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Abstract

We investigate non-adaptive methods of deep ReLU neural network approximation of
the solution u to parametric and stochastic elliptic PDEs with lognormal inputs on non-
compact set R*°. The approximation error is measured in the norm of the Bochner space
Ly (R, V,~), where « is the tensor product standard Gaussian probability on R* and V
is the energy space. The approximation is based on an m-term truncation of the Hermite
generalized polynomial chaos expansion (gpc) of w. Under a certain assumption on £,
summability condition for lognormal inputs (0 < ¢ < o0), we proved that for every integer
n > 1, one can construct a non-adaptive compactly supported deep ReLU neural network
¢,, of size not greater than n on R™ with m = O(n/logn), having m outputs so that the
summation constituted by replacing polynomials in the m-term truncation of Hermite gpc
expansion by these m outputs approximates v with an error bound O ((n /log n)_l/ q). This
error bound is comparable to the error bound of the best approximation of u by n-term
truncations of Hermite gpc expansion which is O(n~/9). We also obtained some results on
similar problems for parametric and stochastic elliptic PDEs with affine inputs, based on the
Jacobi and Taylor gpc expansions.
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1 Introduction

The aim of the present paper is to construct deep ReLLU neural networks for approximation of
parametric and stochastic elliptic PDEs with lognormal or affine inputs. We investigate the
convergence rate of this approximation in terms of the size of the approximating deep ReLU
neural networks.

The universal approximation capacity of neural networks has been known since the 1980’s
([13, 35, 23, 6]). In recent years, deep neural networks have been rapidly developed and suc-
cessfully applied to a wide range of fields. The main advantage of deep neural networks over
shallow ones is that they can output compositions of functions cheaply. Since their application
range is getting wider, theoretical analysis revealing reasons of these significant practical im-
provements attracts substantial attention [2, 18, 40, 49, 50]. In the last several years, there has
been a number of interesting papers that addressed the role of depth and architecture of deep
neural networks in approximating functions that possess special regularity properties such as
analytic functions [20, 38], differentiable functions [45, 52], oscillatory functions [29], functions
in Sobolev or Besov spaces [1, 27, 30, 53]. High-dimensional approximations by deep neural net-
works have been studied in [39, 48, 16, 17|, and their applications to high-dimensional PDEs in
[47, 21, 43, 31, 25, 26, 28]. Most of these papers used deep ReLU (Rectified Linear Unit) neural
networks since the rectified linear unit is a simple and preferable activation function in many
applications. The output of such a neural network is a continuous piece-wise linear function
which is easily and cheaply computed. We refer the reader to the recent surveys [19, 44] for
various problems and aspects of neural network approximation and bibliography.

In computational uncertainty quantification, the problem of efficient (non-neural-network)
numerical approximation for parametric and stochastic partial differential equations (PDEs) has
been of great interest and achieved significant progress in recent years. There is a vast number
of works on this topic to mention all of them. We point out just some works [3, 5, 4, 8, 10, 11,
12, 7,9, 15, 14, 22, 34, 54, 55| which are directly related to our paper.

Recently, a number of works have been devoted to various problems and methods of deep
neural network approximation for parametric and stochastic PDEs such as dimensionality re-
duction [51], deep neural network expression rates for the Taylor generalized polynomial chaos
expansion (gpc) of solutions to parametric elliptic PDEs [46], reduced basis methods [36] the
problem of learning the discretized parameter-to-solution map in practice [24], Bayesian PDE
inversion [42, 32, 31], etc. In particular, in [46] the authors proved dimension-independent
deep neural network expression rate bounds of the uniform approximation of solution to para-
metric elliptic PDE with affine inputs on I*° := [—1,1]* based on n-term truncations of the
non-orthogonal Taylor gpc expansion. The construction of approximating deep neural networks
relies on weighted summability of the Taylor gpc expansion coefficients of the solution which is
derived from its analyticity.

Let D C R? be a bounded Lipschitz domain. Consider the diffusion elliptic equation
—div(aVu) = f in D, wulpp = 0, (1.1)

for a given fixed right-hand side f and a spatially variable scalar diffusion coefficient a. Denote
by V := H}(D) the energy space and H (D) the dual space of V. Assume that f € H~(D)
(in what follows this preliminary assumption always holds without mention). If a € Ly (D)
satisfies the ellipticity assumption

0<amin§a§amax<oo;



by the well-known Lax-Milgram lemma, there exists a unique solution u € V' to the equation (1.1)
in the weak form

/aVu-Vvdm = (f,v), YveV.
D

We consider diffusion coefficients having a parametrized form a = a(y), where y = (y;);en
is a sequence of real-valued parameters ranging in the set U* which is either R* or I*°. Denote
by u(y) the solution to the parametrized diffusion elliptic equation

—div(a(y)Vu(y)) = f in D, u(y)p = 0. (1.2)

The resulting solution operator maps y € U™ — u(y) € V. The objective is to achieve a nu-
merical approximation of this complex map by a small number of parameters with a guaranteed
error in a given norm. Depending on the nature of the modeled object, the parameter y may be
either deterministic or random. In the present paper, we consider the so-called lognormal case
when U = R* and the diffusion coefficient a is of the form

a(y) = exp(b(y)), with b(y) = >y, (1.3)
j=1

where the y; are i.i.d. standard Gaussian random variables and 1 € Lo (D). We also consider
the affine case when U = I*® and the diffusion coefficient a is of the form

aly) =a+ Yy (1.4)
j=1

Let us briefly describe the main contribution of the present paper. We investigate non-
adaptive methods of deep ReLU neural network approximation of the solution u(y) to parametric
and stochastic elliptic PDEs (1.2) with lognormal inputs (1.3) on non-compact set R>. The
approximation is based on truncations of the orthonormal Hermite gpc expansion of u(y):

u(y) =Y us Hs(y), us€V.
sclF

The approximation error is measured in the norm of the Bochner space La(R*, V| v), where 7 is
the tensor product standard Gaussian probability measure on R*. By using the results on some
weighted fo-summability of the energy norm of V' of the Hermite gpc expansion coefficients of
u(y) obtained in [4], we prove the following. Assume that there exists a sequence of positive
numbers (p;) ;o such that for some 0 < g < oo,

> pilwj) <oo and (p;') € L.
JEN Loo(D)

Let § be an arbitrary positive number. Then for every integer n > 1, we can construct an index
sequence A, := (33 )7.71 C F with m = O(n/logn), and a compactly supported deep ReLU

j=1
neural network ¢,, := (qu);.n:l of size at most n on R™ so that

(i) The index sequence A, and deep ReLU neural network ¢,, are independent of u;



(ii) The input and output dimensions of ¢,, are at most m;
(iii) The depth of ¢, is O (n°);
(iv) The support of ¢,, is contained in the cube [T, T|™ with T = O(n/logn);

(v) If ®; is the extension of ¢; to the whole R*® by ®;(y) = ¢; ((yj);-":l) for y = (y))

then
m
u — Z Ugj q)j
Jj=1

Notice that the error bound of this approximation is comparable to the error bound of the
best approximation of u by n-term truncations of the Hermite gpc expansion as well as of the
approximation by the particular truncation S,u := Z’;:l ug Hy; which is O(n=1/7). We also
obtained some results in manner of the items (i)—(v) on similar problems for parametric and
stochastic elliptic PDEs (1.2) with affine inputs (1.4). The proofs of these results rely on the
Jacobi and Taylor gpc expansions of u(y).

JEN?

