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ABSTRACT ARTICLE HISTORY
Neural networks have become one of the most popularly used meth- Received 6 June 2020
ods in machine learning and artificial intelligence. Due to the uni-  Accepted 20 April 2023

versal approximation theorem, a neural network with one hidden KEYWORDS
layer can approximate any continuous function on compact support Empirical processes; entropy
as long as the number of hidden units is sufficiently large. Statisti- integral
cally, a neural network can be classified into a nonlinear regression

framework. However, if we consider it parametrically, due to the
unidentifiability of the parameters, it is difficult to derive its asymp-

totic properties. Instead, we consider the estimation problem in a
nonparametric regression framework and use the results from sieve

estimation to establish the consistency, the rates of convergence and

the asymptotic normality of the neural network estimators. We also

illustrate the validity of the theories via simulations.

1. Introduction

With the success of machine learning and artificial intelligence in research and industry,
neural networks have become popularly used methods nowadays. Many newly developed
machine learning methods are based on deep neural networks and have achieved great clas-
sification and prediction accuracy. We refer interested readers to Goodfellow et al. (2016)
for more background and details. In classical statistical learning theory, the consistency and
the rate of convergence of the empirical risk minimisation principle are of great interest.
Many upper bounds have been established for the empirical risk and the sample com-
plexity based on the growth function and the Vapnik-Chervonenkis dimension (see, e.g.,
Vapnik 1998; Anthony and Bartlett 2009; Devroye et al. 2013). However, few studies have
focused on the asymptotic properties for neural networks. As Thomas J. Sargent said, ‘arti-
ficial intelligence is actually statistics, but in a very gorgeous phrase, it is statistics *. So
it is natural and worthwhile to explore whether neural networks possess nice asymptotic
properties. As if they do, it may be possible to conduct statistical inference based on neu-
ral networks. Throughout this paper, we will focus on the asymptotic properties of neural
networks with one hidden layer.
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One of the most important properties of neural networks is that they are universal
approximants (Hornik et al. 1989), which means any continuous function on a compact
support can be approximated arbitrarily well by a neural network with one hidden layer. So
it seems natural to consider it as a nonparametric regression problem and approximate the
underlying function class through a class of neural networks with one hidden layer. Many
other series-based estimators such as splines and wavelets also possess similar approxima-
tion properties and have been extensively studied in the literature. Chen (2007) provides
a comprehensive review for those methods. For nonparametric regression problems, ran-
dom design and fixed design are the two main frameworks. Many existing literature on
neural networks focus on random design (e.g. Chen and White 1999; Gyo6rfi et al. 2002).
On the other hand, general theories on nonparametric regression under fixed design have
been well studied in van de Geer (2000). Therefore, it is still worthwhile to study neural
networks under fixed design.

Specifically, consider the following nonparametric regression model:

yi = fo(xi) + €,

where €,...,€, are ii.d. random variables defined on a complete probability space
(22, A, P) with E[e] = 0, Var[e] = 62 and E[|e|*T*] < oo for some A > 0; x,...,%, €
X c R? are vectors of covariates with X’ being a compact set in R and f; is an unknown
function needed to be estimated. We assume that fy € F, where F is the class of continuous
functions with compact supports. Clearly, fo minimises the population criterion function

el I
Qn(f)—E[nZ;(yz f(x,))}

1 n
== > (&) —folx)* + o,
i=1

A least squares estimator of the regression function can be obtained by minimising the
empirical squared error loss Q,(f):

. 1 <
fn = argminfej_-Q,,(f) = argminfej_-; Z(y,- —f(xl-))z.
i=1

However, if the class of functions F is too rich, the resulting least squares estimator may
have undesired properties, such as inconsistency (Shen and Wong 1994; Shen 1997; van
de Geer 2000). Instead, we can optimise the squared error loss over some less complex
function space F, which is an approximation of F while the approximation error tends
to 0 as the sample size increases. In the language of Grenander (1981), such a sequence of
function classes is known as a sieve. More precisely, we consider a sequence of function
classes,

FCchc - CFCFan S CF

approximating F in the sense that | J;- | F, is dense in . In other words, for each f € F,
there exists 7,f € F, such that d(f, w,f) — 0 as n — oo, where d(-,-) is some pseudo-
metric defined on F. With some abuse of notation, an approximate sieve estimator f,, is
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defined to be
Qu(fa) < inf Qu(f) + Opnn) (1)

where 1, — 0 as n — 0o. We refer interested reader to Chen (2007) for a thorough
discussion on sieve extremum estimators.

Throughout the rest of the paper, we focus on the sieve of neural networks with one
hidden layer and sigmoid activation function. Specifically, we let

Tn
Fr, = O{()—|-ZO[]U (ijx+y0,j> (V€ Rd,ozj,yo,j e R,
j=1

™ d

E loj| <V, for some V; > 4 and lglix E [vijl < M, for some M,, > 0,
X S)=tn 7

]:0 i=0

(2)

where 1y, Vy;, M, $ 00 as n — o0o. For theoretical simplification, we impose bounded-
ness assumption on the weights of the neural networks in F, , which is related to the
£;-regularisation when fitting a neural network. Such a method has been discussed in pre-
vious literatures (e.g. White 1989, 1990). In those papers, the consistency of the neural
network sieve estimators has been established under random designs. However, there are
few results on the asymptotic distribution of the neural network sieve estimators, which
will be established in this paper. In terms of the rate of convergence, Chen and Shen (1998)

n

_141/d ) ]
logn) 4(1+1/C2) ) for neural network sieve estimators.

_142a/(d+1)
Later on, Chen and White (1999) improved the convergence rate to O, ((@) A0+a/(@d+D) ),

where o relates to the smoothness of the true function f; and in their paper, a central
limit theorem for smooth functional of the estimated function is also provided. In Chen
et al. (2001), rate of convergence was also obtained for stationary f-mixing data. One
important characteristic of the aformentioned rate of convergence is that as d — o0, both
rates become Op((log n)_l/ 4). Similar results can also be found in Barron (1994). It is
well known from Stone (1982) that local smoothing methods suffer from the curse of
dimensionality. But such phenomenon seems to vanish for approximate sieve extremum
estimators based on neural networks. Bauer and Kohler (2019) also developed general the-
ory and conditions to justify that neural networks can be used to circumvent the issue
of curse of dimensionality. Hornik et al. (1989) showed that (_J,, 7, is dense in F under
the sup-norm. But when considering the asymptotic properties of the sieve estimators, we
use the pseudo-norm ||f||2 = n=1 Y"1, 2(x;) (see Proposition 2.1 in the supplementary
material) defined on F and F,,.

