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1 | INTRODUCTION

Artificial neural networks have been widely used in
machine learning and acquired their popularity during
1990s. The second burst occurred in recent years due to a
rapid increase of proccessable data (“Big-Data”) and avail-
ability of powerful computing machinery. Modern trends
in deep neural networks helped to achieve superior results
in pattern recognition, text processing, and other fields
of machine learning. However, this paper is focused on
“shallow” 2-layer neural nets - a classic case for multilayer
perceptrons. Specifically, the study assesses the conver-
gence rate for one of a two-layer neural network with

The paper investigates approximation error of two-layer feedforward Fourier
Neural Networks (FNNs). Such networks are motivated by the approximation
properties of Fourier series. Several implementations of FNNs were proposed
since 1980s: by Gallant and White, Silvescu, Tan, Zuo and Cai, and Liu. The main
focus of our work is Silvescu’s FNN, because its activation function does not fit
into the category of networks, where the linearly transformed input is exposed
to activation. The latter ones were extensively described by Hornik. In regard to
non-trivial Silvescu’s FNN, its convergence rate is proven to be of order O(1/n).
The paper continues investigating classes of functions approximated by Silvescu
FNN, which appeared to be from Schwartz space and space of positive definite

approximation error, convergence, Fourier, neural networks

activators composed of a product of cosine functions with
different frequencies. The architecture was proposed by
Silvescu in 1999 [1]. Since this idea is inspired by Fourier
series and Fourier transform, such networks are referred
to as “Fourier Neural Networks” (FNNs).

While most of the theory behind neural networks with
standard activation functions is well-established, the pecu-
liar ones such as above leave a room for research. For
this particular FNN, we derive an upper bound for the
approximation error equal to C244-1/p, where d, n, C are,
respectively, input dimension size, number of neurons,
and a constant dependent on the activation function. The
proof of this assertion uses a technique similar to the one
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used in Reference [2]. The paper proceeds with identify-
ing classes of functions, for which the approximation error
bound can be computed.

Besides theoretical findings, the paper attempts to
confirm them with computational results. The experi-
ments include implementation of the Silvescu Fourier
Neural Network in Python’s TensorFlow library, gener-
ating synthetic data according to classes of functions
obtained previously, training the model, and assessing the
approximation error.

2 | OVERVIEW

2.1 | General model

Before talking about FNN implementations, we shall give
a context of feedforward neural nets in general. The name
“feedforward” is derived from the concept of passing
weighted value of the input vector forward, to the hid-
den layer. It is then subject to a non-linear transformation
called “activation”. This helps to catch non-linear behavior
of the input data. After this, the obtained value is passed
further, to the output layer. Mathematically, the general
model can be given as a mapping

n

X =V + kaa(wk - X+ by), (1)
k=1

where xe€R? represents a multidimensional input,
weeR¥isa weight vector, b,y € R is a bias, o is called an
“activation function”, and v, € R are output weights.

Such model falls in the paradigm “weighted sum of
input characteristics”. The standard choices for the acti-
vation function are “sigmoidal” functions (sometimes ref-
fered as “squashers”), which have a bounded output. For
example, the logistic activation function has the following

expression
1

1+e?’

(2)

o(z) =

where z € R, and the output is in the interval (0, 1). The
hyperbolic tangent function is given by
et —e®
e+ e

tanh(z) = (3)

In general, most of them have the shape similar to a heav-
iside step function

0, 0,
H(p) = { s @)
1, z>0.

The values of these activations are stored in so-called
“hidden neurons”, a transitional state between input and

output. There can be several such neurons placed in par-
allel in a feedforward network, composing a hidden layer.
The anatomy of the network is illustrated in Figure 1.

Having sigmoidal activation and a sufficient number
of neurons, a two-layer neural network can approximate
almost any continuous function [3, 4]. Studies show that
the accuracy of approximation increases with the num-
ber of hidden layers [5] and with the number of hidden
neurons in general [4].

2.2 | Existing implementations

Fourier Neural Networks were inspired in some way by
Fourier Series and Fourier Transform. For this reason,
activations used in these nets contain cosine transforma-
tions. Several implementations with different activation
functions have been proposed starting from the late 1980s.

2.3 | Gallant and White FNN

One of the earliest examples is the network of Gallant and
White [6]. The suggested model uses a “cosine squasher”
instead of a standard sigmoid activation. The function is
monotone and bounded.

0, —oo<z<§,
oaw(?) =< % [cos <z+ 37”>+1], —% <z< % (5)
1, §<z<oo.

