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Abstract

Expression rates and stability in Sobolev norms of deep ReLU neural networks (NNs) in terms of
the number of parameters defining the NN for continuous, piecewise polynomial functions, on arbitrary,
finite partitions 7 of a bounded interval (a, b) are addressed. Novel constructions of ReLU NN surrogates
encoding the approximated functions in terms of ChebySev polynomial expansion coefficients are developed.
Chebysev coefficients can be computed easily from the values of the function in the Clenshaw—Curtis
points using the inverse fast Fourier transform. Bounds on expression rates and stability that are superior
to those of constructions based on ReLU NN emulations of monomials considered in [21] are obtained. All
emulation bounds are explicit in terms of the (arbitrary) partition of the interval, the target emulation
accuracy and the polynomial degree in each element of the partition. ReLU NN emulation error estimates
are provided for various classes of functions and norms, commonly encountered in numerical analysis. In
particular, we show exponential ReLU emulation rate bounds for analytic functions with point singularities
and develop an interface between Chebfun approximations and constructive ReLU NN emulations.
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1 Introduction

The use of Deep Neural Networks (DNNs for short) as approximation methods for the numerical solution
of Partial Differential Equations (PDEs for short) has received considerable attention in recent years. We
mention only the “PiNNs” and the “Deep Ritz” methodologies, and their variants.

One question which arises in this context is the DNN “expressivity”, which could be labeled as
approximation power of the DNN with specific architecture (comprising e.g. depth, width and activation
function, but not restriction on connectivity), for particular sets of functions which arise as solution
components (“solution features” in the parlance of deep learning) of PDEs in science and in engineering.

In recent years, numerous results on analytic and approximation properties of deep ReLLU NNs have
appeared. We only provide an incomplete review, with particular attention to results of direct relevance
to the present paper. Previous works focused on particular classes of univariate functions, e.g [1]. It has
also been observed that DNNs, in particular the presently considered ReLU activated DNNs, can emulate
large classes of well-established approximation architectures, such as refinable functions (wavelets) (see,
e.g., [4] and the references there), splines and high-order polynomial functions [21]. See also the survey
[5] and the references there. Recently, also rather wide classes of Finite-Element approximation spaces
on regular, simplicial partitions of polytopal domains in R? have been emulated by ReLU DNNs [16].
Further results, not of direct relevance here, on approximation rate bounds for deep ReLU NNs include
complexity bounds in terms of the number of affine pieces [14], expression rate bounds for parametric
transport [15], and high-dimensional classification (see [25] and the references there).



1.1 Contributions

The main technical contributions of the present paper are improved bounds on the emulation error and
neural network complezity (as compared to the first part of this work [21]) of deep ReLU NN emulations
of polynomials and continuous, piecewise polynomial functions. Emulations by deep ReLU NNs which are
developed in the proofs of the main results are constructive, based on point evaluations and on (piecewise)
Chebysev expansions. Improvements with respect to previous work [21] in terms of stability, DNN size vs.
accuracy, and efficient construction are realized.

Specifically, the presently proposed, constructive ReLU NN emulation of a given function g € C°([—1,1])
uses the nodal interpolation in the Clenshaw—Curtis nodes in [—1,1]. Specifically, denote the Lagrangian
polynomial interpolant of g of degree p € N by g, (this corresponds to Iieer [¢9] in the notation of Section
2.4). The main difference of the presently proposed construction with respect to [21] is the use of
FFT-based methods for Chebysev interpolation. This allows for fast, numerical construction of the ReLU
emulation of a given continuous function, and for favorable stability properties of the construction: the
sum of the absolute values of the ChebyS8ev coefficients of a polynomial is much smaller than that of its
Taylor coefficients. Enhanced numerical stability of ChebysSev polynomial based DNNs has recently been
reported in [33].

1.1.1 Chebysev expansions of polynomial interpolants

We elaborate on the error and the complexity of interpolation and assume for simplicity that g admits
a Chebysev expansion g = » 77 a;T; with absolutely summable Chebysev coefficients (a;)72,. One
sufficient condition for absolute summability is that the first derivative of g is of bounded variation. This
is in particular the case for functions in the Sobolev space W2'((—1,1)) and also for all functions realized
by ReLU NNs. For such functions, it is shown in [35, Theorem 7.2] that the Chebysev coefficients (a;);en
satisfy |a;| < CV;~2, where V denotes the variation of the derivative.

Focusing in this discussion on error bounds in L*((—1,1)) (see Section 1.1.3 for the full range of
treated Sobolev norms), the error ||g — gp||noc((—1,1)) is determined by the smoothness of g, which can
be expressed in terms of the decay of its ChebySev coefficients. We denote g, = Z?:o ¢; T, where the
coefficients (c;)}_, differ from (a;)}_, due to aliasing and can be computed from function values in the
Clenshaw—Curtis nodes using the inverse fast Fourier transform, as will be discussed in Proposition 2.2
Item (iii). They depend linearly on the function g which is to be approximated and are given explicitly in
terms of (a;)72o by [35, Theorem 4.2]. The interpolation error can be estimated by
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where the last step used [35, Theorem 4.2]. Thus, if for some « > 0 holds that |a;| < Cj~'™* for all
j €N, then ||g — gpllroo((=1,1)) < Cp~*. As it is well-known, cf. e.g. [26] and [35, Sections 7 and §],
Sobolev smoothness of the represented function is characterized by the decay of the Chebysev coeflicients.
For example, as mentioned before, & = 1 for functions whose first derivative is of bounded variation due
to [35, Theorem 7.2], which includes functions in W2'((—1,1)) and realizations of ReL.U NNs.

The moderate growth of the Lebesgue constant of the Clenshaw—Curtis nodes in terms of the polynomial
degree p (with respect to the L>((—1,1))-norm it is at most 2 log(p + 1) + 1, see Proposition 2.2 Item
(ii)) implies favorable numerical stability of Lagrange interpolation in the Clenshaw—Curtis nodes.

This allows us to build a polynomial u, that is approximately equal to g by interpolating an
approximation u of g whose ChebySev coefficients are also absolutely summable, e.g. a ReLU NN
approximation of g. It follows that

lg —upllzes((—11)) < 1lg = gollooo((=1,0)) + 190 — upllLoo((=1,1))
2
< g = gplleee(-1,1)) + (Flog(p + 1) + Dlg — ull oo ((-1,1)),

i.e. in addition to the error g — g, there is a second term in which the approximation error g — u is
magnified by at most a factor (2 log(p + 1) + 1).



The computational complexity of interpolation includes at most O(p) function evaluations and an
additional O(p(1 + log(p))) operations for the execution of the fast Fourier transform.

If g is the realization of a ReLU NN from Section 3.2, then the ChebysSev coefficients can simply be
read off from the output layer network weights, exactly, and with complexity p + 1.

1.1.2 Chebysev-based ReLU emulation

Assuming at hand the interpolant g,, for example through its chebfun object representation (see Sec-
tion 1.1.4 below), we denote its relative error by ep, := [|g — gp||Loo((=1,1)) /|lgllLoo((~1,1)) and assume for
simplicity that €, < 1.

The ReLU NN emulation §, of the chebfun object g, is constructed in two steps. First, a ReLU
DNN emulating the ChebySev polynomials (T]-)§7:1 is constructed; this is done in Lemma 3.9 below. We
denote its outputs by (fj);’:l. These ReLU emulations of the T} incur an error. For all 0 < § < 1, the
constructed ReLU NN emulating (Tj)?:l with || T3 — 7~"j||Loo((,1,1)) <d<lforallj=1,...,phasa
network size which we show to be bounded from above by C(p(1 + log(p)) + plog(1/4)), with C > 0
independent of p € N and of §. The second step is to compute in the output layer the linear combination
Jp 1= ZJ —0 c]T We have Ty = 1, so we can define To := 1 and add the constant term coTo as a bias in
the output layer, without error. Similarly, the linear polynomial 77 can be emulated exactly, i.e. Ty :=Tv.
The emulation error of g, can therefore be estimated by
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The favorable conditioning of the ChebySev polynomials will allow us to show in Lemma 2.3 that
S les] < P*(|gp || o< ((~1,1)) (we actually will prove this for all polynomials of degree at most p), which
implies that for all 0 < &, < 1 a relative emulation error tolerance &, > ||gp — pllLoe ((=1,1))/I9p |l oo (=1,1))
can be achieved by setting § = &,/p*. Substituting into the bound on the network size gives C(p(1 +

log(p)) + plog(1/&p)).
Choosing €, < g, provides a ReLU NN emulation g, of the degree p ChebySev expansion g, of g with
pointwise accuracy furnished by the Chebfun algorithms,

lg — Gpnllzes((—1,1)) < g = gpllLoe((—1,1)) + EpllgpllLoe ((—1,1)
<Ilg = gpllzoe((—1,1)) +Ep(llgllLoe(=1,1)) + 19 = gplloe((—1,1)))
<(ep +Ep(1 +ep))llglloe((—1,1)) < 3epllgllroe((—1,1))-

Furthermore, when the ChebySev coefficients are known, the computational complexity for computing
Jp equals the size of the resulting NN, which is at most C'(p(1 + log(p)) + plog(1/&p)).

1.1.3 Quantitative improvements over previous results

We compare our Chebyéev—based construction with the approach in [21], which was based on a monomial
expansion g, = Zp tjz’, and a ReLU DNN emulation of the monomials (x]) _,. We denote its
outputs by (X )i, For all 0 < < 1, the ReLU NN emulating (X )¥_1 constructed in [21] with l|lad —
)A(:jHLoo((,l,l)) <6 for all j =1,...,p has a network size which is bounded by C'(p(1+1log(p)) +plog(1/9)).
Again, the second step is to compute in the output layer a linear combination gy = Z?:o tjjz‘j. The

emulation error of 524 can be estimated by
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Bad conditioning of the monomials implies that there does not exist ¢ > 0 such that for any integer p > 2
and all polynomials of degree p, their Taylor coefficients can be estimated by >°7_, [t;| < ||gpllLoe ((~1,1))P°".
On the contrary, upper bounds on > *_, [¢;|/[lgp|| 2 ((~1,1)) Which hold uniformly for all polynomials of
degree p generally grow exponentially with p. For example, for p > 2 and g = T), we have g, = T, and
tp = 2P~! which means that Yo ltil > [t = 27~ and thus S ltil > 277! gp|lLoe ((~1,1)), Which



implies that a relative emulation error &, := ||gy — Jp llLoo((=1,1))/||gpllLo((~1,1)) requires § < &,/2°~".
Substituting into the bound on the network size gives a term of the order Cp?. In [21], it was shown that
there exist constants ¢, C' > 0 such that it is sufficient to choose § = £,Cc?, resulting in the upper bound
C(p? + plog(1/£,)) on the network size.'