With the increasing popularity of deep learning, recent research also starts to focus on
the statistical properties of deep neural networks. For example, Schmidt-Hieber (2020)
provided the rate of convergence for sparse deep neural network with Rectified Linear Unit
(ReLU) activation function under the assumption that the underlying function is a com-
position of functions in some Holder space. Farrell et al. (2020) and Farrell et al. (2021)
established the rate of convergence for deep neural network estimators when the underly-
ing function belongs to a unit ball in a Sobolev space. It is worth pointing out that in these

obtained rate of convergence O((
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two papers, no restrictions on the boundedness of weights in neural networks are imposed.
The rate of convergence for deep ReLU neural networks has also been developed in Fabozzi
et al. (2019) and Kohler and Langer (2021). It is worth mentioning that the results in
Fabozzi et al. (2019) were developed based on the original version of this manuscript on
ArXiv. We believe that the ultimate goal of developing these theories is to perform statisti-
cal inference based on neural networks for real-world problems and the results discussed in
this paper may provide a starting point for further developments. For instance, Chen and
White (1999) developed asymptotic normality for neural network sieve extremum estima-
tors. However, to apply their result, a calculation of a series of covariance is essential, which
may be hard to accomplish in practice. Recently, Horel and Giesecke (2020) developed a
significance test based on neural networks. However, the theories in that paper are difficult
to apply and verify in practice. Using similar techniques to be discussed in this paper, Shen
etal. (2021) developed a goodness-of-fit test based on neural networks.

The remaining paper is organised as follows. In Section 2, we discuss the existence of
neural network sieve estimators. The weak consistency and rate of convergence of the neu-
ral network sieve estimators will be established in Sections 3 and 4, respectively. Section 5
focuses on the asymptotic distribution of the neural network sieve estimators. Simulation
results are presented in Section 6.

Notations: Throughout the rest of this paper, bold font alphabetic letters and Greek let-
ters are vectors. C(X) is the set of continuous functions defined on X'. The symbol <
means ‘bounded above up to a universal constant’ and a,, ~ b,, means Z—: — lasn — oo.
For a pseudo-metric space (T, d), N(¢€, T, d) is its covering number, which is the minimum
number of e-balls needed to cover T. Its natural logarithm is the entropy number and is
denoted by H(e, T, d).

2. Existence

A natural question to ask is whether the sieve estimator based on neural networks exists.
Before addressing this question, we first study some properties of F,, . Proposition 2.1
shows that the sigmoid function is a Lipschitz function with Lipschitz constant L = 1/4.

Proposition 2.1: A sigmoid function o (z) = €*/(1 4 €°) is a Lipschitz function on R with
Lipschitz constant 1/4.

The second proposition provides an upper bound for the envelope function SUprer, If]-

Proposition 2.2: For each fixed n,

sup |Iflloc < Vi
fej_—’n

Now we quote a general result from White and Wooldridge (1991) for readers who are
not familiar with the theories of sieve extremum estimators. The theorem tells us that under
some mild conditions, there exists a sieve approximate estimator and such an estimator is
also measurable.

Theorem 2.1 (Theorem 2.2 in White and Wooldridge (1991)): Let (2, A, IP) be a com-
plete probability space and let (©, p) be a pseudo-metric space. Let {©,} be a sequence
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of compact subsets of ©. Let Q, : 2 x ©, — R be A® B(@n)/B(R)—measumble, and
suppose that for each € Q, Qu(w, ) is lower semicontinuous on ©,, n =1,2,.... Then
for each n = 1,2,..., there exists 0, : @ — ©,, A/B(0©,)-measurable such that for each

w € Q, Qu(w, by(w)) = infgen, Qu(w,0).

Note that
LN e
Qi =~ g(yz f@x))
1 n
== ) (fox) + € — f(x))”
i=1
1 n 1 n 1 n
= =D () — o)) =2 3 eilf (i) —folw)) + - D .
i=1 i=1 i=1

Since the randomness only comes from €;’s, it is clear that Q,, is a measurable function and
for a fixed w, Q,, is continuous in f. Therefore, to show the existence of the sieve estimator,
it suffices to show that F, is compact in C(X'), which is proved in the following lemma.

Lemma 2.1: Let X' be a compact subset of R%. Then for each fixed n, F,, is a compact set.

Proof: For each fixed n, let 0, = [ao,...,ayn,yo,l,...,yo,r”,le,...,y,Tn]T belong to
[—V,, V"t x [=M,,, M,,]""@FD .= @,,. If n is fixed, ©,, is a bounded closed set and
hence it is a compact set in R"@*+2+1 Consider a map

H: O l2) = (Fro - 1)

"n
0, H@O,) = o+ Zajo (ijx + Vo,;’)
j=1

Note that F,, = H(®,). Therefore, to show that F,, is a compact set, it suffices to show
that H is a continuous map due to the compactness of ®,,. Let 0 ,,,0,,, € ©,, then

IH®@1,) — H®O20)I
— 2

1 1 T 1 2 2 )T 2
_ - ()+Za a<()x,+y0(])> () Za()a<()x1+7’0(1)>

1 1 2 L 1 nT 2 )T 2
1 ‘aé>_aé>‘+z‘ajg>g< ()x,+y0(})) o (y]()x,—l—y()(]))‘
—
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)T 2
o ()|

1 1 Q 1 1 1
:;Z ’aé) )‘JFZ'“()" (()x1+y0(1)>
i=1
2
1 2 )T 2

2
1 ¢ 1 2 1 2 1
5;2 Zla() <>|+ Z' M _ () " M}) Voj‘
i=1 j=0
. 2
W _ @ o @ ) )
< | Xl — e+ (1v||x||oo)ZHy —r?| +|n) - %
V, 2 5
< (I(l \% ||x||oo)> [rn(d+ 1)]”01,n —02,n||2-

Hence, for any € > 0, we choose § = e/(%(l V |1%llco) v/ Tn(d + 1)),. When |0, —
02412 < 8, we have

||H(01,n) - H(oz,n)”n <6,

which implies that H is a continuous map and hence F;, is a compact set for each
fixed n. u

Asa corollary of Lemma 2.1 and Theorem 2.1, we can easily obtain the existence of sieve
estimator.

Corollary 2.1: Based on the notations above, for each n = 1,2, ..., there exists f,, Q-
Frp» A B(F;,)-measurable such that Q, (fy(w)) = infrer, Qu(f).

3. Consistency

In this section, we are going to show the consistency of the neural network sieve estimator.
The consistency result leans heavily on the following Uniform Law of Large Numbers.

Lemma 3.1: Under the assumption of
[ra(d 4 2) + 1]V 1og(Vylra(d +2) + 1] = o(n), asn — oo,
we have

sup |Qu(f) — Qu(P 25 0, asn— oc.
feF,
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Proof: Forany § > 0, we have

eFr,

= sup
eFr,
<P (

= I) + D).