The main characteristic of the activation is that it cuts
off frequencies higher than % The network then repre-
sents a mapping

n

X = v+ kaO'GW(Wk - X + by), (6)
k=1

with n being the number of hidden layer units. Accord-
ing to Gallant and White, the network possesses Fourier
Series approximation properties. That is, if a periodic func-
tion to be approximated is in L,, the network converges in
L, sense as n grows; and if it is continuous, the network
converges uniformly.

2.4 | Tan, Zuo and Cai, Liu FNN

Another implementation was proposed by several authors,
by Tan [7], by Zuo and Cai [8]. In general, they can be
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written as

n
X =V + ka cos(Wy - X + by) + ug sin(wg - x + by). (7)
k=1

Note that we have same weights and biases in both sin and
cos. A slightly different approach is to set the parameters
of sin and cos independent of each other:

n

X = vy + ka cos(Wy - X + by) + ug sin(sg - x + t).  (8)
k=1

This was suggested by Liu [9]. These two implementations
resemble Fourier Series, with the exception that the coef-
ficients are not fixed, as it is the case with Fourier partial
sums, but rather trained on data.

2.5 | Silvescu FNN
Silvescu proposed a different implementation of an FNN
[1]. It has the most exotic activation function, as a result
of non-standard way of discretization of a problem. The
activation is as follows
d
osite (06 Wi, be) = [ ] costwiexi + b, 9)

i=1

where d is the dimension size of an input. The network
formula is then

Feedforward neural network with one hidden layer and one-dimensional output

n

x— kaUSilv(x; Wy, bi).
l=1

(10)

Instead of a nonlinear transformation of weighted sums
of inputs, here we take a product of nonlinear filters for
each weighted input. This makes Silvescu’s implemen-
tation the most interesting and challenging to analyze
among existing FNNs. Therefore, the paper is focused on
the convergence properties of this particular FNN.

2.6 | Discussion

Despite having several FNN implementations, this study
is concerned with Silvescu’s FNN. It does not fit into
the standard way of constructing two-layer feedforward
neural networks, and appears to have the least trivial
proof for convergence rate. As one might have noticed,
the rest of FNNs (including standard neural nets) can
be rewritten in the form x — vy + Y vko(wy -x+ by). All
such neural networks have already been studied by Hornik
[10] in 1989, and it has been shown that networks con-
verge at a rate of O(1/n) as the hidden layer size n
increases. Silvescu’s activation function does not take an
affine transformation of input wy - x + by as its argument.
Instead, it is nonlinear in each spatial component of an
input, osiy = [] cos(wiix; + bi;) and graphically it looks as
follows:
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—
i=1
X2
B —— '
—>
[ ]
d [ ]
N cos(w,,x; + b
[ ]
Xa
B —

Since such networks fall out of the paradigm of classic
neural nets, little is known about their convergence prop-
erties. Our research, therefore, attempts to fill in some of
the gaps in neural network approximation theory. In par-
ticular, we show that for a smooth enough function f there
exists a network of the form

Ja®0) = ZCkGSilv(X; a, by) (11)
k=1
which has the error bounded as
C24d—1
/ [f@0) = fuo)|Ppudx) < (12)
B

where Bc R is a bounded set, C is a constant, and x is a
probability measure. That is, the order of convergence for
Silvescu FNN is O(1/n), given fixed dimension size d and
a bound C for Fourier transform. Convergence rates for all
mentioned FNN implementations are also expected to be
of order O(1/n).

A very important method to derive the convergence
rate is used by Barron in his investigation of sigmoidal
activation functions [2]. The Gallant and White FNN
falls under the scope of Barron’s work. The study shows
that for functions with an existing Fourier integral f(x) =
[ e™ *f(w)dw and a finite first moment [ 1w [f(w)|dw < C,
two-layer neural networks with sigmoidal activation have

Hidden
layer

Ouput
layer

h, = Hcos(wlixi +by;)

ni)

an error of O(1/n). Indeed, the way o gy was defined lets us
perceive it as a sigmoidal function, in which case we can
apply Barron’s results directly.

In the course of our paper, we utilize the main idea
of Barron’s error estimation and derive our own proof
for Silvescu FNN. The main difference between these two
results is in assumptions on the moments of Fourier trans-
form of a function. While Barron sets the first moment
f [w] [7(w)|dw < C, we choose functions with finite zeroth
moment / [f(w)ldw < C. This is, in fact, equivalent to
demanding Fourier integral to be in L;(R?).