Compared to [21], we cover here a wider range of Sobolev spaces W*"(I) for 0 < s <land1<r < oo
on arbitrary bounded intervals I = (a,b), keeping track of the natural scaling of Sobolev norms as a
function of the interval length b — a.

1.1.4 Chebfun

Advantages of representing a function through its Chebysev coefficients have also been leveraged in the
so-called “Chebfun” software package, cf. http://www.chebfun.org. There too, functions are represented
through Chebysev coefficients of the interpolant in the Clenshaw—Curtis nodes, in a so-called “chebfun’
object (cf. [36, Section 1.1]).2 Chebfun has a broad range of functionalities and acts directly on the
Chebysev coefficients.

Our DNN emulation result in Proposition 3.11 allows in particular what could be called “Chebfun -
Neural Network” interoperability via transfer of all functionalities of Chebfun to the presently considered
ReLU NN context. Specifically:

(i) Given a ReLU NN, a chebfun object can be created through interpolation (with the Chebfun
function chebfun). In case the NN was constructed as in Proposition 3.11, then no interpolation is
necessary. The Chebysev coefficients can be read off directly from the output layer weights.

(ii) Any Chebfun functionality can be applied to the obtained chebfun object, including those functions
whose output is again a chebfun object.

(iii) Our NN emulation results provide ReLU NN emulations of the output chebfun object.

i

(i) Interpolation
_

{ ReLU NN } { chebfun object}

i(ii) Chebfun functionalities

{ ReLU NN } { chebfun object }

(iii) Emulation
Similarly, ReLU NN functionalities may enhance Chebfun via

(i) Emulation

{ chebfun object } —— = { ReLU NN}
\L(ii) ReLU NN functionalities

{ chebfun object } { ReLU NN}

B ——
(iii) Interpolation

e.g., when the functions afford only low regularity in classical Holder- or Besov spaces, but exhibit
self-similar structure, as is the case e.g. with fractal function systems. We refer to the discussion in [4,
Sec. 7.3.1]: for certain fractal function classes with low Sobolev regularity and dense singular support, deep
ReLLU NNs can still afford exponential approximation rates in terms of the NN size, whereas polynomial
approximations furnished by Chebfun will converge only at low, algebraic rates in terms of the polynomial
degree.

1.2 Layout

The structure of this text is as follows: In Section 2, we recapitulate classical facts from approximation
theory, and from orthogonal polynomials. Section 2.2 introduces the spline spaces for which we prove

1 The exponential growth of Taylor coefficients holds more generally than for the example of Tp = g = gp. For the polynomial
interpolant g, = Z;;:o ¢;Tj of any continuous function g, we can expand (Tj)§:O in their monomial expansions to obtain the
monomial expansion g, = Zﬁ'}:o tjxj. Using again that the p’th coefficient of T}, equals 2P—1 and observing that the only term
with the power P comes from c;T}j, we see that t, = 2P~ 1¢,,.

2 The label “Chebfun” (with capital C) refers to the software package [36], and chebfun, with lowercase c, to an object within
this software (representing a piecewise polynomial function through its Chebysev coefficients).



emulation bounds. Section 2.3 formalizes certain scales of weighted function spaces on intervals I, whose
members are piecewise smooth, up to possibly a finite number of point singularities at points in I.
Section 2.4 recalls polynomial interpolation in the Clenshaw—Curtis points, its stability, and the expression
of such interpolants in the basis of ChebySev polynomials using the inverse fast Fourier transform. All
these concepts are used to construct and analyze, in Section 3, ReLU DNN approximations of univariate
polynomials and continuous, piecewise polynomial functions. Using these results to emulate h-, p- and
hp-finite element methods provides us in Section 4 with DNN approximation rates.

1.3 Notation

We denote by C' > 0 a generic, positive constant whose numerical value may be different at each appearance,
even within an equation. The dependence of C' on parameters is made explicit when necessary, e.g.
C(n,0).

For a finite set S we denote its cardinality by |S|. For a subset S C Ny and k € N, we define 1s(k) =1
if k€ S, and 15(k) =0 otherwise. We write dist(z,y) := |z — y| for all z,y € R.

For p € Ng, we denote the space of polynomials of degree at most p by P, = span {z’ : j € No,j < p},
with the convention P_; := {0}. For an interval I C R, we will sometimes write P, (/) to indicate that
we consider polynomials as functions on I. For k € Ny, the univariate Chebysev polynomial (of the
first kind) normalized such that T (1) = 1 is denoted by Tj. With slight abuse of notation we write

VT for 1 € [1,00], where a; € R for all ¢, by which we mean sup; a; in

expressions of the form (3, (a:)")
case r = oo. Similarly, when writing ([, |f(x)|’“dx)1/7' for a domain D with f € L"(D) and r € [1, 00|,
we mean esssup,p | f(x)| in case r = oo.
For vector spaces U, W and a bounded linear operator P : U — W, the operator norm of P is || P||u,w.
In connection with neural networks, we shall also invoke the realization R, parallelization P and the

full parallelization FP in Section 3.

2 Preliminaries

2.1 Polynomial inverse inequalities

We recapitulate the classical polynomial inverse inequality, due to the Markovs.

Lemma 2.1 (Markov’s inequality). For all k € N and r € [1,00] there exists a constant C(k,r) > 0 such
that for allp € N and v € Pp([—1,1])

For k = 1, the constant satisfies the uniform bound C(1,r) < 6e' 1/ for all r € [1,00] and for all k € N
it holds that C(k,r) < C(1,7)*. In addition, with respect to the L™ -norm we have the sharper constants
C(1,00) =1 and C(2,00) = 1/3.

dF =~
dak v

k—1
<Ok, )|I5|| Lr— — )2 2.1
o1y = (k, ™)1l 1,1))211(10 i) (2.1)

Proof. A combination of [13, Section 3], [10], [6, Chapter 4, Theorem 1.4] and [6, Chapter 4, Equation
(12.2)], see [20, Lemma 2.1.1] and its proof. O

We shall also require the following inverse inequality from, e.g., [6, Chapter 4, Theorem 2.6]. It holds
forall 0 < ¢ <r <oo,p€NandveP,(-1,1]):

~ ~ 2\1/q—1/r
101 e 1,1y) S W0llag21,1y) (1 +q)p°) . (2.2)

2.2 Piecewise polynomials

For —oo < a < b < 00, consider a partition 7 of the interval I = (a,b) into N € N elements, with nodes
a=x0 <z <...<xny-1 < axn = b, elements I; = (z;—1,2;) and element sizes h;, = x; — z;—1 for



ie€{l,...,N}. Let h= max;e{1,..., N} hi. For a polynomial degree distribution p = (Pi)ie{l,m,N} e NV
on T, we define pmax = max;eq1,..., v}y pi and the corresponding approximation space

Sp(I,T) = {ve C°) :vlr, € Pp,(I;) for all i € {1,...,N}}. (2.3)

Our hp-approximations in Section 4.3 will be based on geometrically graded partitions. In the notation
from [21], these are defined as follows: for N € N and o € (0, 1), the mesh 75 5 on I = (0, 1), which is
refined towards z = 0, is defined as follows: let zo := 0 and z; := o™ " for i € {1,...,N}. Let 7o,~ be
the partition of I into N intervals {L,,i}fv:l, where I, == (Ti—1,%:).

2.3 Weighted function spaces on [

We introduce finite order Sobolev spaces and analytic classes of Sobolev spaces in the open, bounded
interval I, with and without weight. These spaces will be employed to describe the regularity of functions
u in ReLU DNN emulations.

2.3.1 Finite order Sobolev spaces

For a bounded open interval I C R and u : I — R, for all £k € N we write

dFu

DFu==——

T

and also, for all r € [1,00) and all k& € Ny,
1/r
_ Ik
lullwiercry = <Z |D* ] W)) ey = [P
Kk K _ k
lellvws.oe oy = g}i)o{HD uHLm(I)’ [ulwr.cer) = HD uHLoo(I)

and for r = 2 we write H*(I) := W"2(I).

Although we are mainly interested in real-valued functions, some of the error estimates are given in
Lebesgue spaces of complex-valued functions defined on some open set £ C C containing I. For such
spaces, the codomain will be indicated explicitly, e.g. L*(&;C).

2.3.2 Finite order weighted Sobolev spaces

To allow for functions with point singularities, but otherwise smooth, we next introduce a continuous
weight function defined in terms of a finite number of singular points. We will consider spaces of functions
which may be singular in given points A1,..., AN € R for Ngsing € N. The A; will usually (but not
always) be assumed to belong to I. For a weight sequence 8 = (b1, ... ,/BNsing) € RMsinz | we consider the
weight function

<1ng

Nsing
Pp(z) = [ min{1,dist(z, 4)}*,  z€eR. (2.4)

i=1

If Nging = 1, we will write 3 instead of 3.

For large weight exponents 8 > 0 in (2.4), the weight function g is small close to the singular points
A;, i.e. the function u and its derivatives are allowed to grow strongly close to the singularity. For
r € [1,00) and m, £ € Ny with m > £, the space W:}a’[([) is defined as the closure of C*°(I) with respect
to the weighted Sobolev norm

1/r
) , if >0,
L (I)

” 1/r
U ) , if £ =0.
L (1)

lullymye = (nuw meHwM D[

||UHW;'EO(1) = <Z H¢B+k

k=0




The corresponding seminorm equals
|U|Wr’f"é"(1) = Hwﬁ-‘rm—fDmu”Lr(I)'

For r = 0o, these norms are understood w.r. to the L*(I)- and || o ||o-norms. In the Hilbertian case

r = 2, we write ng’l(f) = W;él(j)-

2.3.3 Finite order fractional Sobolev spaces

In Section 3.3 we will briefly comment on error bounds with respect to norms of fractional Sobolev spaces
W?*T(I) for s € (0,1) and r € [1,00] on a bounded interval I = (a,b), for —co < a < b < co. We recall

that
o f@) =" /m :
lallwerrcry i= (el + Jyep P2 daa ) if r < oo,
[lullws.oo 1y == max{||u\|Loo(1)7esssupz’yelwsﬁy ﬁc) yf‘(y | ifr=

2.3.4 Weighted Gevrey classes

Weighted Gevrey classes are sets of functions on I = (0,1) which may be singular in x = 0, but are
smooth (not necessarily analytic) away from 0. We refer to [8, 3] and the references there for such spaces.
They contain as particular cases also weighted analytic functions (which satisfy Equation (2.5) below for
d=1). We define for § > 1, £ € Ng and 3 € (0,1) the Gevrey class Qé"s(l) to be the set of functions u in

Nise H ( ) for which there exist constants Cy,d, > 0 such that
- s
VEk >0 |u|H1[§,e(I) < Cudl ™ (k= 0)1°. (2.5)

Rates of their ReLU NN approximations will be studied in Section 4.3.

