwioyed Aq yZy9ez8/Ly9/2/9p/aone eulewl/woo dno oiwapeoe//:Sdy Wo.y papeojumod



656 S. LANTHALER AND A. M. STUART

the form (2.7), but the dimension ¢ satisfies £ = size(P) = size(cg ); the first equality is by definition of
l, and the last equality holds because we only removed zero weights from @. In particular, this ensures
that £ < size(®) for this new representation, without affecting the size of the underlying neural network,

i.e., size(P) = size(P). O

More generally, we can consider ) = ) (§2; R”) a function space, consisting of functions v : 2 —
R? with domain £2  R?. Given y € £, we introduce the point-evaluation map

ev,: Y — R, evy (v) == V().

Provided that point-evaluation ev
to operators, as follows:

y is well-defined for all v € ) we can readily extend the above notion

DerNiTION 2.10 (Operator of neural network-type). Let ) = )(£2;RP) be a function space on which
point-evaluation is well-defined. We will say that a (neural) operator S : X — ) is an ‘operator of neural
network-type’, if for any evaluation point y € §2, the composition ev, 0 S : X — R, ev (Sw)) :=
S(u)(y), can be written in the form

evy o S(u) = <Dy(£u), Yuek, 2.9

where £ : X — R is a linear operator, and D, : R® — RP” is an ReLU neural network that may depend
on the evaluation point y € £2. In this case, we define

cmplx(S) := sup min mze(cb ).
yesf Py

O

We next state our main result demonstrating a ‘curse of parametric complexity’ for functionals (and
operators) of neural network-type. This is followed by a detailed discussion of the implications of this
abstract result for four representative examples of operator learning frameworks: PCA-Net, DeepONet,
NOMAD and the Fourier neural operator.

2.3 Main theorem on curse of parametric complexity

The following result formalizes an analogue of the CoD in infinite-dimensions:

THEOREM 2.11 (Curse of parametric complexity). Let K C X be a compact set in an infinite-dimensional
Banach space X'. Assume that K contains an infinite-dimensional hypercube Q,, for some « > 1. Then,
for any r € N and § > 0, there exists € > 0 and an r-times Fréchet differentiable functional S TP K C
X — R, such that approximation to accuracy € < € by a functional S_ of neural network-type,

sup |ST(u) — S, ()| <, (2.10)
uek

implies complexity bound cmplx(S,) > exp(ce 1/ @+1+9r): here ¢, € > 0 are constants depending only
ona,d and r. O
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Before providing a sketch of the proof of Theorem 2.11 we note the following simple corollary,
whose proof is given in Appendix A.4.

CoRroOLLARY 2.12. Let K C X be a compact set in an infinite-dimensional Banach space X'. Assume that
K contains an infinite-dimensional hypercube Q, for some o > 1. Let J = )J(£2;R”) be a function
space with continuous embedding in C(£2; R”). Then, for any r € N and § > 0, there exists € > 0 and
an r-times Fréchet differentiable functional ST : K ¢ X — ), such that approximation to accuracy
€ < € by an operator S, : X — ) of neural network-type,

sup [ST(w) = S, < e, @2.11)

uek

implies complexity bound cmplx(S,) > exp(ce /@197y here ¢, € > 0 are constants depending only
onw, 8 and r. O

Proof of Theorem 2.11 (Sketch). Let S, : X — R be any functional of neural network-type, achieving
approximation accuracy (2.10). In view of our definition of cmplx(S,) in (2.8), to prove the claim, it
suffices to show that if £ : X — R’ is a linear map and @ : RY — R s an ReLU neural network, such
that

S (u) =P(Lu), Yuedlk,

then size(®) > exp(ce "/ (@+1+d)ry,

The idea behind the proof of this fact is that if K C X contains a hypercube Q,, then forany D € Na
suitable rescaling of the finite-dimensional cube [0, 1]” can be embedded in K. More precisely, for any
D € N there exists an injective linear map ¢, : [0, 1]° — K.

If we now consider the composition S, otj, : RP — R then we observe that we have a decomposition
S, otp(x) = D(Lotp(x)), where

LoLD:RD—HRe,

is linear, and
@ :R' >R
is an ReLU neural network. In particular, there exists a matrix A € R*P, such that £ o ¢ p(x) = Ax for
all x € RP, and the mapping @, (x) := S, o t(x) defines an ReLU neural network @,,(x) = @ (Ax),
whose size can be bounded by
size(®p) < 2size(P) + 2| Al (Equation 2.2)

< 2size(®) 4+ 24D

< 2size(®) + 2 size(®)D (Remark 2.9)

< 4size(PD)D.

Using Proposition 2.1, for any D € N, we are then able to construct a functional 7, : K C X — R,
mimicking the function f, : [0, 11° ¢ RP — R constructed in Proposition 2.1, and such that uniform
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approximation of Fp, by S, (implying similar approximation of f, by @) incurs a lower complexity
bound

size(®) > (4D) ! size(®p) > Cpe P/",

where Cp, > 0 is a constant depending on D. For this particular functional F,, and given the uniform
lower bound on size(®) above, it then follows that

cmplx(S,) > CDG_VD/r.

The first challenge is to make this strategy precise, and to determine the D-dependency of the constant C,.
As we will see this argument leads to a lower bound of roughly the form cmplx(S,) 2 (D" (I+e) )=y D/r,

At this point the argument is still for fixed D € N, and would only lead to an algebraic complexity
in €e~!. To extend this to an exponential lower bound in €~! we next observe that if the estimate
cmplx(S,) 2 (D"1+0¢)=vD/r could in fact be established for all D € N simultaneously, i.e.,
if we could construct a single functional S, for which the lower complexity bound cmplx(S,) 2
Suppen (D" (+@)e)=rD/" were to hold, then setting D ~ (e€)~!/(1+9)" on the right would imply that

cmplx(S,) 2 sup (Dr(1+°‘)e)_”D/r = exp (ce_l/(“r“)’) ,
DeN

with suitable ¢ > 0. Leading to an exponential lower complexity bound for such ST the second main
challenge is thus to construct a single S* : K ¢ X — R that effectively ‘embeds’ an infinite family of
functionals Fj, : K C X — R with complexity bounds as above. This will be achieved by defining S I
as a weighted sum of suitable functionals F7,. The detailed proof is provided in Appendix A3. U

Several remarks are in order:

REMARK 2.13. Theorem 2.11 shows rigorously that in general operator learning suffers from a curse of
parametric complexity, in the sense that it is not possible to achieve better than exponential complexity
bounds for general classes of operators, which are merely determined by their (C"- or Lipschitz-)
regularity. As explained above this is a natural infinite-dimensional analogue of the CoD in finite-
dimensions (cp. Proposition 2.1), and motivates our terminology. We note that the lower bound of
Theorem 2.11 qualitatively matches general upper bounds for DeepONets derived in Liu et al. (2024).
It would be of interest to determine sharp rates. O

ReMark 2.14. Theorem 2.11 is derived for ReLU neural networks. With some effort, the argument
could be extended to more general, piecewise polynomial activation functions. While we believe that
the curse of parametric complexity has a fundamental character, we would like to point out that, for
nonstandard neural network architectures, algebraic approximation rates have been obtained (Schwab
et al., 2023); these results build on either ‘superexpressive’ activation functions or other nonstandard
architectures. Since these networks are not ordinary feedforward ReLU neural networks the algebraic
approximation rates of Schwab et al. (2023) are not in contradiction with Theorem 2.11. While the
parametric complexity of the nonstandard neural operators in Schwab et al. (2023) is exponentially
smaller than the lower bound of Theorem 2.11, it is conceivable that storing the neural network weights in
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practice would require exponential accuracy (number of bits), to account for the highly unstable character
of super-expressive constructions. O

ReEmMARK 2.15. Theorem 2.11 differs from previous results on the limitations of operator learning
frameworks, as e.g., addressed in Lanthaler ez al. (2022); Seidman et al. (2022); Lanthaler et al. (2023b).
Earlier work focuses on the limitations imposed by a linear choice of the reconstruction mapping R. In
contrast, the results of this work exhibit CF-smooth operators and functionals, which are fundamentally
hard to approximate by neural network-based methods (with ReLU activation), irrespective of the choice
of reconstruction. O

ReEMARk 2.16. We finally link our main theorem to a related result for PCA-Net (Lanthaler, 2023, theorem
3.3), there derived in a complementary Hilbert space setting for X and ); the result of Lanthaler (2023)
shows that, for PCA-Net, no fixed algebraic convergence rate can be achieved in the operator learning
of general C"-operators between Hilbert spaces; this can be viewed as a milder version of the full curse
of parametric complexity identified in this work, expressed by an exponential lower complexity bound
in Theorem 2.11. O

To further illustrate an implication of Theorem 2.11 we provide the following example:

ExampLE 2.17 (Operator learning CoD). Let £2 C R? be a domain. Let s, p € Z be given, with s < p,
and consider the compact set

K={uecC’@)|lule <1} C C(R).
Fix r € N. By Lemma 2.7 K contains an infinite-dimensional hypercube Q, for any o > 1 + %. Fix
such . Applying Theorem 2.11 it follows that there exists an r-times Fréchet differentiable functional
ST C*(£2) — R and constant ¢, € > 0, such that any family S, : C°(£2) — R of functionals of neural
network-type, achieving accuracy

sup [ST(u) — S, ()| <e, Ve<E,
uek

has complexity at least cmplx(S,) > exp(ce ~1/(+9)r) for ¢ < €. Furthermore, the constants ¢, € > 0
depend only on the parameters r, s, p, «. %

In the next subsection we aim to show the relevance of the above abstract result for concrete neural
operator architectures. Specifically, we show that three operator learning architectures from the literature
are of neural network-type (PCA-Net, DeepONet, NOMAD), and relate our notion of complexity to the
required number of tunable parameters for each. Finally, we show that even frameworks that are not
necessarily of neural network-type could suffer from a similar curse of parametric complexity. We make
this explicit for the Fourier neural operator in Subsection 2.5.

2.4 Examples of operators of neural network-type

We describe three representative neural operator architectures and show that they can be cast in the above
framework.

PCA-Net. We start with the PCA-Net architecture from Bhattacharya ez al. (2021), anticipated in
the work Hesthaven & Ubbiali (2018). If X and ) are Hilbert spaces then a neural network can
be combined with principal component analysis (PCA) for the encoding and reconstruction on the
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underlying spaces, to define a neural operator architecture termed PCA-Net; the ingredients of this
architecture are orthonormal PCA bases q&lx e ’d’I/)Yx € X and ¢>y e ,d)gy € ), and a neural network

mapping ¥ : RP* — RPY. The encoder £ is obtained by projection onto the {qbl.X }j’;“‘{ , whereas the

reconstruction R is defined by a linear expansion in {q’)jy }jDzyl. The resulting PCA-Net neural operator is
defined as

Dy
Sw)(y) = Zwk(al,...,%xmg’(y), with ; := (u,¢;%), j=1.....Dy. (2.12)
k=1

Here, the neural network ¥ : RPx — RDPY  with components ¥, (-) = ¥, (-;60), depends on parameters
that are optimized during training of the PCA-Net. The PCA basis functions ¢y e q%)y 12 - R,
defining the reconstruction, are precomputed from the data using PCA analysis.

Given an evaluation point y € £2 the composition ev, o S, between S and the point-evaluation
mapping ev,(v) = v(y), can now be written in the form

evy o Su) = @Y([,u),

where £ : X — RPx [y = ((u,d)fv),...,(u,qﬁgx) is a linear mapping, and @ (a) :=

kD:yl '23 (oz)qbg) (v), for fixed y, is the composition of a neural network ¥ with a linear read-out; thus, cby
is itself a neural network for fixed y. This shows that PCA-Net is of neural network-type.
The following lemma shows that the complexity of PCA-Net gives a lower bound on the number of
free parameters for the underlying neural network architecture.

LemMma 2.18 (Complexity of PCA-Net). Assume that X and ) are Hilbert spaces, so that PCA-Net is
well-defined. Any PCA-Net S = R o ¥ o £ is of neural network-type, and

size(¥) > 2p + 2)7lcmplx(8),

where the dimension p € N is fixed by the output-function space ) = Y (§2;R?). O

Thus, Lemma 2.18 implies a lower complexity bound size(¥) 2 cmplx(S). The detailed proof is
given in Appendix A.5.1. It thus follows from Corollary 2.12 that operator learning with PCA-Net suffers
from a curse of parametric complexity:

ProposiTiON 2.19 (Curse of parametric complexity for PCA-Net). Assume the setting of Corollary 2.12,
with X', ) being Hilbert spaces. Then, for any r € N and § > 0, there exists € > 0 and an r-times Fréchet
differentiable functional S™ : K ¢ X — ), such that approximation to accuracy € < € by a PCA-Net
S, X =Y

sup |ST(w) — S W)l < e, (2.13)
uek

with encoder &, neural network ¥ and reconstruction R, implies complexity bound size(¥) >
exp(ce_l/(“+1+‘3)’); here ¢, € > 0 are constants depending only on «, §, r and p. O
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DeepONet. A conceptually similar approach is followed by the DeepONet of Lu ez al. (2021b), which
differs by learning the form of the representation in ) concurrently with the coefficients, and by allowing
for quite general input linear functionals {«; ]’;’f .

The DeepONet architecture defines the encoding £ : X — RP¥ by a fixed choice of general linear
functionals £, ..., ¢y ; these may be obtained, for example, by point evaluation at distinct ‘sensor
points’ or by projection onto PCA modes as in PCA-Net. The reconstruction R : RPY — ) is defined
by expansion with respect to a set of functions ¢, ..., ¢Dy € Y that are themselves finite-dimensional
neural networks to be learned. The resulting DeepONet can be written as

Dy
Sw)(y) = ZWk(ozl,...,ozDka(y), with o = Ej(u),jz I,...,Dy. (2.14)
k=1

Here, both the neural networks ¥ : RP* — RPY with components ¥, = ¥, (-;6),and ¢ : 2 —
RP*Py with components ¢y = ¢ (-;0), depend on parameters that are optimized during training of the
DeepONet.

Given an evaluation pointy € §2 the composition ev, oS, with the point-evaluation mapping ev,(v) =
v(y), can again be written in the form

ev, o Su) = Q§y(£u),

where £ : X — RPx Ly := (€, (u), ..., Lp, (W) is linear, where

Dy
Dy (a) = D V(@) (),

k=1

and for fixed y the values ¢, (y) € R” are just (constant) vectors. Thus, 2, is the composition of a neural
network ¥ with a linear read-out, and hence is itself a neural network. This shows that DeepONet is of
neural network-type.

The next lemma shows that the size can be related to the complexity of DeepONet: also in this case
cmplx(S) provides a lower bound on the total number of nonzero degrees of freedom of a DeepONet.
The detailed proof is provided in Appendix A.5.2.

Lemma 2.20 (Complexity of DeepONet). Any DeepONet S = R o ¥ o &, defined by a branch-net ¥
and trunk-net ¢, is of neural network-type, and

2(size(¥) + size(¢)) > cmplx(S).

The following result is now an immediate consequence of Corollary 2.12 and the above lemma.

ProposiTiON 2.21 (Curse of parametric complexity for DeepONet). Assume the setting of Corollary 2.12.
Then, for any » € N and § > O, there exists € > 0 and an r-times Fréchet differentiable functional
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ST : K c X = Y, such that approximation to accuracy € < € by a DeepONet S, X =Y

sup ST () — S, )|l < e, (2.15)
uek

with branch net ¥ and trunk net ¢, implies complexity bound size(¥) + size(¢) > exp(ce ~!/@+1+3)ry).
here ¢, € > 0 are constants depending only on ¢, § and r. O

NOMAD. The linearity in the reconstruction in ) for both PCA-Net and DeepONet imposes a
fundamental limitation on their approximation capability (Lanthaler er al., 2022; Seidman et al., 2022;
Lanthaler et al., 2023b). To overcome this limitation nonlinear extensions of DeepONet have recently
been proposed. The following NOMAD architecture (Seidman et al., 2022) provides an example:

NOMAD (NOnlinear MAnifold Decoder) employs encoding by point evaluation at a fixed set of
sensor points, or more general linear functionals £, ..., ¢ Dy ° X — R. The reconstruction R : RPY —
Y in the output space Y = Y(£2;RP) is defined via a neural network Q : RPY x 2 — RP, which
depends jointly on encoded output coefficients in RPY and the evaluation point y € £2; as in the two
previous examples, ¥ : RP* — RPY is again a neural network. The resulting NOMAD mapping, for
ue Xandy e £2,is given by

Sw)(y) =0W(ay,... ,ozDX),y), with o= Ej(u), (2.16)

forj=1,...,D5. We note that the main difference between DeepONet and NOMAD is that the linear
expansion in (2.14) has been replaced by a nonlinear composition with the neural network Q. Both neural
networks ¥ and Q are optimized during training.