P* (/SUP |@n(f) - Qn(f)| > 8)

ZG —o0? -2~ Zez(f(xz) _fO(xz))

8 1 )
> —) +P* (/sup — > —)
€F |1 4

It follows from the Weak Law of Large Numbers that (I) — 0. Now, we are going to evaluate
(IT). By using the Markov’s inequality, (II) — 0 holds if

E* | sup
feFr,
Note that E[¢] = 0 and each f € F,, has its corresponding parameterisation 6,,. Since 8,
is in a compact set, there exists a sequence @, — 0, ask — cowith 8, € Q’"(d+2)+1 N
([= Vi, Va1 X [—=My, M, 1@+ Each 0, 1 corresponds to a function fi € F;, . Based
on continuity, we have fi(x) — f(x) for each x € X'. From Example 2.3.4 in van der
Vaart and Wellner (1996), we know that F;, is P-measurable. Based on symmetrisation
inequality, we have
Z €i(f (xi) —fo(xz))H < 2E.E¢ [ sup i|
f€ ™m

where &1, ..., &, are i.i.d. Rademacher random variables independent of €1, . . . , €,. Based
on the Strong Law of Large Numbers, there exists N; > 0, such that for all n > N,

n
1 2 2
—E € <o +1, as
s

For fixed €1,...,€,, )i &i€i(f(xi) — fo(x;)) is a sub-Gaussian process indexed by f €
F,. Suppose that (E,C, ) is the probability space on which &i,...,&, are defined and
let Y(f,w) = Y 1, &i(w)ei(f (%) — fo(xi)) with f € F,, and @ € E. As we have shown
above, we have f; — f and by continuity, Y(fy, ) — Y(f,®) for any w € E. This shows
that {Y(f,w),f € F;,} is a separable sub-Gaussian process. Hence Corollary 2.2.8 in van
der Vaart and Wellner (1996) implies that there exists a universal constant K and for any
fr e Fy, withn > Ny,

)

Z €i(f (xi) — fo(xi))

i=1

n

%Zez_az

i=1

Z €i(f (x;) —fo(xl))H — 0, asun— oo.

Zaez (fx) — folx)

feffn = —

E* |: sup

feFr,

Zael(ﬂxz)) fo(x,))H

© [logN (30, F,.d
0

Ee |: sup

1 n
< E¢ H; ZSifi(f:(xi) — fo(x:))
i1
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|

1
+K/2Vn IOgN<2—/027Hn,frn> ” : ”OO) dn,
0

n

1 n
< E¢ H; Zéiéi(f:(xi) — fo(xi)

i=1

where for f,g € F, ,

n 1/2
1
d(f.g) = (; PRHGENE g(xi))z)
i=1

so that the last inequality follows by noting that sup;. z. | f || o =< Vuand

n 1/2
1
d(f,8) = IIf — glleo (; Zé?) :
i=1

We then evaluate these two terms. For the first term, for n > Nj, by Cauchy-Schwarz
inequality, we have

|

By choosing f,¥ = 7, fo and using the universal approximation theorem introduced by
Hornik et al. (1989), we know that sup, . v |f;; (i) — fo(x;)| — 0 as n — oo. Therefore,
for any ¢ > 0, there exists N, > 0, such that for all n > N>,

" 1/2

n 1/2 n

1 1 1

- > Eeilfrx) —fo(xi))H = (; Zelz) <Z > () _fO(xi))2>
i=1 i=1

i=1

<+Vo?+1sup |f;(x) — fo(x)], as.
xeX

K (e g
jg}glfn(xz) fO(xz)|<m-

By choosing n > Nj v N,, we get

|

For the second term, we use the same bound from Theorem 14.5 in Anthony and
Bartlett (2009) as we did in the proof of Lemma 2:

1 n
- > &) —fo(xz'))H < as
i=1

n Lels 1 n(d4+2)+
N( 2 ” ” ) < [ n(d—|— Z) —+ ] (l )2 rn(d+
2 o + > > o ( V ) ‘7

= B, gy n @D+
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where B, 4v, = V02 + le[ry(d +2) + 1]V2/(V,, — 4)) @2+ et
By, 4v, = 10g Brn,d,V,, — [ra(d+2) + 1]

2vo? + le[ry(d +2) +1]V; 1)

V,—4

= [rp(d+2) + 1] (

d+2)+1]V2
2[rn(d+2)+l]log[rn( J‘; )z ] " foralln > Ny V Nj,
T

where Nj is chosen to satisfy r,(d 4+ 2) + 1 > 2+/02 + 1. The last inequality then follows
by noting that V2 — V,, + 4 > 0 for all V,, so that log M > log & “ZC,: 194/”_4) =
log(2+/o2 + 1). We also have

~ 1
H (2\/—77,?@, Iloo> = log By, v, + [rn(d+2) +1] log;

1
= Brn,d,Vn + [rn(d+2)+ 1];

1
< B;,dv, (1 + —> )
n
and hence for all n > Nj Vv N3,

2V,
n 1
Hl/2 <—77)f > ” : ” ) dn
/o PN/
1/2 2Vn 1\'/2
< Br,,,d,Vn / (1 + —> dn
0 n
1 1/2 2V, 1/2
_ pl/2 1 1
= Brn,d,Vn |:/ (1 + —) dn —l—/ (1 + —) dnj|
0 n 1 n
<8, [f/ N~V dn + V22V, — 1)]

<4v2B,% .V,

which implies that

2
\/[rn(d—|— 2) +1]Vv2 log[r”(d;:%w"

n

dn <8
n

—1 .
/zvn H (5724 Fro - )
0

>

8\/[rn(d +2) + 1]V2 log(Valra(d + 2) + 1])
n

2
where the last part follows by noting that log VYZ 7 ~ log V,,. Under the assumption given
in the Lemma, there exists Ny > 0, such that for all n > N4, we have

\/[rn(d +2)+ UVElog(Valra@+2) +1) _ ¢
n 8
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Therefore, by choosing n > Nj V N, V N3 V Ny, we get

sup < 2 as,
fe‘T-’n

ie [Eg [Sque]-‘,n I% o &i€i(f(xi) — fo(xi)|] — 0 a.s.. Moreover, based on what we have
shown, for a sufficiently large n, we have

Zglel(f(xl fO(xi))

}:aaqu) — fo(xi))

Ee |:sup i| <vo?+1|n.fo — follso
feFr,
—|—4«/_KB1/2 2V, >0, as.

Since

Ee[Vo2 + 17,fo — folloo + 4V2KB,"% | n71/2V,]
= Vo2 + 1|7, fo — folleo +4V2KB, %, 0712V, — 0 < o0,

by using the Generalised Dominated Convergence Theorem, we know that

E* | sup
feF,

which completes the proof. |

§jequ» ﬁ@v4}<2EEs[mm E:&a u»—ﬁuaﬂ}—>,

feFr,

Based on the above lemmas, we are ready to state the theorem on the consistency of
neural network sieve estimators.

Theorem 3.1: Under the notation given above, if

[rn(d+2)+ l]Vﬁ log(Vyu[rn(d +2) + 1] = o(n), asn — o0, (3)
then
1 —folln 2> .

Proof: Since Q is continuous at fy € F and Q(fy) = 02 < oo, for any € > 0, we have

inf n - Xn = f — 0.
ftllfijr%\aneQ ) = Qulf) = f|[fl?|\”>€nz(f(x) fox))? = €* >

Hence, based on Lemma 1, Lemma 3 and Corollary 2.6 in White and Wooldridge (1991),
we have

2 p
||fn _fOHn_)O- n
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Remark 3.1: We discuss the condition (3) in Theorem 3.1 via some simple examples here.
Ifaj = O() forj=1,...,ry, then V,, = O(r,) and

[r,(d+2)+ I]Vﬁ log(Vyulrn(d+2) +1]) = (’)(rf, log ry).

