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Asymmetric Sigmoidal Activation Function for
Feed-Forward Artificial Neural Networks ™
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Abstract: Artificial neural networks of the feed — forward kind, are
an established technique under the supervised learning paradigm
for the solution of learning tasks. The mathematical result that
allows one to assert the usefulness of this technique is that these
networks can approximate any continuous function to the desired
degree. The requirement imposed on these networks is to have
non-linear functions of a specific kind at the hidden nodes of the
network. In general, sigmoidal non-linearities, called activation
functions, are generally used. In this paper we propose an
asymmetric activation function. The networks using the proposed
activation function are compared against those using the
generally used logistic and the hyperbolic tangent activation
function for the solution of 12 function approximation problems.
Theresults obtained allow usto infer that the proposed activation
function, in general, reaches deeper minima of the error measures
and has better generalization error values.

Keywords : Sigmoidal activation function, transfer function,
squashing function, feed-forward artificial activation function.

I. INTRODUCTION

Artificial neural networks (ANNS) have been used to solve
diverse types of learning tasks [1]. Among the different types
of architectures for ANNSs, the feed-forward artificial neural
network (FFANN) has generated considerableinterest for the
solution of learning tasks in the supervised learning
paradigm. The success of FFANNSsto solve complex learning
tasks can be (rightly) attributed to the universa
approximation results for these networks (see [1-3] and the
references therein). These results impose the following two
conditions on the architecture of these networks:

1. There should be at least one hidden layer of nodes
(called hidden nodes).

2. The output function (activation function) of these
hidden nodes should not be a polynomial of the total
input to these nodes.

3. There should be sufficient number of these nodes.

The most popular activation function in literature has been

the functions that belong to the so-called sigmoidal class of
functions which may be defined as (adapted from [4]):
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Definition 1: A sigmoid is a continuous, differentiable,
bounded and monotonically increasing, map s: R —» R, if for

all x € R (where R is the set of real numbers) it satisfies the
following relations:

limy e, s(x) = ¥ (1)

lim,,_,s(x) = 6 )]
where

y,6eRandy > 6 3

In generl y=1and 6§ = 0 or § = —1, though other
values satisfying eq. (1) and (2) shall also be caled a
sigmoidal function providedy > §.

The hyperbolic tangent function, which is an
anti-symmetric (odd) function and the logistic / log-sigmoid
function, which is an asymmetric activation function are the
two most popular activation functions satisfying the
requirements of the Definition 1, in literature. The hyperbolic
tangent function is defined as:

eX—e™*

s;(x) = tanh(x) = — 4)
And it’s derivative is:
0 = sech?(x) = (1= (5,())?) (5)

The function s, has a range equal to (-1,1) and its domain
of definition is (-o0,00) (the set of all real numbers). Its limits
for oo are:

limy o 51(x) =1 (6)

lim,_,_,s;(x) = —1 @)

And, the value of the function at x=0is 0 (zero). Thelimits
of the derivative of the activation function s, for x tending to

+o0 are:
lim,_, 1o di;—fc") =0 )
And, the maximum value equal to one, of the derivative of

s;, occurs when x = 0.
Similarly, the logistic / log-sigmoid activation function is
defined as:

1

s;(x) = 1te—% 9)
And it’s derivative is:
ds; (x) 1 1

S;xx = 1+e~X (1 - 1+e_x) = 52 (x)(l - SZ(x)) (10)

Thefunction s, hasarange equal to (0,1) and its domain of
definition is (-o0,00) (the set of all real numbers). Its limits for
+o0 are:

lim, e, s,(x) =1 (11

lim,,_eS;(x) =0 (12)

And, the value of the function at x=0 is 1/2. The limits of
the derivative of the activation function s, for x tending to £
are:

lim, 1o "S;fc") =0 (13)

And, the maximum value egual to ¥, of the derivative of
S,, occurs when x = 0.
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These two functions variation with the independent
argument is shown in Fig. 1.
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Fig. 1. (a) Thelogistic activation function, s; and the hyperbolic tangent activation function, s, (b) the derivatives of the
activation functions s, and s,.
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Fig. 2. The proposed activation function and its derivative.
From the Fig. 1, the continuous, bounded, monotonically
increasing nature of these functionsis easily seen.