2.4 Polynomial interpolation in Clenshaw—Curtis points

Due to its central role in our NN constructions, we recall basic properties of interpolation in the Clenshaw—
Curtis points, including stability bounds and how Chebysev coefficients of the interpolant can be computed
from function values in the Clenshaw—Curtis points using the inverse fast Fourier transform (IFFT).
This is done in Proposition 2.2. In the proof of Proposition 3.10, we need estimates on the Chebysev
coefficients of polynomials in P,((—1,1)) in terms of the L*°((—1,1))-norm of the polynomial. These are
provided in Lemma 2.3.

For p € N we consider the p + 1 Clenshaw-Curtis points® in [~1,1], which are the extrema of the
Chebysev polynomial T,,. We denote them by

cc,p

5P = cos(jm/p), j€A{0,...,p}. (2.6)

It will be convenient to extend this definition to all j € Z, even though this does not introduce new points,
as {2577 1 j €{0,...,p}} = {2577 : j € Z}. In particular, for j =p+1,...,2p it holds that 277" = &5” .

The nodal interpolant Hcc’p [0] € Pp([—1,1]) in the Clenshaw—Curtis grld of a continuous function
o € C°([-1,1]) is defined by

B(57) = P[] (25°7), for all j € {0,...,p}. (2.7)

z

For —oo < a < b < oo and I = [a,b], we will consider the images of (2;°");c{o,... py under the affine
“7“’ + b*%x, and denote them by

2P = 2fb 4 258 cos(jm/p), for all j € {0,...,p}. (2.8)

map F :xz —

For every v € C°(I) we denote by 5[] := (II**P[v o F]) o F~ € P,(I) the interpolant in these points.
The following proposition recalls properties of I1°“?

3 In the literature, the nomenclature for these points is not consistent. Besides the term “Clenshaw—Curtis points”, these
points are sometimes referred to as “Chebysev points of the second kind”, or even simply as “Chebysev points”. They are not to
be confused with the p points that are the roots of the ChebySev polynomial T}, which lie in (—1,1). These points are sometimes
also referred to as “Chebysev points”, or as “Chebysev points of the first kind”.



Proposition 2.2. The Lagrange interpolation operator T1°? : C°([—1,1]) — P,(|—1,1]) defined in (2.7)
has the following properties:

(i) For allp € N and D € P,([—1,1]), it holds that TI**?[0] = v.
(i) For all p,s € N, p > s, the Lebesgue constants of Iiee» satisfy the following bounds:
Hﬁcc,p
Hﬁcc,p

|oe,poo 1= [T

|Loo((—1.1)).z00((~1.1)) < (2log(p+1) + 1),

oo, woioo = TP |[ys.00 ((—1,1)) wosoe ((—1,1)) < P72 [TTOP [ poo, poo.

(iii) For all p € N and © € C°([-1,1]), the Chebysev coefficients of the interpolant TI°?[3] can be
computed with the inverse discrete Fourier transform:

0P = > BipTh,
ke{0,...,p}
where
5 .ol p—1}3(K) 7 (4%
By =2 0O (IFFT (@ (57)) o anny)),
oL, ,p—1} (k) R
=S Y lcos(jn/p)) cos(kj/p).
P j€{0,...,2p—1}
Proof. (i) It follows e.g. from [35, Equation (4.9)], with 0 = an+1 = ant2 = ... in the notation of [35].

(ii) The first bound is stated e.g. in [35, Theorem 15.2]. There also a brief history of this result is
provided. The second estimate follows from the first one using Markov’s inequality, Lemma 2.1.
(iii) This is shown in [26, Theorem 3.13].
O

To estimate the neural network approximation error in Section 3, it will be important to have a stability
bound on the sum of the absolute values of the coefficients in Item (iii). In Lemma 2.3, we estimate the
sum of the absolute values of ChebySev coefficients of a polynomial in terms of its L*°((—1,1))-norm.

Lemma 2.3. For allp € N and v =Y _}_,v/T¢ € P,([—1,1]), defining U¢ := 0 for £ > p, it holds that

~ 4 . ~
Dol <pt | min @l - (2.9)

11]):
€22 D25=D2%

Proof. We use [34, Theorem 4.2] with £ = 1 in the notation of the reference (note that slightly sharper
estimates are given in [18, Theorem 2.1] and [35, Theorem 7.1])

D%
o] < o || ——= , £>2,
D IVI =22 a1
D% D%
ol <2 | = (-1 <2|—== .
sz VI—a? Ll((—u))ezzz e VI=a? -1

For p = 1 both sides of the inequalities vanish. Using Markov’s inequality (Lemma 2.1), we obtain

D% 1 o
) < > |D UHLOO((—l 1))
VI=a?lipi-1y)  IVI=22 11 ’

Smap’(p =17 min (@]l -

D2%=D2%

Together with the previous estimate, this shows (2.9). O



3 ReLU NN approximation of univariate functions

In this section we consider NNs with the ReLU activation function ¢ : R — R :  — max{0,z} for
the approximation of univariate functions on bounded intervals. The ReLU NN approximation of
continuous, piecewise polynomial functions allows us to transfer existing results on approximation by
piecewise polynomial functions to obtain approximation results for ReLU NNs. We discuss several such
approximation results in Section 4. Combined with [21, Section 6], these also give efficient approximations
to high-dimensional, radially symmetric functions, as developed in [21, Sections 6.1-6.3].

3.1 ReLU neural network calculus

As usual (e.g. [24, 21]), we define a NN as an L-tuple of weight-bias pairs. A NN realizes a function, called
realization of the NN, as composition of parameter-dependent affine transformations and a nonlinear
activation function g. We briefly recall the NN formalism from [21, Section 2].

Definition 3.1 (Neural Network, Realization R [21, Definition 2.1]). Let d, L € N. A neural network
® with input dimension d and L layers is a sequence of matriz-vector tuples (weight matrices and bias
vectors)

® = ((A1,b1), (A2,b2), ..., (AL, br)),

where Ny :=d and N1,...,Ni, € N are called layer dimensions, and where A, € RN¢*Ne—1 gnd b, € RN¢
fort=1,.., L.

For a NN ® and an activation function o : R — R, we define the associated realization of the NN &
as R(®) : R* — RNL @ 2 21, where

o ‘=@,
x¢ = o(Agxg—1 + be) fort=1,...,L—1,

zr = Arxrp_1+br.

Here g acts componentwise on vector-valued inputs, o(y) = (0(y1),...,0(ym)) for ally = (y1,...,Ym) €
R™. We call L(®) := L the number of layers or depth of ®, M;(®) := ||Aj]le0 + ||bj]le0 the number of
nonzero weights and biases in the j-th layer, and M (®) := Zle M;(®) the number of nonzero weights or
size of ®. The number of nonzero weights and biases in the first layer is also denoted by Ma(®P), and the
number of those in the last layer also by Mia(®). The first L — 1 layers, in which the activation function
is applied, are called hidden layers.

We construct ReLU DNN emulations of Finite Element spaces (2.3) from certain fundamental building
blocks using a calculus of ReLU NNs from [24].

The following two propositions introduce parallelizations in which, given two networks of equal depth,
one network is constructed which in parallel emulates the realizations of the two given networks. In the
first proposition, both subnetworks have the same input. In the second proposition, they have different
inputs.

Both propositions contain bounds on the number of nonzero weights in the first and the last layer
that can be derived from the definitions.

Proposition 3.2 (Parallelization P, [24, Definition 2.7], [21, Proposition 2.3] ). Let d,L € N and let
&1, ®? be two NNs with d-dimensional input and depth L.

Then there exists a network P(®*, <I>2) with d-dimensional input and L layers, called parallelization of
&t and B2, satisfying

R (P (@', ®%) (z) = (R(®") (2),R (9?) (2)), for all z € RY,
M(P(®', ®2)) = M(®') + M(®?), Ma(P(®*, D)) = Ma(®') + Ma(®?) and M (P(D', ®?)) = M (@) +
M. (9?).
We will also use parallelizations of NNs that do not have the same inputs.

Proposition 3.3 (Full parallelization FP [7, Setting 5.2], [21, Proposition 2.5] ). Let L € N and let
&1, d? be two NNs with the same depth L and input dimensions Ny = di and N& = dg, respectively.



Then there exists a ReLU NN, denoted by FP(<I>1, @2), with d = di + da2-dimensional input and depth
L, called full parallelization of ® and ®2, such that for all x = (x1,x2) € R? with z; € R% i =1,2

R (FP (®',®%)) (z1,22) = (R (®') (21),R (®?) (22)) ,
MFP(®',®%) = M@ + M(®?), MFP(®,®?)) = Ma(®) + Ma(®*) and
M (FP(@', %)) = Mia(®") + Mia(®?).
We next recall the concatenation of two NNs. The matrix multiplications in the definition below may
lead to an undesirably large network size, if the product of two small or sparse matrices is a large dense

matrix (this applies to U'V2 in the definition below). For this reason, so-called sparse concatenations
will be defined in Proposition 3.5.

Definition 3.4 (Concatenation, [24, Definition 2.2]). Let ®', ®* be two NNs such that the input dimension
of ®' equals the output dimension of ®*, which we denote by k. For £ =1,...,L1 := L(®') we denote
the weight matrices and bias vectors of ®* by {U"}e and {a*}e and for £ =1,..., Ly := L(®?) we denote
those of ®* by {V*}s and {b*},. Then, we define the concatenation of ®' and ®* as

D' e ®® = ((V1,bY),..., (V2 1 ph2h),
UVt U +a'), (U 6%),..., (U, a™)).
It follows immediately from this definition that R(®' e %) = R(®') o R(®?) and that
L(D' 0 %) = L(®") + L(®%) — 1. (3.1)

Proposition 3.5 ( Sparse concatenation, [24, Remark 2.6], [21, Proposition 2.2] ). Let L1, L2 € N, and
let ®', ®2 be two ReLU NNs of respective depths L1 and Ly such that N§ = NfQ =:d, i.e., the input
layer of ®* has the same dimension as the output layer of ®2.