Therefore, a possible growth rate for the number of hidden units in a neural network is
rn = o((n/log n)1/3). On the other hand, if we have a slow growth rate for the number of
hidden units in the neural network, such as r,, = log V,,, then we have

[ra(d 4 2) + 11V, log(Valra(d + 2) + 1]) = O((V, log Vi)?).
Hence, a possible growth rate for the upper bound of the weights from the hidden layer to

the output layer is V,, = o(n'/2/log n).

4. Rate of convergence

To obtain the rate of convergence for neural network sieves, we apply Theorem 3.4.1 in van
der Vaart and Wellner (1996).

Theorem 4.1: Based on the above notations, if
n, =0 (min{llnmfo —folli, rn(d + 2) log(r, Vi (d + 2)) /n, 1, (d + 2) log n/n}) ,

then
|U?n _fOHn
=0, (max { [ _fO”n)\/rn(d +2) log[r, Vi, (d + 2)]’ ra(d +nz) log n }) |

n

Proof: Use the same bound from Theorem 14.5 in Anthony and Bartlett (2009), we have

4e[rn(d n 2) " 1] (% ) )Tn(d+2)+l

logN(n, Fr,s || - lln) <logN(, Fis || - loo) < log
n (Ve —1)

= [ra(d +2) + 1] log r”:v”,

elry(d4+2)+1]V?

V1 > e¢. Then from Lemma 3.8 in Mendelson (2003),

where érn,d,Vn =
ford < 1,

g 5
| Ve NG F T T dn = [rd+ 2+ 11 [ g Cruiti g,
0 0

rnan

< [rp(d+2) +1] 1/25 log

7

= ¢Pn(9).
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Define h: 8§ — ¢,(8)/8% = [r,(d +2) + 1]1/281_“\/10g %. Since for 0 < § < 1 and

l<a<?2

_ Croav, 1 8 Coave. _15 Crav,
H(s) = d+2 1 1/2 1—a)8 % /1 Tnsd Vo  © _ Tnsds Vi 1 1/2 nsas Vi
(6) = [rn(d+2) +1] (I—-a) 0g 5 28y 8 og 5

C 1 C
= [ra(d +2) + 1]/ ((1 — )87 [log 7'";;”"" — ~log™/2 '"’d"’")

2 1)
<0,
8 > ¢n(8)/8% is decreasing on (0, 00). Let p, < ||771,.fo —f0||,71. Note that

1 -
pﬁ¢n (,0_> = pulra(d +2) + 1]1/2 10g1/2 (pncrn,d,V,,)

n

= [1(d +2) + 11"2p,10g oy + 10g v,

and
- [ra(d +2) +1]V2 [ra(d +2) + 1]V?
log C =1+1 <] L
Og T, Vg + Og Vn —4 ~ Og Vn —4
~ log[r,Va(d + 2)],
we have

1
pﬁ‘bn (_> S Vn & ry(d+ 2),03 (10g pn + loglr, Vi (d + 2)]) S

n

Therefore, for

o " 1/2 " 1/2
Pn ~ min (rn(d+2)log[rnVn(d+2)]) ’(rn(d+2)logn> ’

we have p,zld)n(p—ln) < /n. Based on these observation, Lemma 1, Lemma 2 in the Sup-
plementary Materials and Theorem 3.4.1 in van der Vaart and Wellner (1996) imply
that

|lfn_ﬂrnf0||n
n(d + 2) log[r, V,(d + 2 W(d+2)1
=0, (maX{”ﬂrnfO_fO”m\/r( ha )Ogg @+ )],\/r( +n)0gn}>.

By using the triangle inequality, we can further get

e = foll < W — T folln + 170 fo — foll

=0, (maX{llmjo _f()”m\/Tn(d—i—2)10g[T’nVn(d+2)]’\/rn(d+2)logn})'

n n




JOURNAL OF NONPARAMETRIC STATISTICS 13

Remark 4.1: Recall that a sufficient condition to ensure consistency is r,(d + 2)
Vﬁ log[r, V,(d + 2)] = o(n). Under such a condition, r,,(d + 2) log[r, V,(d + 2)] < n,the
rate of convergence can be simplified to

“]}n _f0||n = Op <max{”77r,f() _fOHn»\/@}) '

If we assume fy € F where F is the space of functions with finite first absolute moments
of the Fourier magnitude distributions, i.e.

F= {f ‘R R:f(x) = / exp {ia"x| dus@), sl
= /max(nanl,l)dmﬂ(a) < c}, (4)

where /i is a complex measure on R4, | | denotes the total variation of uf, i.e. [u|(A) =
sup Zf;l |1 (A,)| and the supremum is taken over all measurable partitions {A,}7° | of A.

lalli = Z?:l |aj| for a = [ay,...,a4]" € R4, Theorem 3 in Makovoz (1996) shows that
8n = llfo — wr folln S r{l/z_l/(zd). Therefore, if we let d fixed and p, = §, ' and V,, = V
in the proof of Theorem 4.1, §, must also satisfy the following inequality:

1 1/2 =
P (p—) < pur*log!/? (pnCrn,d,vn) Sn
n
= ,Oﬁrn logpn + pﬁ"ﬂ logr" S/ n
141
= i, logr, < n.

d
One possible choice of r, to satisfy such condition is 1, < (n/log n)2+d. In such a case, we
obtain

>

_141/d

~ 0 n I(1+1/d)
0, = = 0 | (s
which is the same rate obtained in Chen and Shen (1998). It is interesting to note that in
the case where d = 1, we have ||f, — foll,» = Op((n/log n)~1/3). Such rate is close to the
O,(n~'/%), which is the convergence rate in nonparametric least square problems when
the class of functions considered has bounded variation in R (see Example 9.3.3 in van de
Geer (2000)). As shown in Proposition 3 in the supplementary material, 7, is a class of
functions with bounded variation in R. Therefore, the convergence rate we obtained makes
sense.

5. Asymptotic normality

To establish the asymptotic normality of sieve estimator for neural networks, we follow
the idea in Shen (1997) and start by calculating the Gateaux derivative of the empirical
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criterion function Q,(f) = n=! Y1, (i — f(x:))?,

11 1 «
@, — fol = lim — [; le(y,- —folw) = f(x) — fox))? =~ > (i — fo(xi))2:|

i=1

2 n
=== eilf(x) — folx).
s
Then the remainder of first-order functional Taylor series expansion is

Ralf = fo) = Qu(f) = Qulfo) = i f ~ o) = - DG~ fow? = If fol
i=1

As will be seen in the proof of asymptotic normality, the rate of convergence for the

empirical process (n~1/2 v ei(f(xi) — fo(x:) : f € F,} plays an important role. Here

we establish a lemma, which will be used to find the desired rate of convergence.

Lemma 5.1: Let X),...,X, be independent random variables with X; ~ P;. Define the
empirical process {v,(f)} as

1 n
Va(f) = 7 g[ﬂxi) — Pf].