Given evaluation point y € §2 the composition ev, o S with the point-evaluation can be written in
the form

evy o Su) = <1§y(£u),

where £ : X — RPx [y .= (&y(),...,Lp, () is linear, and o > <1>y((x) ‘= 0¥ (), y) defines a
neural network for fixed y. This shows that NOMAD is of neural network-type. Finally, the following
lemma provides an estimate on the complexity of NOMAD:

LeEmma 2.22 (Complexity of NOMAD). Any NOMAD operator S = R o ¥ o £ defined by a branch-net
¥ and nonlinear reconstruction Q is of neural network-type, and

2(size(¥) + size(Q)) > cmplx(S). 2.17)

O

The expression on the left-hand side of (2.17) represents the total number of nonzero degrees of
freedom in the NOMAD architecture and, as for PCA-Net and DeepONet, it is lower bounded by our
notion of complexity. For the proof, we refer to Appendix A.5.3.

The following result is now an immediate consequence of Corollary 2.12 and the above lemma.

ProposiTion 2.23 (Curse of parametric complexity for NOMAD). Assume the setting of Corollary 2.12.
Then, for any r € N and § > 0, there exists € > 0 and an r-times Fréchet differentiable functional
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ST : K ¢ X — ), such that approximation to accuracy ¢ < € by a NOMAD neural operator
S X =Y

sup [|ST(w) — S, w)|| <, (2.18)
uek

with neural networks ¥ and Q, implies complexity bound size(¥) + size(Q) > exp(ce_l/ (@+148)ry,
here c, € > 0 are constants depending only on «, § and r. O

Discussion. For all examples above a general lower bound on the complexity cmplx(S) of operators of
neural network-type implies a lower bound on the total number of degrees of freedom of the particular
architecture. In particular, a lower bound on cmplx(S) gave a lower bound on the smallest possible
number of nonzero parameters that are needed to implement S in practice. This observation motivates
our nomenclature for the complexity.

We emphasize that our notion of complexity only relates to the size of the neural network at the core
of these architectures; by design, it does not take into account other factors, such as the additional com-
plexity associated with the practical evaluation of inner products in the PCA-Net architecture, evaluation
of linear encoding functionals of DeepONets or the numerical representation of an (optimal) output PCA
basis for PCA-Net or neural network basis for DeepONet. The important point is that the aforementioned
factors can only increase the overall complexity of any concrete implementation; correspondingly, our
proposed notion of cmplx(S), which neglects some of these additional contributions, can be used to
derive rigorous lower bounds on the overall complexity of any implementation.

ReMARK 2.24. In passing, we point out similar approaches (Hua & Lu, 2023; Zhang et al., 2023;
Lanthaler ef al., 2023b; Patel et al., 2024) to the PCA-Net, DeepONet and NOMAD architectures, which
share a closely related underlying structure to the examples given above. We fully expect that the curse
of parametric complexity applies to all of these architectures. O

In the next Subsection 2.5 we will show that, even for operator architectures that are not of neural
network-type according to the above definition, we may nevertheless be able to link them with an
associated operator of neural network-type. Specifically, we will show this for the FNO in Theorem 2.27.
There, we will see that the size (number of tunable parameters) of the FNO can be linked to the
complexity of an associated operator of neural network-type. And hence lower bounds on the complexity
of operators of neural network-type imply corresponding lower bounds on the FNO.

2.5 The curse of (parametric) complexity for fourier neural operators

The definition of operators of neural network-type introduced in the previous subsection does not include
the FNO, a widely adopted neural operator architecture. However, in this subsection we show that a result
similar to Theorem 2.11, stated as Theorem 2.27, can be obtained for the FNO.

Due to intrinsic constraints on the domain on which FNO can be (readily) applied we will assume
that the spatial domain £2 = H;i:l la;, b;] C R? is rectangular. We recall that an FNO,

S: X(2:RY - V(2 RY),
can be written as a composition, S = Qo L; o---0L; oP, of a lifting layer P, hidden layers £, ..., L,

and an output layer Q. In the following text let us denote by V(£2; R%") a generic space of functions from
2 to R,

920z Iudy /g uo Jesn ABojouyos | Jo synysu| elwioyed Aq yZy9ez8/Ly9/2/9p/aone eulewl/woo dno oiwapeoe//:Sdy Wo.y papeojumod



664 S. LANTHALER AND A. M. STUART

The nonlinear lifting layer
P X(2;RY = V2RY), ) > x(xu(x),
is defined by a neural network x : £2 x R¥ — R%, depending jointly on the evaluation point x € £2
and the components of the input function u evaluated at x, namely u(x) € R¥. The dimension d, is a free

hyperparameter, and determines the number of ‘channels’ (or the ‘lifting dimension’).
Each hidden layer £,, £ = 1,...,L, of an FNO is of the form

L, V(E2;RY) — V(2;RY), vis o (W + Ky +by),
where o is a nonlinear activation function applied componentwise, W, € R%*4v is a matrix, the bias

b, e V(£2; R%) is a function and K, : V(£2; R%) — V(§2;R?) is a nonlocal operator defined in terms
of Fourier multipliers,

Kv(x) = F U T IFI) (),

where [Fv], denotes the kth Fourier coefficient of v for k € Z4, T, € C%*4 is a Fourier multiplier matrix

indexed by k and F~! denotes the inverse Fourier transform. In practice, a Fourier cut-off k,,, € Z
is introduced, and only a finite number of Fourler modes® | k|| g < kmax is retained. In particular,
the number of nonzero components of T = {Tk}kezd is bounded by ||T||0 < d2(2kmax 4. In the

following text we will also assume that the bias functions b, are determined by their Fourier components
[bg]k € Cd‘ ”k”eoo = kmax

Finally, the output layer
Q1 V(2;R™) — V(2;RP), v qlx,v(x),

is defined in terms of a neural network ¢ : £2 x R% — RP, ajoint function of the evaluation point x € £2
and the components of the output v of the previous layer evaluated at x, namely v(x) € R%.

To define the size of an FNO we note that its tunable parameters are given by (i) the weights and
biases of the neural network x defining the lifting layer R, (ii) the components of the matrices W, €
R&>dv (i) the components of the Fourier multipliers Tk e C4xdv for ||k o < kpax» (iv) the Fourier
coefficients [be] e C%, for ||k| oo =< ky., and (v) the number of weights and biases of the neural
network ¢ defining the output layer Q. Given an FNO S : X' (£2; R — Y(§2;RP) we define size(S) of
an FNO as the total number of nonzero parameters in this construction. We also follow the convention
that for a matrix (or vector) A with complex entries the number of parameters is defined as [|A]l, =

IRe(A)llg + [m(A)[l,.

REMARK 2.25 (FNO approximation of functionals). If ST : X' (£2; R¥) — R is a (scalar-valued)
functional then we will again identify the output-space )(§2; R”) with a space of constant functions. In
this case, it is natural to add an averaging operation after the last output layer Q : V(£2; Rd") — YV(£2;R),

3 Throughout this paper | - || ¢oo denotes the maximum norm on finite-dimensional Euclidean space.
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i.e., we replace Q by 0 : V(R2;RY) - R, given by

o) := Iflz_l /9 q(x, v(x)) dx. (2.19)

This does not introduce any additional degrees of freedom, and ensures that the output is constant. We
also note that (2.19) is a special case of a Fourier multiplier K, involving only the k = 0 Fourier mode.

O

In the following text we will restrict attention to the approximation of functionals, taking into account
Remark 2.25. We first mention the following result, proved in Appendix A.6, which shows that FNOs
are not of neural network-type, in general:

Lemma 2.26. Let o be the ReLU activation function. Let T >~ [0, 27r] denote the 27 -periodic torus. The
FNO,

S:L*T;R) > R, S :=/ch(u(x))dx,

is not of neural network-type. %

The fact that FNO is not of neural network-type is closely related to the fact that the Fourier
transforms at the core of the FNO mapping S : X (£2; R¥) — R cannot be computed exactly. In practice,
the FNO therefore needs to be discretized.

A simple discretization SV of S is readily obtained and commonly used in applications of FNOs. To
this end fix N € N, and let Xj s € £2,j1»---5Jg € {1,...,N} be a grid consisting of N equidistant
points in each coordinate direction. A numerical approximation S¥ : X'(£2;R¥) — R of S is obtained
by replacing the Fourier transform F and its inverse 7! in each hidden layer by the discrete Fourier
transform F and its inverse F, L computed on the equidistant grid. Similarly, the exact average (2.19)
is replaced by an average over the grid values. This ‘discretized’ FNO S¥ thus defines a mapping

SV X2:RH > R, u SV,

which depends only on the grid values u(x; ;) € RK of the input function u, for multi-indices
Grooondgp) €141, .. ,N}?. In contrast to S the discretization SV is readily implemented in practice. We
expect that SN (1) ~ S(u) for sufficiently large N. Note also that size(S") = size(S) by construction.

Given these preparatory remarks we can now state our result on the curse of parametric complexity
for FNOs, with proof in Appendix A7.

Throrem 2.27. Let 2 C R? be a cube. Let K C X’ be a compact subset of a Banach space X =
X (£2;R¥). Assume that K contains an infinite-dimensional hypercube Q, for some o > 1. Then, for any
r € Nand § > 0, there exists € > 0 and an r-times Fréchet differentiable functional ST : K ¢ X — R,
such that approximation to accuracy € < € by a discretized FNO Sév <,

sup |ST () — SN ()| < e,
uek
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requires either (i) complexity bound size(Sév ) > exp(ce_l/ (@+148)r) “or (ii) discretization parameter
N, > exp(ce_l/(“+1+5)’); here c, € > 0 are constants depending only on «, § and r. O

Proof (Sketch). The proof of Theorem 2.27 relies on the curse of parametric complexity for operators
of neural network-type in Theorem 2.11. The first step is to show that discrete FNOs are of neural
network-type. As a consequence, Theorem 2.11 implies a lower bound of the form cmplx(Sév ) >
exp(ce /@148y The main additional difficulty is that the discrete FNO is not a standard ReLU
neural network according to our definition, since it employs a very nonstandard architecture involving
convolution and Fourier transforms. Hence, more work is needed, in order to relate cmplx(Sév ‘) to
size(SéV ¢); while the complexity is the minimal number of parameters required to represent She by an
ordinary ReLU network architecture, we recall that the size (Sév €) is defined as the number of parameters
defining 8?’ ¢ via the nonstandard FNO architecture. Our analysis leads to an upper bound of the form

emplx(SYe) < N¥size(SNe). (2.20)

As a consequence of the exponential lower bound, cmplx(SéV ) > exp(ce ™ V/@+1+9r) inequality (2.20)
implies that either N_ or size(SéV <) have to be exponentially large in € !, proving the claim. For the
detailed proof we refer to Appendix A7. g

Remark 2.28. We would like to point out that the additional factor in (2.20), depending on N,, is natural
in view of the fact that even a linear discretized FNO layer v +— Wy, with matrix W € Rdvxdv
actually corresponds to a mapping RNExdy RNngV, (v(xj]mjd)) — (Wv(x)jl’m‘]-d), i.e., the matrix
multiplication should be viewed as being carried out in parallel at all Nf grid points. Representing this
mapping by an ordinary matrix multiplication RN xdy _, RNExdy requires Nf W]l degrees of freedom,
and thus depends on N, in addition to the number of FNO parameters [|W]|. O

REMARK 2.29. Theorem 2.27 shows that FNO suffers from a similar curse of complexity as do the variants
on DeepONet and PCA-Net covered by Theorem 2.11: approximation to accuracy € of general (C"- or
Lipschitz-) operators requires either an exponential number of nonzero degree of freedom, or requires
exponential computational resources to evaluate even a single forward pass. We note the difference in
how the curse is expressed in Theorem 2.27 compared with Theorem 2.11; this is due to the fact that FNO
is not of neural network-type (see Lemma 2.26). Instead, as outlined in the proof sketch above, only upon
discretization does the FNO define an operator/functional of neural network type. The computational
complexity of this discretized FNO is determined by both the FNO coefficients and the discretization
parameter N. O

2.5.1 Discussion. To overcome the general curse of parametric complexity implied by Theorem 2.11
(and Theorem 2.27) efficient operator learning frameworks therefore have to leverage additional structure
present in the operators of interest, going beyond C'- or Lipschitz-regularity. Previous work on
overcoming the curse of parametric complexity for operator learning has mostly focused on operator
holomorphy (Schwab & Zech, 2019; Herrmann et al., 2020; Lanthaler et al., 2022) and the emulation
of numerical methods (Kovachki et al., 2021; Deng et al., 2022; Lanthaler et al., 2022) as two basic
mechanisms for overcoming the curse of parametric complexity for specific operators of interest. An
abstract characterization of the entire class of operators that allow for efficient approximation by neural
operators would be very desirable. Unfortunately, this appears to be out of reach, at the current state of
analysis. Indeed, as far as the authors are aware, there does not even exist such a characterization for
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any class of standard numerical methods, such as finite difference, finite element or spectral, viewed as
operator approximators.

The second contribution of this work is to expose additional structure, different from holomorphy
and emulation, that can be leveraged by neural operators. In particular, in the remainder of this paper
we identify such structure in the HJ equations, and propose a neural operator framework that can build
on this structure to provably overcome the curse of parametric complexity in learning the associated
solution operator.

3. The HJ equation

In the previous section we demonstrate that, generically, a scaling-limit of the curse of dimensionality
is to be expected in operator approximation, if only C"— regularity of the map is assumed. However, we
also outlined in the introduction the many cases where specific structure can be exploited to overcome
this curse. In the remainder of the paper we show how the curse can be removed for HJ equations. To this
end we start, in this section, by setting up the theoretical framework for operator learning in this context.

We are interested in deriving error and complexity estimates for the approximation of the solution
operator S,T : C;er(.Q) — C!..(£2) associated with the following HJ PDE:

per

’ du+H(g, Vu) =0, (x,1) € 2 x (0,T],
(HI)

u(t =0) = ugy, (x,1) € 2 x {0}.

To simplify our analysis we consider only the case of a domain £2 = [0, 2] with periodic boundary
conditions (so that we may identify £2 with T%). We denote by Cper(§2) the space of r-times continuously
differentiable real-valued functions with 27 -periodic derivatives, with norm

lullcr(gy := sup sup [D%u(x)|.
la|<rxef2

By slight abuse of notation we will similarly denote by u(q, r) € Cger(.Q x[0,T])and H(gq,p) € Cger(.Q X

R9) functions that have C” regularity in all variables, and that are periodic in the first variable g € £2, so
that in particular,

g+ u(q,t) and g+ H(q,p),

belong to C;er(.Q), for fixed p € Riorte [0,T1].

In equation (H) u : £2 x [0,T] — R, (¢g,t) — u(q,t) is a function, depending on the spatial
variable g € §2 and on time ¢ > 0. We will restrict attention to problems for which a classical solution
u e Cf)er(.Q x [0,T]), r = 2, exists. In this setting the initial value problem (HJ) can be solved by the
method of characteristics and a unique solution may be proved to exist for some 7' = T(uy) > 0. We
may then define solution operator S;r with property u(-, 1) = S: (ug); the maximal time T of existence
will, in general, depend on the input i to S,. The next two subsections describe, respectively, the method
of characteristics and the existence of the solution operator on a time-interval ¢ € [0, T], for all initial
data from compact F in C;er(ﬂ), for r > 2. Thus, we define {S,T : F C Cf,er(.Q) — C;er(.Q)} for all
t € [0,T], T = T(F) sufficiently small.
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We recall that throughout this paper, use of a superscript | denotes an object defined through
construction of an exact solution of (HJ), or objects used in the construction of the solution; identical
notation without a superscript 1 denotes an approximation of that object.