Then, there exists a ReLU NN ®' ® ®2, called the sparse concatenation of ®' and ®2, such that
&' © ®? has depth L1 + Lo, R(®* © %) = R(®') o R(®?), and

= | Ma(®?) else, = | M. (®h) else,
M (' © @) < M (') + Mg (') + Mia (®°) + M (@?) < 2M (D) + 2M (2?). (3.2)

2 Mg (P2 if Lo =1 2 Mo (PF if L1 =1
Mﬁ(¢'1®¢2) <{ ﬁ( ) Zf 2 ’ M]a((I)l @@2) < { 1 ( ) Zf 1 3

The following proposition summarizes the properties of one type of identity NNs based on the ReLLU
activation function.

Proposition 3.6 ( [24, Remark 2.4], [21, Proposition 2.4] ). For every d, L € N there exists a ReLU NN
QY with L(®}',) = L, M(®Y',) < 2dL, Ma(®}',) < 2d and M. (®5'}) < 2d such that R(®y',) = Idga.

3.2 ReLU emulation of polynomials

In this section, we construct ReLU NNs whose realizations emulate univariate polynomials of arbitrary
degrees on a bounded interval. We closely follow the approach in [21, Section 4], again exhibiting explicitly
the dependence of the DNN depth and size on the polynomial degree.

Differently from the construction in [21], for n € N we use ChebySev polynomials of the first kind,
denoted by {T¢}e<n, as basis for the space P, of polynomials of degree n. As was derived for NNs with
the RePU activation function o for r € N satisfying » > 2 in [33], and as we will see for ReLU NNs
in Lemma 3.9 below, they can be approximated efficiently by exploiting the multiplicative three term
recursion (which is distinct from the additive three-term recurrence relation and not available for other
families of orthogonal polynomials on [—1,1])

Toin = 2T Tn — Tym—n|, To(z) =1, Ti(z)=r=, for all m,n € Ng and = € R, (3.3)

which is related to the addition rule for cosines.* The advantage of using a Chebysev basis instead of
a monomial basis is that ChebySev approximation is better conditioned. For example, for functions

4 For all m,n € Z and 0 € R it holds that cos((m + n)#) = cos(mf) cos(nd) — sin(m0) sin(nd), from which we obtain
cos((m + n)0) + cos((m — n)d) = 2 cos(md) cos(nd). For all z € [~1,1], (3.3) now follows from cos(k#) = T (z) for all k € Z
and 0 = arccos x.
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whose derivative is of bounded variation, the sum of the absolute values of its Chebysev coefficients is
bounded in terms of that variation ([35, Theorem 7.2]).° This includes functions in W2*((—1,1)), for
which this variation of its derivative is bounded by the W2 ((—1,1))-norm, and realizations of ReLU NNs.
The sum of the absolute values of the Chebysev coefficients is often much smaller than the sum of the
absolute values of the coefficients with respect to the monomial basis. The use of the better conditioned
Chebysev basis allows us to obtain bounds on the network depth and size with a better dependence on
the polynomial degree than that in [21], because the analysis there used monomial expansions of Legendre
polynomials, the coefficients of which in absolute value grow exponentially with the polynomial degree, cf.
[21, Equation (4.13)] and the analysis preceding that equation.

The base result of this section is Proposition 3.8 on the emulation of polynomials on the reference
interval [ := [—1, 1], which is exact in the endpoints of the interval. For the ReLU DNN approximation of
univariate piecewise polynomial functions in Section 3.3, we will use NN approximations of polynomials
on an arbitrary bounded interval, such that the NN realizations are continuous and constant outside
the interval of interest. Such approximations are presented in Corollary 3.10. In both those results, the
hidden layer weights and biases are independent of the approximated polynomials. The output layer
weights and biases are the Chebysev coefficients of the polynomial of interest. They can be computed
easily from the values of the polynomial in the Clenshaw—Curtis points using the inverse fast Fourier
transform, by Proposition 2.2 Item (iii).

The main building block for our approximations of piecewise polynomials by ReLLU NNs is the efficient
approximation of products introduced in [37]. We here recall a version with W*-error bounds from [28]
in the notation of [21] and in addition recall in Equation (3.5) below from [20] that multiplication by +1
is emulated exactly.

Proposition 3.7 ( [37, Propositions 2 and 3], [28, Proposition 3.1], [20, Proposition 6.2.1] ). There exist
Cr,C1, Cm, Ciy, Chi, Cla > 0 such that for all k > 0 and 6 € (0,1/2), there exists a ReLU NN X . with
input dimension 2 and output dimension 1, which satisfies

sup ’ab -R (;(M) (a, b)| <6 and
la],|b|<k
esssup max {|a — %R (Xs.x) (a,0)],[b — LR (Xs,) (a,b)]} < 6.

lal,|b]<r

For all k > 0 and 6 € (0,1/2)

L (%) <Cu (log, (224210)) 4
M (%5,0) <Car (logy (224221 )) 4
Mg (Xs5..) <Ca, Mia (Xs5,5) < Cha.
In addition, for every a € R
R (X5x) (a,0) = R (Xs,) (0,a) =0, (3.4)
and for every a € {—1,1} and every b € [—k, K|
R (Xs,:) (a,0) = R (Xs,) (b,a) = ab. (3.5)

We refer to [20, Proposition 6.2.1] for details of the proof, which is based on results proved in [37, 28].
The networks from [37, Propositions 2 and 3] and [28, Proposition 3.1] have a fixed width and variable
depth. There exist networks with the same realization, whose width is variable independently of their
depth, which are studied in [24] and a series of works following [29].

We now prove an analogue of [21, Proposition 4.2] on the NN approximation of polynomials on
the reference interval I = [—1,1], based on the better conditioned Chebysev expansion of the target
polynomial. It also covers the straightforward extension to the approximation of N € N polynomials
by computing them as linear combinations of approximate ChebySev polynomials, which are emulated
only once. Furthermore, the only NN coefficients which depend on the approximated functions are the

5 In [35, Theorem 7.2], it is shown that the Chebysev coefficients (a;);en satisfy |a;| < CV;j~2, where V denotes the variation
of the derivative. A similar estimate is used in the proof of Lemma 2.3.
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Chebysev coefficients, which can be computed efficiently from point values in the Clenshaw—Curtis nodes,
as noted in Proposition 2.2 Item (iii).

The next result has ReLU DNN expression rate bounds for polynomials of degree n given in terms of
Chebysev expansions. It has been proved in [20, Proposition 6.2.2], and was already used in [12, Lemma
3.1]. It generalizes [12, Lemma 3.1], with N, =n, 7 = 6 and v; = T3, ¢ = 1,...,n, which implies that
Cs <1and Cy =n.

Proposition 3.8 ([20, Proposition 6.2.2]). There exists a constant C > 0 such that for all n, N, € N
and N, polynomials v; = ZZL:O vigly € Py fori=1,..., Ny, the following holds:

With Cs := rrlawcﬁ\f:”1 > |vie| bounding the sum of the sizes of coefficients for each polynomial,
ignoring the first two coefficients, and Cn := |[{vie #0: £ =10,...,nandi=1,...,Ny}| < (n+1)N,
bounding the total number of nonzero coefficients of (v;)",, there exist ReLU NNs {®7}rec0,1) with input
dimension one and output dimension N, which satisfy for emulation tolerance T € (0, 1)

i = R(®Y)illyroo sy <7Cs,  Vi=1,..., N,
L(®7) <Cr(1 + logy(n)) logy(1/7) + 3C1(logy(n))” + C(1 + logy(n))?,
M(@7) <4Cunlogy(1/7) + 16Cnnlogy(n)
+6CL(1+ logy(n))?logy (1/7) + C(n + Ch),

n , = 1,
Ma(@?) < C if n

4(logy(n) +1)  else,
Mia (D) < 2C,.

In addition,
R(®7)i(+1) =vi(£1), i=1,...,N,.

The weights and biases in the hidden layers are independent of (vz)f\’:"1 The weights and biases in the output

layer are the Chebysev coefficients {v; s : £ =0,...,n and i =1,..., Ny}, which are linear combinations
of function values in the Clenshaw-Curtis points, as shown in Proposition 2.2 Item (iii).

The proof of Proposition 3.8 is based on Lemma 3.9 below. It proceeds along the lines and uses ideas
in the proof of [21, Proposition 4.2]. As in [21, Lemma 4.5], we compute the basis polynomials (in this case
Chebysev polynomials) using a binary tree of product networks introduced in Proposition 3.7. The main
difference with [21] is that we use the recurrence relation (3.3). We use it for |m — n| € {0, 1}, such that
only one product network is required to compute Toyr () from T (x), Tn(x) and Tjp—p (x) € {1, x}.

The networks constructed in the proofs of Lemma 3.9 and Proposition 3.8 were already defined in [12,
Appendix A]. There, their depth, size and error have not been analyzed yet.

For k € N, the following lemma describes a binary tree-structured ReLU NN with 2*~! 4+ 2 outputs.
The first output equals the NN input x, the other outputs emulate high-order ChebySev polynomials of
degrees 2871 ... 2¥ to prescribed accuracy & € (0,1). We retain to the extent possible notation from [21].

Lemma 3.9 ([20, Lemma 6.2.3]). Let [ = [—1,1]. For all k € N there exist NNs {U5Yse(0,1) with input
dimension one and output dimension 28— 1 2 such that, denoting all components of the output, except
for the first one, by Tp,s := R(VE)oy g or—1 for €€ {2871 ... 2"}, it holds that

R(U5)(2) = (x, Tor—1 s(x), ..., Tox 5(2)), x €1,

|7 - Tg,éuwmm <6, Le{2bh. 2k, (3.6)
Tos(+1) =To(£1) = (1), e {271, 2%},
L(W5) <CL(2K® + 3k% + klog,(1/68)) + (5CL + C, + 2)k, (3.8)
M(U%) <A4Cwk2* + Cr2¥ log, (1/6) + 4kCr log, (1/6)
+ 012" + 800K +12CLK° + Cok, (3.9)
Mg(¥5) <Cq +4, (3.10)
Mo (UF) <281 4 0, + 4. (3.11)

Here, C1 :=9Cn + Cy + Cq + Cha + 14, Cy := 20CL, +4C1, + Cha + 24.
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Proof. This proof closely follows that of [21, Lemma 4.5], proving the lemma by induction over k € N.