Let Fu=A{f:llfllcc < Vu}, € >0 and a > SUpser, n1 Y Var[f(X;)] be arbitrary.

Define to by H(tg, Fu, || - lloc) = S (M, n, ), where (M, n,0) = M*/[2a(1 + % ]
If

H(u’ fn’ ” : ”oo) = Anu_rs (5)

for some 0<r<2 and u € (0,a], where a is a small positive number, and there exists a
positive constant K; = K;(r, €), i = 1, 2 such that

2 221, _
—_— 1/2 2=r
M > KA Vi n2os v KA 2a T
we have

P* (/sup [va(f)| > M) <5exp{—(1—e)Y(M,na)}.

eFn

Proof: The proof of the lemma is similar to the proof of Corollary 2.2 in Alexander (1984)
and the proof of Lemma 1 in Shen and Wong (1994). Since H(u, F, || - loo) < Apu~" for
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some 0 < r < 2, we have
t 1,
I(s,t) = / H'2(u, Fo || lloo) du < 22 — 1) 1A 2
S

Based on the assumption of

_ €
Aty " = H(to, Fus || - lloo) = Y Mna),

we have t, < [%]1/’. Note that ¥ (M, n, ) > M?/(4a) if M < 3/na/V, and 2(/na +
MV, /3) <4MV,/3 if M > 3./na/V, and hence ¥ (M, n,a) > 3./nM/(4V,). In sum-
mary,

M?/(4r) if M < 3/na/Vy,
y(M,ma) = {3ﬁM/(4Vn) if M > 3./na/Vy

Therefore, if M > 3/na/V,,

M
28e—3/21(6fw_,t0> <2 -n7'a
n

1_1

4\ 2 3
9320 712 Alr JnM
€ 4V,

1_1
=—= 1 1 1 1
1/rV’ anfﬁMffﬂ

=
Si—

= KA,

where K} = 2%¢7322 — )~ 1( ?_i( )2 . Hence

1

1
28¢ _3/ZI< t()) <M& I~<1A,11/rVn?_2n
64/n’

=
Sl

1
M

-

<M

1_1 .5 1,1
o KAV VI T 0T < Mrt2
2 2=r r—2
&S M > KAV n2eD
or
where K; = K{**. On the other hand, if M < 3/na/V,,

28¢ —3/21( ) < 296—3/2(2 "~ Al/z 1—-
64y/n’ ") ~
4\ 52 M2\ 2
<2232 —n7! (—) A:,/r (—)
€ 4o

where K, = 2%¢73/2(2 — r)_l(;—‘)%_%(i)%_%. Hence

28321 <

1_1

= o lfra-2 11
o) <M KA, M rar™2 <M

eM
64./n’
2

~ 2—r
< KZA,I/rot7 < Mr

o M > KA T,
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2 2—r
~r/2 . . P B, S i 2 1/2 2-r
where K, = Kz/ . In conclusion, if M > KjA;P V2 n2e+2 \/KzAn/ a1, then

28¢73/2( 62%,1‘0) < M. By Theorem 2.1 in Alexander (1984), we have the desired

result. [ |

As a Corollary to Lemma 5.1, we can show that the supremum of the empirical process
(n~1/2 Yo ei(f(xi) — fo(xi) : f € Fy,} converges to 0 in probability.

i=1

Corollary 5.1: Let p, satisfy p, |[fn — folln = Op(1) and F,, be the class of neural network
sieves as defined in (2). Then under the conditions

(C1) rp(d+ 2)Vyloglr, Vu(d + 2)] = o(n'/4);
(C2) np 2V =o(1),

we have

sup
If~folln<pn ' fEF,

= 0p(1).

1 n
— > eilf — fo)(x)
ﬁ i=1
Proof: To establish the desired result, we apply the truncation device.

P* sup >M

If~folln<pn ' fEFr,

% > eilf — for(x)
i=1

<P* sup

< >M
f~folln<pn ' fEF,

1 n
ﬁ Z GiH{Ieilsvn}(f — fo)(xi)
i=1

1 n
7 Z €l > v (f — fo) (xi)
i—1

+ P* sup
W ~folln<on ' fE€Fr,

= (I) + (II).

> M

For (I), we can apply Lemma 6 directly. Note that |elj¢j<v,)(f —fo)(x)| < Vi (Vy, +
Ifolloo) < V2 since [|fylloo < 00 and for0 < 5 < 1,

de[r,(d +2) + 1] (711 Vn)
n(3Va—1)

o\ Fn(d+2)+1
logN(U,]:rn) I lloo) < log( )

~ 1
< [ra(d+2)+1] <1Og Cr,,,d,V,, + ; - 1)

1
= Crn,dyvn (1 + _)
n

1
= 2'Crn,d,V,, )
n
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e[rn(d+2)+1]V2
g 2 and

where érn,d,v,, =
Croav, = [ra(d +2) +1110g C;, av, — [ra(d +2) 4+ 1] ~ r,(d + 2) log[r, Viu(d + 2)].

Therefore, Equation (5) in the main text is satisfied with r = 1 and A,, = 2C,, 4 v,. Follow-

fr{?; v, V2/3n71/6 \Y, Crl,,/il Vna1/4,we have (I) < 5exp{—(1 —

2/3 2/3
—0 Crn,d,Vn Va
=% nl/6 :

ing from Lemma 6, for M 2> C
€)yr (M, n,a)} and hence

1
sup ‘ﬁeiﬂﬂeilfvn}(f — fo) (x:)

f~foll<pn ' fEFr,

From (C1),

2/3 2/3
Cr,{,d,Vn V”/ N rn(d +2)V, log[Tn Vu (d +2)] 213 _ 1
n1/6 a1/ = 0p(1).

For (II), by using the Cauchy-Schwarz inequality, we have

1 n 1/2
= (; foﬂuefbvn}) If — folln-
i=1

1 n
|— Z €ill{je;|> v,y (f — fo)(xi)
mi
Then it follows from the Markov inequality that

12
1 _ _ o

in =¥ (Zzéfﬂueiwﬂ}) ppt 2 Mn 2 S M np PR, ]
i=1

Efle[***]
2, -2
<M np, v

Based on condition (C2), we have (II) — 0, and

sup . iéiﬂ{leibm(f —fo) (&) | = 0p(1).
W —folla<pn " feFr | =1
Combining the results we obtained above, we get
12
Ilf—fol\n:)l;l»fefm ﬁ ; G 6| = o)
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Remark 5.1: Condition (C2) can be further simplified using the results from Theorem 4.1.
If

=0 (min{||7Tr,Lfo _f0||i’ rn(d +2) log(rnVn(d +2))/n,ry(d+2) 10g n/”}) >

then

pn_l = max { s fo — folln \/rn(d + 2) log[r, V,(d + 2)]/n, \/rn(d +2) log n/n} .