Such assumption was also used by Jones [11] to show
convergence rate of order O(1/n) for networks with an
’affine transformation of an input’ mentioned above. FNNs
used in the works of Tan, Zuo and Cai, and Liu come
from this category. Proper modifications to Barron’s proof
would also confirm the results of Jones and Hornik [10
11]. The consequent analysis of the assumption helps to

identify suitable classes of functions for which the error
C24d—

bound holds. These are the classes of positive def-
inite functions and the class of Schwartz functions. The
most common functions in both classes are Gaussians
and their modifications. Experiments for such choices of
functions show controversial results. Although functions
can be approximated within the indicated upper error
bound, errors stop decreasing at some point. Possible rea-
son for such behavior might be an over-parametrization.
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However, for smaller number of neurons, the dependence
of error on the hidden layer size seems to experimentally
confirm the convergence rate of O(1/n).

3 | MAIN RESULTS

3.1 | Proposition
Let us consider functions on RY for which the Fourier
representation has the form

fx) = / e F(dw), (13)
Rd

where F(dw) = e?™F(dw) is a unique complex-valued
measure (Fourier distribution), F(dw) is the magnitude
distribution, and 6(w) is the phase. Define the class of func-
tions I, which can be represented in the form above for
some F(dw) and finite /F(dw):

r:{f:Rd—»RV F(dw)<oo}.
Rd

Then, for each C > 0 we can define the classes I'¢

Fc={f:Rd—>]R‘Cf=/F(dw)<C}.
Rd

Now consider a bounded set Bc R?. Then define I'g for
which the representation in Equation (13) holds for x € B
for some F(dw) with finite magnitude measure:

ng{f:BaR’/RdF(dw)<oo}.

Finally, for each C >0, let

FC,B:{f:B_)R‘Cf,B:/ F(dw)sc}.
Rd

Theorem 1. Let
d

¢ = osin(x; ax, be) = [ ] costarx; + biy)
j=1

foray;, by eRandx, ai, by € R4, For every functionf € 'g ¢
and any probability measure u, there exists f,(x), n>1, of
the form

Ja(0) = ZCkGSilv(X; ax, br) (14)
k=1
such that
2 4d—1
/ [f %) = fo(0)|? u(dx) < 4 (15)
B

3.2 | Proof
The proof of Theorem 1 uses several lemmas, which we
specify below.

Lemma 1. If f is in the closure of the convex hull of a set
G in a Hilbert space, with ||g|| <b for each g € G, then for
every n>1, and every ¢’ > b — || f?, there exists f, in the
convex hull of n points in G such that || f — fu||*> < %

Proof The proof of this lemma can be found in Barron’s
paper [2]. |

Lemma 2. For every function f € 'c g and every function
8 € Geos, the function f is in the closure of the convex hull of
Gcos, Where the closure is taken in L,(u, B) and

Geos = {ycos(w-x+b) : |y| <C}.

Proof Let F(dw) = e?™F(dw) be the magnitude and the
phase decomposition of the function f on B for which
/ F(dw) < C, where weR®. Since the function f we are
considering is a real-valued function, from Equation (13)
we deduce that for xeB

f(x)=Re / " F(dw) = Re / "W F(dw)
Rd Rd

= Re / MWW B (dy) = / cos(w - x + O(w))F(dw)
Rd Rd

F(dw)

= / Crpcos(w - x + O(w))———
Rd Crn

= / g(x, w)A(dw),
Rd
(16)

where Cy 3 = [ F(dw) < C is our bound on functions from
[pc; 8(x, w) = Crpcos(w-x+ 0(w)); and A(dw) = F(dw)/
Cr,p is a probability measure, since

/A(dw):/ M=L/ F(dw) = 1.
R Rd Cf,B Cf,B Rd

From Equation (16), it is known that f(x) = E,,[g(x, w)]. In
addition, Ig(x,w)| < | Cyp| < C. Most importantly, the last
row of Equation (16) represents f(x) as an infinite convex
combination of functions in the set

Geos = {ycosw-x+Db) : |y| £C}.

To show this, let wy, w,, ..., w,€RY be drawn inde-
pendently from the same distribution A. Consider now
glx,wy), glx,w,), ..., glx,w,). Then the sample mean
fuCowy, oo, wy) = }12?:1 g(x,w;) has an expected value
equal to f(x), that is, E,,[f,(x)] = f(x), and at the same time
it is a convex combination of functions from G.,. We will

get results if we apply Fubini’s Theorem to the expected
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value of squared L,(u, B) norm.