3.1 Method of characteristics for (HJ).

We briefly summarize this methodology; for more details see (Evans, 2010, section 3.3). Consider the
following Hamiltonian system for 1 — (g(¢), p(t)) € 2 x R¥ defined by

I qg=V,H(q.p), q(0)=q,
(3.1a)
p=-V,H(g,p), p0)=p,
Po = V,uy(qp)- (3.1b)

If the solution u(q, 1) of (HJ) is twice continuously differentiable then u# can be evaluated by solving
the ordinary differential equation (ODE) (3.1a) with the specific parameterized initial conditions (3.1b).
Given these trajectories and ¢ > 0, the values u(g(f), ) can be computed in terms of the ‘action’ along
this trajectory:

t
u(q(®), 1) = ug(qo) +/O L(g(®),p(n)dr, (3.2)

where £ : 2 x RY — R is the Lagrangian associated with H, i.e.,

L(q,p) :==p-V,H(q,p) — H(q.p). (3.3)

Equivalently, the solution z(¢) = u(q(¥), t) can be expressed in terms of the solution of the following
system of ODEs, ¢ +— (gq(), p(t), z(t)):

q="V,H(g,p), 4(0) = q,

p = _qu(q,P)’ P(O) = DPo> (343)
Po = uno(CIO)’ 29 = Up(qp)- (3.4b)

The system of ODEs (3.4) is defined on £2 x RY x R, with a 27-periodic spatial domain §2 = [0, 277 1%
It can be shown that

p() = Vu(g(n.1), forr >0, (3.5)
tracks the evolution of the gradient of u along this trajectory. To ensure the existence of solutions to

(3.1), i.e., to avoid trajectories escaping to infinity, we make the following assumption on H, in which
| - | denotes the Euclidean distance on R¥:
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AssumptioN 3.1 (Growth at Infinity). There exists Ly > 0, such that

sup [ V,H(@.p) | = Ly(1+ P, (3.6)
qes2

for all p € R4, O

In the following text we will denote by

lI/tT:.QXRdXR—).QXRdXR,
3.7

(qO’pO’ ZO) = (C](t),P(t)s Z(t))3

the semigroup (flow map) generated by the system of ODEs (3.4a); existence of this semigroup, and
hence of the solution operator S;r , is the topic of the next subsection.

3.2 Short-time existence of C"-solutions

The goal of this section is to show that for any r > 2, and for any compact subset /* C Cj(§2), there
exists a maximal 7% = T*(F) > 0, such that for any u, € F there exists a solution u : 2 x [0,7*) — R
of (HJ), with property ¢ — u(q, t) belongs to C{,er(.Q) forall r € [0, T*). Thus, we may take any T < T*
in (HJ), for data in F. Our proof of this fact relies on the Banach space version of the implicit function
theorem; see Appendix B, Theorem B1, for a precise statement.

In the following text, given ¢ > 0 and given initial values (g, py) € §2 X R, we define 4,(q9-Pg)>
P:(qo,Pg) as the spatial- and momenta-components of the solution of the Hamiltonian ODE (3.1a),
respectively; i.e., the solution of (3.1a) is given by t — (q,(qy,Py).P,(qgPg)) for any initial data
(9o-Po) € 2 x R4

ProposiTioN 3.2 (Short-time existence of classical solutions). Let Assumption 3.1 hold, let » > 2 and
assume that the Hamiltonian H € C;g“rl(.Q x R9). Then, for any compact subset F C C;er(.Q), there
exists T* = T*(F) > O such that for any u, € F there exists a classical solution u € C}’,er(.Q X
[0, T*)) of the Hamilton—Jacobi equation (HJ). Furthermore, for any T < T, there exists a constant
C=C(T,r,F,H) > 0 such that SUP,c(0.7] lu(-, Dl < C. O

The proof, which may be found in Appendix B, uses the following two lemmas, also proved in

Appendix B. The first result shows that, under Assumption 3.1, the semigroup lII;r in (3.7) is well defined,
globally in time.

Lemma 3.3. Let H € € (£2 % RY) for r > 1. Let Assumption 3.1 hold. Then, the mapping lI/,T given

by (3.7) exists for any t > 0 and t — lI/,T defines a semigroup. In particular, for any (g, p,) € £2 x RY,
there exists a solution ¢ — (g(1), p(¢)) of the ODE system (3.1a) with initial data g(0) = g, p(0) = p,,
forallt > 0. O

The following result will be used to show that the method of characteristics can be used to construct
solutions, at least over a sufficiently short time-interval.

Lemma 3.4. Let Assumption 3.1 hold, let r > 2 and assume that the Hamiltonian H € C;;l (£2 x Rd).
Let F C C;er(.Q) be compact. Then, there exists a (maximal) time 7% = T*(F) > 0, such that for all
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ug € F, the spatial characteristic mapping
O (1up) i 2 > 2. gy q,(g0. Vyu0(d0))-

defined by (3.1) on the periodic domain §2 = [0, Zn]d ,isa C” _l-diffeomorphism for any ¢ € [0, T%). O

Note that the map @,T (-;ug) is defined by the semigroup W,T for (g, p, z); however it only requires
solution of the Hamiltonian system (3.1) for (g, p). In contrast to the flowmap lI/j the spatial characteristic
map dD,T (- ;up) is in general only invertible over a sufficiently short time-interval, leading to a correspond-
ing short-time existence result for the solution operator StT associated with (HJ) in Proposition 3.2.

3.3 Limitations of the setting considered in this work

In this paper we study the curse of parametric complexity for operator learning, and discuss settings
where it can be overcome. The primary role of our study of HJ equations is to highlight a setting
where operator learning does not suffer from this curse. However, our analysis is restricted to the
setting of smooth solutions and nonintersecting characteristics. We close this section on HJ equations by
highlighting this important limitation of this work, and mention a possible extension.

The main limitation of this work is the assumption that classical solutions of (HJ) exist. Indeed, it
is well known, e.g., Albano & Cannarsa (2002); Albano et al. (2020), that classical solutions of the HJ
equations can develop singularities in finite time due to the potential crossing of the spatial characteristics
¢(7) emanating from different points; indeed, if two spatial characteristics emanating from g, and g;, cross
in finite time then (3.2) does not lead to a well-defined function u(g, f), and the method of characteristics
breaks down. Thus, our existence theorem is generally restricted to a finite time interval [0, T*].

In certain special cases the crossing of characteristics is ruled out, and classical solutions exist for
all time, i.e., with T* = oco. One such example is the advection equation with velocity field v(g), and
corresponding Hamiltonian H(g, V,u) = v(q) -V u, for which the complexity of operator approximation
is studied computationally in de Hoop et al. (2022).

Finding more general conditions for the existence of classical solutions is a delicate question, which
is discussed in Barron et al. (1999); under certain convexity assumptions on the Hamiltonian it is possible
to relate the existence of a classical solution of (HJ) to its time-reversibility. For example, it is shown
in (Barron et al., 1999, theorem 2.5) that if H(q,p) is (i) strictly convex and superlinear in p, and
(1) Lipschitz in ¢, and u(x, ) is a locally Lipschitz continuous (viscosity) solution of (HJ) both forward
and backward in time then u must be smooth. Under certain technical assumptions on the convexity of
H and the initial data u(z = 0) it can in fact be shown (Barron et al., 1999) that a forward solution u(x, f)
and a backward solution w(x, #) of (HJ) must be equal everywhere, provided that they coincide at the
endpoints, i.e., u(x,T) = w(x, T) and u(x,0) = w(x,0) > u=wand u,w € CL([0,T] x RY).

The existence of classical characteristics will play a fundamental role in the neural network-based
approach to be developed in the next section. An interesting question for future work is whether classical
characteristics could be replaced by a suitable notion of generalized characteristics, as studied in Albano
& Cannarsa (2002); Albano et al. (2020). The main challenge in such an extension is the nonuniqueness
of generalized characteristics; it is not immediately clear whether a neural network-based approach can
coherently approximate such generalized characteristics when there is a priori no flow map (¢q,,p,) =
@,(q9,Po) in the classical sense. In contrast, if such a flow map exists then this represents sufficient
structure to beat the curse of parametric complexity, as shown in the following section.
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4. HJ neural operator: HJ-Net

In this section we will describe an operator learning framework to approximate the solution operator
S,T defined by (HJ) for initial data u; € (£2) with r > 2. The main motivation for our choice of
framework is the observation that the flow map lI/,T associated with the system of ODEs (3.4a) can be
computed independently of the underlying solution u. Hence, an operator learning framework for (HJ)
can be constructed based on a suitable approximation ¥, ~ lI/,T, where ¥, : 2 x RYxR — 2 xRIxR

per

is a neural network approximation of the flow lI/,T. Given such ¥,, and upon fixing evaluation points

{gn)):

i C £2, we propose to approximate the forward operator S,T of the Hamilton—Jacobi equation (HJ)
SL using the following three steps:

Step (a) encode the initial data u, € C..(£2) by evaluating it at the points q{)

per
E: Cpep(2) > [2 x RY x R,
Ug = {(‘16’17{)’26)}/']\/:1’

with (), Py 2h) = (gl V(). g (qh));

Step (b) foreachj = 1,...,N, apply the approximate flow ¥, : £ x R? x R to the encoded data,
resulting in a map

UV (2 x RYx RIY — [2 x RY x R]Y,
(gl Py 2)Vly > (@ 2DV,

where (g}, p},2) == ¥,(q, P 2p). forj = 1,...,N;
Step (c) approximate the underlying solution at a fixed time ¢ € [0, T], for T sufficiently small, by
interpolating the data (input/output pairs) {(qﬁ, z’ )} . |» leading to a reconstruction map:

R:[£2 xRN - C'(Q),
() 5.0

If we let P denote the projection map, which takes [£2 x R? x RN to [£2 x R]Y, then, for fixed

T sufficiently small, we have defined an approximation of S;r 0 Crer(£2) — Cpe(£2), denoted S
C;r)er(Q) — C"(£2), and defined by

S, =RoPoW¥WNok&. 4.1

It is a consequence of Proposition 3.2 that our approximation S, is well defined for all inputs u, from
compact subset F C per(.Q) r > 2, 1in some interval ¢ € [0, T, for T sufficiently small. However, the
resulting approximation does not obey the semigroup property with respect to ¢ and should be interpreted
as holding for afixed ¢ € [0, T], T sufficiently small. Furthermore, iterating the map obtained for any such
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fixed ¢ is not in general possible unless S, maps JF into itself. The requirement that S; maps F into itself
would also be required to prove the existence of a semigroup for (HJ); for our operator approximator S,
we would additionally need to ensure periodicity of the reconstruction step, something we do not address
in this paper.

If the underlying solution u(g,t) of (HJ) exists up to time ¢, and if it is C> then the method of
characteristics can be applied, and the above procedure would reproduce the underlying solution, in
the absence of approximation errors in Steps (b) and (c), i.e., in the absence of approximation errors of
the Hamiltonian flow ¥, ~ @,", and in the absence of reconstruction errors. We will study the effect of
approximating Step (b) by use of an ReLU neural network approximation of the flow 'J/,T and by use
of a moving least squares interpolation for Step (c). In the following two subsections we define these
two approximation steps, noting that doing so leads to a complete specification of S,. This complete
specification is summarized in the final Subsection 4.3.

4.1 Step (b) ReLU network

We seek an approximation ¥, to '1/; in the form of an ReLU neural network (2.1), as summarized in
Section 2.1.1, with input and output dimensions D y = Dy, = 2d + 1, and taking the concatenated input
x = (qg,Pg-29) € 2 X RY x R to its image in R? x R? x R. We use 27-periodicity to identify the
output in the first d components (the spatial variable ¢) with a unique element in £2 = [0, 2]¢. With
slight abuse of notation this results in a well-defined mapping

v, 2 X R xR — 2 x R x R, (90-Po-20) = ¥:(q0,Po» 20)-

Let /1 denote a probability measure on £2 x R? x R. We would like to choose 6 to minimize the loss
function

L(0) = E4P9™M W, (q.p.2:0) — ¥/ (g.p. D).

In practice, we achieve this by an empirical approximation of y, based on N i.i.d. samples, and numerical
simulation to approximate the evaluation of lII,T( -) on these samples. The resulting approximate
empirical loss can be approximately minimized by stochastic gradient descent (Robbins & Monro, 1951;
Goodfellow et al., 2016), for example.

4.2 Step (c) moving least squares

In this section we define the interpolation mapping R : {¢,, z;}j\': | = u(-,1), employing reconstruction

by moving least squares (Wendland, 2004). In general, given a function f : £2 — R, here assumed to
be defined on the domain £ = [0,27]¢, and given a set of (scattered) data {¢/, Z };V: 1» where 7 = f t (¢)

for Q = {q',...,q"} C £, the method of moving least squares produces an approximation foa=f A
which is given by the following minimization (Wendland, 2004, definition 4.1):

N
. .72 .
fooa@ =mind 3[4 = P@)] #5— )| Pex,t. (42)

Jj=1
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Here, 7, denotes the space of polynomials of degree n, and ¢5(g) = ¢(g/d) is a compactly supported,
non-negative weight function. In the following text we will choose n := r — 1, where r is the degree of
smoothness of /T € C"(£2). We will assume ¢( -) to be smooth, supported in the unit ball B,(0), and
positive on the ball B, ,(0) with radius 1/2.

The approximation error incurred by moving least squares can be estimated in the L°°-norm, in terms
of suitable measures of the ‘density’ of the scattered data points ¢/, and the smoothness of the underlying
function f¥ (Wendland, 2004). The relevant notions are defined next, in which | - | denotes the Euclidean
distance on £2 ¢ R%.

DerNiTION 4. 1. The fill distance of a set of points Q = {q!, ..., 4"} C £2 forabounded domain £2 ¢ R
is defined to be

hy o = sup min |g— 7.
qei=1..N

The separation distance of 9 is defined by

Po =5 k;;-"q -l

A set 9 of points in £2 is said to be quasi-uniform with respect to « > 1, if
P =hg o = kpgy.

¢

Combining the approximation error of moving least squares with a stability result for moving least
squares, with respect to the input data, leads to the error estimate that we require to estimate the error in
our proposed HJ-Net. Proof of the following may be found in Appendix C. The statement involves both
the input data set Q and a set QF, which Q is supposed to approximate, together with their respective
fill-distances and separation distances.

ProposiTion 4.2 (Error stability). Let £2 = [0, 27r]d C‘Rd and consider function f T e C"(R), for some
fixed regularity parameter r > 2. Assume that 9F = {¢/f }j\lz | 18 quasi-uniform with respect to « > 1. Let

¢.7 }szl be approximate interpolation data, and define Q := {¢/ };.V: 1» where, for some p € (0, % pQT)
and € > 0, we have

¢ — ¢ <p, |1Z—f@) <e.

Using this approximate interpolation data let f; , := f. 5, be obtained by moving least squares (4.2)
with n := r — 1. Then, there exist constants &, y, C > 0, depending only on d, r and ¥ > 1, such that,
for hy o < hy and moving least squares scale parameter 8 := yh, ;,, we have

I =gl = € (I iy o+ + 1 lcip) - (43)

¢
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Algorithm 1 Pruning

Input: Interpolation points Q = {¢/ }jN: 1
Output: Pruned interpolation points Q' = {q"k}k’”=1 with fill distance hQ,’ o =< ShQ’_Q, and Q' is quasi-
uniform for k = 3, i.e.,

,OQ/ < hQ/,Q < 3,0Q/

procedure
Setm < 1,j; < land Q' « {q"}.
while m < N do
Given Q' = {¢/,...,¢/"} C Q, does there exist ¢* € Q, such that

B¢y N Byg") =07

=1

if Yes then
Setj,. <k,
Set 0/ < Q'U{q"},
Setm < m+ 1.

else
Terminate the algorithm.

end if

end while
end procedure

REMARK 4.3. The constants C and y in the previous proposition can be computed explicitly (Wendland,
2004, see theorem 3.14 and corollary 4.8). O

Proposition 4.2 reveals two sources of error in the reconstruction by moving least squares: the first
term on the right-hand side of (4.3) is the error due to the discretization by a finite number of evaluation
points ¢/. This error persists even in a perfect data setting, i.e., when ¢ = ¢/'" and 7 = £ (¢>"). The last
two terms in (4.3) reflect the fact that in our intended application to HJ-Net the evaluation points ¢/ and
the function values 7 are only given approximately, via the approximate flow map ¥, ~ lI/[T, introducing
additional error sources.

The proof of Proposition 4.2 relies crucially on the fact that the set of evaluation points Q = {¢/ }JN: 1

is quasi-uniform. In our application to HJ-Net these points are obtained as the image of (q{), p{), z{)) =

(q{), uno (q6), Ug (q{))) under the approximate flow ¥,. In particular, they depend on u; and we cannot
ensure any a priori control on the separation distance p,. Our proposed reconstruction R therefore
involves the pruning step, stated as Algorithm 1. Lemma C.3 in Appendix C shows that Algorithm 1
produces a quasi-uniform set Q' C Q with the desired properties asserted above.