It follows from condition (C1) that

pu = max {I7fo = follnsv/ru(d + 2) Tog n/n)

For simplicity, we assume that p,; 1= \/ ru(d + 2) log n/n, which holds for functions hav-
ing finite first absolute moments of the Fourier magnitude distributions as discussed at the
end of Section 4.4. Then in this case,

np 2V < r,(d+2)logn/V*,

so that condition (C2) becomes r,(d + 2) logn/ Vﬁ‘ — 0.

Now we are going to establish the asymptotic normality for neural network estimators.
Forf e{f € Fp, : If —folln < p,; '}, we consider a local alternative

o) = (1 = 8,)f + 8,(fo +0), (6)

/2

where 0 < §,, = n,l, = o(n~1/?) is chosen such that p,8, = o(1) and ((x) = 1.

Theorem 5.1 (Asymptotic Normality): Suppose that 0 < n, = o(n—') and conditions
(C1) and (C2) in Corollary 5.1 hold. We further assume that the following two conditions
hold:

(C3) suPrer i polnzps! 1Trfa ) = Fa(Dlln = Op(ondh);
(C4) SUPrer, i folzpr’ B dotet €SN = Fua(D X)) = Op(37),

then

2= 3 [ ] & N0
i=1

Proof: The main idea of the proofis to use the functional Taylor series expansion for Q,, (f)
and then carefully bound each term in the expansion. Forany f € {f € F;, : [If — folln <
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ot
Qn(f) = Qn(fo) + Q;,fo[f _fO] + Rn[f _ﬁ)]
1 & 7 L
- ; e — o ; €i(f (xi) — fo(xi)) + - ;(f(x,-) — folx))?. 7)
Note that

() = follw = 11 = 8)fn + 8n(fo + 0 — folln
=11 = 8,)(u — fo) + Sutlln
< (1= 8)Ifn — folln =+ 8u»

and since 8, = o(n~1/?), we can know that with probability tending to 1, ||fn ) —folln <
p,,; L. Then replacing f in (7) by f, and 7, f,(f), we get

n

R 1 <& 2 n .
Qufo) =~ ;ef =~ D €ilfux) = fol) + Ifu = foll;

i=1
- 1 2 - -
Qn(ﬂrnfn(f)) = ; 2612 - ; Zéi(nrnfn(f)(xi) _fO(xi)) + ||7Trnfn(f) _fOHi
i=1 i=1

Subtracting these two equations yields

Qi) = QuCtnfuf) + = 36t (e ulF) x) — )

i=1
+ = foll2 = 7 fu () — fol2.

Now note that
17 fa ) = foll2 = 17r fuF) — FulF) + Fu(F) — foll2
= | fu(H) = FaF) + (1 = 80) (o — fo) + il
< (U= 8% = foll2 + 201 = 80) (Fu — for but) + 32
+2(0 = 87 fu () = Fa ) allfa — folln
+ 28,171, fu (1) — Fa (D)l + 1700 fn () — Fu (DI,

where the last inequality follows from the Cauchy-Schwarz inequality. Since

236t o)) = 2 S (maH ) ~ Tl + Tl — o)
i=1

i=1
= % i:iléi (Erjn(f)(xi) _];n(f)(xi)>
— %(Sn € (fn(xi) _fO(xi)) - %571 ;61"

i=1



20 (&) X.SHENETAL.

by the definition of fn, we have

_Op((ﬁ) =< fél}-f @n(f) - @n(fn) =< Qn(ﬂr,fn(f)) - Qn(fn)

< (1= 82U = fol2 = W = foll2 +2(1 = 808, (f —fo,z)

+2(1 = 8l — follallTrfu () = Fa (D)l
+ 28,175 fa () = fa Nl 4+ 70 fa () — fua (DI

- % Zn;ei (”r,fn(f)(xi) —fn(f)(xi)> + %3;1 géi (fn(xi) —fo(x,-)>

2 n
+ =8 > i+ 0p(67)

i=1
< 821lf — foll2 + 201 = 8,30 (fu — fort)
+2(1 = 8)Wfw = folln 7 fa () = FuP) 1
+ 28,175, fa () = fa PNl + 170 fa(F) — fa (DI

- % gjei (nr,jn(f)(xi) —fn(f)(x,-)) + gangei (f,,(x,-) - fo(x,-)>

n
+ %3,1 l;e,- + Op(87), (8)
where the last inequality follows by noting that (1 — §,,)> — 1 = —2§,, + 82 < §2. From the
condition (C1), we can get
[rn(d+2) + I]Vﬁ log[r, Vy(d 4+ 2) + 1]
< ([rn(d +2)+ 1]V, loglr, Vu(d 4+ 2) + 1])4 = o(n).

Combining with Theorem 2, we obtain that |[fn — folln = 0p(1) and hence 8%”]?,, - f0||i =
0p ((Sﬁ). From condition (C3), we have

21 = 8)lfu — follallrfu () = Fa(Dlln < 20fa = follall s fa () = Fu(H)
= Op (0, Pudy) = Op(87)-
Similarly, since p,8, = o(1), we have
284171, fou (F) — Fa(D)lln = Op(Sn - pub2) = 0,(62)
17 fu (1) = a3 = Op(p281) = 0p(82).

Based on condition (C4), we know that

236 (wdath —Joth) = 0562,
i=1
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and from Corollary 5.1, we also have
2~ (2
;%Ek(mm—ﬁm0=%@fwmy
i=
It follows from these observations that
, 26 < 2 2 -1/2
=201 = 80) (fu = for 1) + SLY = Op8) + 0p(8) + 0p(8y - n 1),
i=1
which implies that
. 1 —
4Lwa@—mQ+;prowo+%m”%=%fmy
i=1
By replacing « with —t, we can obtain the same result and hence
R 1 n R 1 n
<fn—fo,t>—;Z€i (1_5n)<fn_f0)t>_zzei
i=1 i=1

< 0p(n™Y2) 4 84llfy = folln

< + 8n

oo

= op(n_l/ 2).
Therefore,
2 _1v, ~-1/2
(fn _fO’L>— ;;'fz‘i‘op(” )
and the desired result follows from the classical Central Limit Theorem. |

Let us focus on the conditions given in the theorem. Note that if (C1) holds, we have

72 (d + 2)Vﬁ log[r, Vu(d +2)] < [ra(d + 2)]4V;l (log[rnVn(d + 2)])4 = o(n),

so it is a sufficient condition to ensure the consistency of the neural network sieve esti-
mator. As in Remark 3.1, we consider some simple scenarios here. If V,, = O(r,), then
ru(d + 2)Vylog[r,Va(d + 2)] = (’)(rf, logr,,) so that a possible growth rate for r,, is r, =
o(nl/s/(log n)?). On the other hand, if r, = log V,,, then r,,(d + 2) V,; log[r, V,,(d + 2)] =
O(Vy,(log V,)?) and a possible growth rate for V,, is V,, = o(n1/4/(10g 1n)2). Thus, in both
cases, the growth rate required for the asymptotic normality of neural network sieve esti-
mator is slower than the growth rate required for the consistency as given in Remark 3.1.
One explanation is that due to the Universal Approximation Theorem, a neural network
with one hidden layer can approximate a continuous function on compact support arbi-
trarily well if the number of hidden units is sufficiently large. Therefore, if the number of
hidden units is too large, the neural network sieve estimator fn may be very close to the
best projector of the true function fy in F, so that the error Z?:l [fn (xi) — fo(xi)] could
be close to zero, resulting a small variation. By allowing slower growth rate of the number of
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hidden units can increase the variations of Z?:l [fn (xi) — fo(x)], which makes the asymp-
totic normality more reasonable. On the other hand, condition (C3) and condition (C4) are
similar conditions as in Shen (1997), which are known for conditions on approximation
error. These conditions indicate that the approximation rate of a single layer neural net-
work cannot be too slow, otherwise it may require a huge number of samples to reach the
desired approximation error. Therefore, the conditions in the theorem can be considered
as a trade-off between bias and variance.