Bl = fall2 3y = B < / v—fnmdx))

_ / B[ Boolfi] = fu]?)pa(d)
B

/ Var(f, ] u(dx) = / L Var(glu(dx)

/c2 =<,
nJ/g n’

The L,(u, B) norm above converges to zero in mean. By
taking into account that the norm is positive, there is a
sequence wy, ..., w, for which the norm converges to zero.
Thus, there exists a convex combination f,(3; w1, ..., wy,)
of functions from G, that converges to f in L,(u,B).
Therefore, f is in the closure of the convex hull of G in

Ly(u,B). u

I/\

Lemma 3. Functions in G are in the convex hull of func-
tions in Gsjly, that is, G.os C coGsily, Where

d
Gty = {Zd 1yH cos(agiX; + by : |y] < C}

j=1

forw,xeR%: by eRandly| = |Crpl = [F(dw)l <C.

Proof The proof is by induction. First, we consider the
base case d = 1. Each function g € G is a single variable
function. Then we have

y cos(wix; + b)

20 1
1
Z; lZOyH cos(aix; + bkj)]

k=1 j=1

gx)

211

= 221 - [21 lyH cos(ayx; +bk])] ,

which is a convex combination of 2! ! functions in the
class Gsiiy with aij =w;. Thus, when the dimensionisd =1,
Gcos - COGSilv-

Next, let us prove the general case for d = m+1.
Assume G5 C coGsjly for d = m. Then

g(x) =y cos(w-x + b)

Zml

_szl

where x, w€R™ and ay;, b, by €R.

Now consider g(X) € Geos, Where ¥ € R™*! and ¥ is
a function on R™*+!, We also have W € R™*!, Actually,
we can write X = (X1, X2, ... , Xm,Xms+1), Where the first m

2m 1yH cos(akiX; + by | »
Jj=1

coordinates are from x. So,

g(X) = ycos(w-X +b)
=y cos(WiXy + - -+ + Wy Xy, + W1 Xme1 + D)

=ycos(wix; + - - - + WyXm + b)

Where we define W,,X,, :== WX + Wimt1Xme1. NOW we can
apply results for the m-dimensional case to the identity
above.

2m-t m—1

- 1 |

=2 7 l2 Yy <H cos(ai; + bkj)>
k=1

j=1

X (COS(WpXm + bkm))]

2m-1 m-1
= Z ly <H cos(akx;j + bkj)>

k=1 j=1

X (COS(WiXm + W1 Xme1 + bkm))]

2m-1 m-1
= Z ly <H cos(akx;j + b;g))

k=1 j=1

X(CoS(WmXm + bim) + (Wm+1xm+1)))]

Zm 1
= Zy (H cos(agx;j + bkj)>
k=1 =1

X (COS(WimnXin + brm) COS(Wi41Xim+1)

— SIN(Wy X + bim) SIN(Wy 41X 41))

om-1 m—1
= Z ly <H cos(ayx; + bkj)>

k=1 j=1

X (COS(mem + bkm) COS(Wm+1xm+1)

T
+ cos (wmxm + b — 5)

s (i +5))|
2m! m+1
= Z ly lH cos(ayx;j + byj)

k=1 j=1

m+1
+H cos(aix; + bki)] ]
i=1

m+1
= Zy [H cos(axj + bkj)]
=1 =1
2" 1 m+1
- Z—m lzmyH cos(aix; + bk])] :
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The function above is a convex combination of 2" func-
tions from Ggjy. Then, Gos C coGsjly When d = m+ 1, and
therefore, by induction, for any dimension d. Note that
expanding the cosine resulted in two cosine products,
which have same frequencies. This suggests that almost
every ay; is repeated twice along the k-index.

Lemma 4. For every function f €'c g and every function
g € Gsiw, the function f is in the closure of the convex hull of
Gsily, Where the closure is taken in L,(u, B).

Proof We will use Lemma 2 and Lemma 3 to show
that f is in the closure of the convex hull of Gg;jy. From
Lemma 2 it follows that f € 'cp C c0Geos, While from
Lemma 3 we obtain Gy C coGsjy. Convex hull of Gy is
also a subset of Gg;yy, that is, coGos C coGs;y. By taking lim-
its, one can show that coG..s C coGs;jy also holds. Thus,
f € coGsiy.