= O((n/ log n)_l/q>.

Lo (Roo 7V7’Y)

The paper is organized as follows. In Section 2, we present a necessary knowledge about
deep ReLU neural networks. Section 3 is devoted to the investigation of non-adaptive methods
of deep ReLU neural network approximation of the solution u to the parameterized diffusion
elliptic equation (1.2) with lognormal inputs (1.3) on R*. In Section 4, we extend the theory
presented in Section 3 to the parameterized diffusion elliptic equation (1.2) with the affine inputs
(1.4). Some concluding remarks are presented in Section 5.

Notation As usual, N denotes the natural numbers, Z the integers, R the real numbers and
No := {s € Z : s > 0}. We denote R* the set of all sequences y = (y;)jen with y; € R.
Denote by F the set of all sequences of non-negative integers s = (s;);en such that their support
ve :=supp(s) := {j € N:s; > 0} is a finite set. We use (e’);ey for the standard basis of ¢2(N).
For a set G, we denote by |G| the cardinality of G. We use letters C' and K to denote general
positive constants which may take different values, and Cy 5, . and K, . when we want to
emphasize the dependence of these constants on «, 3, ..., or when this dependence is important
in a particular situation.

2 Deep ReLU neural networks

In this section, we present some necessary definitions and elementary facts on deep ReLLU neural
networks. There is a wide variety of neural network architectures and each of them is adapted
to specific tasks. We will consider a general type of deep feed-forward neural networks that also
allows connections of neurons in non-neighboring layers. In deep neural network approximation,
we will employ the ReLU activation function that is defined by o(t) := max{t,0}, t € R. We
will use the notation o(x) := (o(z1),...,0(zq)) for & = (z1,...,14) € R%

Definition 2.1 Let d,L € N, L > 2, Ny = d, and Ny,...,N, € N. Let W' = (wf’j) c

{—

RVeX(SZIN) g = 1. L, be Ny x (zf;} Ni> matrices, and b' = (b) € RV, A ReLU
neural network ® with input dimension d, output dimension N and L layers is a sequence of

matriz-vector tuples
o= ((Whb'),...,( Wwhbl)),
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in which the following computation scheme is implemented
2Vi=xe Rd;
¢ (0 -1\ g0
z I:O'<W (z seeey 2 ) —|—b>, {=1,....,L—1;
2L =wl (zo, ce ,zL_l)T + bk

We call 2° the input and with an ambiguity denote ®(x) := 2 the output of ® and in some places
we identify a deep ReL U neural network with its output. We will use the following terminology.

e The number of layers L(®) = L is the depth of ®;
e The number of nonzero wfjj and bf is the size of ® and denoted by W(®);

o When L(®) > 3, ® is called a deep neural network, and otherwise, a shallow neural
network.

The following two results is easy to verify from the definition above. We also refer the reader
to [30, Remark 2.9 and Lemma 2.11] for further remarks and comments.

Lemma 2.2 (Parallelization) Let N € N, \; e R, j =1,...,N. Let ®;, j =1,...,N be
deep ReLU neural networks with input dimension d. Then we can explicitly construct a deep
ReL U neural network denoted by ® so that

N
O(x) = Z/\j<I>j(zc), x € R%
j=1

Moreover, we have

N
b)< - L(®) = L;.
W ( )_;Wg and (@) = max L,

The network ® is called the parallelization network of ®;, j=1,...,N.

Lemma 2.3 (Concatenation) Let ®; and ®2 be two ReLU neural networks such that output
layer of ®1 has the same dimension as input layer of ®5. Then, we can explicitly construct a
ReLU neural network ® such that ®(x) = ®2(®1(x)) for € RY. Moreover we have

W (®) <2W(P;) + 2W (Dy) and L(®) = L(®1) + L(P2).
The network ® is called the concatenation network of ®1 and ®o.
We recall the following result, see [46, Proposition 3.3].

Lemma 2.4 For every 0 € (0,1), d € N, d > 2, we can explicitly construct a deep ReLU neural
network ®p so that

d
sup ij—q)p(az) < 0.
mE[—l,I]d ]:1
Furthermore, if x; = 0 for some j € {1,...,d} then ®p(x) = 0 and there exists a constant

C > 0 independent of § and d such that
W(®p) < Cdlog(ds™)  and  L(®p) < Clogdlog(ds™).



The statement ®p(x) =0 (d = 2) when z; - x2 = 0 was proved in [46, Proposition 3.1], see
also [30, Proposition C.2] and [41, Proposition 4.1]. But this implies that the statement also
holds for general d since the network ®p is constructed as an binary tree of the network ®p
when d = 2.

Let ¢1 be the continuous piece-wise function with break points {—2,—1,1,2} such that
v1(z) = = if x € [-1,1] and supp(¢1) C [—2,2]. By this definition, we find that ¢ can be
realized exactly by a deep neural network (still denoted by ¢1) with size W(¢1) < C for some
positive constant C. Similarly, let g be the neural network that realizes the continuous piece-
wise function with break points {—2, —1,1,2} and po(x) = 1 if z € [—1, 1], supp(po) C [-2,2].
Clearly W (¢) < C for some positive constant C'.

From Lemma 2.4 we obtain

Lemma 2.5 Let ¢ be either o or ¢1. For every 6 € (0,1), d € N, we can explicitly construct
a deep ReLU neural network ® so that

sup <.

[[e(zs) - o)
xe[—2,2]d

J=1

Furthermore, supp(®) C [~2,2]¢ and there exists a constant C > 0 independent of § and d such
that

W(®) < C(1+dlog(ds™t))  and  L(®) < C(1+logdlog(ds™1)). (2.1)
Proof. The network ® is constructed as a concatenation of {((x;) ;;:1 and ®p. The estimate
(2.1) follows directly from Lemmas 2.3 and 2.4. O

3 Parametrized elliptic PDEs with lognormal inputs

In this section, we investigate non-adaptive methods of deep ReLLU neural network approximation
of the solution u(y) to parametrized elliptic PDEs (1.2) with lognormal inputs (1.3) on R>*. We
construct such methods and prove convergence rates of the approximation by them. The results
are derived from a general theory on deep ReLU neural network approximation in Bochner
space La(R*>, X,~) of functions v on R* taking values in a Hilbert space X and satisfying some
weighted fo-summability conditions of the Hermite gpc expansion coefficients of v.

3.1 Approximation by truncations of the Hermite gpc expansion

We first recall a concept of infinite tensor product of probability measures. Let u(y) be a
probability measure on U. We introduce the probability measure p(y) on U as the infinite
tensor product of the probability measures u(y;):

p(y) == Q) uy), y=(y)jen € U™
jeN

The sigma algebra for u(y) is generated by the set of cylinders A := HjeN Aj, where A; C U
are univariate u-measurable sets and only a finite number of A; are different from U. For such



a set A, we have u(A) = [[;cyn(A;). If o(y) is the density of u(y), ie., du(y) = o(y)dy, then
we write

dp(y) = Q) ey)d(y;), y = (yj)jen € U™
jeN
or details on infinite tensor product of probability measures, see, e.g., , PP- — .
For detail infini d f babili 33 429-435

Let X be a Hilbert space. The probability measure p(y) induces the Bochner space
Lo (U, X, i) of p-measurable mappings v from U™ to X for which the norm

1/2
ol = ([ IoColan) < x.

In this section, we consider the lognormal case with U® = R* and u(y) = 7(y), the
infinite tensor product standard Gaussian probability measure. More precisely, let v(y) be the
probability measure on R with the standard Gaussian density:

dy(y) == g(y)dy, g(y) ::\/12?