Induction basis. We first prove the result for k = 1 for all § € (0,1). Let L1 := L(X5/4,1) and define the
matrix A :=[1,1]T € R®*!, the vector b := [~1] € R', and the matrices and vectors A;, b, i =1,..., L1
such that Xs/41 =: ((A1,b1),...,(AL,,br,)) as in Proposition 3.7. We then define

U =P (<I>£?L1,<1>£?L1,((A1A, b1),...,(2AL,, 2br, + b))) :

Its realizes [R(¥})(x))1 = x, Tis(z) = [R(¥})(2)]2 = 2z = Ti(x) and Ths(z) = [R(¥})(2)]s =
2R(Xs/4,1)(z,z) — 1 for all z € I. In particular, (3.7) follows from (3.5).
For the depth and the size of U} we obtain

L(¥§) =L < Cplog,(4/6) + C1,
M(W5) =2M(DYL,) + M(((A1A,b1), ..., (24L,,2br, +b)))
<ALy + (Calogy(4/6) + Chr + 1)
< (4CL + Cur) logy(4/8) +4CT + Chyr + 1,
Mga(W§) =2Mg(®1'1,) + Ma(((A14,b1), ..., (2AL,, 2b, +b)))
S Cﬁ + 47
Mia(W5) =2Mia(@11,) + Mia(((A1A, b1), .., (241, 2br, +)))
S Cla + 5.

Note that only the bound on M, (¥}) gives the term Cy, in Equation (3.11). As we will see below, there
is no term Cj, in the bound on M, (¥§) for k > 1.
With Proposition 3.7 the error can be bounded as

‘(21;2 1) - fw(x)‘ = |4z — 2[DX s a1 (3, 2) — 2ADX5pa1)2(2,2) | o

W, (1)
s s
HT2 —f2,5H <4,
Wioo(f)

where [D;5/4,1] is the Jacobian, which is a 1 X 2-matrix and is treated as a row vector. The first inequality,
Poincaré’s inequality and T5,(0) = —1 = T2(0) (which follows from Equation (3.4)) imply the second
inequality. This shows Equation (3.6) for k = 1 and finishes the proof of the induction basis.

Induction hypothesis (IH). For all § € (0,1) and k € N we define 8 := 272745 and assume that there
exists a NN W5 which satisfies (3.6)—(3.11) with @ instead of 4.

Induction step. For § and k as in (IH), we show that (3.6)—(3.11) hold with ¢ as in (IH) and with

k + 1 instead of k.
For all £ € {2F71,... 2%},

T H <NTells mo s HTfT xH <146<2, 3.12
[Teo, -y < 1Tl + |70 = Teot@)], <1+ (3.12)
so that we may use Te,g(x) as input of ;9,2.
We define, for ®1'F and <I>§’k introduced below,
Uit = a2r o o' o U (3.13)
The NN ®'* implements the linear map
k—1 k+1
R P2 L RTTOF2. (zl, ey 2okt ) P> (21, Zok—1 40, 22, 23, 23, 23, 73, 24, 24, 24, 24, 25,

..,Z2k—1+1,2«'2k—1+2,22k—1+2,ZQk—1+2>.
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Denoting its weights by ((A*,b"*)) ;== ®* it holds that b*'* = 0 and

ifm=1i=1,
ifm=2i=214+2
if me {3,...,25" +2},i = [5],

else.

(Al’k)m,i —

O = = =

It follows that
L@y =1,  Mg(®"*) = M. (@"*) = M(@"*) < 28 42,
With Lg := L(Xg,2) we define

PF = ((A>* b**)) @ FP (q%‘j‘Le, X025 ;e,z) ,

containing 2F X ¢ p-networks, with A** ¢ R +2x (25 42) 504 p2k ¢ R2+2 defined as

1 ifm=1i<2,
2 ifm=1i2>3,
—1 ifm>3isodd,i =1,

0 else,

(B**) =

-1 ifm>3i
(A%F), e { if m > 3 is even,

0 else.

The network depth and size of ®3"* can be estimated as follows: L((A*" b*%)) = 1, M((A** v**)) =
Mg ((A%F,0*%)) = Mo ((A**,6*%)) = 2. 2F + 2 and
L(®3*) = L((A**,b*")) + L(Xg,2) < 14 C1(log,(2/0)) + C1,
=CL(2k +5+logy(1/6)) + CL, + 1,
M(®F*) < M((A**,6*%)) + Ma((A>*,6*%)) + Mia(®51,) + 2" Mia(Xe,2) + M(®511,)
+2"M(Xg.2)
<M 4 2) 4+ (2T 4 2) + 44 Cra2F +4L(Xg2) + 2 M (X4 2)
< (4CL + Cn2")10g,(2/60) 4 (44 Cra + Chy)2" + 407 + 8
< (4CL 4+ Crm2F)(2k + 5 4 1og, (1/6)) + (4 + Cra + Chy)2F +4C7, + 8
Mg(®5%) = Mg (®5',) + 2" Ma(X2) < Ca2" +4,
Mo (3F) = 2M1, ((A*F,0>F)) < 2812 4.

The network W5 defined in Equation (3.13) realizes

RUET) (@)1 =, for z € I, (3.14)
RS (@)]2 = Tor o(), for z € I, (3.15)
ROES ™) (@)]eyamar = 2R(R02) (Treszn,0(@), Tiejapole)) — al217172), (3.16)

forxefandﬁe{2k+1,...,2k+1},

where z/¢/21-1¢/2] =z = Ti(x) if £ is odd and xl¥/21=1820 — 1 = Ty(z) if £ is even. For £ € {2* +
1,...,2""1} and = € I we denote the right-hand side of (3.16) by

FTVM(x) = [R(‘I’]gﬂ)(m)]uzfzb
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We bound the depth and the size of \IJ§+1.
LU = L(92%) + L(®") + L(Ty)
< (CL(2k+5 +1og,(1/8)) + Cp +1) + 1
+ (CL (2K + 3K + klog, (2574 /6)) + (5C1 + O + 2)k>
<COL(2(k+1)° +3(k +1)* + (k+ 1)1og,(1/8)) + (5CL + CL + 2)(k + 1),
MUy < M( 2EY £ Ma(92%) + Mia(@V* 0 w§) + M(@"F © uf)
M(®F") + Ma(®3") + 2M1a (D) + M(@"") + My (®"F) + Mia (5)
M(V5)
< ((4cL + Cu2")(2k + 5 + 1ogy(1/5)) + (4 + Cra + Chp)2" + 4C) + s)
+(Ca2" +4) +22" T +2) + 2T+ 2) + 2T+ 2) + 2T + O +9)
+ (4ch2’“ + O 2" log, (22544 /8) + 4kC1 log, (22544 /8) + C1 2%

+ SCLK® + 126°Cy + Cak)

<4Cwm (k + )28 + Cn 2 log, (1/6) + 4(k + 1)C1 log, (1/6)
+ 012" 4 8CL(k+1)° +12CL (k + 1)® + Ca(k + 1),
C1 :=9Cn + Cir + Cs + Cla + 14,
Co :=20C1, + 407, + Cia + 24,
Mg(UETY) = Mg (Wg) < Cq + 4,
Mo (W) = My, (92F) < 2(FDFE 4 g
This proves Equations (3.8)—(3.11) for k + 1.

It remains to show Equations (3.6)—(3.7). For £ = 2 Equation (3.6) follows from 6 < § and Equation
(3.15). Towards a proof for £ € {2 +1,...,2F"} we note that ||TrlnHLoo(f) = m? for all m € N: the
inequality || 77, || oo (1) > m? follows from Upm—1(1) = m ([9, Section 1.5.1]) and T}, = mUn—1, where
Urn—1 is the Chebysev polynomial of the second kind of degree m — 1. The converse inequality is Markov’s
inequality Lemma 2.1. For £ € {25 41,...,2"T!} we write £y := [£/2] and observe that for m € {£o,£—£o}

HTm,eH <1460<2,
L= (D)

e

T

<Nl sy + [T = T, <m0 <m? 41,

Lo (1) wil.oo (1)

With Equations (3.3) and (3.16) we find (note that the z'*/21=1/2)_terms cancel)

[ ol g = 20 (5~ )] g oo (- )|
Lo (f) Lo

Lo ()
+ HQTzo,eﬁfzo,e — QR(;9,2)(T20,97T440,9 HLoo(f)
<204 40 +20 <3,
_ 4 _ SO e
.Te - Te,é‘wlm(f) < H2TZ—EO LTy, — 2[DR(X0,2)]1 (Teg,0, Te—t0,0) gTeO,GHme

+ HQTzo LTy 1y — 2[DR(X0.2)]2(Tro.0, Tz-eo,e)%@—zo,eHme

< [P @) (e - Tt

oot 470,

+ HQ(EJO,e — [DR(Xg.2)]1 (feo,e,fefzo,e))%ﬁo,eHLw@
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+ H2 (d%TZ_[O) (Teo — TZO’G)HLM(D

Mi0 (L Te-t0 = 3 Temt00)
+H zo,e(dz r—ey — gz le eo,e) Loo(h)

+ HQ(EO,e - [DR(;Q,Q)}Q(TZO,&,1:2720,0))%TZ—ZO,QHLOOUA)
(3.12),(IH) ) ) 5 2
2(€0)°0 + 40 4+ 2((Lo)” +1)0 + 2(£ — £o)"0 + 40 4+ 2((£ — £o)” + 1)6

< (407 — 8l (€ — Lo) +12)0 < (407 — 16 + 12)8 < 4070 < 6,

where [DR(;M)] is the Jacobian and where we have used that 3 < ¢ < 281 ¢y > 2, ¢ — ¢y > 1, and
40? < 2%+ We conclude that || T, — TZ,é”Wl,oc(i) < 4. Finally, we conclude (3.7) from (3.16) and (3.5).

This finishes the induction step: based on the induction hypothesis for § € (0,1) and k € N, we have
constructed WA and shown Equations (3.6)—(3.11) for k 4 1 instead of k. Together with the induction
basis, this finishes the proof of the lemma. O

Because the number of concatenations in the inductive construction of U% depends on k, we had to
use the sharper bound in Equation (3.2) involving Mg(-) and M, (+). Using the second inequality in (3.2)
would have introduced an extra k-dependent factor in the bound on the network size.

Proof of Proposition 3.8. We define v; o :=0for all { >nand i =1,..., Ny.

If n =1, for all 7 € (0,1) we define ®? := ((A,b)) for A = (Ail)ﬁ\;vl = (vi,1)f-v:”1 e RY¥»*1 and
b= (b)) = (vio); € RY™. It follows that [lv; — R(®)illy1,00(sy = O for all i € {1,..., Ny},
L(®?) =1 and M(®?) = Mg(P?) = Mia(P7) < Ch.

If n > 2, let k := [logy(n)] and § = 7. We use Lemma 3.9 and take {£;}5_, € N* such that
L(U§)+1=L(¥})+¢ for j=1,...,k, and thus ¢; < maxi_, L (¥}) = L (¥}). We define

Y — > O P (\pg OF LN 740 @i?ek) .