Proof of Theorem 1. Two important results, which we
utilize are Lemma 1 and Lemma 4. From Lemma 4, we
have f(x) € coGs;y, where

d
Gsiv = {Zd_lyn cos(agx; + by) @ |r| < C} .
j=1
Functions in this class are measurable and bounded by
g(x)< 1241y | <2¢-1C. Then the L,y(y, B) norm is
IgCONIZ .5 = [ 181> u(dx) < pu(B)suplg(x)|?
B X€EB
< u(B) sup sup|g(x)|* < sup sup|g(x)|®

geCg;, XEB g€Gg;, XEB
S |2d—1y|2 S 4d—lc2 — bz.
Then, by Lemma 1, there exists f,, in the convex hull of
n points of Gy such that ||[f —f,|| <¢//n for every n>1

and every ¢’ > b? — || f]|%. Let us choose ¢’ = b%. Then the
desired bound holds

cl
— < -,
If =l < —

where

n d
Fu0) = Yt (zd-ly]'[ cos(a; + bkp)
k=1 j=1
= chqﬁ(x; ax, by),
k=1

for t;, >0 and Y t, = 1. We can restrict coefficients in our
network to satisfy the bound Y I ¢, | <2¢-1C.

4 | FUNCTIONSIN I'¢

4.1 | Functions with absolutely
integrable Fourier transform

The goal is to identify functions in the class I'c (or I'cp),
that is, for which f F(dw) < C holds. This condition is
equivalent to demanding Fourier transform to be in L,,
that is, [ |F(dw)| < C (or alternatively, / [fw)|dw < C).
We also give the formula to compute the constant C, which
we use later to compare a theoretical error bound with
experimental findings.

There are two main classes of functions, which satisfy
the mentioned conditions for the transform:

1. Positive definite functions
2. Schwartz functions

First, we consider positive definite functions. In the
definition, these are very similar to positive definite
kernels, which are important tools in statistical learn-
ing theory. Let f be a positive definite function, which
requires ) x;x;f(x; —X;) to be non-negative for any choice
of x;, x; [12]. Alternatively, the matrix A, whose ele-
ments are a;; = f(x; — x;), has to be positive semi-definite
[2]. Then, if the function is continuous on R¢, by
Bochner’s theorem [13, p. 144], it can be represented as
fx) = [ €™ *F(dw). Here, F(dw) is a positive measure
and corresponds to |ﬁ(dw)|. Then the constant in the error
bound can be computed as

C= / F(dw) = / [ (w)|dw = / Ffovydw = £(0). (17)
Rd Rd Rd

We can observe that for positive definite functions, the
Ly-norm of its Fourier transform is defined by the behavior
of f at the origin. That is, one does not even need to know
the transform in order to compute the constant C.

There exists another class of functions with absolutely
integrable Fourier transform - Schwartz space S(R9). This
is a space of rapidly decreasing functions on R? (func-
tions with derivatives decreasing faster than the inverse
of any polynomial). The Schwartz space is widely used in
Fourier analysis and applications can be found in the field
of partial differential equations. The definition is given as
follows [14, p. 134]:

S®RY = {f € C®°RY : || fllap <0 Va,peN} (18)

where a, f are multi-indices, C*(R?) is the space of
infinitely differentiable functions and

I fllap = sup Ix*D’f (x)|.

xeR

19
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It is known that Fourier transform maps functions from
Schwartz space onto itself, that is, if f € S(R?), thenf €
S(R9)[15, p. 331]. Since we also know that S(RY) c L,(R%)
[16], the transform then satisfieSJ7 e L;(RY).

4.2 | Properties of functions in I'¢c

Of course, functions obtained from Schwartz space by
translation (shift), dilation (scaling), summation, and con-
sequently by a linear combination are also in Schwartz
space. This can be seen straight from the definition.
From Reference [14, p. 142], product and convolution of
Schwartz functions are also in the same space. This is
also true for some of such cases when we pick functions
from I'c. To show this, let f be in the class I'c. Functions
obtained by applying the following operations are also in
I" (particularly in I'cr, where C’ is a different constant).

(a) Translation (time shifting). If we consider f(x+ a),
its Fourier transform can be rewritten as f(x +a)=
e‘i"‘wf(x) [17, p. 92]. Then, since the resulting Fourier
transform is a rotation on a complex plane, this trans-
form also lives in L;. Therefore, f €'c.