The importance of these non-linear activations can be
understood from the fact that with linear nodes at the hidden
layers, only linear learning tasks can be solved [1-5]. The
important role of the activation function in the FFANN
literature has been recognized. It isthese non-linear functions
that alow the FFANNs to possess the universa
approximation capability [2,3,5]. These mathematical resullts,
do not provide any insight about which particular activation
function is most suitable for FFANNs. This has fueled
research for identification of activation functions that may
provide better / faster convergence during training and better
generalization capability (lessor error on data that has not
been used for training / building the FFANN) [5-11]. The
proposals for new activation functions have all been
concentrated in the effort to propose functionswhose rangeis
either (-1,1) or (0,1) [5-11]. That is, the activation functions
are either symmetric in range (equal negative and positive
part of the range) or only positive definite functions with
range equal to (0,1). In this paper, we propose an activation
function whose range is (-1/3, 2/3). The proposed function is
sigmoidal in nature and satisfies the requirement of
Definition 1.

The paper is organized as follows: Section Il describes the
proposed activation function and discusses its satisfaction of
the conditions to act as an activation function in feed-forward
artificial neural networks. Section |11 describes the design of
the experiments conducted. Section |V discusses the
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experimental results obtained. While the conclusions are
presented in Section V.

1. PROPOSED ACTIVATION FUNCTION

The activation function proposed is defined as:
1 1

1 1
T 151te* (0'5 + 1+e‘x) T3

S3 (x) 1 1 (14)
= Tssz(x)(l +5,(x)) — 3
with the derivative as:
1 1 1 2
dss(®) )~ 151+e* (1 - 1+e‘x) (0'5 + 1+e‘x) (15)

P = =50 = 5 (0))(0.5 + 25,(%))

The variation of the independent argument of the proposed
function and its derivative is shown in Fig. 2. The properties
of the proposed activation function and its derivatives may be
enumerated as follows:

Property 1: The function s;(x) is continuous.

Proof: The proof follows from the continuity of the
exponential function and the fact that the denominator of the
termsin eg. (18) are not zero for any real value of x.

Property 2: The derivative of s3(x) is always positive.

Proof: The function s,(X), is always positive, the product
S(X) (1 - sx(X)) is positive definite, hence proved.

Property 3: The function sx(x) is monotonically increasing.

Proof: The derivative of s3(x) is positive for all values of x,
hence the function s3(X) is monotonically increasing.

Property 4: The value of the function s;(x) for x=0is0.

Proof: Easily verified by substitution x = 0in eq. (14).

Property 5: The function s;(x) is bounded.

Proof: The function s3(X) is monotonically increasing and
its limits for +oo are:

lim, o, S3(x) = g (16)
1

lim,_ S3(x) = -3 (17)

Thus, the function s3(x) is bounded with a range of (-1/3,
2/3). Also for thisfunctiony = 2/3and§ = —1/3.

Property 6: The function s;(x) is neither odd nor evenor is
asymmetric.

Proof: Easily seen from Fig. 2.

Property 7: The derivative of the function s(x) is
continuous.
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Proof: Follows from the continuity of the function s,(x) and
the addition and subtraction or multiplication by a constant of
a continuous function resultsin a continuous function and the
property that the product of two continuous functions is
continuous.

Property 8: The derivative of the function s;(x) is
bounded.

Proof: The extremum values of the derivative of S3(X)
occurs at:

x = log( ) ~ 0.5403 (18)

Where the derivative value is = 0.27351, and the limits for
+00 are:

V21+4
5

dsz(x)

lim, 40 =0

Property 9: The function s;(x) is not a polynomial.

Proof: The presence of the term €%, in the expression for
s3(X) ensures that the function s;(X) cannot be expressed as a
finite degree polynomial in X, and hence is not a polynomial
function.

Property 10: The derivative function s3(X) is not a
polynomial.

Proof: Similar to the proof of Property 9.