The NN ®>™ emulates the affine map R2"+2k—1 _, RNv.
Ny

k 27
(21,.. ., 29k 1 op 1) > | Vio +vi122 4+ Vi22s + g E Vi 0204251
J=2 =2i-141

It satisfies L(®*™) = 1 and M (®*>™) = Ms(®>") = Mia(®>™) < Ch.
The realization satisfies

2k
R(®Y)i(z) =vio+ Y vielps(x), welie{l,...,Ny}.
=1

Exactness in the points +1 follows from Equation (3.7) in Lemma 3.9.
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The depth and the size of ®? can be bounded, using that 2% < 2n:

L(@?) =L (®*") + (L (w}) +1)
<2+ (Cr (2k” + klog, (1/7)) + CK?)
< CL(1+logy(n))log, (1/7) + %C’L logg(n) + Clogg(n),

k k
M@2) <M (87) + My (8°7) + 30 M (W) 0 818, ) + S0 0 (w) 0 )
j=1

j=1
<M (®57) + Mg (8°7) + i Mia (93) + i M (w)) + i M (v])
j=1 j=1 Jj=1

N k M, (@{%J_) + iM (tblf?w)
j=1 J=1
SCnJrCnJri (23'“ +Cla+4)
i=1

k
+3 (4CMj2j 1 Cu2’ log, (1/7) + 45C log, (1/7) + 027')
j=1

+ (Cs +4) k + 2k + 2k (Cr (3K° + klog, (1/7)) + CK?)
<A4Cynlog, (1/7) + 16Cynlogy(n) + 6CL(1 + log,(n))? log, (1/7)
+ C(n + Ch),

k k
Mg (9?) = > Mg (\1/35' © qalf}ej) <3 oM (@{‘j‘gj) = 4k < 4(log,(n) + 1),
j=1

j=1

M, (®Y) =2M, (2>") < 2C,.

With the error bounds from Lemma 3.9 we obtain that for all i € {1,..., Ny}

n

o = R(®2), |y 1y < ; el [0 = Tos |, < > [vueld < 7C..

Finally, the fact that the hidden layer weights and biases of ®? are independent of (vi)ﬁi”l can be seen
directly from its definition. For each i = 1,..., N,, the Lagrange interpolant of v; of degree n in the
Clenshaw—Curtis points (2;7")j_, equals v; by Proposition 2.2 Ttem (i), which means that 2.2 Ttem (iii)
can be used to compute the ChebySev coefficients of v;. O

Preparing for the approximation of univariate, piecewise polynomial functions, we next derive as
a corollary from Proposition 3.8 a NN approximation of multiple polynomials on a bounded interval
I :=[a,b] for arbitrary —oo < a < b < oo, such that on (—o0,a) the NN realization exactly equals the
values of the polynomials in the left endpoint a, and on (b, c0) equals the values of the polynomials in the
right endpoint b. Also, we use the material from Section 2, in particular Lemma 2.3 bounding ChebySev
coefficients and the inverse inequalities from Section 2.1, to transform the right-hand side of the error
bound in Proposition 3.8, which is stated in terms of Chebygev coefficients, into a bound in terms of
Sobolev norms of the approximated polynomial, taking into account the natural scaling of such norms in
terms of the interval length h.

In the statement of the corollary, the minimum over v in Equation (3.19) expresses the fact that the
error is not affected by adding a polynomial of degree 1 to the polynomials we want to approximate,
because NNs with ReLU activation can emulate continuous, piecewise linear functions exactly.
Corollary 3.10 (]20, Corollary 6.2.4]). There exists a constant C > 0 such that for all n, N, € N and
Ny polynomials vi =Y ;) (vieTe € Pn fori=1,..., Ny, the following holds:

For —oco < a < b< oo let I := [a,b] and denote h = b — a. There exist ReLU NNs {®¥"}.c(0,1) with
input dimension one and output dimension N, which satisfy for alli = 1,...,Ny, 1 < 7,7’ < 0o and
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R(PZ)il(—o0,a) = vi(a), (3.17)
R(®Z)i(p,00) =i (D), (3.18)
(2/h) " {vs = R(®ZT);

1 14+1/r' =1/r .
<3e(2/h) min vl Ly

11—y 11
v =v;

Wt (I)

<e@/m)Y" T il 0y » (3.19)

L(®2") <Cr(1+logy(n)) logs (1/¢) + 5C1(log,y(n))° + C(1 +log,(n))*,
M(®2") <4Cnnlog, (1/€) + 40Cnmnlog,(n)
+6CL (1 + logy(n))* log, (1/€) + CnNy,
Mg(®2") <4,
M (®27) <2(n+ 1)N,.

The weights and biases in the hidden layers are independent of (Uz)i"l The weights and biases in the
output layer are the ChebySev coefficients, which are linear combinations of the function values in the
Clenshaw—Curtis points in I.

Proof. The proof consists of 2 steps. In Step 1, we introduce a piecewise linear map which enables us to
use Proposition 3.8 on the reference interval [—1,1]. We define it such that Equations (3.17) and (3.18)
will be satisfied. In Step 2, we define the network ®2/ and estimate its error, depth and size.

Step 1. Let P: R — [—1,1] :  — min{max{ ;2 (z— 2£%), —1}, 1}, which is the continuous, piecewise
linear function which is affine on [a, b] and satisfies P(x) = —1 for all € (—o0, a] and P(z) =1 for all
z € [b,00). We denote the inverse of its restriction to [a,b] by P™" : [=1,1] = [a,b] : @ — 25%2 + %£2.

For all i € {1,..., Ny}, define 9; := v; o P~! on [~1,1]. We denote the Chebysev expansion of o; by
Ui = > y_o Vi Te, defining ;0 = 0 if £ > n. With Lemma, 2.3 it follows that

. 4 . N
Dol < min o oo -
£>2 ol =0l

With the inverse inequality (2.2) it follows that for all 1 < r’ < oo and 9 € Py, with v := 9o P:

1/r’

N 2 “ 2 A 2 v’
9]l oo 7y < (0" +1)0) " N[0l v 1) < Con® 18] v 7y < Con®(2/B)™ o]l

'y < (3.20)

gON

for an absolute constant Cp independent of n, r', I and 9. We used that the function (z + 1)1/” =
exp(2 log(1 + z)) equals 2 in & = 1 and converges to 1 for z — oo, hence by continuity it is bounded on
[1,00). It gives

~ 6 /7 3
> liiel <Con®(2/0)"" min o]l s -

L>2 s

Step 2. In this step, we define the network 2.

Let ®F = ((1,1]7,[~a, —b] "), ([2/h, —2/h],[—1])) be a NN of depth 2 and size at most 7 which exactly
emulates P. Let © = (9;)% be as defined in Step 1, and let ®% for 7 = £/(4Con®) be the network from
Proposition 3.8. Then, we define

v =% o o".

Equations (3.17) and (3.18) follow from the definition of P and exactness in £1 of the network from
Proposition 3.8. By the result of Step 1 of this proof, for t = 0,1 the error is bounded as follows:

(2)"7" v = R(D2T);

Wt,oc([)

~ 1/r .
<27 [biel < gre(2/h)T min |o] v ) -

< 3
wleo(q) ™
(1) £>2 W =y

b — R(®7);

2
h
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Using exactness of ®2*7 in the endpoints of the interval, Hélder’s inequality implies that for all = 1,. .., Ny,
1<r<ooandt=0,1

2\1—t v, I 1/r2\1—t v, I

2 — R(®%T), <hYT(2 L~ R(@*),

B o R, <n @ - RE
<2(h/2)"" gre(2/m)"" min oll

11—y 11
v =v;

1 1+1/r —1/r . ,
=3¢(2/h) min - Jofl gy

Y/
v =v,

which is the first inequality in Equation (3.19). For all i = 1,..., Ny, taking v := v; — v;(a) € P, in
the minimum in Equation (3.19), satisfying v = v}, v/ = v} and v(a) = 0, Poincaré’s inequality gives
vl 1y < Plvlyaer 1) = R |vily, 1y, Which gives the second inequality in Equation (3.19).

It remains to estimate the network depth and size. We use Proposition 3.8 with C, < (n + 1)N, and
T = ¢/(4Con®), which gives

L(®2") <L(®7) + L(D7)
< (CL(1 +1ogy(n)) og,(1/7) + 3CL(logy(n))” + C(1 +logy(n)?) +2
< CL(1 +logy(n)) logy(1/¢) + 5C1(logy(n))* + C(1 + log,(n))?,
M(@Y") < M(®?) + Ma(®7) + Mia(7) + M(2")
< (4CMnlog2(1/T) + 16Cunlogy(n) +6CL(1 + logg(n))2 log,(1/7)
+ C(n+ Chn)) + max{Cy,4logy(n) +4} +3+7
<4Cunlogy(1/e) + 40Cyunlog,(n) + 6CL(1 + log,(n))? logy(1/e) + CnN,,
Mg(92") < My (®7) <4,
M (®27) < M (®2) < 2(n + 1) No.

The weights of ®” are independent of (v;)~%. The remaining statements about the NN weights follow
directly from Proposition 3.8. ]

3.3 ReLU emulation of piecewise polynomial functions

Using Corollary 3.10, the dependence of the network size on the polynomial degree in [21, Proposition
5.1] is improved in Proposition 3.11 below.

Based on Proposition 3.11, improvements of some results in [21, Section 5] directly follow. We present
them in Section 4 without proof, because the proofs are completely analogous to those in [21]. Other
results from [21, Section 5] do not improve, because for those results it holds that p o< (1 4 log(1/¢)),
which means that p? 4 plog(1/¢) and plog(p) + plog(1/e) are of the same order.

Below, we derive a result on the ReLU DNN approximation of continuous, piecewise polynomial

functions on an arbitrary bounded interval I, analogous to [21, Proposition 5.1]. For continuous, piecewise
polynomial functions we use the notation from Section 2.2. As for the ReLU emulation of polynomials
in the previous section, weights and biases in the hidden layers are independent of the approximated
function. For weights and biases in the output layer, explicit numerical expressions based on the inverse
fast Fourier transform are provided in Remark 3.12. A quick extension of the error bounds to fractional
order Sobolev spaces is given in Corollary 3.13.
Proposition 3.11 ([20, Proposition 6.3.1]). For —oo < a < b < oo, let I := (a,b). For all p =
(pi)ieqr,...ny € NN, all partitions T of I into N open, disjoint, connected subintervals I; = (z;—1,;)
of length h; = z; —xi—1, i = 1,...,N, and for all v € Sp(I,T), for 0 < & < 1 there exist ReLU NNs
{®27 P} c0.1y such that for all 1 < r,7" < oo holds

(2/hi)" " o =R (2277)

<3 @)Y min |

wbtr(I;) |uHL7J(1i)’

“”:“//Ui
foralli=1,...,N andt=0,1,
<o (a277)

Lr(r) —

oo

1
Wi.r (1) < 2=t
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L (<I>Z’T”’) < m]g (CL(1+1ogy(pi))logy (1/€) + 2CL(log,(pi))* + C(1 + log,(pi)?) ,

N
(UT,p) Z (4Cn log, (1/€) + 40C log, (ps))

N N

+ D7 6CL(1+log,(pi)) logs (1/) +C' Y p

=1 =1

+ 2 max (Cr (1 + logy(pi)) log (1/2) + 2C1(logy(p:))°

+C(1+logy (1))’ ).