Given the interpolation by moving least squares and the pruning algorithm we finally define the

reconstruction map R : {(¢,, zi)}]’.\': | — [.o- In our application the interpolation data are connected
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Algorithm 2 Reconstruction R

(1) Given approximate interpolation data {qﬁ, z’ }N | at data points Q = {q,l, o N1, determine a quasi-
uniform subset Q' = {¢* ¥, C O by Algorithm 1.

(2) Given a degree of smoothness r € N.,, define f, , := 2On=r—1 a8 the moving least squares

interpolant (4.2), based on the (pruned) interpolation data {(q’k,z’k)} hey With é = yhy o, and y
the constant in Proposition 4.2.

with a ground truth map f* € C’"(£2). The following algorithm assumes knowledge of the degree of
smoothness 7:

4.3  Summary of HJ-Net

Thus, in the final definition of HJ-Net given in equation (4.1) we recall that £ denotes the encoder
mapping

ug = Euy) == (qé,Vuo(qé),uo(qg)) .

The mapping
(b7 b) = (b 2) =, (o 40)

approximates the flow ¥, for each of the triples, (q{), p’b,zé), j = 1,...,N, and @ is trained from
data to minimize an approximate empirical loss. And, finally, the reconstruction R is obtained by

applying the pruned moving least squares Algorithm 2 to the data {qﬁ, Dis z’ } * ; at scattered data points
0, = {q, ,...,q"} and with corresponding values z, = (z, ,...,ZY), to approximate the output u(g, 1) ~

Jor0,(@-

5. Error estimates and complexity

Subsection 5.1 contains statement of the main theorem concerning the computational complexity of
HIJ-Net, and the high level structure of the proof. The theorem demonstrates that the curse of parametric
complexity is overcome in this problem in the sense that the cost to achieve a given error, as measured by
the size of the parameterization, grows only algebraically with the inverse of the error. In Subsections 5.2
and 5.3 we provide a detailed discussion of the approximation of the Hamiltonian flow and the moving
last squares algorithm, which, together, lead to the proof of Theorem 5.1. Proofs of the results stated in
those two subsections are given in the appendix.

5.1 HJ-Net beats the curse of parametric complexity

THEOREM 5.1 (HJ-Net approximation estimate). Consider equation (HJ) on periodic domain £ =

[0,27]%, with Chper initial data and Hamlltoman H e C{)e*rl, where r > 2. Assume that H satisfies the

no-blowup Assumption 3.1. Let F* C Cj, be a compact set of initial data, and let 7 < T*(F), where
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T*(F) is given by Proposition 3.2. Then, there is constant C = C(T,d,r,H, F) > 0, such that for any
€ > 0andt e [0, T] there exists a set of points Q, = {ql, o ,qN }, optimal parameter 6, and neural
network ¥, (- ) = ¥,(-;6,) such that the corresponding HJ-Net approximation given by (4.1), with Steps
(b) and (c) defined in Subsections 4.1 and 4.2, respectively, satisfies

sup ||, (ug) — S, (ug)ll; < €.
MQE]:

Furthermore, we have the following complexity bounds: (i) the number N of encoding points Q. =
{¢ }jN: | from Step (a) can be bounded by

N < Ce 4, (5.1
and (ii) the neural network ¥,(-) = ¥,(-;6,) from Step (b), Subsection 4.1, satisfies
depth(¥,) < Clog(e™!), size(¥,) < Ce= @4t D/ og(e™ ). (5.2)

O

Proof. We first note that, for any u, € F and T < T*(F), Proposition 3.2 shows that the solution u

of (HJ) can be computed by the method of characteristics up to time 7. Thus, S;r is well defined for
any ¢ € [0, T]. We break the proof into three steps, relying on propositions established in the following
subsections, and then conclude in a final fourth step.

Step 1 (Neural network approximation). Let M be given by

M :=1vV sup sup [|[Vug(q)llpc vV sup sup |uy(q)l,
upeF qes2 ugeF qes2

where a V b denotes the maximum. By this choice of M we have Vu(g) € [-M, M, ug(q) € [—M,M]
for all uy € F, g € §2. By Proposition 5.4 there exists a constant 8 = B(d, Ly,t) > 1, and a constant
C > 0, depending only on M, d, ¢, and the norm || H|| -r+1 (T x [—BM, M) > such that the Hamiltonian flow

map ¥,' (3.7) can be approximated by a neural network ¥, with
size(W,) < Ce~ @4t D/Mog(e™1),  depth(¥,) < Clog(e ™),

and

sup W,(4o> Por 20) — Wi (do»Po» 20)| < €. (5.3)
(90,P0520) €82 X [—M M9 x [—M ,M]

Step 2 (Choice of encoding points). Fix p > 0, to be determined below. Let Q := pZd N [0,27]4
denote an equidistant grid on [0,27]¢ with grid spacing p. Enumerating the elements of Q we write
0= {q(l), R qf)v }, where we note that there exists a constant C; = C;(d) > 0 depending only on d, such
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that N < C, ,o_d; equivalently,

IA
=]~

(5.4)

O|b&

For any u, € F let
0y = {di" | 41" = au(ao- ). dh € Qs Py = Vigota)} (55)

be the set of image points under the characteristic mapping defined by u,. Since QZO = { qﬁT };V: isasetof
N points it follows from the definition of the fill distance that N balls of radius & o o cover 2 =[0,2r714.
g

A simple volume counting argument then implies that there exists a constant Cy = Cy(d) > 0, such that
1/N < C, he . _;equivalently,
Q2

1

v = hg s Vu, € F. (5.6)

Given € from Step 1 we now choose p := (COCI)l/del/’, so that by (5.4) and (5.6),

d
ar _ L P70

— L <<

€ = ! =<
CyC, ~ CoN ~

d-‘- 5 VMO e F.
ol,.2

We emphasize that Cy), C; depend only on d, and are independent of u, € F and €. We have thus shown
that if O, = {g',...,4"} is an enumeration of pZ% N [0,271¢ with p := (COCl)l/del/’ then the fill
distance of the image points QZO under the characteristic mapping satisfies

e<h. . VYueF. (5.7)
Moa

In particular, this step defines our encoding points Q,.

Step 3 (Interpolation error estimate). Let O, be the set of evaluation points determined in Step 2.
Since Q, is an equidistant grid with grid spacing proportional to €!/” the fill distance of Q_ is bounded
byhy o = Cel/r, where the constant C = C(d) > 1 depends only on d. By Proposition 5.7 there exists

a (possibly larger) constant C = C(d, t,H, F) > 1, such that for all u, € F the set of image points on
under the characteristic mapping (5.5) has uniformly bounded fill distance

hQZOﬂ <Cer, Yuye F. (5.8)

Furthermore, taking into account (5.7) the upper bound (5.3) implies that

sup W,(q0,Po> 20) — ‘I’f (q0,Py>29)| < hz)z

9
(G0.00.20) €T x [~ M M4 x [~M.M] 082
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for any u, € F. In turn, this shows that the approximate interpolation data (qi,zi) =Po l,I/t(qio, p{),z{)),

Jj=1,...,N, obtained from the neural network approximation ¥, ~ W: by (orthogonal) projection P
onto the first and last components, satisfy

qlt'_q;',’f <K

=0l

4-ud’ | <n

0l 2°

where u(g, t) denotes the exact solution of the HJ PDE (HJ) with initial data u, € F. By Proposition
5.6 there exists a constant C > 0, depending only on d and r, such that the pruned moving least squares
approximant fz,Quo obtained by Algorithm 2 with (approximate) data points Q, = {q},...,qﬁv } and

corresponding data values z = {z/,...,7z"} satisfies

fluC-, 1) _fz,QuO Loy = C (1 + [lu(C- J)”cr(g)) h (5.9

.
0i,.2

Step 4 (Conclusion). By the short-time existence result of Proposition 3.2 there exists C =
C(H,F,t) > 0, such that |u(- Dlergy = € for any solution u# of the Hamilton—Jacobi equation
(HJ) with initial data u(-,t = 0) = u, € F. By definition of the HJ-Net approximation we have

S,(uy) = fz,Qu0 and by definition of the solution operator S;f (ug) = u(-,1). We thus conclude that

5.9 5.8
. 4 ¥
||SZ(MO) — Sl" (Mo)”Loo < Chr + < CG,

for a constant C = C(T,d,r,H,F) > 0, independent of €. Since € is arbitrary replacing € by €/C
throughout the above argument implies the claimed error and complexity estimate of Theorem 5.1. [J

REMARK 5.2 (Nonuniform sampling). In practice, an input-function-dependent, nonuniform sampling
could improve the results of the moving least squares interpolant. This is especially relevant, given the
potentially rapid growth of second- and higher order derivatives along characteristics. However, this
would likely not lead to faster asymptotic convergence rates, motivating us to restrict attention to the
uniformly sampled setting for our analysis, for simplicity. ¢

REMARK 5.3 (Overall computational complexity of HJ-Net). The error and complexity estimate of
Theorem 5.1 implies that for moderate dimensions d, and for sufficiently smooth input functions u, €

FC C{)er, with 7 > 3d+ 1, the overall complexity of this approach scales at most linearly in € ~!: Indeed,

the mapping of the data points (g, ppy, ) — (¢}, p;.2) forj = 1,..., N requires N forward-passes of the
neural network ¥,, which has O(e~@4+D/ 1og(e1)) internal degrees of freedom. Since N = O(e ~4/")
the computational complexity of this mapping is thus bounded by O(e =G4+ D/" Jog(e 1)) = O(e71).
A naive implementation of the pruning algorithm requires at most O(N?) = O™ 2"y = 0(e™ 1)
comparisons. The computational complexity of the reconstruction by the moving least squares method
with m < N (pruned) interpolation points and with M ~ €~4/" evaluation points can be bounded by
O(m + M) = O(e~ %" + M) = O(e~") (Wendland, 2004, last paragraph of chapter 4.2). In particular,
the overall complexity to obtain an e-approximation of the output function S, (u,) ~ StT (up) ate.g., the
encoding points Q, (with M = |Q | ~ €~4/") is at most linear in e 1. O
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Theorem 5.1 shows that for fixed d and r the proposed HJ-Net architecture can overcome the general
curse of parametric complexity in the operator approximation S ~ S' implied by Theorem 2.11 even
though the underlying operator does not have higher than C"-regularity. This is possible because HJ-Net
leverages additional structure inherent to the HJ PDE HJ (reflected in the method of characteristics), and
therefore does not rely solely on the C"-smoothness of the underlying operator S™.

5.2 Approximation of Hamiltonian flow and quadrature map

In this subsection we quantify the complexity of e-approximation by an ReLU network as defined in
Subsection 4.1.

Recall that ¥, : 2 x R? x R — 2 x R? x R comprises solution of the Hamiltonian equations
(3.1) and quadrature (3.2), leading to (3.4). An approximation ¥, : 2 x RY x R — 2 x RY x R of this
Hamiltonian flow map is provided the by the following proposition, proved in Appendix D.

PropositioN 5.4. Let 2 = [0, 2n]d. Letr > 2, and ¢ > 0 be given, and assume that H € Cf,jrl (£2 x Rd)
satisfies the no-blowup Assumption 3.1 with constant Ly; > 0. Then, for any M > 1, there exist constants
B := (1+d) exp(Lyt)and C = C (IIHIICM(QX[_ﬁMﬁM]d),M, r,d, t) > 0, such that for all € € (0, %]
there is an ReLU neural network ¥,(-) = ¥,(-;6,) satisfying

sup Wa0-Por20) — W (G0 20)| = € (5.10)

(40+P0,20) €82 X [~M M4+
satisfying

size(¥,) < Ce~ @40/ og (E_l), depth(¥,) < Clog (E_l) .

RemARK 5.5. Using the results of Yarotsky & Zhevnerchuk (2020); Kohler & Langer (2021); Lu et a<l>.
(2021a) one could in fact improve the size bound of Proposition 5.4 somewhat: neglecting logarithmic
terms in €1 it can be shown that a neural network with size(¥,) S e~ @+1/D/r quffices. However,
this comes at the expense of substantially increasing the depth from a logarithmic scaling depth(¥,) <
log(e™1), to an algebraic scaling depth(¥,) < e~ +1/2)/r, O

5.3 Moving least squares reconstruction error

In this subsection we discuss error estimates for the reconstruction by moving least squares, based on
imperfect input—output pairs, as defined in Subsection 4.2.
We recall that the reconstruction R in the HJ-Net approx1mat10n is obtained by applying the pruned

moving least squares Algorithm 2 to the data {qf, 1, where (qi, p,,z’ ) are obtained as (qé, p,,z’ ) =
4 (q{), p{),z," ) with fixed evaluation points {q6 —; C £2, and where pf) =V uo(qio) z’ = “0(6110

are determined in terms of a given input function u,, so that zﬂ ~ u(qi, t) is an approximation of the
corresponding solution u( -, ¢) at time ¢.

In the following text we first derive an error estimate in terms of the fill distance of Q, = {q; j_l, in
Proposition 5.6. Subsequently, in Proposition 5.7, we provide a bound on the fill distance A, ¢, at time
¢ in terms of the fill distance &, ¢, at time 0. Proof of both propositions can be found in Appendix D.
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ProposITION 5.6. Let £2 = [0,27]¢ C R¢ and fix a regularity parameter > 2. There exist constants
hy, C > 0 such that the following holds: assume that QT = {q”, - ,qN ’T} C $£2 is a set of N evaluation
points with fill distance Ay o < hy. Then, for any 27 -periodic function f Te C{)er(.Q), and approximate

input—output data {(¢/, 2/ )}J.A; |» such that

@ =& <y g0 12— FT @D <y g

the pruned moving least squares approximant f, ,, := f, 5 ,—,_; of Algorithm 2 with interpolation data
points Q = {q',...,q"} and data values z = {z!,...,z"} satisfies

"~ fogllzeqey < € (1 + |lfT||c'(:2)) ot

O

In contrast to Proposition 4.2, Proposition 5.6 includes the pruning step in the reconstruction, and
does not assume quasi-uniformity of either the underlying exact point distribution Q7 or the approximate
point distribution Q. To obtain a bound on the reconstruction error we can combine the preservation of
C"-regularity implied by the short-time existence Proposition 3.2, with the following:

ProrosiTiON 5.7. Let £2 = [0, 27r]d, let r > 2 and assume that the Hamiltonian H € ngrl (£2 x Rd) is

periodic in ¢ and satisfies Assumption 3.1 with constant Ly, > 0. Let J C Cj,.,(£2) be a compact subset
and fix t < T*. Then, there exists a constant C = C(H, F, Ly, t) > 0, such that for any set of evaluation

points Q = {q{)}jy: | C £2, and for any u, € F the image points

0}, = |4

QiZ(pZuo(q{))’j: 1"'-’N} C £,

under the spatial characteristic mapping <DZ uw * 90 7> 4:(q0, Vqup(qp)), satisfy the following uniform
bound on the fill distance:

hQIOaQ S ChQ,Q

O

6. Conclusions

The first contribution of this work is to study the curse of dimensionality in the context of operator
learning, here interpreted in terms of the infinite-dimensional nature of the input space. We state a
theorem that, for the first time, establishes a general form of the curse of parametric complexity, a
natural scaling limit of the CoD in high-dimensional approximation, characterized by lower bounds
that are exponential in the desired error. The theorem demonstrates that in general it is not possible to
obtain complexity estimates, for the size of the approximating neural operator, that grow algebraically
with inverse error unless specific structure in the underlying operator is leveraged; in particular, we
prove that this additional structure has to go beyond C”- or Lipschitz-regularity. This considerably
generalizes and strengthens earlier work on the curse of parametric complexity in Lanthaler (2023),
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where a mild form of this curse had been identified for PCA-Net. As shown in this work our result
applies to many proposed operator learning architectures including PCA-Net, the FNO and DeepONet,
and recent nonlinear extensions thereof. The lower complexity bound in this work is obtained for
neural operator architectures based on standard feedforward ReLU neural networks, and could likely
be extended to feedforward architectures employing piecewise polynomial activations. It is of note that
algebraic complexity bounds, which seemingly overcome the curse of parametric complexity of this
work, have recently been derived for the approximation of Lipschitz operators (Schwab et al., 2023);
these results build on nonstandard neural network architectures with either superexpressive activation
functions, or nonstandard connectivity, and therefore do not contradict our results. In fact, a recent follow-
up (Lanthaler, 2024) to this work sheds further light on this question from an information-theoretic
perspective, resulting in a statement of the curse of parametric complexity, which is independent of the
activation function.