Thus, the proposed function is continuous, differentiable,
bounded and monotonically increasing and satisfies the
requirements of the Definition 1 to be a sigmoidal function
withy =2/3and§ = —1/3.

(19)

I11. EXPERIMENT DESIGN

Experiments are conducted for 12 function approximation
problems. The goal of the experimentsis that given a sample
of the data from the input domain of the functions, and the
corresponding function values at these points, find an
approximation to the function using FFANNs. The
approximate realization of the functions using the FFANNSs
should be such that even on data from the input domain, that
was not used to find the approximating FFANN, the FFANNs
error (vis- & -vis the desired actual function value) islow, or
the FFANN generalizes well. Thisis also a short description
of the supervised learning paradigm [1]. With this
description, it can be understood, that al learning tasksin the
supervised learning paradigm can be considered as function
approximation problems. In this paper, we use 12 function
approximation tasks. First these tasks are described, followed
by the architecture of the FFANNSs used for the solution of
the learning tasks and the section is concluded with a
description of the experimental methodol ogy.

A. Learningtasks

The 12 function approximation tasks have been taken from
literature [12-19]. The functions can be characterized by
number of independent arguments. The tasks include one
single independent argument function, 8 functions with two
independent arguments, two functions with 4 independent
arguments and one function with six independent arguments.
All functions used have only one dependent argument. The
functions shall be represented by g while the independent
variable shall be represented by z

The first two function approximation tasks are also sample
functions of MatLab 2017b, while the rest 10 functions are

taken from literature [13-19]. The functions are:
1 1

9:1(2) = (2-03)2+0.01 ' (2-09)2+04 (20)
_ _ Published By:
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where z € (0.1,1). Thisfunctionin MatLab 2017biscalled
humps .m.

3(1 _ Zl)ze—zf—(1+zz)2
—10(z,/5 — 73 — 25)
—(1/3)e~2-(+20)?

where z;, z, € (—3,3). This function in Matlab 2017b is
called mypeaks.m.
93(z1,2,) = sin(z, z;)

where z;, z, € (—2,2).
94(24,2;) = e?15m(m22)

where z;,z, € (—1,1).
__ 1+sin(2z1+323)
gS(Zl'ZZ) - 3.5+sin(z1—-23)

where z;, z, € (—2,2).
42.659(0.1 +
9e(11,72) = {21(0.05 + z{ — 10222 + 523))
where z;, z, € (—0.5,0.5).
1.3356{1.5(1 — z,) +
97(z1,2,) ={e*17tsin(3m(z, — 0.6)?) +
e3(z2708)sin(4n(z, — 0.9)%)}
where z;, z, € (0,1).
1.9(1.35 + e“tsin(13(z, — 0.6)?
golan ) = {0 o o e e
where z,, z, € (0,1).

9o(z1,2,) = sin (Zmlzlz + 222)
where z;, z, € (—1,1).
910(21» 2y, 23, Z4) - eZzlsin(nz4) +5sin(z,23)
where z,, z,, 73, z4 € (—0.25,0.25).
4(z; — 0.5)(z, — 0.5)

91121, 22,23, 24) = { % Sin(Zﬂm)
where z,, z,, 73, 7, € (—1,1).
10sin(rz,z,) +
20(z; — 0.5)% +
10z, + 5z5 + 0z
where z,, z,, 73, 24, Zs, Zg € (—1,1).
For creation of the data sets for the experiments, the functions
are sampled at 1000 points which are chosen from a uniform
random distribution in the space of the domain of definition
of the functions. The functions are evaluated at these points.
These input-output pairs are the data sets used in the
experiments. The first 500 pairs of these inputs-output are
used for training the FFANNSs and are called the training data
set while the rest 500 tuples are used to find the
generaization errors of the trained FFANNS, and are called
the test data set.

B. FFANN Architecture

The architecture of the FFANN can be represented as layers
of nodes which are connected to the previous and the
succeeding layer nodes. A schematic representation is shown
in Fig. 3. The leftmost layer is called the input layer, this
layer receives the inputs and transfers it to the next layer
nodes without processing. The connections shown
in-between the inputs and the hidden layer nodes has a
strength that is known as the synaptic strength or the weight
of the connections.