2
eV /2,

Then the infinite tensor product standard Gaussian probability measure v(y) on R can be
defined by
dy(y) == Q) g(y;)d(y).

jEN

In this section, we make use of the abbreviation L2(X) := Lo(R*>°, X, ). Denote by F the
set of all sequences of non-negative integers s = (s;);en such that their support v := {j € N :
sj > 0} is a finite set. A powerful strategy for approximation of functions v € L2(X) is based
on truncations of the Hermite gpc expansion

v(y) =Y vsHa(y), vs€ X, (3.1)
sclF

where

Haly) =@ Ho (1), vai= [ o@) Ha(w)dily). sEF.
jEN -
with (Hg)ren, being the Hermite polynomials normalized according to [p |Hy(y)|? g(y) dy = 1.

Notice that (Hg)ser is an orthonormal basis of La(R™, ) := Lo(R*°, R, v). Moreover, for every
v € L9(X) represented by the series (3.1), the Parseval’s identity holds

02,00 = D llvsll-

selF

For s,s" € F, the inequality s’ < s means that s < s; for j € N. A set A C F is called
downward closed if the inclusion s € F yields the inclusion s’ € F for every s’ € F such that
s’ <'s. A sequence (0s)scr is called increasing if oy < 05 when s’ < s.

Assumption A For v € L5(X) represented by the series (3.1), there exists an increasing
sequence o = (04)ser of positive numbers such that (o;1)ser € £4(F) for some g with 0 < ¢ < oo

and
1/2
(Z(asuvsux)2> <M < .

sclF
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Assume that 0 < ¢ < 00 and o = (0s)ser is an increasing sequence of positive numbers. For
& > 0, we introduce the set

AE) = {seF: ol <}, (3.2)
and the following numbers (when A(¢) is finite):
= , 3.3
mi(§) = max |s| (3:3)
and
m(¢) ;== max {j € N:3s € A(£) such that s; > 0}. (3.4)

Sometimes in this paper, without ambiguity we will use m and m; instead of m(§) and mq(€).
Observe that under Assumption A, the set A() is finite and downward closed.

For a function v € L9(X) represented by the series (3.1), we define the truncation

Z vsH (3.5)

seN(E)

Notice that if Assumption A holds, then m is finite and, therefore, the truncation Sy v of the
series (3.1) can be seen as a function on R™.

Lemma 3.1 For v € Lo(X) satisfying Assumption A and for every & > 1, there holds

[v = Saevllax) < CEH4

Proof. Applying the Parseval’s identity, noting (3.5), (3.2) and Assumption A, we obtain

lo=Sae)lZay = D lleslk = D (osllvslx)®oy?

os>E1/a os>E1/4
< ¢ Z/qZUsH'USHX = MZ%¢?/,
selF

3.2 Approximation by deep ReLU neural networks

In this section, we construct a deep ReLU neural network which can be used to approximate
v € L3(X). We primarily approximate v by the truncation Sy¢)v (see (3.5)) of the series (3.1).
Under the assumptions of Lemma A.2 in Appendix, Sy)v can be seen as a function on R™,
where we recall that m := m(§). Then we approximate Sy v by its truncation Sj‘\’(g)v on a
sufficiently large cube

= [-2vw,2v/]™ CR™,

where the parameter w depending on £ is chosen in an appropriate way.

In what follows, for convenience we consider R™ as the subset of all y € R* such that y; =0
for j = m+1,.... If g is a function on R™ taking values in a Hilbert space X, then g has

an extension to the whole R> which is denoted again by g, by the formula g(y) = ¢ ((yj)gnzo)

8



for y = (y;)jen. The tensor product of standard Gaussian probability measures y(y) on R™ is
defined by

m

dv(y) == X g(y;)d(y)).

=1

For a «-measurable subset €2 in R, the spaces L2(€2, X,v) and L2(€2,~) are defined in the usual
way.

Our next task is to construct deep ReLU neural networks ¢ on the cube B} to approximate
Hg, s € A(§). The network ¢ ¢y := (¢s)sen(e) on By with [A(£)] outputs which is constructed
by parallelization is used to construct an approximation of Sj’((g)v and hence of v. Namely, we
approximate v by

(I)A(é)v(y) = Z vshs(Y)- (3.6)

seA(§)

For 6, A\ > 0, we define the sequence

ps(0,0) == [J(1 + As)?, s€F, (3.7)
JEN

with abbreviation ps(0) := ps(6,1).

Our result in this section is read as follows.

Theorem 3.2 Letv € Lo(X) satisfy Assumption A. Let 0 be any number such that @ > 4/q. As-
sume that the sequence (0s)ser in Assumption A satisfies o < 0gi if i’ <i and (ps(0)og")ser €
lq(F). Let K4 and K¢ be the constants defined in Lemma A.1 in Appendiz. Then for every
§€ > 1, we can construct a deep ReLU neural network ¢y := (¢S)36A(5) on R™, m < [ K4/,
having the following properties.

(i) The deep ReLU neural network Pa(e) is independent of v;

(ii) The input and output dimensions of D) are at most m;
(iii) W(ha(e)) < C&logé;
(iv) L(pag)) < C&Y%;
(v) supp ((,bA({)) C [=T,T|™, where T := 4\/| K, 0&];
(vi) The approzimation of v by Pp(eyv gives the error estimate
[0 = @agyvlleax) < CEH1 (3:8)
Here the constants Care independent of v and &.

Let us first introduce the above mentioned function Sj’((g)v with a special choice of w. In this
section, for £ > 1, we use the letter w only for the notation

w = [ Ky, (3.9)



where K ¢ is the constant defined in Lemma A.1 in Appendix. For a function ¢ defined on R,
we denote by ¢* the truncation of ¢ on B, i.e.,

w o(y) ifye Bl
©(y) = @) .
0 otherwise.

If vs C {1,...,m}, we put
Hy(y):=[[H:(wi),  yeR™
j=1

We have Hy (y) = [[/L; Hs,(y;) if y € B and HY'(y) = 0 otherwise.
For a function v € L3(.X) represented by the series (3.1), noting the truncation Sy v given
by (3.5) and (3.2), we define
Sk = Z veHY.

seA(E)

From Lemma A.2 in Appendix one can see that for every s € A(§), Hs and HY and there-
fore, Sp()v and Sj((g)v can be considered as functions on R™. For g € Lo(R™, X, ), we have
19/ L, mm x,4) = 9]l Ly® x,,) in the sense of extension of g. We will make use of these facts
without mention.

To prove Theorem 3.2 we will employ a so-called technique of intermediate approximation for
estimation of the approximation error in Theorem 3.2 which in our case is as follows. Suppose
that the function @, is already constructed. Due to the inequality

[0 = Page)ollaix) < Nlv = Savlleocx) + 154w — SKieyvllLo@m\Bz.x.7) (3.10)
+ 1826V — Pa@)VllLaBr x0) + 12A@) VIl L@\ B X )5

the estimate (3.8) will be done via estimates of the four terms in the right-hand side. The first
term is already estimated as in Lemma 3.1. The estimates for the others will be carried out in
the below corresponding lemmas (Lemmas 3.4-3.6). In order to do this we need an auxiliary
lemma on estimation of the Lo(R™\ B!, v)-norm of a polynomial on R™.