The second contribution of this paper is to present an operator learning framework for HJ equations,
and to provide a complexity analysis demonstrating that the methodology is able to tame the curse of
parametric complexity for these PDE. We present the ideas in a simple setting, and there are numerous
avenues for future investigation. For example, as pointed out in Subsection 3.3, one main limitation
of the proposed approach based on characteristics is that we can only consider finite time intervals on
which classical solutions of the HJ equations exist. As already pointed out, there it would be of interest
to extend the methodology to viscosity solutions, after the potential formation of singularities. It would
also be of interest to combine our work with the work on CoD with respect to dimension of Euclidean
space, cited in Section 1. Furthermore, in practice we recommend learning the Hamiltonian flow, which
underlies the method of characteristics for the HJ equation, using symplectic neural networks (Jin ef al.,
2020). However, the analysis of these neural networks is not yet developed to the extent needed for
our complexity analysis in this paper, which builds on the work in (Yarotsky, 2017). Extending the
analysis of symplectic neural networks, and using this extension to analyse generalizations of HJ-Net as
defined here are interesting directions for future study. Finally, we note that it is of interest to iterate
the learned operator. In order to do this we would need to generalize the error estimates to the C!
topology. This could be achieved either by interpolation between higher order C°* bounds of the proposed
methodology for s > 1 combined with the existing error analysis, or by using the gradient variable p in the
interpolation.
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Appendix A. Proof of curse of parametric complexity

A.1 Preliminaries in finite dimensions

Our goal in this section is to prove Proposition 2.1, which we repeat here:

To this end we recall and extend several results from Yarotsky (2017) on the ReLU neural network
approximation of functions f : R? — R. Subsequently, these results will be used as building blocks to
construct functionals in the infinite-dimensional context, leading to a curse of parametric complexity in
that setting, made precise in Theorem 2.11. Here, we consider the space C’(RD ) consisting of r-times
continuously differentiable functions f : R” — R. We denote by

Fp, = {f e C"(RP)

sup sup |Df(x)| < 1}

lee] <r xeRP

the unit ball in C"(RP). For technical reasons it will often be more convenient to consider the subset
Fp, C Fp, consisting of functions f € F, . vanishing at the origin, f(0) = 0.

RemMARK Al. We note that previous work (Yarotsky, 2017) considers the Sobolev space W"°°([0, 11°)
and the unit ball in W ([0, 1]), rather than C"(RP) and our definition of F p,r- 1t turns out that the
complexity bounds of Yarotsky (2017) remain true also in our setting (with essentially identical proofs).
We include the necessary arguments below. O
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Letf : RP — R be a function. Following (Yarotsky, 2017, section 4.3) we will denote by N (f, €)
the minimal number of hidden computation units that is required to approximate f to accuracy € by an
arbitrary ReLLU feedforward network ¥, uniformly over the unit cube [0, 11°,ie, N (f, €) is the minimal
integer M such that there exists an ReLU neural network ¥ with at most M computation units* and such
that

sup |f(x) —¥ ()| <e.
xe[0,17P

RemArk A2. We emphasize that, even though the domain of a function f' € Fp,, is by definition the
whole space R?, the above quantity A (f,€) only relates to the approximation of f over the unit cube
[0, 17°. The reason for this seemingly awkward choice is that it will greatly simplify our arguments later
on, when we construct functionals on infinite-dimensional Banach spaces with a view towards proving
an infinite-dimensional analogue of the CoD. O

Note that the number of (nontrivial) hidden computation units M of a neural network ¥ : R — R
obeys the bounds M < size(¥) < 5DM*: the lower bound follows from the fact that each (nontrivial)
computation unit has at least one nonzero connection or a bias feeding into it. To derive the upper bound
we note that any network with at most M computation units can be embedded in a fully connected
enveloping network (allowing skip-connections) (Yarotsky, 2017, cf. fig. 6(a)) with depth M, width M,
where each hidden node is connected to all other M?> — 1 hidden nodes plus the output, and where each
node in the input layer is connected to all M> hidden units plus the output. In addition, we take into
account that each computation unit and the output layer have an additional bias. The existence of this
enveloping network thus implies the size bound

size(W) < M*(M?> = 1) + M> +DM?* + 1)+ M + 1
——

hidden connections input conn. biases

<M*+2DM* + M + 1 < 5DM*,

valid for any neural network ¥ : RP — R with at most M computation units.
In view of the lower size bound, size(¥) > M, Proposition 2.1 above is now clearly implied by the
following:

ProposiTioN A3. Fix r € N. There is a universal constant y > 0 and a constant € = €(r) > 0, depending
only on r, such that for any D € N there exists a function f}, € Fp, . for which

N(fp.€) > e 7PIr ve <e.
O

As an immediate corollary of Proposition A3 we conclude that f;, cannot be approximated to accuracy
€ by a family of ReLU neural networks ¥, with

size(W,) = o(e 7P/,

The latter conclusion was established by Yarotsky (Yarotsky, 2017, theorem 5) (with y = 1/9).
Proposition 2.1 improves on Yarotsky’s result in two important ways: firstly, it implies that the lower

4 The number of computation units equals the number of scalar evaluations of the activation o in a forward-pass, cf. Anthony
& Bartlett (1999).

920z Iudy /g uo Jesn ABojouyos | Jo synysu| elwioyed Aq yZy9ez8/Ly9/2/9p/aone eulewl/woo dno oiwapeoe//:Sdy Wo.y papeojumod



686 S. LANTHALER AND A. M. STUART

bound size(¥,) > €YD/ holds for all € < €, and not only along a (unspecified) sequence ¢, — 0;
secondly, it shows that the constant € can be chosen independently of D. This generalization of Yarotsky’s
result will be crucial for the extension to the infinite-dimensional case, which is the goal of this work.

To prove Proposition A3 we will need two intermediate results, which build on Yarotsky (2017). We
start with the following lemma providing a lower bound on the required size of a fixed neural network
architecture, which is able to approximate arbitrary f € F p, to accuracy € > 0. This result is based
on (Yarotsky, 2017, theorem 4(a)), but explicitly quantifies the dependence on the dimension D. This
dependence was left unspecified in earlier work.

Lemma A4. Fix r € N. Let ¥ = W (-;0) be an ReLU neural network architecture depending on
parameters 0 € RY. There exists a constant ¢y = ¢o(r) > 0, such that if

sup inf |[f = ¥ (-3 0)ll oo qo.170) = €
o 0cRW
fEFD,r

for some € > 0 then W > (coe)_D/zr. O

Proof. The proof in Yarotsky (2017) is based on the Vapnik—Chervonenkis (VC) dimension. We will not
repeat the entire argument here, but instead discuss only the required changes in the proof of Yarotsky,
which are needed to prove our extension of his result. In fact, there are only two differences between the
proof our Lemma A .4, and (Yarotsky, 2017, theorem 4(a)), which we now point out: the first difference
is that we consider F p.r» consisting of C"(RP) functions vanishing at the origin, whereas Yarotsky (2017)
considers the unit ball in W"*°([0, 1]°). Nevertheless, the proof of Yarotsky (2017) applies to our setting
in a straightforward way. To see this we recall that the construction in (Yarotsky, 2017, proof of theorem
4, eq. (35)) considers f € F, . of the form

NP

f@ =Dy, 6(N&—x,)), (A.1)

m=1

with coefficients y,, to be determined later, and where ¢ : RP - Risa C® bump function, which is
required to satisfy”

¢0)=1 and ¢(x) =0, if [|x| 0 > 1/2. (A2)
In (A.1), the points xy,...,xyp € [0, 11P are chosen such that the ¢£>°-distance between any two of
them is at least 1/N. We can easily ensure that f(0) = 0, by choosing the points x,, to be of the form
(1s---.ip)/N, where j,...,jp € {1,...,N}. Then, since for any multi-index « of order || < r the

mixed derivative

max |[D“f(x)| < N" max |y,,| max [D“@ (x)|,
X m X

any function f of the form (A.1) belongs to F p.r» provided that

max |y, | < &N,
m

3> We note that choosing the £*° to define the set where ¢ (x) = 0, rather than the 2 Euclidean distance as in Yarotsky (2017), is
immaterial. The only requirement is that the support of the functions on the right-hand side in the definition (A.1) do not overlap.
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where

—1
Elz(sup sup |D°‘¢>(x)|) . (A.3)

le|<r xe[0,11P

As shown in Yarotsky (2017) the above construction allows one to encode arbitrary Boolean values
215 .-,2yp € {0, 1} by construction suitable f € F Do this in turn can be used to estimate a VC-dimension
related to ¥ (- ; 8) from below, following verbatim the arguments in Yarotsky (2017). As no changes are
required in this part of the proof we will not repeat the details here; Instead, following the argument
leading up to (Yarotsky, 2017, eq. (38)), and under the assumptions of Lemma A .4, Yarotsky’s argument
immediately implies the following lower bound:

~ (36)_D/2r
W>¢co\ = s
A

where ¢ is an absolute constant.

To finish our proof of Lemma A .4, it remains to determine the dependence of the constant ¢, in (A.3),
on the parameters D and r. To this end, we construct a specific bump function ¢ : R — R. Recall that
our only requirement on ¢ in the above argument is that (A2) must hold. To construct suitable ¢, let
¢9: R — R, & > ¢(&) be a smooth bump function such that ¢((0) = 1, [[¢gll;~ < 1 and ¢p5(§) =0
for || > 1/2. We now make the particular choice

D
P (xp...oxp) = [ [ do(x).

j=1
Leta = (aq,...,ap) be a multi-index with || = Zjil o =T Letk := |{aj # 0} denote the number
of nonzero components of @. We note that k < r. We thus have
D
ID°¢@)| = [T 10| < [T 1Dl < g0l < Ioller)-
j=1 o;#0
In particular, we conclude that ¢, = [sup)y| <, SUPye(o, 172 |D¥@ (x) |1=! can be bounded from below by

C| =7¢Cy = ||¢0||Err ®)’ where ¢, = ¢, (r) clearly only depends on r, and is independent of the ambient
dimension D. The claimed inequality of Lemma A.4 now follows from

3¢ —-D/2r 3¢ —D/2r 3¢ —D/2r
A s(—2¢ (% ,
_CO(Cl) N ((50/\1)2”1)52) N ((50/\1)2/52)

i.e., we have W > (cy€) ~P/?" with constant
3
Co = = o=
(co A 1)*ey(r)
depending only on r. (]

While Lemma A4 applies to a fixed architecture capable of approximating all f € F p.r» our goal is

to instead construct a single f € F p.r for which a similar lower complexity bound holds for arbitrary
architectures. The construction of such f will rely on the following lemma, based on (Yarotsky, 2017,
Lem. 3):
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Lemma AS. Fix r € N. For any (fixed) € > 0, there exists f, € F p.r» Such that

N(f. ) = D7V e 7P,
where ¢; = ¢;(r) > 0 depends only on r. O
Proof. As explained above, any neural network (with potentially sparse architecture), ¥ : RP? — R,

with M computation units can be embedded in the fully connected architecture lf/( 10), 0 € RV, with
size bound W < 5DM*. By Lemma A4, it follows that if W < 5DM* < (coe)_D/ 2r_then there exists

f. € Ii"D’,, such that
inf f L 4 ~;9 loc>€.
0eRW I € ( )”

Expressing the above size bound in terms of M, it follows that for any network ¥ with M <
(5D)"Y 4(coe)_D/ 8r computation units, we must have ||f, — ¥|; > €. Thus, approximation of f,
to within accuracy € requires at least M > (5D)~ !/ 4(coe)’D/ 8 computation units. From the definition
of N(f., €), we conclude that

N(fe.€) = D41 e)7P,
for this choice of f, € F p.r» With constant ¢; = 5%¢,(r) depending only on r. O

Lemma A5 will be our main technical tool for the proof of Proposition A3. We also recall that N (f, €)
satisfies the following properties, (Yarotsky, 2017, eq. (42)—(44)):

N(af,|ale) = N(f,¢), (A.4a)
N(f £ge+1gl) <N(f,e), (A.4b)
N(fy £, €1 +€) < N(fi,€) + N(fy, €). (Adc)

Proof (Proposition A3). We define a rapidly decaying sequence €, — 0,by ¢; = 1/4and ¢, | = e,%,

so that by recursion €, = 2-2" We also define a, = %6 ,1/ 2= %€k71~ For later reference, we note that
since €, < 1/2 for all k, we have
< 1 2 1<
E asz—(ek—i—e,%—i—elf +...)§-ek22—“=ek. (A.5)
2 2
s=k+1 s=0

Our goal is to construct f € F, p,r Of the form

o
f=> af. withf,eF, VkeN.
k=1

We note that ; < 2% hence if f is of the above form then,

e ¢]

" ller =1, f(O)= f,(0) =0,
Fller <D aglfiller <1, £(0) Za&

s=1 s=1 -0
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implies that f € F p.r irrespective of the specific choice of f; € F p.r- In the following construction, we
choose y := 1/32 throughout. We determine f; recursively, formally starting from the empty sum, i.e.,
f = 0. In the recursive step, given f, ..., f;_;, we distinguish two cases:

Case 1: Assume that
k—1
N(Z asfx,Zek) > ek_yD/r.
s=1
In this case, we set f; := 0, and trivially obtain

k
N (Z asfS,ZEk) > 7P (A.6)

s=1
Case 2: In the other case, we have
k—1
/\/(Z asfs,2ek) <P
s=1

Our first goal is to again choose f;, such that (A.6) holds, at least for sufficiently large k. We note that, by
the general properties of \V, (A.4c), and the assumption of Case 2:

k k—1
N (Z af,, 2ek) > N(ayfy,4¢) — N (Z af,, 2€k)
s=1

s=1

> N(ayf,, 4¢) — e 77" (A7)
By Lemma A5, we can find f;, € F p.r» Such that

A.da)
| _ _
Ny, 4¢) = N(fy, e, /ap) = N'(fy, 4e)’*) = D714 (8¢ el/*)~P/% (A.8)

This defines our recursive choice of f; in Case 2. By (A.7) and (A.8), to obtain (A.6) it now suffices to
show that

D—1/4(8016;/2)—D/8r > ZE;VD/{
It turns out that there exists € > 0 depending only on 7, such that

(Schek)*D/m’ > 2D1/4ek—yD/r _ (27r/yDDfr/(4yD)Ek)fyD/r,

for all ¢, < €, and where y = 1/32. In fact, upon raising both sides to the exponent —32r/D, it is
straightforward to see that this inequality holds independently of D € N, provided that

inf,, D~/ (4rD)
%= Tosrge (E
[2°78¢(r)]
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where we note that inf, D~"/#’P) > 0 on account of the fact that lim,, , ., D~!/P = 1. Define € by

inf,, D~"/¢rD)
€ <X —ro——

€(r) ;= min [k eN 258

With this choice of €, y > 0, and by construction of f;, we then have

k
N (Z af., Zek) > e P (A.9)

s=1
for all ¢, < €. This is inequality (A.6), and concludes our discussion of Case 2.

Continuing the above construction by recursion, we obtain a sequence f,,f,,--- € F,,, such that
(A.9) holds for any k € N such that ¢, < €. Define f = > 72| a,f;. We claim that for any € < € we have

N(f.e)= e PP,

To see this, we fix € < €. Choose k € N, such that ¢, < € and 6]% < € < ¢. Then,

N(f’e) zN(f’Ek) :N(Zasﬁ?’ék)
s=1

(A.4b) k

o0
B
=N 2afvat| 2 af
s=1 s=k+1 L©
k 00
- (Zosat 3 )
s=1 s=k+1
(AiS) s
>N (Z af,, 2ek)
s=1
A.9)
éek—VD/r > 67)/D/2r,

where the last inequality follows from ¢; < € 172 The claim of Proposition A3 thus follows for all € <€,
upon redefining the universal constant as y = (1/32)/2 = 1/64. O

A.2  Proof of Lemma 2.7

Proof (Lemma 2.7). Since the interior of £2 is nonempty, then upon a rescaling and shift of the domain,
we may wlog assume that [0,27]¢ C £2. Let us define e, o< sin(k - x) as a suitable re-normalization of
the standard Fourier sine-basis, indexed by « € N9, and normalized such that lle,llcs = 1. We note that
for each e, we can define a bi-orthogonal functional e} by

—/02 du(x) sin(k - x) dx.
[0.27]
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The norm of e} is easily seen to be bounded by 2. Hence, for any enumeration j — « (j), the sequence
e,(j) satisfies the assumptions in the definition of a infinite-dimensional hypercube.