92(21,2;) = (21)

(22)
(23)

(24)

(25)

(26)

(27)

(28)

(29)

(30)

912(21, 1 Z6) = (31)
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The inputs leading into a hidden node is multiplied by the
corresponding weight and is summed at the node where a
threshold is also applied. The weights between the kth layers
ith node and the (k-1)th layers jth node is represented by wl’j
and the threshold of the kth layers ith node is represented by
6F. Then the net input to the kth layers ith node can be

represented as:

Sk _
nf =Y Twl of Tt +6f (32)

initialized to small random values. In this paper we initialize
the weights and thresholds for all tasks to uniform random
valuesin therange [-0.25,0.25].

The minimization algorithm used is a variant of the
Resilient Backpropogation algorithm (RProp) [26,27] known
as the iRProp” algorithm [28]. This algorithms’ complexity
has been shown to be a linearly scaling (with the number of
parameters to be optimized which is the number of weights
and thresholds in the specific case) algorithm [28].

Table- I: The summary of the Architecture of FFANNS.
Number of output nodesin every caseisone.

v—
_ I“ 4 S. Task Input No. of Hidden | Nodesin Hidden
A X .‘.[... No. Dimension Layers Layers
[ 1. 7 1 1 10
e (,, \v 2. Jo 2 2 14and 9
H , ‘ Ao 3. Js 2 2 10and 5
E L NO () 'Y E Z. P 2 2 8and5
' B 5. Js 2 2 15and 5
' 6. Je 2 2 16and5
\ Outp:g ;-ayer 7. g, 2 2 12and7
A 8. Js 2 2 15and 7
Input(ll;ayer . . 9. 9o 2 2 14and 5
Hidden Layer1  Hidden Layer 2 10. 1o 4 2 8and 3
(Hi) (He) 11, Iua 4 2 6and 3
Layer 0 Layer 1 Layer 2 Layer 3 12 G120 6 2 15and5

Fig. 3. The schematic diagram of a two hidden layer
FFANN.
where k takes one of the values { 1,2,3} for two hidden layer
FFANNSs or takes one of the values from {1,2} for single
hidden layer networks, and o}“1 is the output of the jth node
of the layer preceding the kth layer. The output of the Ith
layer’s pth node can be represented as:
Xp; the pthinput if { = 0 (input layer)
ozl, = s(né,) ; the pth node of /th hidden layer)
n%, ; if [ is the output layer

where sisone of the activation functions defined.

The networks in this paper have either one or two hidden
layers. Though the universal approximation results for
FFANNs only require minimum one hidden layer,
experimental and theoretical results have been presented
which assert that for finite sized networks, upto two hidden
layer networks may be beneficia [20-25]. Therefore
exploratory experiments, varying the number of nodesin the
hidden layers between 1 to 50 and the number of hidden
layers between 1 and 2, was conducted (in the exploratory
experiments, the activation function used at the hidden
layer(s) was the logistic / log-sigmoid activation function).
The smallest sized networks in terms of the number of
weights and thresholds, that gave a satisfactory error was
chosen as the architecture to be used in the experiments. The
summary of the architecture is shown in Table I, for the
different function approximation tasks.

(33)

C. Experiment Methodology

Since the independent variables of the function
approximation tasks as well as the dependent variables of
these functions have different ranges, all variables are scaled
to a common interval. The interval used in this work for
scaling is[-1,1].