Theorem 5.1 can be used directly for hypothesis testing of neural network with one
hidden layer if we know the variance of the random error o'2. In practice, this is rarely
the case. To perform hypothesis testing when o2 is unknown, it is natural to find a good
estimator of 02 and use a ‘plug-in’ test statistic. A natural estimator for o is

o 1 X 2 .
Oﬁ = ; Z ()’z _fn(xi)> = Qn ( n) .
i=1
We then need to establish the asymptotic normality for the statistic #ﬁ Y [fn (xi) —

So(xi)].

Theorem 5.2 (Asymptotic Normality for Plug-in Statistic): Suppose that fy € C(X),
where X ¢ R%isa compact set and 0 < n,, = o(n™Y). Then under the conditions as stated
in Theorem 5.1, we have

L d
D ) — foxp] > N, .

Proof: Note that

n

62 = Qi = - ; (7o) = > (oo + )

= % i <fn(xi) —fo(x,‘))2 - %ia (fn(xz') —fO(xi)> + % Zﬁz

i=1 i=1

- _Zé - —Ze, (e = fox) + 1o = fol,

Based on the rate of convergence of f”n we obtained in Theorem 4.1 and condition (C1), we
know that

-5l =0; (maX{IlmJo ~ ol

Under (C3), |7y, fo —foll2 = 0(,0284) = o(n~ /%) and under (C1), we have

<rn(d+2)logn) - n'/4log n
n =° n

B logn B ~12
_o<n3/4>_o(n ),

5 tu(d+2)logn }>
n
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which implies that |Lfn —fol? = op(n_l/ 2). Moreover, by the same arguments as in the
proof of Theorem 5.1, we can show that

2 — A
- ;61' (fn(xi) _fO(xi)) = op(n~'/?).
Therefore,
Qn(]?n) = % Zélz + Op(n_l/z).
i=1

Based on the Weak Law of Large Numbers, we know that 13" €7 =0 + 0,(1).
Therefore,

62 = Qu(f) = 02 + 0p(1),

and it follows from the Slutsky’s Theorem and Theorem 5.1 in the main text, we obtain

1 e s 1 )
Jn ; [fn(xi) —fo(xi)] = aa_\/ﬁ ; [fn(x,-) —fo(x,.)] 4 N, ). n

On

6. Simulation studies

In this section, simulations were conducted to check the validity of the theoretical results
obtained in the previous sections. The consistency of the neural network sieve estimators
was examined under various simulation scenarios. Finally, we evaluated the asymptotic
normality of the neural network sieve estimators. For illustration purpose, we only include
the simulations where the dimension of the covariates is 1. More simulations for the
multivariate cases are given in the supplementary materials.

6.1. Consistency for neural network sieve estimators

In this simulation, we are going to check the consistency result from Section 3 and the
validity of the assumption made in Theorem 3.1. Based on our construction of the neural
network sieve estimators, in each sieve space F;, , there is a constraint on the £; norm for
a: "o lej] < Vy. So finding the nearly optimal function in F;, for Q,(f) is in fact a
constrained optimisation problem. A classical way to conduct this optimisation is through
introducing a Lagrange multiplier for each constraint. Nevertheless, it is usually hard to
find an explicit connection between the Lagrange multiplier and the upper bound in the
inequality constraint. Instead, we use the subgradient method as discussed in section 7 in
Boyd and Mutapcic (2008). The basic idea is to update the parameter «y, . . ., oy, through

a* = o® _5e®, iz,

1 ~’rn’

where § > 0isa step size and 8k is chosen to be 0.1/ log(e + k) throughout the simulation,
which is known as a nonsummable diminishing step size rule. g® is a subgradient of the
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objective or the constraint function Zjio logj| — Vyy at a® . More specifically, we take

n
0uQu(f) — if Y Iyl < Vi
j=0

g® ¢

Tn :
Do Yoo Il if Y eyl > V.
j=0

Table 1. Comparison of errors || fy — fo||2 and the least square errors (@,,(IA‘,,) after 20,000 iterations under
different sample sizes.

Neural network Sine Piecewise continuous
Sample sizes lfr — foll2 Qn(f) ifr — foll2 Qn(f) ifr — foll2 Qn(f)
50 3.33E-2 0.519 6.04E—2 0.513 6.20E—1 1.124
100 2.79E-2 0.552 3.04E-2 0.587 3.20E—1 0.920
200 6.05E—3 0.500 1.05E—2 0.501 251E-1 0.786
500 8.15E-3 0.484 1.19E—-2 0.499 3.26E—1 0.769
1000 3.02E-3 0.475 1.54E—-2 0.480 2.98E—2 0.489
2000 2.88E—3 0.500 9.72E-3 0.506 1.69E—2 0.515

True Function vs Fitted Functions True Function vs Fitted Functions

True Function vs Fitted Functions

Figure 1. Comparison of the true function and the fitted function for three different types of non-linear
functions. The top panel shows the scenario when the true function is a single layer neural network; the
middle panel shows the scenario when the true function is a sine function, and the bottom panel shows
the scenario when the true function is a continuous function having a non-differentiable point. As we
can see from all the cases, the fitted curve becomes closer to the truth as the sample size increases.
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Figure 2. Normal Q-Q plot for n=/2 3""__ [f, (x;) — fy(x;)] various sample sizes. The true function fy is
a single-layer neural network with two hidden units as defined in (10).

The updating equations of y,...», ,%0,1,--->Yor, remain the same as those in the
classical gradient descent algorithm.
We simulated the response through the following model:

)/i:_fb(xi)+6i’ i=1,...,n, (9)

where the total sample size n varies from 50 to 2000, xi,...,x, ~ iid. N(0,1),
€15...,€x ~ 1.i.d. N(0,0.72). For the true function fo (x), we considered the following three
functions:

(1) A neural network with a single hidden layer and two hidden units:
folxi) =—1—0Q@x;i+ 1)+ o(—x; + 1). (10)
(2) A trigonometric function:
1
fo(x) = sin (%x) + 3 cos (%x + 1) (11)
(3) A continuous function having a non-differential point

—2x ifx<0

fox) = ﬁ(x_i) 0l (12)
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Sample Size = 50 Sample Size =100 Sample Size = 200
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Figure 3. Normal Q-Q plotforn=1/2 31 [F (x7) — fo(x;)] various sample sizes. The true function fo is
a trigonometric function as defined in (11).