Furthermore, if j — «(j) is an enumeration of k¥ € N9, such that J = k(I is monotonically
increasing (nondecreasing), we note that any series of the form

o0
u= AZj_O‘yj eciy» v €10,1],
j=1

is absolutely convergent in C*(£2), provided that

oo oo

D ecplleniay ~ D ik (lifs" < oo.
Jj=1 j=1
Inverting the enumeration j = j(k) for x € N9, and setting K := ||« || ;~, we find that

#{x’ e N ‘ Il oo < K} <) < #{x’ e N ‘ il oo < K},

where the number of elements in the lower and upper bounding sets are ~ K¢. We thus conclude that
j(k) ~ K%. We also note that each shell {K e N4 | x|l poo = K}, with K € N, contains ~ K4~! elements.
Thus, we have

o0 o0
— N1 PO—S . — p—s
DI~ DT D ) Ikl
j=1 K=1 |||l o0 =K
o
S Y S D 1 e
K=1 licllgoo =K

o
~ Z K*D(deflefs

iK—l—d(a—l—T).

K
p—s
K=1

=1

The last sum converges if ¢ > 1 — %. Thus, choosing A > 0 sufficiently small then ensures that
0, =0,(Asey,e,,...)isasubsetof K = {u € C*(2) | |ullco < M}. O

A.3  Proof of Theorem 2.11
We now provide the detailed proof of Theorem 2.11, which builds on Proposition A.3 above.

Proof. Fix § > 0. By assumption on K C X, there exists A > 0 and a linearly independent sequence
e}, ey, - € X of normed elements, such that the set Q,, consisting of all u € X’ of the form

o0
U= AZj_ayj e, ¥ €l[0,1],
j=1

defines a subset O, C K.
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Step 1 (Finding embedded cubes ~ [0, 1]”). We note that for any k € N and for any choice of

y; € [0, 1], with indices j = 2%,..., 2" — 1, we have
2k+1_1
u = A2~ (ktha Z vje; € Q- (A.10)
j=2

Set D = 2, and let us denote the set of all such u by Op, in the following. Note that up to the constant
rescaling by A2~ k+Da @D can be identified with the D-dimensional unit cube [0, 1]°. In particular,
since @D C 0, C K, it follows that K contains a rescaled copy of [0, 117 for any such D. Furthermore,
it will be important in our construction that all of the embedded cubes, defined by (A.10) for k € N, only
intersect at the origin.

By Proposition A3, there exist constants y,€ > 0, independent of D, such that given any D = 2k
we can find fj, : RP — R, f), € F p.r» for which the following lower complexity bound holds:

N(fp.€) = 7PI" Ve <@ (A.11)

Our aim is to construct ST : X — R, such that the restriction 8T|§D to the cube @D ~ [0,11°

‘reproduces’ this fp,. If this can be achieved, then our intuition is that ST embeds all fp for D = 2k
k € N, at once, and hence a rescaled version of the lower complexity bound 2, €~VP/" should hold for
any D. Our next aim is to make this precise, and determine the implicit constant that arises due to the
fact that @D is only a rescaled version of [0, 1]°.

Step 2 (Construction of ST). To construct suitable ST, we first recall that we assume the existence of
‘bi-orthogonal’ elements e}, €3, . .. in the continuous dual space X'™*, such that

ef(ej) =6, Vij€ N,

and furthermore, there exists a constant M > 0, such that ||e/’?‘ | v« < M forallj € N. Given the functions
fp = f« from Step 1, we now make the following ansatz for S T

Sty =327 gy (A’IZ("“)“ [e;k(u), . ,e;m_l(u)]) . (A.12)
k=1

Here, fo« = fp (for D = 2K satisfies (A.11) and * = 1 4+ o + §/2. We note in passing that ST defines
a r-times Fréchet differentiable functional. This will be rigorously shown in Lemma A7 below (with
c=A"129).

Step 3 (Relating ST with fp)- We next show in which way ‘the restriction S T |§D to the cube @D o~
[0, 11?2 reproduces f,’. Note that if u € @D is of the form (A.10) with D = 2¥ and with coefficients

k
Y= gts ooy 1 € [0, 117 = 10,117,
then, if K’ # k,
[e;k, w),... ,e;k,ﬂ_l(u)] =[0,...,0],
while for £ = k we find

[ezk(u), .. .,ezkﬂ_l(u)] = [Voks -« s Yokt1_1]1 = ).
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From the fact that fzk/ (0) = 0 for all k¥’ by construction (recall that f2k/ eF G r), we conclude that
STw) = 27" (v) = D™ (), (A.13)

for any u € Qp. In this sense, ‘S Tl@p reproduces fp’.
Step 4 (Lower complexity bound, uniform in D). Let S, : X — R be a family of operators of neural
network-type, such that

sup |ST(w) — S, ()] <€, Ve>0.
uek

By assumption on S, being of neural network-type, there exists £ = £, € N, a linear mapping £_ : X —
R¢, and @, : R® — R a neural network representing S, :

S.(wu)=®(L.u), Yuedlk.
For D = 2 k € N, define ¢, : R — X by

Dk

lD(y) = AZ_“k zyj€2k+j71.
j=1

Then, since L, o tp : RP — RY!is a linear mapping, there exists a matrix W, € RE*D_ quch that
L, otp(y) = Wpy for all y € RP. In particular, it follows that

SctpM) = D (Wyy),

By (A.10), we clearly have ¢ ([0, 11°) = @D. Let 56 ) = D‘”*’@6 (Wpy). It now follows that

sup |fp(») — @.(»)| =D*" sup
yelo,11P yelo,11P

D= fp () = D (Wp)|
=D sup ‘ST(u) - SE(u)‘
ueQp

.
< D% "sup
uek

8" - S, )|

.
< D% "e.

Let M denote the number of hidden computation units of ) - By construction of fj, (cp. Proposition A3),
we have

size(dAﬁs) >M > N(fD,Da*rG) > (Da*ré)*yD/r,
whenever D% "¢ < €. On the other hand, we can also estimate (cp. equation (2.2) in Section 2.1.2),
size(ae) < 2[|Wpllg + 2size(®,) < 2Dsize(P,) + 2size(P,) < 4Dsize(P,).

Combining these bounds, we conclude that

i ! *rey—vD Lo D _\—yD
size(P,) > E(Dot €)Y /r _ E(Dot r+r/y ) /r’
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694 S. LANTHALER AND A. M. STUART

holds for any neural network representation of S,, whenever D*' e < €. And hence
1 «
cmplx(S,) > E(D”‘ r4r/yDey=yD/r, (A.14)
whenever D% "¢ < €. By Lemma A6 below, taking the supremum on the right over all admissible D
implies the lower bound
emplx(S,) > exp(ce /@Dy ye <€,

where €, ¢ > 0 depend only on o*, r,€(r), § and y. Recalling our choice of «* = 1 + « + §/2, and the
fact that the constant € = €(r) depends only on r, while y is universal, it follows that

emplx(S,) > exp(ce /@M ve <

with €,¢ > 0 depending only on «,r,8. Up to a change in notation, this is the claimed complexity
bound. O

The following lemma addresses the optimization of the lower bound in (A.14):

LEMMA A6. Letr € N, and o*, €,y > 0 be given. Assume that

D,
cmplx(S ) >~ (Da r+r/yD ) 14 /r

for any D of the form D = 2% k € N, and whenever D*'"e € < €. Fix a small parameter § > 0. There
exist €, ¢ > 0, depending only on r, &*, y, €, §, such that

cmplx(S,) > exp (ce_l/(““"s)’) , Ve<©€

O

Proof. Write € = ¢~# for 8 € R. Fix a small parameter § > 0. Since we restrict attention to € < €, we
have

(eﬁe)—l/(a +8)r > (eﬂ,g)—l/(a +8)r _ 1’
provided that € < €. Given € < €, choose k € N, such that
k=1 < (eﬂe)_l/(a o <2k,

Let D = 2*. Note that this defines a function D = D(¢). For any €, we can write

D(e) =& (f

for some & € (1/2, 1]. We now note that for € < €,

e)*l/(“ +or (A.L5)

1 ~ (eﬁe)l/(a*+8)r 5 2(e/3€)1/(a*+5)r

yD 143 - Y
Decreasing the size of € = €(r, y,a™*, €, ) further, we can ensure that for € <€,

1 2(ePR)

<
yD(e) — 14

N >
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Note also that 2//YP < 287/2 < p8r/2 for any D of the form D = 2%, k e N. It thus follows that for any
given € < €, and with our particular choice of D = D(¢) satisfying (A.15), we have

or/yDper+r/yD < p+dr, Zefﬂs(a*JrS)r < e b
Note that this in particular implies that D¥7e < e=P = €. We conclude that
1
emplx(S,) = 5 (D" rr/yDey=vDIr
— (zr/yDDa*r—i-r/yDe)—yD/r

Z (D(a*+8)r6)fyD/r

oo (2)

—1/(a*+8)r
e *
= eXp(IByE 6_1/(a _HW)

r

—1/(a*+8)r .
> exp(ﬁye e @ +8)r).

2r

Upon defining ¢ = ¢(r, y,a*,€,8) as
’Byefl/(a*+8)r

cCi=—)
2r

we obtain the lower bound
cmplx(S,) > exp (06*1/(“*””) , Ve<eE

This concludes the proof of Lemma A6. (]

In the lemma below, we provide a simple result on Fréchet differentiability which was used in our
proof of Proposition 2.11:

Lemma A7 (Fréchet differentiability of a series). Assume that we are given a bounded family of functions
/o € C"(RP) indexed by integers D = 2k k ¢ N, such that ”fD”Cr(RD) < lforall D. Let e}, €3, - :
X — R be a sequence of linear functionals, such that ||e;.k |+ <M forallj € N.Let ¢, > 0 be given,

and assume that &* > 1 + «. Then, the functional ST : X — R defined by the series

Stw =27 sy, (cz‘*k(e;k W)y (u))) :

k=1

is r-times Fréchet differentiable. O

Proof. By assumption on f,« and the linearity of the functionals e;.k, each nonlinear functional F (u) :=
o (CZ“k(e;k ), ....€5_, (u))) in the series defining ST is r-times continuously differentiable. Fixing

u € X, let us denote x = c2‘1k(e§k w,..., ezk+1—1(”))' The £th total derivative dl}"k of 7, (¢ < r)is
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given by
2k
d'F@lvy,....v] = c22% 3 axa szk(x) H SN
Jlseefe=1 Ye s=1
By assumption, we have
azfzk () 1
ijl ...ijé -
Since the sum over jj,...,j, has 2k terms, and since the functionals are bounded ||ej>."|| < M by

assumption, we can now readily estimate the operator norm ||d€}"k (u)|| for £ < r by
”dffk(u)” S cezaekzkaZ E (CM)rz(a-ﬁ—l)rk.

In particular, for any £ < r, the series
o0 o0
S 2 d R < D 27 e DIk ey < oo,

is uniformly convergent. Thus, ST is a uniform limit of r-times continuously differentiable functionals,
all of whose derivatives of order £ < r are also uniformly convergent. From this, it follows that ST is
itself r-times continuously Fréchet differentiable. g

A.4  Proof of Corollary 2.12

Let Y = Y(£2;RP) be a function space with continuous embedding in C(§2; R”). We will only consider
the case p = 1, the case p > 1 following by an almost identical argument; Let ¢ # 0 € )Y be a
nontrivial function. Since Y = Y(§2) is continuously embedded in C(£2), it follows that point evaluation
ev,(9) = o (y) is continuous. Given that ¢ is nontrivial, there exists y € £2, such that evy(P) # 0. We

may wlog assume that ev (¢) = ¢(y) = 1. Let 7 T : X — R be a functional exposing the curse
of parametric complexity, as constructed in Theorem 2.11. We define an r-times Fréchet differentiable
operator ST : X — Y by ST(u) := F'(w)¢.

The claim now follows immediately by observing that

ev, 08" () = F'(w), Yuex,

and by noting that if S, : X — ) is an operator of neural network-type, then ev, o S, X > Risa
functional of neural network-type, and by assumption, with C := [lev,|ly_, g,

sup|]~'T(u) —ev, oS ()| = sup |ev oS8T (u) —ev, oS, (u)]
uek

<sup C|ST () = S, )]y
uek

< Ce.
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By our choice of F' : X — R, this implies that the complexity of evy o S, is lower bounded by an
exponential bound > exp(ce‘l/ (@+14+8)r) for some constant ¢ = c(a, 8, r). This in turn implies that

cmplx(S,) = sup cmplx(evy 0S,) > exp(ce_l/(“+l+5)r).

yesf2

This lower bound implies the exponential lower bound of Corollary 2.12.

A.5 Proofs of Lemmas 2.18-2.7
AS5.1 Proof of Lemma 2.18

Proof (Lemma 2.18). We want to show that a PCA-Net neural operator S = R o ¥ o & is of neural
network-type, and aim to estimate size(¥) in terms of cmplx(S). To this end, we assume that ) =
Y(£2;RP) is a Hilbert space of functions. Since R is by definition linear, then given an evaluation point
y € $2, the mapping B — R(B)(y) = ev, o R(p) defines a linear map ev, o R : RPY — RP. We

can represent evy, o R by matrix multiplication: ev, o R(B) = V,B, with V|, € R” *Dy The encoder

£ : X — RP¥ is linear by definition, thus we can take £ := & for the linear map in the definition
of ‘operator of neural network-type’. Define a neural network @, : RPx — RP by Py () = V¥ (a).
Then, we have the identity

evy o Su) = (evyoR) o Y (Eu) = diy(ﬁu),

for all u € X'. This shows that S is of neural network-type. We now aim to estimate cmplx(S) in terms
of size(¥). To this end, write ¥ (@) = [¥; (@), ..., lIIDy ()] with component mappings !1/1 :RPx 5 R,

Let 7 = {j ‘j efl,... ,Dy}, lIIJ #* O} be the subset of indices for which lI// : RPx — R s not the zero

function. Define a (sparsified) matrix /\7}, € RP*PY with jth column [?y]: j defined by

yi

<5 V INE) j s
AT R

0 Jj¢EJ.
Then, we have [|V,[ly < p|J| < psize(¥), and identity &, () = V,¥ () for all « € RP¥_ Thus, using

the concept of sparse concatenation (2.3), we can upper bound the complexity, cmplx(S), in terms of the
size(¥) of the neural network ¥ as follows:

cmplx(S) < sup size(P,) < sup2||Vylly + 2size(¥) < 2(p + Dsize(¥).
y y

This is the claimed lower bound on size(¥). ([l

A.5.2  Proof of Lemma 2.20

Proof (Lemma 2.20). We observe that with D := D, forany y € §2 theencoder £ := &€ : X — RP is
linear, and

ev, oSu) = fIJy(Eu), YueX,

where @ (@) = Z]D:yl Wi(a)@;(y) defines a neural network, @, RP — RP. Thus, DeepONet S =

R o ¥ o £ is of neural network-type. To estimate the complexity, cmplx(S), we let 72 be the set of
indices (i,j) € {1,... ,Dy}z, such that the ith component, [q)j(y)]i, of the vector q)j(y) € RR? is nonzero.
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Let Vy € RP*PY be the matrix with entries [V},]i = [q)j(y)]i, so that cby(a) = \A/ylll(a) for all «. Note
that \7}, has precisely | 77| nonzero entries, and that | 72| < size(¢), since [¢j(y)]i # 0 is nonzero for all
(i,)) € J?2. Thus, it follows that

cmplx(S) < sup size(Py) < 2172 + 2size(¥) < 2(size(p) + size(¥)).
¥

A.5.3  Proof of Lemma 2.22

Proof (Lemma 2.22). To see the complexity bound, we recall that for any y € £2, we can choose
¢y( ) := Q(¥(-),y) to obtain the representation

evy o Su) = ¢y(£u),

where Lu = E£(u) is given by the linear encoder. The composition of two neural networks Q(-,y) and
¥ (-) can be represented by a neural network of size at most 2 size(¥) + 2 size(Q(-,y)) < 2 size(¥) +
2 size(Q). We thus have the lower bound,

cmplx(S) < sup size(d‘)y) < 2size(Q) + 2size(¥).
y

This shows the claim. O

A.6  Proof of Lemma 2.26
Proof. Our aim is to show that S : L2 (T;R) - R,

S(u) :=/0(u(x)) dx,
T

is not of neural network-type. We argue by contradiction. Suppose that S was of neural network type.
By definition, there exists a linear mapping L : Ez(’]I‘; R) — R¢, and a neural network @ : RY — R, for
some ¢ € N such that

Sw) = ¢(Lu). (A.16)

In the following we will consider (pj(x) := sin(jx) for j € N. Since o (f) > O forallt € R,and o (¢) > 0
for t > 0, we have

Su) = / ocux)dvr=0 <<= ulkx) <0, Vxel0,2m]. (A.17)
Q
Now, fix any D > ¢, and consider ¢ : RP — LZ(T; R), B = ZjDz 1 ,Bj sin(jx). Since ¢ and L are linear
mappings, it follows that
ﬁot:RD%Re, B+— LB,

is a linear mapping. Represent this linear mapping by a matrix W € R*P_ In particular, by (A.16), we
have

S@B) = (W), VB eRP. (A.18)

Since D > ¢, it follows that ker(W) # {0} is nontrivial. Let 8 #% 0 be an element in the kernel, and
consider ug(x) == 1f(x) = ngl ,Bj sin(jx). Since ug(x) is not identically equal to 0, either ug(x) or
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—ug(x) = u_g(x) must be positive somewhere in the domain T. Upon replacing # — —p if necessary,
we may wlog assume that u g(x) >0 for some x € T. From (A.17) and (A.18), it now follows that

0 # S(uy) = S1B) = (WB) = ®(0) = S(0) = 0.