Lemma 3.3 Let p(y) = H;nzl ©;(y;) for y € R™, where ¢; is a polynomial in the variable y;
of degree not greater than w for j =1,...,m. Then there holds
H‘P”LQ(RW\BZJn,«,) < Cmexp (—Kw) ”SOHLQ(RW,W) '

where the constants C' and K are independent of w, m and .
Proof. The proof of the lemma relies on the following inequality which is an immediate conse-
quence of [37, Theorem 6.3]. Let 1 be a polynomial of degree at most ¢. Applying [37, Theorem
6.3] for polynomial 9 (v/2t) with weight exp(—t2) (in this case ay = V//, see [37, Page 41]) and
k=+2—1 we get

Hl/’HL2(R\[f2\/Z,2\/E},7) <C eXP(—K@W”Lz([,m,mh) (3.11)
for some positive number C' and K independent of ¢ and . We denote

jth

I =Rx...x (R\[—Qﬁ,%@]) x...xR C R™.

10



Since R™\ B} = [J/L, I;, we have

||<P”L2(Rm\Bgl,7) = ZHSOHLQ(IJ-g) = Z<H‘Pj||L2(R\33),7)HH%0i||L2(R,7)>~ (3.12)
j=1

=1 i#]

Applying (3.11) for the polynomials ¢;, for j =1,...,m, whose degree is not greater than w we
obtain

HSOJ‘HLQ(R\Biﬁ) < Cexp(—Kw) |’@j“L2(R,7)
with some constants C' and K independent of w, m and ¢. This together with (3.12) yields
||90HL2(RW\BL”,7) < CeXP(_KW)mH”SOiHLz(R,y) = Cmexp (—Kw) ||90HL2(RW,7)'
i=1

O

Lemma 3.4 Let the assumptions of Theorem 3.2 be satisfied. Then for every & > 1, we have
that

1Saeyr = S%(e)ll Lamm\Bp X7y < CEYY,

where the constant C independent of v and &.

Proof. By the equality
[ Hs — H;JHLZ(RW,W) = ||H8HL2(RW\BLH,7) . s €A,
and the triangle inequality we obtain
1Sae)v — Sxe)llammsn xm < D losllx 1Hs = HL | 1y @oe )
seA(§)

S ol Il oo (3.13)
seA(E)

Notice that for every s € A(§), Hs(y) = [[], Hs,;(yj), y € R™, where Hy; is a polynomial in
variable y;, of degree not greater than m;(§) < w. Applying Lemma 3.3 gives

| Hll o i oy < Crmvesp (~Kw) [ Hll gy < Cmiexp (—Kw).

where the constants C' and K are independent of w, m and s. This together with (3.13), (3.9)
and the Caushy—Schwarz inequality yields that

1Sae)v — S¥(e)VllLo@m\ B x ) < Cmexp (—Kw) Z Jvslx
seA(E)

< Cmexp (—Kw) [A(¢ 1”( > ||Us||X>

seA(§)
< Ceexp (~K€) < 01,

/2

where in the last estimate we used Lemmas A.1 and A.2 in Appendix. d

11



We will now construct a deep ReLU neural network ¢ ¢) := (és)sea(e) on R™ for approxi-
mating S¥ . v by the function ®¢)v defined as in (3.6).

It is well-known that for each s € Ny, the univariate Hermite polynomial H can be written
as

Hy(z) = s! (_1)£ Zas ozt (3.14)

From (3.14) for each s € A(§) we have

m

s m s
=) =2 | [l ae | =) an®
£=0

j=1 £=0 \j=1

where we put ag := HTzl as; ¢; and yt = HJ 1 y] Hence, we get for every y € B

St = 3 USZM( DS USZW (25) |e|1ﬁ<2f)“, (3.15)

seA(€ seA(E)

Let £ € F be such that 0 < £ < s. For £ # 0, with an appropriate change of variables,

"
the term 7, (ﬁ)
Lemma 2.5. Hence by Lemma 2.5, for every £ satisfying 0 < £ < s, with

% can be represented in the form H' % p1(zj), where ¢ is defined before

5" = €112, (1) (2/6) ™ max {Jal), (3.16)

there exists a deep ReLU neural network ¢5» on R™ such that

P (S S PP
and
supp ( ds.e c Bl (3.18)
(s0el57))

In the case when £ = 0, we fix an index j € v and define the deep ReLLU neural network
¢s0(y) == a0<p0(2\/5) for y € R™, where ¢ is defined before Lemma 2.5. Then |ag—¢s,0(y)| =0
for y € B'. Observe that the size and depth of ¢ ¢ are bounded by a constant. For £ # 0, the
size and the depth of ¢4 are bounded as

W (¢s) < C (1+ €], (log |€]; +1ogd; ")) < C (1 + €], logs; ") (3.19)
and
L (¢se) < C (1+1ogl|e|, (log €|, +1logd; ")) < C (1 +log €|, logd, ) (3.20)

due to the inequality [£]; < d; 1. In the following we will use the convention |0]; = 1. Then the
estimates (3.19) and (3.20) holds true for all ¢ with 0 < £ < s.

12



We define the deep ReLU neural network ¢s on R™ by

A a | ‘1 Yy m
¢s(y) == Og;gs £ (2vw) <2f> y €R™, (3.21)

which is a parallelization of the component deep ReL.U neural networks ¢, ¢ <7> From (3.18)
it follows

supp(¢s) C B|V3|. (3.22)

We define ¢, (¢) := (ds)sea(e) as the deep ReLU neural network realized by parallelization ¢s,
s € A(§). Consider the approximation of S/"((f)v by @4 (e)v-

Lemma 3.5 Under the assumptions of Theorem 3.2, we have
15% ()0 = @age)?ll LBy, x7) < CE4,
where the constants C' is independent of v and &.

Proof. From (3.15), (3.17) and (3.21) we have that

15%6)0 = Pa)vllLasy x) = Z vaHE = > va¢s(y)

seEA(E seA(§) La(B7,X )
5 el 3 lael (238) 6y < €2 3 gl
seA(E) £=0 sEA(E)
1/2
< VA 1/2( > Ilvs|rx> <ot
seA(E
where in the last estimate we used Lemma A.1 in Appendix. d
Lemma 3.6 Under the assumptions of Theorem 3.2, we have
[PA) VI Lo@m\Br, X y) < ceYa, (3.23)

where the constant C s independent of v and &.
Proof. By (3.17) we have |¢s.¢ (ﬁ) | <2, Vy € R™. Hence, by (3.21) we have that
sy
o864 aemiag < 3 Hvsuxz o (2v3)" | [6e (52
S

1
<2y uvsnxz\ae (V@) [y @\, -

s€A($)

L2 Rm\BLn 7’7)

13



Applying Lemma 3.3 to the polynomial p(y) = 1, we get

S
Hq)/\(ﬁ)UHLQ(Rm\BLn,Xﬁ) <Cm Z [vs x 2(4‘*’)'8‘1/2 exp(—Kw)‘ae‘

seA(E) £=0
S

<Cm > vsllx (4w)*? exp(—Kw) > |ag).
s€A($) £=0

In order to estimate the sum >, g ‘ag|, we need an inequality for the coefficients of Hermite
polynomials. By the representation (3.14) of Hs, s € Ny, there holds

S
> asl < . (3.24)
=0

Indeed, this inequality is obvious with s = 0,1,2,3. When s > 4 we have m < % for all
¢=0,...,|s/2]. Therefore,

3] ot o 13]
Z|asg‘<sz s _%)'§5 270 < gl
=0 ’ =0

It follows from (3.24) that

ZW\ ZH\ s],el_HZIas]zKHsj, (3.25)

£=0 £=0 j=1 Jj=1£;=0
and hence, ) . .
> lael < T st < TLIsly < Il (3.26)
£=0 j=1 j=1

By using this estimate and Lemma A.1 in Appendix, we can continue the estimation of

[®ace)v Lo(Rm\Bm X ) &

1 m
@A)l o sy xcy < O D I0sllx () = exp (—dw)mi™
seA(§)
1/2

< Om|A(¢ 1/2( > ||vs|rx) (4w) 2" exp (—Kw)m™

seA(¢
< Cm§1/2(4w)7 exp (—Kw)mqlm.