(b) Dilation (time scaling). For g(x) = f(ax), we have
gw) = (1/20) [ e™xglo)dx = (1/27)¢ [ ef (ax)
dx. If we use a substitution x = y/a, we obtain the
transform gw) = (1/27)¢ [ e=™/a¥f(y)dy = f(w/a)/
a.

Now, by taking a change of variables as u = w/a
we get [ [Gw)dw = [ [fow/a)/aldw = [ [fw)|du <
C. Thus, the constant is invariant to time scaling and
flax)eT.

(c) Linear transformation (of time domain). Let f€T'¢
and A be an invertible matrix. Consider a function
g(x) = f(Ax). Then its Fourier transform will be given
by the equation

3w) = fATw). (20)

| det A|
However, the determinant term disappears during the
change of variables, when we try to find a bound for
L;-norm of ]N” The determinant appears from Jaco-
bian and then cancels out with the denominator.
That means the transform f(Ax) = g(x) €T'¢c. Keep in
mind that Fourier transform itself is invariant only for
orthogonal transformations.

(d) Summation. Let f; € I'c, and f, € I'¢,. Define g(x) =
f1(x) + f2(x). Then by the linearity of Fourier trans-
form, gw) =]~"1(w) +]~”2(w), and the L;-norm is
bounded by C; + C,. Therefore, g(x) € I'c,+c,.

(e) Linear combination. If f; € I'c, and g = )’ fif;, then
by the linearity of Fourier transform and the previous
summation property, g(w) = Y. f;fi(w). Consequently,

J Bow)ldw < [ 2 1pFawldw = 3 4 (/ Fawldw ).
Therefore, g(x) € 'y 4c,-

(f) Product. Letf, € I¢, and f, € I'c, thatis, / [f;(w)|dw
<C; and [ [ w)|dw < C,. If we define g(x) = f
(x)f2(x), the by the convolution theorem [17, p. 92] we
obtain

gx) = / " g(w)dw
Rd

- / WX < / ﬁ(@ﬁ(w—z)dz) dw. (21)
Rd Rd

Then, g(x) € I'c,c,:

/ Bw)ldw = / ‘ / J~"1(Z)J~”2(W—z)dz‘ dw
Rd Rd Rd
S/ / L@Ifw - 2)|dwdz
RdJRd

= /Rdlfl(ZN </Rd[f2(W—Z)|dW> dz
= /Rdlfl(z)l </Rdez(W)IdW> dz
Rd Rd

(g) Composition with polynomials. We will use results for
the combination and the product, mentioned above.
Consider f €T'¢, then by the property of the product
of functions, f* € I'c«. Now, let g(z) be a univariate
polynomial function g(f(x)) = Yp_, A(f(x))*. By the
property of the linear combination of functions, we
obtain f(z) € Isr ek

(h) Composition with analytic functions. Let f(x)el¢
and g(z) be an analytic function g(z) = Y1, iz, for
which the radius of absolute convergence is r > C. By
a similar approach as with polynomials, we get g(z) €
FZZZO |BlCE- Here, the summation in the subscript of I'
is absolutely convergent since C < r.

(i) Ridge functions. Let g(x) = f(a-x) for some a € R¢
with la| =1, and f(z) be a univariate function from
I'c. Then

800 = fa-x) = /R dCFod.  (23)

This can be viewed as a Fourier transform of g(x),
concentrated on the set of points weR? on a line
along the direction a. Then, the constant can be taken
as Cy = Cg = [ g(vyat.
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Note that sigmoidal functions of the form
f(x) = ¢(a-x+b) do not have an integrable Fourier
transform.

4.3 | Examples of functionsin I'c
Let us now look at some examples of functions mentioned
above.

4.3.1 | Gaussian function

The simplest example would be the Gaussian function
f(x) =e¥*/2_ 1t is in the class of both positive defi-
nite functions and Schwartz functions, and, therefore,
f(x)€T¢. Its Fourier transform is f(w) = (2)%/2¢~IWI*/2
[18, p. 302]. Since the Fourier transform is a real and
positive function of w,

C:/ F(dw):/ [f(W)|dw
Rd R
=/]7(W)dw=/ 2r)~ 42" WIP/2 gy
Rd Rd

= (2r)™/? / eI 2dw = 27)"4222)4% = 1
Rd

Alternatively, we can use the fact that the function is posi-
tive definite (proving this fact is hard in practice). We eval-
uate the Gaussian at the origin and get C =f(0) = 1. Shifted
versions of Gaussian will also be in the class I'¢, according
to the translation property. Therefore, we include func-
tions of the form f(x) = e~ *~#I’/2 where ; € R4 is a shift.