A contradiction. Thus, S cannot be of neural network-type. O

A.7T Proof of curse of parametric complexity for FNO, Theorem 2.27

Building on the curse of parametric complexity for operators of neural network-type, we next show that
FNOs also suffer from a similar curse, as stated in Theorem 2.27.

Proof (Theorem 2.27). Let ST : X — R be an r-times Fréchet differentiable functional satisfying the
conclusion of Theorem 2.11 (CoD for functionals of neural network-type). In the following, we show
that ST also satisfies the conclusions of Theorem 2.27. Our proof argues by contradiction: we assume
that ST can be approximated by a family of discrete FNOs satisfying the error and complexity bounds
of Theorem 2.27, i.e.,

1. Complexity bound: There exist constant ¢ > 0, such that the discretization parameter N, €

N, and the total number of nonzero parameters size(SéV ¢) are bounded by Ne,size(SéV ) <
exp(ce " V/I+etdry foralle <€,
2. Accuracy: We have

sup ST — Sévf(u) <e, Ve>NO0.
uek

Then we show that this implies the existence of a family of operators of neural network-type S’;,
which satisfy for some 8’ > 0, and for all sufficiently small € > 0,

«  complexity bound cmplx(S,) < exp(ce /(I +a+8)r),
* and error estimate max g |8T(u) - :S'; (u)| <e,
with ¢ > 0 a potentially different constant. By choice of ST, the existence of gg is ruled out by Theorem

2.11, providing the desired contradiction.

In the following, we discuss the construction of S’;: Let M bea family of FNOs satisfying (1) and (2)
above. Fix € > 0 for the moment. To simplify notation, we will write N = N, in the following. We recall

that, by definition, the discretized FNO SY can be written as a composition S¥ = Qo L, 0---0L,oR,
where

R:ux) — X(lewqid’u(le,---,id))’
and
~ 1
Q: (lev--Jd) = 2 WO Vi
Jlseedd

are defined by neural networks x and g, respectively, £, is of the form

o~ N
ﬁ(:Vf—)O'(WZV‘F.F];l(TK.FNV)‘}‘bZ), VZ(Vj],de)_ . 1,
J1seeeJd=
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with W, € R%*4 Fourier multiplier T, = {ﬁe]k}nkuém <k Where [T,]; € C¥*%, and Fy (FyH
denote discrete (inverse) Fourier transform, and where the bias b is determined by its Fourier coefficients
by, Ikl oo < kppax- We also recall that the size of SV is given by the total number of nonzero components,
ie.,

L

size(SY) = size(x) + size(q) + D 1 IWollo + ITello+ D IBillo

=1 Ikl oo <kmax

We now observe that, after flattening the tensor
Nx--xNxd, ~ mpdyN?
(le,-»-Jd) eR ~R >

the (linear) mapping v — W,v can be represented by multiplication against a sparse matrix with at most
W, ||0Nd nonzero entries. For the nonlocal operator F 1@}' > we note that for v € R‘iV\N d, the nuinber
k of components (channels) that need to be considered is bounded by x < min(d,, [T,llg) < IIT,llo-
Discarding any channels that are zeroed out by E, a naive implementation of F 1@]—"  thus amounts

. . . . d d . ~
to a matrix representation of a linear mapping R“V° — R<N| requiring at most x2N?¢ < T, ||%N2d
nonzero components. Thus, each discretized hidden layer £, can be represented exactly by an ordinary

. . d d . d . .
neural network layer L, = o (A,v + ¢,) with matrix A, € R®N"*&N% and bias ¢, € RYN", satisfying
the following bounds on the number of nonzero components:

1Agllo < IW N + IT BN, lleglly < D 1bylilloN“.

k] <kmax

Similarly, the input and output layers R and Q can be represented exactly by ordinary neural networks
R: RN 5 RON and 0 : ROV 5 R, with

size(R) < NYsize(x), size(Q) < NYsize(q),

obtained by parallelization of y, resp. g, at each grid point. Given the above observations, we conclude

. . . . d d . .
that, with canonical identification RV XNxk ~ RIN® gnq RA; X xNxp d: RPNY the discretized FNO
SN can be represented by an ordinary neural network @ : R¥* — RPN @ = QoL; 0---0L, oR,
with
L

size(@) < D VIW N + ITL N + D" b, llpN?
=1 k| <kmax

+ Ndsize(x) + Ndsize(q)
< N%size(SM)?.

By assumption on Sév (for which we aim to show that it leads to a contradiction), we have size(SéV ) <
exp(ce~V/Hatry and N < exp(ce =1/ 1+ Tt follows that

size(®) < Nstize(‘S‘é\')2 < exp((2d + 2)ce~ M/ ratd)ry

In addition, @ trivially defines an operator of neural network-type, ge 1 C°(£2;R¥) - R, by

SHOE Y (N A b
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PARAMETRIC COMPLEXITY OF OPERATOR LEARNING 701

To see this, we simply note that the point-evaluation mapping £ : u +— u(x;
hence we have the representation

N . .
1"":/'d)j1a-<.‘/'d:1 is linear, and

S.(u) = D (Lu).

By the above construction, we have ge () = Sév ¢ (u) for all input functions u.

To summarize, assuming that a family of FNOs SN exists, satisfying (1) and (2) above, we have
constructed a family S, of operators of neural network type, with

sup [S7(0) — 8.w)| = sup ST — S¥ )| < e,
uek uek
and

Cmplx(gg) < size(®) < exp(c/’efl/(]+ot+8)r),

where ¢ = (2d + 2)c > 0 is a constant independent of «.
By Theorem 2.11, and fixing any 0 < &’ < &, we also have the following lower bound for all
sufficiently small e:

exp(c/e—l/(l-i-ot-‘r&’)r) < Cmplx(‘i),
where ¢’ > 0 is independent of €. From the above two-sided bounds, it thus follows that
p
exp(cle—l/(l+a+3’)r) < cmplx(ge) < eXp(C//G_l/(1+a+8)r),

for all e sufficiently small, and where by our choice of §',8:0 < 1 +a +8 <1+a+8andc,c” >0
are constants. Since € /(T8 grows faster than e ~1/(1+e¢+0)7 a5 ¢ — 0, this leads to the desired

contradiction. We thus conclude that a family Sév ¢ of discretized FNOs as assumed above cannot exist.
This concludes the proof. U

Appendix B. Short-time existence of C"-solutions

The proof of short-time existence of solutions of the Hamilton—Jacobi equation (HJ) is based on the
following Banach space implicit function theorem:

THeorREM B1 (Implicit Function Theorem, see e.g., (Chow & Hale, 2012, section 2.2)). Let U C X,
V C Y be open subsets of Banach spaces X and Y. Let

F:UxV—>Z (uv)— F(u,v),

be a CP-mapping (p-times continuously Fréchet differentiable). Assume that there exist (i, vy) € U x V
such that F'(u, v,) = 0, and such that the Jacobian with respect to v, evaluated at the point (i, vy),

DVF(uo, Vo) X — Z,

is a linear isomorphism. Then there exists a neighbourhood U, C U of u,, and a CP-mapping v : U, —
V, such that

Fu,yv(u) =0, VYuelU,.

Furthermore, v is unique, in the sense that for any u € Uy, F(u,v) = 0 implies v = ¥ (u). O
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702 S. LANTHALER AND A. M. STUART

As a first step towards proving short-time existence for (HJ), we prove that under the no-blowup
Assumption 3.1, the semigroup llf;r (3.7) exists for any ¢ > 0.

Proof (Lemma 3.3). By classical ODE theory, it is immediate that for any initial data (g, pg,2y) €
2 x RY x R a maximal solution of the ODE system (3.4) exists, and is unique, over a short time-
interval. It thus remains to prove that this solution in fact exists globally, i.e., that the solution does not
escape to infinity in finite time. Since z solves z = L(g, p), with a right-hand side that only depends on
g and p, it will suffice to prove that the Hamiltonian trajectory ¢ = V,H(q.p), p = —V, H(q,p) with
initial data (g, py) exists globally in time. To this end, we note that, by Assumption 3.1, we have

d .
TP =2pp==2p-V,Hgp) < 2Ly (1 + |pI").

Gronwall’s lemma thus implies that [p| < /1 + |py|? exp(Ly?) remains bounded for all # > 0. This
shows that blow-up cannot occur in the p-variable in a finite time. On the other hand, the right-hand
side of the ODE system is periodic in ¢, and hence (by the bound on p) blow-up is also ruled out for g.
In particular, Assumption 3.1 ensures that the Hamiltonian trajectory ¢ — (g(?), p(¢?)) exists globally in
time. As argued above, this in turn implies the global existence of the flow map # — lIItT. g

We now apply the Implicit Function Theorem B.1 to prove Lemma 3.4.

Proof (Lemma 3.4). LetX = C{)er(.Q) x R? x R with r > 2. Define

F:XxR"—> R (ug.q.t:q0) — q— 4,(q0. V,10(q0)):

i.e., we set
F(uy, q,t:90) == q — 9,(q9, V4io(qp)),

with ¢, : 2 x RY — 2, (g9:P0) = 4,(q0>Po) the spatial characteristic mapping of the Hamiltonian
system (3.4) at time ¢t > 0, where, recall, we have assumed that u, € F. Under Assumption 3.1, the
spatial characteristic mapping, and hence F, is well-defined for any + > 0 (see Lemma 3.3). Since
H e C"t1(2 x RY), the mapping 2 x R x R — £, (49 Po> 1) — 4,(q9,pg) is C". The mapping
F, 2 x Cger(.Q) — R, (qg>ug) + Fi(gg,uy) = uno(qo) is C"! in the first argument, and is
a continuous linear mapping in the second argument (and hence infinitely Frechet differentiable in the
second argument). Hence, the composition

(g9, uy) = (g uno(CIo)) = q,(qp uno(%)),

is a C"~! mapping. And, as a consequence, the mapping F : X x R? — R is a C"~! mapping.
Since

F(ug, g, 1:90) = q — q,(90, V419 (40)),
we clearly have

for any g, € §2 and u; € Cj,,(£2), and the derivative with respect to the last argument

. . d d
DqOF(uo,qo, 0, qo) . R —> R N
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PARAMETRIC COMPLEXITY OF OPERATOR LEARNING 703

is given by
D, F(utg. 0. 0:q0) = Dy, [a = 0] = —1ga-

which defines an isomorphism RY — R
By the implicit function theorem, for any g, € £2 and iy € G, (§2), there exist € = €(qy, U),r =
r(qo, i), t* = 1*(gy, up) > 0, and a mapping

Vgomo © Be(@o) x B, (i) x [0,*) — RY,
such that F(q, uy, t; q5) = 0 for
(g up, 1) € B.(qy) x B, (i) x [0,),
if, and only if,
90 = Y., (4> 40> -

Fix u, € CJ(£) for the moment. Since £2 is compact, we can choose a finite number of points

per
5(()1), e, c_j(()m), such that
m .
QcC UBG(% 20 @)
j=1
Let
F(g) ;= min (g, i),
i=1,....m
r(iy) := min r(%,ﬁo).
=1,....m
Due to the uniqueness property of each 1//6" 7’ j=1,...,m, all of these mappings have the same values
09

on overlapping domains. Hence, we can combine them into a single map
Yyt 82 X By () x [0,£%(p)) — R

Furthermore, since 1//?' 2 € C"!, we also have Vg, € C —1. Similarly, we can cover the compact set
07

F C Cf)er(.Q) by a finite number of open balls Br(ﬁém)(ﬁ(()k)), k=1,....K,
K
F C U Br(ﬁ(()k))(ﬁ(()k))'
k=1
Setting 7% := min_; g t*(ﬁ(()k)) > 0, the uniqueness property of ¥_« again implies that these

mappings agree on overlapping domains. Hence, we can combine them into a global map, and obtain a
map

V2 x Fx[0,T — RY,
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704 S. LANTHALER AND A. M. STUART

which satisfies F(q, uy, t; ¥ (q, ug, 1)) = 0 forall ¢ € 2, uy € F and t < T*. Furthermore, this v is still
a C"~! map and it is unique, in the sense that

F(qs uO’ ts 40) = 0 < qO = w(q’ uo, t)’ Vq € Q’ uO € C;er(g)s r< T*’

Le., forany uy € Fand ¢ € [0,77), we have ¢ = q,(qy, V,uy(qp)) if and only if gy = ¥ (g, uy,1). In
particular, this shows that for any u, € F, t € [0, T*), the C” ~!_mapping

O (up) 2 > 2. gy P (qoiug) = 4,(qp- Vg1t (qo))-

is invertible, with inverse g — (g, ug, 1) € C” —1 This implies the claim. O

Next, we apply Lemma 3.4 to prove short-time existence of solutions for (HJ).

Proof (Proposition 3.2). Let T* be the maximal time such that the spatial characteristic mapping <DZ 0 -

2 — 2,99+ q,(qp uno(qo)) is invertible, for any ¢ € [0, T7*) and for all u, € F. We have T* > 0,
by Lemma 3.4. We denote by @', : 2 — £ the inverse &, := [®,, ]"!. By the method of

—t,uQ —1,uQ tup
characteristics, a solution u(g, ) of the Hamilton—Jacobi equations must satisfy

t
u(q,t)=uo(qo)+/0 L(q,,p.)dt,  L(g,p) :=p-V,H(q.p) — H(q.p), (B.1)

where g, = q§i,’uo (@), q,.p, are the trajectories of the Hamiltonian ODE (3.1) with initial data
40> Vqito(qp)- Given a fixed u, € F, we use the above expression to define u : £2 x [0,T*) — R.

We first observe that u € C"~1(£2 x [0, T*)), as it is the composition of C"~! mappings,

t
u(g, 1) = g(go) + /0 L£(q, (o Po)+ Py (G0 Po)) A7

where o = @_,;, (@), py = Vuy(P_,,,(q) are C"~!-functions of g. In particular, since r > 2, this
implies that u is at least C'. Evaluating du(q,,t)/dt along a fixed trajectory, we find that

0@ 1)+ H(ap ) = (p, = V(g 1) - D,H o). (B.2)

Thus, to show that u is a classical solution of (HJ), it remains to show that p, = un(q,, t) forallt e
[0, T*). Assume that u € C2_, for the moment. We first note that for the jth component of Py — Vulg,, 1),

per
we have (with implicit summation over repeated indices, following the ‘Einstein summation rule’)

d .
=[P = guta | = = 0,H (G p) = 82 wula, D01 H (G,
— 3q,~alu(qt, 1.