We have from the inequality ~ < 1 and Lemma A.1 in Appendix that m; < K, 951/ 4 and
y Oq 4 q,

from Lemma A.2 in Appendix that m < K,£. Taking account of the choice of w, we derive the
estimate

1/4 1/4
1Ay VIl R\ B x ) < CEY2 (AR 0€)Kaot 2 (K g€/ K008 exp(— K Ky 9€),
which implies (3.23). O

Denote
AN ={(s,£) eFxF:s5€ A(§) and 0 < £ < s}. (3.27)

Now we estimate the size and depth of the deep ReLU neural network ¢ A(€)

14



Lemma 3.7 Under the assumptions of Theorem 3.2, the input and output dimensions of ¢ g
are at most | K £/,

W (@ag)) < C€logk, (3.28)

and

L(¢a) < CE/10gé, (3.29)

where the constants C' are independent of v and &.

Proof. The input dimension of ¢, is not greater than m(§) which is at most |K&] by
Lemma A.2 in Appendix. The output dimension of ¢, is the number |A(§)| which is at most
| K4&] by Lemma A.1(i) in Appendix.

By Lemma 2.2 and (3.19) the size of ¢ ¢ is estimated as

Wieag) = Y. L6an) <C Y (14 logd,"). (3.30)

(s,£)EA*(8) (s,£)EA*(€)
From (3.16) we have

log(651) < C’<log£ +log ps(1) + |s|; log(4w) + log < Jax, |ag|) ) (3.31)

Noting that |£|, < |s], for all (s,£) € A*(§), we obtain

> (1+1ellogdyt) < <1ogg S odsh+ DD Islylogps(1)

(s,£)eA*(£) (s,£)EA*(E) (s,£)eA*(£)
2
+ log(2w)( eg*(g) sl +( K)%;(g) |l log ( Jnax, Iazl> )
’ ’ (3.32)
<log£ > sl logps(1)
(s,£)eA*(E)
2
+ log(2w) Z |s|] + Z \3\110g<121?x |a¢|>>
(s,£)EA*(E) (s,£)€A*(E)

For the first and second terms on the right-hand side, since <p3(§, 1)03_1) . € £y(F) from
sc

Lemma A.3 in Appendix we have

log¢ Y |s|llogps(1)§1ogg D> ps(2) < C€logé (3.33)
(s £)EA* (¢ (s,£)eN*(E)
and
log(2w) > |slf <log(2w) > ps(2) < C¢log(2w) < CElog, (3.34)
(s.£)eA*(§) (s,£)EA*(E)

where in last inequality we note that w = | K, €], see (3.9). Now we turn to the third term in
(3.32). The inequalities (3.25) imply

m m m
g ( gz |ae|)<log<nsj)gz f01) < Yo <2

j=1

15



Using Lemma A.3 in Appendix again we also obtain

Z 8], ps(2) < Z ps(3) < CK,

(s,£)eA*(€) (s,.£)eA*(€)

S

since ( s(%, 1)0_1>36F € {4(IF). This together with (3.33) and (3.34) yields

Z (1+ €] logégl) < C€logk,
(s,£)€A*(E)

which combined with (3.30) gives (3.28).
By Lemma 2.2 and (3.20) the depth of ¢, ) is bounded as

L = L(pse) < 1+ log |€], log 671 .
(Dac6) (s,e)me%\}i(g) (¢s,6) _C(s,@r%%\}i(g)( + log |€], log 0, ")

Due to (3.31), this inequality can be modified as

L < C max (logls max log 571 . 3.35
(Pae) < SGA(O( g | ‘1)(3,@@*(5)( g5 ") (3.35)

From Lemma A.1 in Appendix we obtain

max (log|sl,;) < Clogé.
max (log|sl,) < Cloge

We have by (3.31) that

(S7er)]f1€alxk(£) ( y ) < Og§ 851‘(5) g ( ) g( ) SEA(E) | | SeA(g) g < <— <— | |> )

For the second and third terms on the right-hand side, we have by the well-known inequality
logps(1) < |s|; and Lemma A.1 in Appendix,

log ps(1) < s|, < Cgl/oa
Jnax ogp()_srggé)\ |, <C¢

and
log(2w) max |s|, < C 1/9'110 .
g( )se (5)’ ’1— f g§

Now we turn to the fourth term in (3.36). From (3.26) it follows that

1 < log (|s[) = [sh log|sh.
o ( g el ) < 1o (Jl™) = Il g s

Hence,
< < (¢l/bq )
o (mzx |ae|> < max (I, log sl < €€/ logg
This together with (3.35)—(3.2) yields (3.29). O

We are now in a position to prove Theorem 3.2 .

Proof. [Proofs of Theorem 3.2]. By (3.10) and Lemmas 3.1 and 3.4-3.6 we deduce that
Hv — (I)A(é“)UHL:Q(X) <cgeVa,

The claim (v) is proven. The claims (i)—(iii) follow from Lemma 3.7 and the claim (iv) from
Lemma A.2 in Appendix and (3.22). O
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3.3 Application to parameterized elliptic PDEs with lognormal inputs

In this section, we apply the results in the previous section to deep ReLU neural network
approximation of the solution u(y) to the parametrized elliptic PDEs (1.1) with lognormal
inputs (1.3). This is based on a weighted fo-summability of the series (||us||y)ser in following
lemma which has been proven in [4, Theorems 3.3 and 4.2].

Lemma 3.8 Assume that there exist a number 0 < q < oo and an increasing sequence p =
(pj)jen of numbers such that (pjfl)jeN € £4(N) and

> pjl] <o0o.

jeN Leo(D)
Then we have that for any n € N,

. S 25",
Z(US||us||V)2 < oo with o2 := Z s’) Hp]- .. (3.37)

scF 18" 1| 200 ) <7 JEN

The following lemma is proven in [14, Lemma 5.3].

Lemma 3.9 Let 0 < g < 00, (pj)jen be a sequence of positive numbers such that the sequence
(p}l)jeN belongs to £4(N). Let § be an arbitrary nonnegative number and (ps(0))scr the sequence
given in (3.7). Let for n € N the sequence (0s)ser be defined as in (3.37). Then for any

2(6+1)
n>=7

, we have

Zps(ﬁ)a;q < o0.

seF

Our result for the solution u to the parametrized elliptic PDEs (1.1) with lognormal inputs (1.3)
is read as follows.

Theorem 3.10 Under the assumptions of Lemma 3.8, let 0 < q < oo and & be arbitrary
positive number. Then for every integer n > 1, we can construct a deep ReLU neural network

Dae,) = (Ds)sen(e,) on R™ with m := [K%J , having the following properties.