4.3.2 | Multivariate Gaussian
distributions

These functions arise in almost every field of probability
and statistics. Multivariate Gaussians are also in the same
Schwartz space: this can be shown by a change of variables
(first, use shift, then a linear transformation). However, we
now want to find the constant C for this function from our
observations above. The multivariate Gaussian is given by
the formula [19, p. 197]:

1 L DR OV

oo = 2r)i2(det £)1/2

where X is a symmetric positive definite matrix (covari-
ance matrix), u is shift in x and is the mean of distribution.

First, we can define a matrix A = 2~1/2 = QTD~1/2(), so
that ATA =X~!. The matrix Q is orthogonal, A is symmetric

positive definite and invertible. The function now is of the
form

1 —2 (e—)TATACc—p)
X) = ————————¢e 2
f( ) (27;)d/2(det 2)1/2
_ detA e—%[A(x—M)]T[A(x—M)]
(27r)d/2
detA _lacwi? detA
St T gemtA o 09

where g(y) = e"WI?/2 for which g(u) = (27x)~%/2e-14I"/2,
Using the result for the transformation in time domain
and the translation property, the Fourier transform of the
latter is

s _ detA 1 iuw~, A—T
T = iz Taeta]® 84 W)
= G AW 29)

Li-norm off is then bounded by

~ 1 ~ 7
[ Fowtw < =z [ amwd

= e [ wldu =
Q)42 [ (2m)d/2(det £)1/2°
(27)
The constant then can be taken as C = ——~—— Mul-
(2r)i/>(det £)1/2

tivariate Gaussian distributions are then in the class
[y jtarya2derzyv2y- Note that C is a reciprocal of the nor-
malizing constant. Similar results should be true for other
probability densities.

4.3.3 | Gaussian mixture models

Another important function in probability, statistics and
machine learning. Gaussian mixture can be defined as
a linear combination of different Multivariate Gaussians
[20, p. 425]:

F) = Y anfies e o), (28)

k=1

where each fy is a multivariate Gaussian with a differ-
ent mean (ux) and a different covariance matrix (Z),
ai’s are corresponding weights in the mixture for which
Y a, =1and ai > 0. Using the linear combination property,
we can verify that the constant C = Y axC;, where
C; = 1/[(27)¥?(detz)V2].

Many other functions can be derived from the Gaus-
sian, using the properties we have obtained. We will use
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some of them in the next section to assess the approx-
imability of functions in I" by a Silvescu Fourier Neural
Network.

5 | EXPERIMENTS

5.1 | Generating data for functionsinI'c

For the experimental part, we fix the dimension size d = 3.
The reason is due to enormous error bound that we obtain
by setting dimension too large. However, our goal is to
assess if the convergence is of order O(1/n), where n is the
number of hidden neurons. Therefore, we will test func-
tions obtained in the previous section on different values of
n. Namely, n = {1,4,16,64,256,1024}. Regarding the classes
of functions in I'c, the following functions were chosen:

1. Gaussian
Foe) = e3P,
C=1.
2. Translated and scaled (dilated) Gaussian
f() = e lewtbll
C=1
3. Gaussian, linearly transformed in time argument
fO0) = e a1,
C=1
4. Linear combination of Gaussians
Foo) = ares M 4 g3 IAdl®,
C=1

5. Composition of Gaussian and a polynomial

F) = a1[g(0)]" + az2[g()]* + as[g0)]* + aslg(0)]*,

where g(x) = e i o= > lagl.

6. Composition of Gaussian and analytic function cosine
f(x) = cos (e_illxw) .
C= Z 1/(2k)! = cosh(1).

7. Ridge function
foo) = e @2,

c=1

8. Multivariate Gaussian (normal) distribution

1
2r)4/2(det T)1/2

ce__ 1
(2x)/2(det 2)1/2°

f(x) = e_%(x_ﬂ)Tz_l(x—ll) — N(/I,Z)

9. Gaussian mixture model
f&x) = ay N (1, Z1) + aaN (1, Z1).

C = Y a,C;, where C; = 1/[(2x)%?(detx)"?].

10. Silvescu activation function
f) = H cos(wjx;j + bj)

It was also interesting to check if the network can
approximate the Silvescu activation function ade-
quately.

5.2 | Software

All parameters such as constants, coefficients, mean vec-
tors and covariance matrices were chosen randomly. Then,
the datasets with training size 10,000 and test size 5,000
were generated according to chosen functions. A small
normal error N'(0,0.03) was added on top. The code was
written with the help of Python’s NumPy [21] library.