Mx (@:v“’) <IN +2,
N
M, (@:74’) <3N +1+2) pi
i=1

In addition, it holds that R (@gv”’) (x5) = v(x;) for all j € {0,...,N}. The weights and biases in the
hidden layers are independent of v. The weights and biases in the output layer are linear combinations of
the function values in the Clenshaw—Curtis points in I; fori=1,...,N.

Proof. As in the proof of [21, Proposition 5.1], we denote by & € S1(I, T) the continuous, piecewise linear
interpolant of v, which is exact in the nodes of the partition, i.e. 9(z;) = v(z;) for all i =0,..., N. It can
be emulated exactly by a NN of depth 2 satisfying M (®”) < 3N +1, Ms(®") < 2N and M, (®°) < N +1,
see e.g. [21, Lemma 3.1].

On each interval I;, i = 1,..., N, we approximate the difference v — o € Sp(I,T) with ®2~ "' from
Corollary 3.10 for ¢; = /4, with N,, = 1 in the notation of the corollary. It holds for all 1 < r,7" < oo
that

R((I):;{“Ii)hR\l- :0
N1-t S v—70,I; 1+1/7 —1/r . ,
(2/h)' " v —0) ~R@V| < gei(2/h) Jin el

" _— —o)!
W =(v=0)"|p,

1 v —1/r .
— %51(2/h1) +1/ / ,Igpln- ”uHL”'/(Ii)’ (3.21)
u piv

“”=””|I,3

L(®Z7"1) < COL(1 +logy(pi) log, (1/:) + 2C1(logy (pi))* + C(1 + logy (pi)?,
M(®2; ") <4Cwpilog, (1/e:) + 40Chpilogy (pi) + 6CL(1 + log, (p))” log, (1/2:)
+ Cpi7
Mﬁ(q)vfﬁ,Ii) S4,
Mia(®27°1) <2(p, + 1),
Let (£;)1y € NV*1 be such that L(®”) + £o = max{L(®"”), max_, L(®Y "")} + 1 = L(®L ") + 4;
for all i = 1,..., N, so that min® ,¢; = 1 and Zio ¢; <14 Nmaxy¢;. We then define ®¥7 P as
follows, with 1 := (1,..., 1)—r € RY¥*! and the concatenation from Definition 3.4

@:’T’p = ((1T70)) o P (CI:'B O] q)Il(,iZ(wq)gl i © (I)l NARRR ®U oin © q)l ZN) ’

The realization satisfies

N
R(va T,p Z CI)U v,1;
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The first error bound in the proposition follows from Equation (3.21). For the second error estimate, we
use that |0]y1.r(7,) < [vlwir(r,), which we next show, using Jensen’s inequality in the second to last step:

|v|wu<,>—/ prae= [ | [ v —/ o'y

i

I;
( /\v\dy) <h 1/|v|dy—|v|wu(,

‘v -R (@:’T’P)‘ =
wlr(I)

r

dx:hi

Using this fact, we obtain

N

(v—2) =Y R(®L ")

i=1

W (D)

N ., 1/r
=) (b'u.ff),l,;
; .('U U) R( £ ) leT(Ii))

N 1/r
r —|T
Zgi lv— ”|W1»r(11))

IN

IN
— —
I

N 1/r
> e (olwrrqy) + |17|W1,T(1,;))r) < zellwir

and by Poincaré’s inequality

N
1\7 v, .o \||" 1 v, T \||"
B o-r (o277, < 26 o - R (2277)]
(h) v e Ly = ;(hl) v € Lr (I
N
< R((P”T”’) —‘ ~R (e Tv”)’ .
- Z‘ wi, (L) v wi, (1)

.
1
=

The network depth and size can be estimated in terms of pmax := maxfil it
L (cp";*T*P) < mfag{f +1
< (CL(1 + 108, (pma)) 1085 (1/2) + 2C1 (108, (Pmae))”

+ (1 + logy(puuas))’),

N
M (8277) < M@ © i) + 3 M@ 0 @l
i=1

<M (DY) + Mg (®°) + Mia(®1Y,) + M(1Y,)
+Z( M(®E50) - My(2°0) 4 Mo (@1,) + M(21,))
< (3N +1)+ 2N + 2+ 24

N
+ Z (4CMpi log, (1/&') +40Cwvp; log, (p:)
i=1
N
+ 6CL(1 + log, (pi))? log, (1/e:) + C’pi) + 4N + 2N + QZ&-

=1

N
Z (4Cw log, (1/€) + 40C s log, (pi))

37605 +loga()log, (1/) +CS

=1 =1
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+ 2N(CL(1 + 10gy (Pmax)) log, (1/¢) + 201 (logy (Pmax))’

+ O+ 10gs (pmax))?),

N
Ma (cpg»rp) < 3" Ma(@',) < 2N +2,

=0

N
Mia (®27P) < Mia(@°) + 3 Mia(@2777) < (N + 1)+ 3 2(pi + 1)

i=1 i=1

N
=3N+1+2> pi.

i=1

The realization is exact in the points (2;)_( because ®° emulates v exactly and because R(®Y; ")
vanishes in (xj)é'v:[) foralli=1,...,N. Given T, the hidden layer weights and biases are independent of
v, because those of ®” are independent of o (see the proof of [21, Lemma 3.1]) and those of R(®Y; ™)
are independent of v — ¥, as stated in Corollary 3.10. The weights and biases in the output layer can
be computed as linear combinations of the function values of v in the Clenshaw—Curtis grids on the
subintervals of 7. Explicit formulas are given in Remark 3.12 below. O

Remark 3.12. The weights of ®27 P in the output layer can be computed easily from the function values
of v in the Clenshaw—Curtis grids on the subintervals of the partition T using the inverse fast Fourier

transform. In this remark we give explicit formulas.
CICADESUCL) Ry, 2Dl C7ES DRNICICT R D | CES YR N
T1—x0o T;—T; 1 Ti_1—Ti_o yo ey .

The bias equals v(xo). For i = 1,...,N, the weights and biases in the final layer of @Z;ﬁ’li are, for
Wi = (U - "7)‘11’

The weights in the final layer of ®° are

— oli1p;—13(0) 2p;—1 o '
(i) = ~—F—— (vff))(:vl,zgl)cos(ﬂjw/pi)
2p; . i
Jj=0
=901, -1} (O [FFT ({(v - @)(xﬁj;;?i)}fggl)z . 0=0,...,pi, (3.22a)
where (v —0)(x77%") can be expressed in terms of function values of v as
@i — 2oL A T
v — ) xOP) = p(goriy — L Tind gy ) - Tind o). 3.22b
(0= D) = o) - T - TPy (3220)

Because 9|1, € P1(I;), the Chebysev coefficients (w/?)é of (v—10)|1;, of degree £ > 1 equal those of v.
Therefore, for £ > 1, v — U can be replaced by v in (3.22a).

For£=0,1, (wi), can be determined from ((wi)é)bl by writing the conditions (v — v)(xi—1) =0 =
(v —T)(x:) in terms of the Chebysev coefficients, using that To(+1) = (£1)¢ for all £ € No. This gives

Pi Pi

oD (w), = 0= (w),. (3.23)

£=0 £=0
With the theory of interpolation spaces, we directly obtain the following corollary of Proposition 3.11
when the error is measured in fractional Sobolev norms.

Corollary 3.13. Under the assumptions of Proposition 3.11, for allv € Sp(I,T), 0<e <1, s €0,1]
and r € [1,00] holds

v, T,p 1—s
Hv—R(@E )HWSvT(I) <C(r,s,1)h" e vl gy -

Proof. First, we conclude the statement for s € {0,1} from the second error bound in Proposition 3.11:

H” R (q,gmp) <he vl Hv R (Lpgmp) H < e ol

HLT(I) wlr) —
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For s € (0,1), we use [17, Example 1.7] and [2, Theorem 14.2.3]°, which gives

1-s

S
[o=m (@7 2),.., <Ot o =R (@T2) [ = (027)
W (I) L7 (I) wl.r(I)
<C(r,s, I)h' %' * |U|%,;13,r([> e ol = Clry s, I)h' % vl (ry -

4 ReLU emulation of univariate finite element spaces

Based on Proposition 3.11, improved dependence on the polynomial degree of NN size and depth in
several emulation rate bounds for univariate h-, p- and hp-Finite Element spaces from [21] directly follow.
We state them in Sections 4.1, 4.2 and 4.3. The former two are stated, without detailing proofs. These
are completely analogous to those of the corresponding results in [21], with improved dependence of NN
size on the polynomial degree due to the emulation of Chebysev polynomials.

4.1 Free-knot splines

The following analogue of [21, Theorem 5.4] obtains, for fixed parameters q,q’,t,s,s’,p, and up to a
factor log(N) in the network size, the classical adaptive “h-FEM” rate N _(S_S/), with a network depth of
the order log(NN). Similar results, which also apply to multivariate functions, but are restricted to error
bounds in LY, g € (0, 0], were obtained in [32, Proposition 1 and Theorem 1].

We first state a spline approximation result. Combined with Proposition 3.11, we obtain ReLU NN
approximations in Corollary 4.2. The proof of that the corollary is a straightforward application of the
two propositions, analogous to the proof of [21, Theorem 5.4].

Proposition 4.1 ([23, Theorems 3 and 6]). Let I = (0,1), ¢,¢',t,t',s,s" € (0,00], p €N, and
a<q, s<p+l/e, s <s—1/q+1/q.

Then, there exists a Cs == C(q,q',t,t',s,s',p) > 0 and, for every N € N and every f in B;(I), for
p=(p,...,p) € NV, there exist a partition T of I with N elements and o € Sp(I,T) such that

1 =@l iy €GN llsg - (4.1)
Moreover,
H‘PHB;J(I) < C3Hf“Bg,t(I)- (4.2)
Corollary 4.2. Let I = (0,1),0<¢<q <o00,q¢ >1,0<t<oco. LetpeN,0<s <1<s<p+1/q,
1-1/¢ <s—1/qgand s’ <1 ifp=1 and ¢ = oo.