(i) The deep ReLU neural network DA, U8 independent of u;

(ii) The input and output dimensions of PA(e,) are at most m;
(i) W (ba(e,)) <ns

(iv) L(dace,) < Con’;

(v) supp (Pa(e,)) C [=T,T]™, where T := C’(’s\/%;

(vi) The approximation of u by ®p,yu defined as in (3.6), gives the error estimate

n -1/q
— P < .
lu — @peullgyvy < C <10gn>
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Here the constants C, K, Cs and C§ are independent of u and n.

Proof. To prove the theorem we apply Theorem 3.2 to the solution u. Without loss of generality
we can assume that § < 1/4. We take first the number 6 := 1/dq satisfying the inequality
0 > 4/q , and then choose a number 1 € N satisfying the inequality n > @. By using
Lemmas 3.8 and 3.9 one can check that for X = V and the sequence (0g)scr defined as in
(3.37), u € Lo(V) satisfies the assumptions of Theorem 3.2. For a given integer n > 1, we
choose &, > 1 as the maximal number satisfying the inequality C¢&, logé&, < n, where C is the
constant in the claim (ii) of Theorem 3.2. It is easy to verify that there exist positive constants
C1 and Cy independent of n such that C’lﬁ <&, < Cg@. From Theorem 3.2 with £ = &,

we deduce the desired results. O

4 Parametrized elliptic PDEs with affine inputs

The theory of non-adaptive deep ReLU neural network approximation of functions in Bochner
spaces with the infinite tensor product Gaussian measure, which has been discussed in Section 3
can be generalized and extended to other situations. In this section, we present some results on
similar problems for the parametrized elliptic equation (1.2) with the affine inputs (1.4). The
Jacobi and Taylor gpc expansions of the solution play a basic role in the proofs of these results.

4.1 Approximation by deep ReLU neural networks

For given a,b > —1, we consider the infinite tensor product of the Jacobi probability measures
on [[*°
dVa,b(y) = ® 6a,b(yj) dyj,
jeN
where
o I'(a+b+2)
Cab "= 9atb T (q + VI(b+ 1)
If v e Lo(X) := Lo(I*°, X, vgy) for a Hilbert space X, we consider the orthonormal Jacobi gpc
expansion of v of the form

5a,b(y) = Ca,b(1 - y)a(l + y)ba

v=> vsJu(y), (4.1)

sclF
where
L) = @), vai= [ o) aw)ivisw)
JEN e
and (Ji)k>0 is the sequence of Jacobi polynomials on I := [—1, 1] normalized with respect to the

Jacobi probability measure, i.e., [;|Ji(y)|?0a(y)dy = 1. One has the Rodrigues’ formula

b dk
Tl = =) ) (0 - 0P =) 0 +9)).

where cg’b =1 and

o \/(2k+a+b+1)k!r(k+a+b+1)r(a+1)r(b+1) . 43

n T(k+a+1)l(k+b+1)l(a+b+2)
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Examples corresponding to the values a = b = 0 are the family of the Legendre polynomials,
and to the values a = b = —1/2 the family of the Chebyshev polynomials.

Assumption B Let 0 < ¢ < oo, cZ’b be defined as in (4.2) and let (0;);en be a sequence of
numbers strictly larger than 1 such that (5;1)jeN € £y(N). For v € L2(X) represented by the

series (4.1), there exists a sequence of positive numbers (p;)jen such that cZ’b,oj_k < 5;k for
k,7 € N and

1/2
(Z(Us\lvsllx)2> <M <o,

sclF

where

05 =g H p;j, Cs 1= H cgj’,b. (4.3)

jEN jeN

Theorem 4.1 Let v € Lo(X) satisfy Assumption B. Then for every integer n > 1, we can
construct a deep ReLU neural network ¢y, := (¢s)sene,) on R™ with m := | K], having
the following properties.

(i) The deep ReLU neural network DA, 18 independent of u;
(ii) The input and output dimensions of DA(,) are at most m;
(ii) W(Pace,) <n:

(iv) L(bae,)) < Cllogn)?;

(v) Let @p,yv be defined by the formula (3.6) with replacing R* by 1°°. Then the approxi-
mation of v by Py, v gives the error estimate

n O\ e
lv — <I>A(gn)v||£z(X) <C (logn) .

Here the constants C and K are independent of v and n.

The proof of Theorem 4.1 is similar to the proof of Theorem 3.2, but simpler due to As-
sumption B and the compact property of 1°°.

We now are in position to prove Theorem 4.1.

Proof. [A sketch of proof of Theorem 4.1] Similar to the proof of Theorem 3.2, this theorem is
deduced from a counterpart of Theorem 3.2 for the case I°°. It states that for every & > 1, we
can construct a deep ReLU neural network @ ¢) := (¢s)sen(e) on I with m < [K,¢], having
the following properties.

(1) The input and output dimensions of @, are at most m;
(ii) W (b)) < CElogé;

(i) L(¢a(e)) < C(logé)?;
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(iv) The approximation of v by ®5v =) . Ag) Us®s gives the error estimate
[v = @a@)vllcox) < cea,

Here the constants C' are independent of v and &.

Let us give a brief proof of these claims. For the function v € L3(X) represented by the
series (4.1) and the sequence (0s)ser given as in (4.3), we define

SA(QU = Z ’USJS,
seA()

where A() is defined by the formula (3.2) for the sequence (05)ser given as in (4.3). Then in
the same way as the proof of Lemma 3.1, we prove the estimate

lv — Sageyvlleyxy < CETVA. (4.4)

By Lemma A.2 in Appendix for every s € A(§), Js and Sy (¢)v can be considered as functions
on I"™. As the next step, we will construct a deep ReLU neural network ¢ AE) = (¢s)se Ag) On
[™ for approximating Sy ¢)v by @5 (). From (A.4) for each s € F we have

S
Js(y) = Zaeye,
£=0
where ag == [ as; ¢; and yt = | yfj. Hence, we get for every y € 1™,

SA({)v(y) = Z Ust(y): Z 'Uszaeye'

sEA(E) sEA(§) £=0
By Lemma 2.5, for every £ with 0 < £ < s, with
-1 ._ 1/q
53 . 5 pS(l) Olgg“%(sﬂae‘}?
there exists a deep ReLU neural network ¢sp on I such that

sup ‘yl - (bs,l(y)‘ < ds,
yelm

and the size and depth of ¢ are bounded as
W (¢se) < C (1+]€l;logd,™)
and
L(¢sg) < C (1+]logle|;logd, ).

We define the deep ReLU neural network ¢ on I by

bs = Y apdsy,

0</<s
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which is a parallelization of component networks ¢s ¢. We define ¢ ¢y := (¢s)sen(e) as the deep
ReLU neural network realized by parallelization ¢g, s € A(§). Consider the approximation of
Sx(g)v by @4 ¢)v. By the same way as the proof of Lemma 3.5, we can prove

1580 = agvll () < CE, (4.5)

where the constant C' is independent of v and &.

Let us check the claims (i)—(iv) formulated at the begining of the proof. From (4.4) and
(4.5) we deduce the claim (iv). The proof of the claim (i)—(iii) repeates the proof of Lemma 3.7
in Appendix with a slight modification. We indicate some particular differences in the proofs.
There are no longer the fourth term in the right-hand side of (3.31) and the third term in the
right-hand side of (3.36). Lemma A.3 in Appendix which is used in the proof follows from
Lemma A.4 in Appendix. Lemma A.1(ii) in Appendix and the inequality (3.24) are replaced
by the stronger Lemma A.5 and inequality (A.5) in Appendix. This helps us to receive the
improved bound L(¢,) < C(log&)?. O

4.2 Application to parameterized elliptic PDEs with affine inputs

We now apply Theorem 4.1 to the solution u(y) to the parameterized elliptic PDEs (1.1) with
affine inputs (1.4).