Regarding the implementation for Silvescu FNN, com-
putations were run using TensorFlow library [22]. The
network used Adam Optimizer [23] for solving a mini-
mization problem, which is a Stochastic Gradient Descent
(SGD) algorithm with momentum and an adaptive learn-
ing rate. The momentum fastens the convergence by
adding a portion of a previous gradient to a current one.
With the momentum and the adaptive learning rate com-
bined, the algorithm is less likely to slow down when the
gradient approaches zero around a minimum. An initial
learning rate was set to « = 0.01, the momentum constants
were set to default f; = 0.99 and S, = 0.999.

Since the implementation uses SGD, we needed to
divide the dataset into batches. For a batch size 100 and
10,000 observations in total, we obtained 100 batches. The
network training was 50 epochs long (50 iterations over the
same dataset). After each epoch (=100 processed batches),
the data was shuffled to avoid repetitions. Then, the min-
imum mean squared error (MSE) across the epochs was
chosen. The reason why we use the minimum values for
MSE is that our main theorem proved the existence of
network with indicated MSE.
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5.3 | Hardware

The TensorFlow package enables to use Graphics Process-
ing Unit (GPU) acceleration for training neural networks.
This requires to have GPU’s that support Nvidia’s CUDA
Toolkit for accelerated computing. For running the Python
code, we used Nvidia’s GeForce GTX 1050 Ti. The com-
putations for Silvescu FNNs on average were about 30%
slower than for standard feedforward neural nets with sig-
moid activation function. This is due to a larger number
of floating point operations in Silvescu’s activation (~30d
flops) with respect to sigmoid activation (~2d + 25 flops).
It is obvious that with the increase of dimensionality of the
problem that gap is expected to rise, too.

5.4 | Results

The results of the experimental part were good for
small values of n (number of neurons), in the interval
16 <n <1024 the error leveled off, for larger values the
error is expected to be above the indicated error bound.
Although the theoretical results provide an upper bound
for the error, there has to be also a lower bound due to
computational reasons. According to graphs (see Figure 2),
the error decay may be described as linear for n <16, that
is, order of O(1/n), whereas on the right tail of MSEs,
it is best described as O(1). However, this possibly can
be explained by a large number of neurons, and conse-
quently, large number of parameters. For Silvescu NN we
have (2d + 1)n = 7n parameters. This potentially can cause
over-parametrization during training without the regu-
larization. Another reason could be existence of a lower
bound for an approximation by Sivlsecu FNN. This is also
probable, because the error stops decaying around 1073,
which is even smaller than the error for our generated
functions (e = 0.03). Then, small fluctuations in the right
tail can be explained by Adam Optimizer finding different
local minima during training stages. Because we rede-
fine the network each time we change the hidden layer
size n.

6 | CONCLUSION

Theoretically, we have proven that there exist such param-
eters of FNN, for which the network’s error is bounded
by a constant divided by the number of hidden neu-
rons. However, the existence of such parameters does not
imply that the bound is the same for all trained models.
This is the best-case scenario, and obtaining such solution
is not guaranteed in practice. Main experimental con-
cern would be an algorithm for solving the minimization

problem. Additional regularization techniques and con-
straining network weights as in Section 3 could help to
mitigate these challenges. Nevertheless, the importance
of this paper is in obtaining error bounds for networks,
which fall out of the paradigm of “weighted sum of activa-
tion of a linearly transformed input”. All standard models
were described by Hornik [10] and Cybenko [3], and Bar-
ron [2] provided lower (Kolmogorov n-width) and upper
bound for approximation by sigmoidal neural networks.
Silvescu FNN, on the other hand, has a non-trivial activa-
tion, which makes it harder to analyze. The constant term
4%-1 in the error bound appears also because of the way
the activation was constructed. To counter-balance this
term, the number of neurons n has to be exponential in the
dimensionality d.

First possible improvement of the work could be
extending the results for linear and polynomial functions.
For these two functions, functions defined on integers
and function on other bounded domains, Barron used
suitable spline extrapolations to satisfy his assumption
/ [w] [f(w)ldw < C [2]. This could help us considering
more real-life data with such nature. The lower bound
for an approximation can be derived. Barron obtains it
by considering Kolmogorov’s n-width, the closest distance
between the function and a collection of basis functions.
More research in this direction could shed a light on the
analysis of the approximation by linear spans of Silvescu
functions.
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