Next, we note that by the invertibility of the spatial characteristic mapping g, > g,, we can write (B.2)
in the form

u(q.1) = —H(q. Pq.0) + (P(@.) = V,u(@.0) - D,H(q. P(q.1).
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where P(q,1) := p, (CDL,MO @), Ve (@1 (q))). This implies that
,0u(q, 1) = —0,H (g, P(q,0) — 8,:H(q, P(q 13, P (g, 1)
+ (05 (0.0 = 0} yu(q.1)) - 8,4H(g. Pg.1)
+ (P@.0 — dgutg. 1) - 0y [8,0H (. Plg. )]
= —0,H(q, P(¢.0) — 33, u(q.1) - 8,:H(q, P(q,1))
+ (P@.) = 9.0 - A14(a. Pla, 1),

We point out that on the last line, we have introduced Ajr(q.1) = Bq,- [BpkH (¢, P(q, t))] which is a
continuous function of g and t. Choosing now g = g,, so that P(q, ) = p,, we thus obtain

08,u(qy 1) = —0yH(qpp,) — 8 4tt(qy1) - 3,kH (g, )

+ [pf = g0 | - Ayutq..

Substitution in the ODE for p, — V u(qg,, 1) yields

[~ Vauta,0] = ~AGe0 - [p~ Va0,

where A(qg,, ) is the matrix with components (Aj’k(qt, 1)). Since [p, — un(ql, Dll,—g = 0, this implies
that

pt = Vq“(gﬂ t)7 Vt € [09 T*)’ (B'S)

along the trajectory. At this point, the conclusion (B.3) has been obtained under the assumption that
ue Cger, which is only ensured a priori if r > 3.

To prove the result also for the case r = 2, we can apply the above argument to smooth H¢, uj,
which approximate the given H and u, and for u¢ defined by the method of characteristics (B.1) with
uy, H replaced by the smooth approximations uf, H. Then, by the above argument, for any e-regularized

trajectory (g5, p§), we have
p; = Vu(q;. 0.

Choosing a sequence such that H¢ CE; H, ug < ug as € — 0, the corresponding characteristic solution
u¢ defined by (B.1) (with H® and u{, in place of H and u;) converges in C'1. Since r — 1 = 1, this
implies that p, = lim,_,( p; =lim._,( V, u(qf,1) = V, u(q; 1).

Thus, we conclude that u € C™~1(£2 x [0,T*)) defined by (B.1) is a classical solution of the
Hamilton—Jacobi equations (HJ). We finally have to show that, in fact, u € C]r,er(.Q x [0,T%)).
C"-differentiability in space follows readily from the fact that, by (B3), we have un(q,, H =
P:(qg, V4up(qp))- By the invertibility of the spatial characteristic map, this can be equivalently written
in the form

V,u(g.0) = p (@7, (@), Vue(@', . (@), (B.4)
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where on the right-hand side, (¢4,po) = p,(99,P0)> 99 —> uno(qo) and (g,1) — <DL,MO (g, 1) are all
C"~! mappings. Thus, Vuisa C"~!-function. Furthermore, by (HJ), this implies that du = —H(q, V,u)
is also a C"~! function. This allows us to conclude that u € C[’)er(.Q x [0, T*)). The additional bound on
lu(-, )|l follows from the trivial estimate

luC-Dller = € (e + 19500l )

combined with (B.1) and (B.4), and the fact that g +— @it,uo (9) is a C"~! mapping with continuous

dependence on u, € F and ¢ € [0, T, and (qy, py) — p,(qy, D) is a C"-mapping, so that

IV (- Dller1 < sup sup [Ip (@7, 0 (). Vug(@F 0 (Dt < 00,
te[0,T upe F

for any initial data u, € F. U

Appendix C. Reconstruction from scattered data

The purpose of this appendix is to prove Proposition 4.2. This is achieved through three lemmas, followed
by the proof of the proposition itself, employing these lemmas.

The first lemma is the following special case of the Vitali covering lemma, a well-known geometric
result from measure theory (see e.g. (Stein & Shakarchi, 2009, Lemma 1.2)):

Lemma C1. (Vitali covering). If # > 0 and Q = {¢',...,¢"} is a set for which the domain

N
2 c | JBy@).

j=1

is contained in the union of balls of radius / around the ¢, then there exists a subset Q' = {¢', ..., ¢"}
such that By, (¢*%) N By, (¢") = @ for all k, £, and

m
k=1

O

RemARK C2. Given Q = {¢',...,q"}, the proof of Lemma CI (see e.g. (Stein & Shakarchi, 2009,
Lemma 1.2)) shows that the subset Q' C Q of Lemma C1 can be found by the following greedy algorithm,
which proceeds by iteratively adding elements to Q’ (the following is in fact the basis for Algorithm 1
in the main text):

1. Start withj; = 1 and Q) = {¢'}.

2. Tteration step: given 0, = {¢",...,¢""} C Q, check whether there exists ¢g* € Q, such that

B,(d | By(d") = 0.
(=1
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» If yes: define j, | := k and Q;H] ={g",... g}

* If not: terminate the algorithm and set Q' := Q),, = {¢’', ..., ¢"}.

Based on Lemma C.1, we can now state the following basic result:

LemMa C3. Givenaset Q = {g!,...,¢"} C £ with fill distance hg o, the subset Q' C Q determined
by the pruning Algorithm 1 has fill distance hy o < 3h ¢, and separation distance py > hy) ;. and o
is quasi-uniform with distortion constant x = 3, i.e.,

,OQ/ < hQ’,Q < 3,0Q/

Proof. By definition of hy, o, (cf. Definition 4.1), we have

N

2c .UBhQ’Q ).

J=1

Let Q' = {¢',...,¢/"} C Q be the subset determined by Algorithm 1 (reproduced in Remark C2). O’
satisfies the conclusion of the Vitali covering lemma C1 with & = hQ’ o) thus,

2 c | Byu(d), (C.1)

k=1

and B, (¢/*) N B,,(¢/*) = ¢ for all k # £. The inclusion (C.1) implies that

hy o = sup minm‘q — gk

qe =1,...,

On the other hand, the fact that B, (¢/) N B;,(¢'*) = ¥ implies that 3 ¢/t — ¢/t| > h = hy, g, forall k # ¢,
and hence Py = hQ’ - Thus, we have
hQ/,.Q < 3hQ,.Q < 3,0Q/

The bound py < hy o always holds (for convex sets); to see this, choose ¢*, ¢/t such that Py =
1 |¢* — ¢*| realizes the minimal separation distance. Let g be the mid-point 1 (¢* + ¢*), so that
|Z1—q’k| = |c‘1—q"3| = % |q’k —q"f| = pg- We note that |§—q"

> py for any ¢" € @, since

7 —q"

> py forr =1, ..., m. We conclude that

2,OQ/ < + ,OQ/,

=[g-¢"

< |¢ -3 +[a- "

-4

1.e.,

< sup min )q —
qe0 r=I1,...m

.....

O

Lemma C.4. Let 2 = [0,27]¢ € R?, let r > 2 and let « > 1. There exists C = C(d,r,x) > 0 and
y = y(d,r,k) > 0, such that for all fT € C"(£2) and all Q C $£2, quasi-uniform with respect to «, and
with fill distance hy, ,, the approximation error of the moving least squares interpolation (4.2) with exact
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data 2 = f7(¢/), and parameter § := yh, . is bounded as follows:

" —Fpllie < CHy ollf Tl er

O
Proof. This is immediate from (Wendland, 2004, Corollary 4.8). O

Based on Lemma C4, we can also derive a reconstruction estimate, when the _interpolation data
(¢, fT(q-/’T)}j],‘]= | is only known up to small errors in both the position ¢ ~ ¢"" and the values

& ~ fT(¢""), and this is Proposition 4.2 stated in the main body of the text. We now prove this proposition.

Proof (Proposition 4.2). Let v : R? — [0, 1] be a compactly supported C* function, such that v (0) =
L ¥l < 1 and ¥ (q) = O for |g| > 1/2. Define

N .
F@ =1+ (-r'@)v (";—‘f)

j=1 ¢

Note that, by assumption, we have
¢ —d1 = 1" = 471 =26 = 2(pp — p) = Py,

for all j # k. In particular, this implies that the functions

q+ w(u),
Po

have disjoint support for different values of j. Thus, foranyj = 1,...,N, we havef(qf ) = 7, and fz,Q is
the (exact) moving least squares approximation off. From Proposition C.4 it follows that

IF = £ ol < Clifllerhy -
‘We now note that
& =TI =< 1 = @D+ @D =@ < e+ Il ero.
On the one hand (due to the disjoint supports of the bump functions), we can now make the estimate

IF =FMle = max 17 —F1 @] < €+ Ifllcrp.

1,...N

On the other hand (again due to the disjoint supports of the bump functions), we also have

,,,,,
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These two estimates imply that

T = frolloe < T = Fllpes + IF = £ gl

= (6 + ”f%”@p) + C(”fT”C, + (E + ”fT”Cl,O) ”i!cr) rQ,Q.
Q

Taking into account that hQ’ 2/Pg <k is bounded, that |||~ is independent of f%, and introducing a
new constant C = C(d, r,«, ||| ~-) > 0, we obtain

I = frollie = € (e + €+ 1T crn)

as claimed. O

Appendix D. Complexity estimates for HJ-Net approximation

In the last section, we have shown that given a set of initial data F C C{,er(.@), withr > 2 and 2 =

[0,27]¢, the method of characteristics is applicable for a positive time 7* > 0. In the present section, we
will combine this result with the proposed HJ-Net framework to derive quantitative error and complexity
estimates for the approximation of the solution operator of (HJ). This will require estimates for the
approximation of the Hamiltonian flow ¥, ~ Ll/tT by neural networks, as well as an estimate for the
reconstruction error resulting from the pruned moving least squares operator k.

D.1  Approximation of Hamiltonian flow

Proof (Proposition 5.4). It follows from (Yarotsky, 2017, Theorem 1) (and a simple scaling argument),
that there exists a constant C = C(r,d) > 0, such that for any € > 0, there exists a neural network
¥, ~ 'JI,T satisfying the bound,

Sup “I’z(qo»Po»Zo) - lIltJr(Q()»p(),Zo) <€, (D.1)
(40-P0,20) €82 X [—M M) x[-M ,M]

and such that

. M o
epth(¥)) < Clogl ——— |,
€

Qd+1)/r

. M1 || o M o

size(¥) <C| ——— log{ —— ),
€ €

where || le lcr =l lI/,T l cr (2 x[—m .m1d [ —p.pyy denotes the C™ norm on the relevant domain. To prove the
claim, we note that for any trajectory (g,, p,) satisfying the Hamiltonian ODE system

é]t = VpH(qt’pt)’ pt = —VqH(CIpP,), (D.2)

with initial data (g, py) € £2 x [-M, M4, we have by assumption 3.1:

d .
G =y by = =20, - VH(gp) < 2Ly (14 ).
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Integration of this inequality implies |Pz|2 <1+ |p0|2) exp(2Lyt) < (14 dM?) exp(2Lyt). Taking also
into account that M > 1, this implies that p, € [—BM, BM1?, where 8 = (1 + V/d) exp(Lyt) depends
only on d, Ly and t. Since p, remains uniformly bounded and since g — H(q,p) is 2m-periodic, it
follows that for any (gy,py) € £2 x [-M, M)? the Hamiltonian trajectory (q;,p,) starting at (g, pg)
stays in 2 x [—SM, BM].

Recall that llff (90> P> 29) = (g,,P,»2,) is the flow map of the Hamiltonian ODE (D.2) combined with
the action integral

t
=2+ /O [pz - V,H(q,,p,) —H(qt,p,)] dr. (D.3)

Since the Hamiltonian trajectories starting at (¢y, py) € §2 x [—M, M]“ are confined to £2 x [—8M, M]*
and since the right-hand side of (D.2) and (D.3) involve only first-order derivatives of H, it follows from
basic ODE theory that there exists C = C([|H|| cr+1 @ x[—pm,pmd> M, 1,r) > 0, such that the C"-norm of
the flow can be bounded by

1l er2 x—mmnd xi—mmyy < CUH I crv1 (@ x1—pp pands M 1,7).

In particular, we finally conclude that there exist constants B = f(Ly.d,t) and C =
CUlH Il cr+1 (@ x[—pm, gty M, 1,1) > 0, such that for any € > 0, there exists a neural network ¥, ~ lI/,Jf
satisfying the bound (D.1), and such that

depth(¥,) < Clog (6_1) . size(¥) < Ce= @4t/ 1og (6_1) )
O
D.2  Reconstruction error
Proof. (Proposition 5.6) Let f7 € Cper(§2) be given with r > 2, and let 4.7 }/N: | be approximate
interpolation data, with
¢ =TI <hpg. 17— @D <.
The assertion of this proposition is restricted to Q7 = {q”T}]Z.V | satisfying hyi o < hy for a constant

hy (to be determined below). We may wlog assume that i, < 1/16 in the following. Denote Q :=
{q’}JI.V= |- We recall that the first step in the reconstruction Algorithm 2 consists in an application of the

pruning Algorithm 1 to determine pruned interpolation points Q' = {¢/1,...,¢”} C Q, such that (cf.
Lemma C3)

pQ/ < hQ’,.Q < 3,OQ/, hQ’,Q < 3hQ,.Q’ hQ,.Q < pQ/

Step 1: Write 0”7 = {¢/""",...,¢/™"}. Our first goal is to show that Q" is quasi-uniform: To this
end, we note that by definition of the separation distance and the upper bound on the distance of ¢"" and

q:
pgt Z P — 2max 7" = ¢ = py = 2y o

By the definition of the fill distance, and the assumption that hQT’ o < hy<1/2andr > 2, we also have

. . 1
hQT’_Q < hQ’_Q + Sljl_p Il —¢""| < hQ’Q + th%’_Q =< hQ’_Q + EhQT’_Q5
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implying the upper bound hy: o < 2hy o < 2py. Similarly, we can show that hy.i o < 2hy q.
Substitution in the lower bound on py.+ above and using that iy < 1/16, yields

_ _ 3
Pt = P = 205 Rhg o)t = pg (1= 202h)" ™) = 0y
Thus, we conclude that
th,T’_Q < ZhQ’,_Q < 6pQ/ < lsz/,T.

Since we always have Pyt = hQ,T - we conclude that 0" T is quasi-uniform with ¥ = 12.

Step 2: Next, we intend to apply Proposition 4.2 with Q" in place of Q" and with p = € = &’ 0"
To this end, it remains to show that p < Z,OQ/,T is bounded by half the separation distance. To see this,
we note that by the above bounds (recall also that h, < 1/16),

. 1 1 1 1 1
p= hQT’Q < hO hQT’_Q < EhQT’Q = RP 8/0fo < 2,0Q/r,

showing that p < % pg+- We can thus apply Proposition 4.2 to conclude that there exist constants C, i >
0 (with iy < 1/16), such that if hy: o < hy/9, we have

hoit.@ = 2hy o < 6hg o < hgt o < hy,

and hence
' foglie = € (W lleray + € + W llcr )
<20 (14 1 o)) iy
Replacing iy — hy/9 and C — 2C now yields the claimed result of Proposition 5.6. ([

Proof. (Proposition 5.7). Let ¢, g, € §2 and u, € F be given, and denote by (g, p,) the solution of the
Hamiltonian ODE, with initial value (g, po) = (g0, V o (go))- Define (g,,p,) similarly.

By compactness of F* C C(§2) C C per
llugllc2 2y < M. By continuity of the flow map, there exists M > 0, such that

(£2), there exists a constant M > 0, such that |p,|, [py| <

p. |, Pl <M, Ytel01].

Then, we have

d - -
1P = @ o)l = |\VH(q,.p,) — VH(G,.P,)|

5( sup IIDzH(q,p)II)I(qf,pf)—@JD})I,

qeR.|pl<M

where D?H denotes the Hessian of H and ||[D>H|| is the matrix norm induced by the Euclidean vector
norm. Further denoting

ID’Hlls := sup  ID*H(g.p)l,
qeR,Ipl<M
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then by Gronwall’s inequality, it follows that

~ ~ 2 ~
1P — @D < P HIel (g0 o) — Go» Do)l

A

Furthemiore, since py = V,uy(qp), and py = V,uy(qy), we have |py — pol < llugllc2lgy — ol
M|qy — qpl, which implies that

2 ~
D% Hlloot | (g0, po) — @gs Do)

|(qt’p[) - (E[’ﬁ[)| S e
< (1+ MyelPHletjg 1.
Therefore, <DZ o (40) = s QDI o (Go) = 4, satisfy the estimate
[@4.4,(a0) — @1 @0)| = Clag — .

with constant
C=(1+M)exp (z sup ||D2H(q,p)||),
qen,Ip|<M

which depends only on #, H and on F (via M and M), but is independent of the particular choice of Uy).
Thus, if

N
Jj=1
then
N .
2 c|JBan(@ @,
j=1
for any u, € F. This implies the claim. g
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