Theorem 4.2 Let0 < g < o0, cZ’b be defined as in (4.2) and let (0;),en be a sequence of numbers

strictly larger than 1 such that ((5;1)]-@; € y(N). Let a € Loo(D) and essinfa > 0. Assume that

there exists a sequence of positive numbers (p;)jen such that cZ’b,o;k < 5;’“, k,j7 €N, and

<1. (4.6)
Loo (D)

> jen Pils]
a

Then for every integer n > 1, we can construct a deep ReL U neural network ¢y ¢,y := (qﬁs)se/\(gn)
on R™ with m := | K2 |, having the following properties.

logn
(i) The deep ReLU neural network ¢, is independent of u;
(ii) The input and output dimensions of PA(,) are at most m;
(ii)) W(ae,)) <

(iv) L(¢A(§n)) < C(logn)?;

(v) The approzimation of u by @y, u = ZseA(gn) usps, where ug, s € F, are the Jacobi gpc
expansion coefficients of u € Lo(V'), gives the error estimate

n -1/q
_ < .
lu = Pag)ulle,0ny < C <logn)

Here the constants C and K are independent of u and n.
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Proof. 1t has been proven in [5] that under the assumptions of the theorem, for the sequence
(0s)ser given as in (4.3),

S (Oalusllv)? < oc.

sclF
This means that Assumption B holds for v = u with X = V. Hence, applying Theorem 4.1 to
u, we prove the theorem. d

We next discuss the approximation by deep ReLU neural networks for parameterized elliptic
PDEs with affine inputs and error measured in the uniform norm of L., (I*°, V') by using m-term
truncations of the Taylor gpc expansion of w.

If for the sequence (p;);en of numbers strictly larger than 1 we have the condition 4.6 and
if (pj_l)jeN € 4(N) for some 0 < ¢ < 2, then the solution u to the parameterized elliptic PDEs
(1.1) with affine inputs (1.4) can be decomposed in the Taylor gpc expansion

1
u = Ztsys, ts = gasu(O)

selF
with

1/2
(Z(Us\ltsllv)2> <C <o,

sclF

where

=11

JjEN

see [5, Theorem 2.1]. Moreover, the sequence (||ts]|v)ser is £p-summable with p = 2L < 1. We

2+q
define
SA(g Z tS Ys,
seA(§)

where A(€) is given by the formula (3.2). The following theorem is an improvement of [46
Theorem 3.9].

Theorem 4.3 Let a € Loo(D) and essinfa > 0. Assume that there exists an increasing se-
quence (pj)jen of numbers strictly larger than 1 such that the sequence (pj_l)jeN € L4(N) for
some q with 0 < q < 2, and there holds the condition (4.6). Then for every integer n > 1, we

can construct a deep ReLU neural network ¢y, := (#s)sen(e,) on R™ with m := {Klogn ,

having the following properties.

(i) The deep ReLU neural network DA, U8 independent of u;

(ii) The input and output dimensions of d)A are at most m;

(iif) W(Pace,)) <ni

(iv) ( ) < Clognloglogn;
)

(v) The approzimation of u by Py, u := ZSeA( tsps gives the error estimate

n >—(1/q—1/2)

le = aeyull @) < € (10g”
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Here the constants C and K are independent of u and n.

Proof. This theorem can be proven in a way similar to the proof of Theorem 4.2. Let us give a
brief proof. Given £ > 3, we have the Caushy-Schwarz inequality and Lemma A.4 in Appendix
that

1/2 1/2
lu = Sayull Lo o ,v) < Z ltsllv < | >0 (oslitslly)? > o? (4.7)
sgA(€ as>E1/a os>¢E1/4
1/2
Z o (2 q)
o's>§1/q
1/2
< ce/a=1/2) Z o5 < g Wa=1/2),
seNg?

Put § := ¢~ 1/a=Y/2) For every s € A(&), by Lemma 2.5 there exists a deep ReLU neural
network ¢g on I such that

sup |y® — és(y)| < 6,
yelm

and the size and depth of ¢4 are bounded as
W (¢s) < C (1+s];logd™) < C(1+|s]ilog€)
and
L(¢s) < C (1+1log|s|;logé™") < C(1+log|s|ilogé).

We define D) = (hs)sc A(¢) as the deep ReLU neural network realized by parallelization of
¢s, s € A(€). Consider the approximation of u by

AU = Z tss(y
seA(§)

Then by the inclusion (||ts||v)ser € £p(F), p € (0,1) and (4.7), we have
lu = agyull e oe,v) < Ml = Sy ull Looi=,vy + [Sare = Paull oo v

< cgmWal2) 4 Z tsllv lys — Dsllp @1
sEA(E)

< o Wam1/2)  oem WD N g ||y, < cg W12,
sEA(E)

where the constants C' may be different and are independent of u and £. By the construction of
Pp(¢) We have

Wione) < Y W< ¥ C(1+lshiose) < (1a@)]+loge 3 )
seA(§) seA(§) oi¢
< (M@ +10g Y- pa(t)aot) < Celon

ol<¢
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where in the last estimate we used Lemmas A.1(i) and A.4 in Appendix. Similarly, we have

L(gage)) < Srggé)fl (¢s) < Cfgf‘é) (1 +log|s|1 log€&) < C'logéloglogé,

see Lemma A.5 in Appendix. Now following argument at the end of the proof of Theorem 3.10,
we obtain the existence of &, for a given n > 1. d

5 Concluding remarks

We have established bounds in terms of the size n of deep ReLU neural networks for error
of approximation of the solution u to parametric and stochastic elliptic PDEs with lognormal
inputs by them. The method of this approximation is as follows. For given n € N, n > 1 we
construct a compactly supported deep ReLU neural network ¢, := (¢;)72; of the size < n on
R™ m = O(n/logn), with m outputs to approximate the m-term truncation of the Hermite gpc
expansion ) 7" ug Hy; of u by up := 377" usi¢j. We proved that the extension of uy, to R
approximates u with the error bound O((n/ log n)*l/q), and that the depth of ¢,, is O (n°) for
any d > 0. We also obtained similar results for approximation by deep ReLLU neural networks
of solution to parametric and stochastic elliptic PDEs with affine inputs. These results based
on an m-term truncation of the Jacobi and Taylor gpc expansions of the solution.

In the present paper, we have been concerned about the parametric approximability for para-
metric and stochastic elliptic PDEs. Therefore, the results themselves do not yield a practically
realizable approximation since they do not cover the approximation of the gpc expansion coeffi-
cients which are functions of the spatial variable. Naturally, it would be desirable to study the
problem of fully discrete approximation of the solution u to parametric and stochastic elliptic
PDEs as in [3, 14] by deep ReLU neural networks. We will discuss this problem in a forthcoming

paper.

A Appendix: Auxiliary results

Lemma A.1 Let 0 > 0, £ > 1 and (0s)scr be a sequence of numbers strictly larger than 1.
Then we have the following.

(i) Assume that (o5') _. € 4(F). The set A(€) is finite and it holds

selF
[A(E)] < K€,
where Kq:= Y cpos? < 00.