We then trained a neural network using the subgradient method mentioned above and
set the number of iterations used for fitting as 20,000. We chose the growth rate on the
number of hidden units r, = n'/* and the upper bound for £; norm of the weights and bias
from the hidden layer to the output layer V,, = 10n'/4. Such choice satisfies the condition
mentioned in Remark 3.1 and hence satisfies the condition in Theorem 3.1. We compared
the errors ||f, — fo ||,21 and the least square errors Qn(f,,) under different sample sizes. The
results are summarised in Table 1.

As we can see from Table 1, the errors |[f,, — foll2 overall has a decreasing pattern as
the sample size increases. There are some cases where the error becomes a little bit larger
when the sample sizes increases (e.g. the errors using 500 samples in all scenarios is larger
than those errors using 200 sample). One explanation is that the number of hidden units
increases from 3 (for 200 samples) to 4 (for 500 samples) under our simulation setup, which
adds variation to the estimation performance. Overall, the table shows that the estimated
function fn is indeed consistent in the sense that |L)A‘n — folln = o;(l). Figure 1 plots the
fitted functions and the true function, from which we can straightforwardly visualise the
result more and draw the conclusions.

6.2. Asymptotic normality for neural network sieve estimators

The last part of the simulation focuses on the asymptotic normality derived in Theorem 5.1.
We still considered the same types of true functions as described in Section 6.1 but sampled
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Figure 4. Normal Q-Q plot for n=/2 3""__ [f, (x;) — fy(x;)] various sample sizes. The true function fy is
a continuous function having a non-differential point as defined in (12).

the random errors from the standard normal distribution. In this simulation, we still used
the subgradient method to obtain the fitted model. The number of iterations used for fitting
was set at 20,000. What is different from Section 6.1 is the growth rates for r, and V,, set in
this simulation. As mentioned in Section 5, the growth rates required for asymptotic nor-
mality are slower than those required for consistency. Therefore, we chose r, = n'/8 and
V,, = 10n'/10, Such choice satisfies the condition (C1) in Theorem 5.1. To get the normal
Q-Q plot for n=1/2 Z?:l [fn (xi) — fo(xi)], we repeated the simulation 200 times.

Figures 2 to 4 are the normal Q-Q plots under different nonlinear functions and vari-
ous sample sizes. From the figures, we found that the statistic n-1/2 Yo [fn (xi) — fo(xi)]
fit the normal distribution pretty well under all simulation scenarios. It is also worth to
note that the Q-Q plots looks similar under all simulation scenarios. This is what we
would expect since the limiting distribution for the statistic n-1/2 Yo [f’n (xi) — fo(xi)]
is A/(0, 1) under all scenarios. Another implication we can obtain from the Q-Q plots
is that the statistic n—1/2 Y [fn (xi) — fo(x;)] is robust to the choice of fy. Therefore, as
long as the true function fy is continuous, A/(0,1) is a good asymptotic distribution for
n=1/2 Z?Zl []Afn (xi) — fo(x;)], which facilitates hypothesis testing.

Besides the Q-Q plots, we also conducted the normality tests to check whether n~!/
Z?:l [f,, (xi) — fo(x;)] follows the standard normal distribution. Specifically, we used the
Shapiro-Wilks test and the Kolmogorov-Smirnov test to perform the normality test.
Table 2 summarises the p-values for both normality tests. As we observed from Table 2, in

2
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Table 2. Summary of results from the Shapiro-Wilks test and the Kolmogorov-Smirnov test. We use
‘NN’, ‘TRI" and ‘ND’ to denote a neural network described in (10), a trigonometric function described
in (11) and a continuous function having a non-differential point described in (12), respectively.

Shapiro-Wilks test Kolmogorov-Smirnov test

Sample sizes NN TRI ND NN TRI ND

50 0.878 0.884 0.881 0.584 0.597 0.595
100 0.098 0.095 0.095 0.472 0.508 0.484
200 0.940 0.944 0.944 0.731 0.719 0.708
300 0.884 0.888 0.872 0.976 0.986 0.973
400 0.514 0.525 0.513 0.670 0.754 0.708
500 0.768 0.778 0.768 0.733 0.769 0.733

all cases, we failed to reject that n=1/2 Z?:l [f,, (xi) — fo(x;)] follows the standard normal
distribution.

7. Discussion

We have investigated the asymptotic properties, including the consistency, rate of conver-
gence and asymptotic normality for neural network sieve estimators with one hidden layer.
While in practice, the number of hidden unites is often chosen ad hoc, it is important to
note that the conditions in the theorems provide theoretical guidelines on choosing the
number of hidden units for a neural network with one hidden layer to achieve the desired
statistical properties. The validity of the conditions made in the theorems has also been
checked through simulation results. Theorems 5.1 and 5.2 depend on the knowledge of the
underlying function fy, which is typically unknown in practice. Therefore, if we assume f
has some certain form, the results can be applied and served as preliminary work for con-
ducting hypothesis testing on Hy : fo = hy for a fixed function hg. On the other hand, since
multiple functions can lead to the same value of n=! Y7, fy(x;), the test may not be power.
The asymptotic normality results are crucial in developing more sophisticated significance
test methods for neural networks (Shen et al. 2022).

The work conducted in this paper mainly focuses on sieve estimators based on neu-
ral networks with one hidden layer and standard sigmoid activation function. The work
presented in this paper can be extended in several ways. The main theorems in this
paper depend heavily on the covering number or the entropy number of the function
class consisting of neural network with one hidden layer. Theorem 14.5 in Anthony and
Bartlett (2009) provides a general upper bound for the covering number of a function class
consisting of deep neural networks with Lipchitz continuous activation functions. There-
fore, it is possible to extend our results discussed in this paper to a deep neural network with
Lipchitz continuous activation functions. It is also worthwhile to investigate asymptotic
properties of other commonly used deep learning models such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs).

On the other hand, although homoscedasticity is assumed in the previous discussions,
it can be relaxed to take heteroscedasticity into consideration. To see this, if E[eiz] =
#*c?(x;), then under the assumptions that | ¢ (-)| < ¢ for some ¢ > 0and P Var[eiz]/i2 <
00, the proof of Lemma 3.1 can go through. The only modifications to be made are to use
Kolmogorov Strong Law of Large Numbers to show (I) — 0 and to change o2 to ¢2¢?
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later on. Therefore, the consistency result still holds under heteroskedasticity with the afor-
mentioned two assumptions satisfied. Moreover, after a clear examination on the proof
of Theorems 4.1, 5.1 and 5.2, it is easy to see that only the consistency part is involved
with heteroskedasticity. Therefore, these results still hold under the aforementioned two
assumptions.

When we train a deep neural network, we usually need to face an overfitting issue. In
practice, regularisation is frequently used to reduce overfitting. Another natural extension
of the work discussed in this paper is to modify the loss function by involving some regu-
larisation terms. By taking regularisation into account, we believe the theories could have
a much broader application in real-world scenarios.
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