Then, there ezists a constant Cy(q,q',t, s,s",p) > 0 and, for every N € N and every f € B ;(I), there
exists a NN <I>}V such that

Hf—R(cDj?’)H < C*Nf(kS)HfHBth(n

ws'a' (1) T

6 [2, Theorem 14.2.3] is stated for 1 < r < oo (which is denoted by p in the notation of the reference). The statement also
holds for r» = co. For function spaces over the domain R, a proof is given in [17, Example 1.8] and the discussion after the proof
of that example. The statement on the bounded interval I follows from the statement on R by the same steps as in the proof of
[2, Theorem 14.2.3].
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and
1 (®9) < Cu(1+logy(p))(s — ') logs (N) + 2Cr logl(p) + C (1 + log (p))*
M (®}) <4Cni(s — 5')N log, (N) p + 40Cn Nplog,(p)
+6CL(s — §')log, (N) N(1 + log,(p))* + CNp
+ 2N (C1(1 +logy(p)) (s — ) logy (V) + 201 Togh(p) + C (1 + logy (n)* ),
M (@) <2 +2,
Mia (cij) <N(2p+3)+1.

The improvement with respect to [21, Theorem 5.4] is a better dependence of the network depth and
size on the polynomial degree p, namely C(1 + log(p))® and Cp(1 + log(p)) instead of Cp(1 4 log(p)) and
Cp? in [21, Theorem 5.4].

4.2 Spectral methods

Corollary 4.4 provides ReLLU NN emulation rate bounds for spectral and so-called “p-version Finite
Element” methods. The ReLU NN constructions based on ChebySev polynomials imply improved
dependence of the NN size on the polynomial degree and superior numerical stability, in comparison
to the construction in [21, Theorem 5.8]. In particular, the ReLU NN size is now proportional to the
number of degrees of freedom Np + 1, up to a polylogarithmic factor. In [32, Proposition 1 and Theorem
1] and [11, Corollary 4.2], similar statements with the same approximation rates were obtained, but based
on a different argument. There, the approximation was based on the NN emulation of B-splines and of
averaged Taylor polynomials, respectively, of fixed polynomial degree, and on partitions that are refined to
reduce the error. The result below is based on the approximation of piecewise polynomials for which both
the polynomial degree and the mesh can be refined to reduce the error. We observe that [32, Proposition 1
and Theorem 1] and [11, Corollary 4.2] apply more generally, in particular also to multivariate functions.
First, we state the finite element result on which Corollary 4.4 is based.

Proposition 4.3 ([27, Theorem 3.17],[21, Remark 5.7]). Let § € No. Then, there exists a constant
¢(8) > 0 such that for all partitions T of I = (0,1) with N elements, for all w € H*T'(I) and all p € N,
with p == (p,...,p) € NV, there exists v € Sp(I,T) such that for all s € Ny satisfying s < min{3, p}

llu— ””Hl(j) <c(s)h’p~* |U|Hs+1(1) )

where h = max;e(1,..., N} hi s the mazimum element size, defined in Section 2.2.
In addition, 0|y py < [ulgp-

Corollary 4.4. Let I = (0,1), 5 € No and w € H*T'(I).
Then, there is an absolute constant C > 0 and a constant ¢(8) > 0 (depending only on 5) such that,
for all p, N € N there exists a NN ®“™P such that for all s € No satisfying s < min{5,p}

|u— R@* ")

ey SCOND) T Nl gy

L(®"“™7) <C13(1 + log,(p)) logy(Np) + 2C1logs(p) + C (1 + logy (p)),
M(®"NP) < N[4Cr5plog, (Np) + 40Carplog, (p)
+6C15log, (Np) (1 +logy(p)* + Cp
+2CL51ogy (Np) (1 + logy(p))],
Mg(@“NP) <2N + 2,
Mia(@"™7) <N(2p+3) + 1.
This result follows from Proposition 4.3 if we choose 7 to be the uniform partition of I into N intervals
(which is the optimal choice of 7). The proof is analogous to that of [21, Theorem 5.8]. We improve upon

that result by achieving the same error with a smaller network. Up to logarithmic factors, the NN size is
O(Np), for N — oo and/or p — oo, rather than O(Np?) in [21, Theorem 5.8].
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4.3 Approximation of weighted Gevrey regular functions

We consider approximation rates of ReLU NNs via so-called “hp-approximations”” of functions on
I = (0,1) which may have a singularity at z = 0 and which belong to a weighted Gevrey class 92’5(1)
defined in (2.5). The following theorem is a generalization of [27, Theorem 3.36], stated for the analytic
case § = 1, to Gevrey regular functions for § > 1. It is based on the geometric partition 75 n of I = (0,1)
introduced in Section 2.2.

Proposition 4.5 (|21, Theorem 5.10]). Let 0,8 € (0,1), \:==0"' =1, > 1, u € QZ";(I) and N € N

dydel =9
9 201—5

be given. For po = po(o, 8,0, d,) = max {1

p1i=1 and p; .= |pi’] forie{2,...,N}.

Then, as N — oo, dim(Sp(I, To.n)) = O(N'F0). Furthermore, there exists a continuous, piecewise
polynomial function v € Sp(I, Ts,n) such that v(z;) = u(x;) fori € {1,..., N} and such that for constants
b(o,B,0,1) >0, c(B,0) := (1 —pB)log(1l/c) > 0 and C(o, 3,9, u, Cu,du) > 0 (where Cy, and d, are as in
Equation (2.5)) it holds that

} and for p > po let p = (p:;)Nq C N be defined as

lu = vl 1 sy < Cexp(=e(8,0)N) < Cexp (=b dim(Sp(1, Ton)/ )

This hp-approximation result implies, via the ReLU emulation of ChebySev polynomials, the following
DNN expression rate bound.

201-8
u € 92’6(1) there exist constants Cy > 0, ¢ > 0 and b, > 0 and ReLU NNs {®“°} yen such that

Theorem 4.6. For all 0,8 € (0,1), all § > 1, p > po(o,B,d,dy) := max{l7 M}, and all

VN € N: Hu - R(<I>“""N)H 1y S Crexp(—c(8,0)N) < Cooxp (- b M (@ N )/ (2400
H(I

Here, the constants Ci,c,bs satisfy c¢(B8,0) := (1 — B)log(1l/0), b« := bi(0,8,0,u) > 0 and C, =

Cy(o, 8,0,y Cu,du, ‘U"Hl(l)) > 0, and the ReLU NNs {®“"N}ncy are such that

Proof. The proof is analogous to that of [21, Theorem 5.12]: an hp Finite Element approximation will be
emulated by DNNs, and the triangle inequality will imply ReLU NN expression rate bounds.

The hp-approximation v € Sp(I, 75 ~) is as in Proposition 4.5, with p C N defined by p1 = 1 and
with “linear” polynomial degree degree vector p; = |ui®| for i € {2,..., N}. With & := exp(—cN) we use
Proposition 3.11 to construct the ReLU NN ¢%oN .= @:’T”’N’p.

From p; =1 it follows that Hv - R(<I>“‘"’N)HHl(I1 o= 0, because ReLU NN emulations of continuous,

piecewise linear functions are exact (this can also be seen by setting w = 0 in the first error bound in
Proposition 3.11).

7Also known as “variable-degree, free-knot splines”.
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By [21, Remark 5.11], which states that |v| ;1 p 7, o) < [ulgin g, ) it follows that

Hu _ R(q)u,o',N)H S ||u — vHHl(I) + H'U - R(@gvTo,Aﬁp)H

H(I) H(I)

< 0(07 67 67 Hy Cu7 du) eXp(_CN) + eXp(_CN) |’U|H1(I\IU.1)
< (C(O,ﬂ, 3, Cuy du) + ‘U|H1(1) ) exp(—cN)
=:C, exp(—cN),

L(@"N) < max (CL(l +logy, (pi’)) log, (1/2) + 2Cr(logy(1i®))* + C(1 + logz(ui‘;))Q)

< CreN(8logy(N) + logy (i) + 1) + C(6, ) (1 + log,y (N))?,

N
M(®“N) <3 " i’ (4Cu logy (1/¢) 4 40Cy log, (i)

i=1
N

+ Z 6CL(1 + log, (1i®))? log, (1/e) +C Z pi®

=1 =1

+ 2N I?EIX (CL(l + log, (1i®)) log, (1/e) + %C’L(logz(m‘s))?’
+C(1+logy(i*))?)
<4CwpeN°? + C(a, 8,6, 1) (N‘H'1 log,(N) + N? logg(N)) ,
Mg(®"7N) <2N + 2,

N
Mio(®“7N) <BN +1+2)  pi® <2uN°*H 3N + 1.

=1
To finish the error bound, we rewrite the bound on the network size as
eN > ¢C(o, 8,6, 1)~/ CHO (@@ o N Y/ CH0) . p (e Ny (240
and obtain that exp(—cN) < exp (— b M (o )1/ (240)) 0

The results in this section are based on H'-projections in [27, Section 3.3]. For weighted analytic
functions, i.e. § = 1, analogous results based on elementwise interpolation in the Clenshaw—Curtis nodes
are proved in [20, Section 6.4], with error bounds in W (I) for r € (1,00].

Our results generalize in a straightforward way to functions with a finite number of algebraic sin-
gularities, similarly to [20, Remark 2.5.6]. Generalizations to higher dimensions also hold, see e.g. [§]
for the hp-approximation of Gevrey regular functions in dimensions d = 2,3. There, tensor products of
univariate interpolants and of the presently developed ReLU NN emulations can be used. For § = 1 and
d = 2,3, a generalization of Theorem 4.6 was shown in [19], and for d = 2 also in [20]. A generalization to
multivariate Gevrey regular functions in norms without weights (thus without algebraic point singularities)
was shown in [22, Proposition 4.1].

5 Conclusions

The present paper extended and improved emulation rate bounds from [21] for deep ReLU NN for various
spaces of continuous, piecewise polynomial functions. Compared to [21], we covered a wider range of
Sobolev spaces W' (I) for 0 < s <1 and 1 < r < oo on arbitrary bounded intervals I = (a, b), keeping
track of the natural scaling of Sobolev norms as a function of the interval length b — a.

While the present DNN emulation bounds addressed only deep ReLU NNs, we emphasize that the
results do generalize also to other activations. In particular, due to the equivalence of ReLU NNs and
so-called spiking networks which are prominent in neuromorphic computing (see [31] and [30, Thm. 3],
and the references there) all presently proved NN emulation rate bounds will imply corresponding bounds
for such networks.
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