(ii) Assume that (ps(H)oS_l)SeF € Ly(IF) for some § > 0. There holds

mi(€) < K€,

1

where K, g := (Zsers(G)qa;q> " < .
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Proof. Notice that 1 < o3¢ for every s € A(£). This implies (i):
D LS ) ot S K
SEA(E) seA(E)
Moreover, we have that 1 < s; for every j € vs. Hence, we derive the inequality

0q

max\ <> ([ [[a+s)]| < Z ps(0)%6051 < KJ%¢

sEAL) scA(6) \Jevs sEA(E
which prove (ii). ]
By this definition we have

U vs C{1,2,...,m(§)} (A.1)

s€A($)

Lemma A.2 Let 0 >0, 0 < ¢ < oo and (0s)ser be an increasing sequence of numbers strictly
larger than 1. Assume that (Us_l)se]F € Ly(F) and o0 < 0¢i if ' < i . Then there holds

m(§) < K¢, (A.2)

where K, is the constant given in Lemma A.1(1).

Proof. Noting (3.4), there is a s € A({) such that s,,,¢) > 0. Then we have e™® < s. Since A(€)

is downward closed, we have €™ € A(£). From the definition (3.2) of A(¢) and the assumption
in the lemma, we obtain

q q
O-eléa-e2§ <O_m(£)—5

Thus, e,...,e™& belong to A(£). This yields the inequality [A(£)| > m(€) which together
with the inequality [A(£)] < K ¢ in Lemma A.1(i) proves (A.2). The inclusion (A.1) can then
be obtained directly from (3.4). O

Lemma A.3 Let § > 0, 0 < q < oo, and A*(§) be defined in (3.27). Assume that
<p3 (9%1, 1> Ugl)se]l«‘ € £y(F). There holds

> ps(0) <C¢

(s,£)eA*(8)

Proof. We have

> - zps <¢ Y S plt)or

(s,e)eA*(ﬁ) seA(E o3 le>1£=0
=¢ Y | TI+s) | ps(@)os1 <€D ps(0+1)a,? < CE.
o5 %>1 \J=1 scF

The following lemma is a direct consequence of [14, Lemma 6.2].
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Lemma A.4 Let 0 < g < oo and 0 and A be arbitrary nonnegative real numbers. Assume that
p = (pj)jen be a sequence of numbers strictly larger than 1 such that (pj_l)jeN € ly(N). Then
for the sequences (0s)ser and (ps(0,\))ser given as in (4.3) and (3.7), respectively, we have

Z ps(0,\)og? < 0.
selF

Proof. Notice that ¢ < (1+ Xs)? for s € Ny with some X > 0 and 6 > 0 depending on a, b.
Hence, for any 6, \ > 0, we get

ps(0,A)o? = ps(0,A)cd(p™®)? < ps(6, \ps(at’, ) (p™*)? < ps(67, A7) (p™*)",
where 6* := 0 + g6’ and \* := max(\, \'). We derive that
D ps(0, 0057 <> ps (07, A7) (p7*)7.

seF seF

Now applying [14, Lemma 6.2] to the right-hand side we obtain the desired result. d

Lemma A.5 Let0 < g < o0, CZ’b be defined as in (4.2) and let (§;)jen be a sequence of numbers

strictly larger than 1 such that ((5]-_1)j€N € 4(N). Assume that there exists a sequence of positive

number (p;)jen such that cZ’bp;k < 5;]“, k,7 € N. For the sequence (0s)scr given as in (4.3),

and § > 1, let m1(€) be the number defined by (3.3). Then we have for every £ > 1,
mi(§) < Clogg, (A.3)

with the constant C' independent of &.

Proof. The proof relies on Lemma A.1 and a technique from the proof of [46, Lemma 2.8(ii)].
Fix a number p satisfying 0 < p < ¢ and let the sequence (f3s)ser be given by

1 max(og L, j7P) if s = e,
' otherwise.

Notice that the sequence (az!)scr defined by

S

TP if s=el
oy = ’
s 0 otherwise,

belongs to £4(F). On the other hand, from Lemma A.4 one can see that the sequence (o51)ser
belongs to £,(F). This implies that the sequence (8;1)scr belongs to £,(F). Hence, by Lemma
A1 the set Ag(&) := {s € F: B < &} is finite. Notice also that (fs)scr is increasing and
Ag(§) is downward closed. Put n := |Ag(§)|. Then the set Ag(§)contains n largest elements of
(Bs)ser- Therefore by the construction of (3s)scr we have

L= gl > e,

Since cZ’bpj_k < 6j_k, k,j € N and (d;) en be a sequence of numbers strictly larger than 1 and

(5;1)]-61\; € £4(N), there exists § < 1 such that cZ’bp;k < 4 for k, 5 € N. Therefore have for r > 1,
sup 63_1 = sup 0;1 <4

|sli=r [s[1=r
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Let 7 > 1 be an integer such that n~'/? > §”. Then one can see that

max |s|; < 7.
s€A5(8)

_ logx

= logs- Hence we get 7 < g H(n=/P),

For the function g(t) := 4%, its inverse is defined as g~ (z)
and consequently,
max |s|; < g7 (n”P) < Clogn = Clog |Ag(€)|.
seAg(§)
By Lemma A.1 we obtain the inequality |Ag ()| < C¢ which together with the inclusion A(§) C
Ag(&) proves (A.3). O

Lemma A.6 Let the Jacobi polynomial Js be written in the form

Js(y) = Zas,fyea (A4)
=0
then .
D asel < Kagp9®. (A.5)
=0

Proof. Tt is well-known that for each s € N, the univariate Jacobi polynomial Js can be written
as

Js(y)

~ TI'la+s+1) i s\T(a+b+s+m+1) [y—1\"
C slT(a+b+s+1) m Fla+m+1) 2 ’

m=

where I' is the gamma function. Putting

A g-m( 8 IF'la+b+s+m+1)  Tla+s+1)
e m Fla+m+1) ~ 7°7 sll(a+b+s+1)
we have
_ - _ym _ - o~ (m _1\ym—£, ¢
50 = B3 Anly =" = 8.3 40D () -1m
m=0 m=0 =0
_ ~ < My, \m—t, ¢
=530 5 () ) o
(=0 m=¢
Hence
i:]a g\<Bs§:§:Am ") = B, S Ami " :BsiQmAm. (A.6)
= l l
(=0 (=0 m={ m=0 =0 m=0
- 1 (1))
_ _ I'(z)'(y
B(z,y):= | =711 -ty ldt = LY
@)= [ e ta- 2

be the beta function. It is decreasing in x and in y. Hence for m < s,

Ila+m+1)  Bla+m+1,b+s) ~ Bla+s+1,b+s)  TI'(a+s+1)

Fla+b+s+m+1) I'(b+s) < I'(b+s) ~ Tla+b+2s5+1)
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This together with (A.6) gives

s

S a Z’<Bf(a+b+2s+1) 2 <s>: JT(a+b+2s+1) 25
0

slf(a+b+s+1) B(s,a+b+s+1)
(A7)

— Fla+s+1) £=\m

Since the beta function is decreasing in each variable, it is enough to estimate the right-hand
side for a + b > 0. By using Stirling’s formula for the beta function B(z,y) ~ v/ 2%%,
from (A.7) we get for every s € N,

S

Z‘“ <c 25(a + b4 2s + 1)0+b+2s+1/2 . 29(2a+ bt 5+ 1))cHbi2sH/2
S =" s 1/2(g 4 b+ s + 1)atbrst1/2 = 7 gs=1/2(q 4 p 4 5 + 1)atbrstl/2

£=0

thissp1/2(@+b+s+1)°
= c2 ’ 85—1/2

b+1 s
< C8/s <a++ + 1> < Koi9°.
S
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