The training of the FFANNS on the training data set is
performed by using an iterative minimization algorithm. The
iterative algorithms of non-linear optimization (for
minimization) require that the weights and thresholds be

Retrieval Number: L 33101081219/2019©BEIESP
DOI: 10.35940/ijitee.L3310.1081219
Journal Website: www.ijitee.org

855

The iRporp” algorithm, even though being a gradient based
(first order) method has been demonstrated to be
comparable, if not better than second order methods like
Levenberg-Marquardt, scaled conjugate gradient etc. which
estimate the Hessian of the error functional to be minimized
[12]. For the comparison of the activation functions
efficiency in the FFANNSs for approximation tasks, we create
an ensembl e of 50 weights and thresholds for every learning
task. And on the architectures decided in Section I1IB or
Table I, at the hidden layer nodes, the two established
activation functions are used as well as the proposed
activation function is used. Thus, for a specific function
approximation task, for every activation function we measure
errors over the training data set and the test data set on
completion of 2000 epochs or iteration of the training
agorithm. As aresult we obtain 50 values of the training and
the generalization errors over the weight ensemble
corresponding to the task. It is the statistics over these
ensemble values that congtitute the statistics measured for
comparison of the activation functions. Similarly, we can
define the generalization error ensembles as the ensembl e of
50 values of the mean squared errors over the test data set for
networks using the three activation functions. The mean
squared error values for the ensemble corresponding /
identified by the three activation functions are analysed and
the results are reported.

The statistics that we report are the mean / average of the
ensemble (mean sgquared errors) over both the training data
set (MMSE of training) and the test data set (MMSE of
generalization). We report the standard deviation of the
ensembl e errors (represented by STD) over both the training
data set and the test data set. We report the minimum val ue of
the ensemble error (represented as MiMSE) over both the
training data set and the test data set.

We report the maximum value of the ensemble error
(represented as MaM SE) over both the training data set and
the test data set.
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MiM SE and MaM SE difference and the STD valuesare an
assessment of the spread of the errors while MMSE is a
measure of the central tendency as the expected value of the
errors. In contrast to the mean / average, the median is
considered to be less sensitive to outlier values and is
considered a robust measure of central tendency [29]. Thus,
we also report the ensemble error’s median value over both
the training data set as well as the test data set (MeM SE).
Table- I1: Training data set summary. All values x107,

I nter national Journal of Innovative Technology and Exploring Engineering (1JI TEE)
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are statigtically significant or not we use the one sided
Student’s t-test (to check for the difference in means) and the
Wilcoxon rank-sum test (to check for the difference in
medians) [30]. Both these tests are conducted at a level of
significance of 0.1. And, the tests are conducted for the
ensemble errors over both the training data set and the test
data set.

Table- I11: The comparison matrix for thetraining data

set on the basis of the mean of the ensembleerrors

Sr.No. | Task | Statigtics s S S (MM SE).
MMSE 0.3935 0.25259 0.4477 Activations s 5 -
STD 0.42672 0.49655 | 1.69064 S - 2 5
1 91 | MiMSE 0.02917 0.00279 | 0.01892 5 >
MaMSE 1.72795 16750 | 11.94084 = - =
MeMSE 0.2046 0.02365 | 0.10008 %
MMSE 0.26962 0.18924 | 0.23957
STD 0.13545 0.15608 0.11665 Table- IV: The comparison matrix for thetraining data
2. 92 | MiMSE 0.0906 0.0579 | 0.07469 ; ;
MaM o 073001 0.9.000 05501 set on the basis of the median of theensembleerrors
MeMSE 023122 | 014861 | 0.22103 _ (MeM SE).
MMSE 1.65844 2.8548 | 1.06201 Activations S S S5
STD 2.38629 2.8920 | 0.79714 St - 5 5
3. g9s | MiIMSE 0.20803 0.27527 | 0.24714 S, 7 5
MaMSE 11.92121 10.3425 | 319118 S 7 7
MeMSE 0.92233 1.6093 |  0.75443
MMSE 0.24543 0.27827 0.2416
STD 0.14605 | 0.18227 | 017901 IV. RESULTS
4, ds | MIMSE 0.06127 0.05771 0.0651 o - -
MaMSE 0.89825 0.04827 0.85875 The summary of the statistics for the trai ning data set is
MeMSE 0.18605 0.23106 0.18356 shown in Table Il. Table Il and 1V represent in how many
MMSE 4.9327 2.69143 3.39203 cases/ tasks, the row label activation function was better than
5 . |\S/|T| l\D/I = (7)-93965 é-;ﬁg‘;g o%éigg (had alower value than) the column label activation function,
' * [MavsE | 3483707 | 1osssss | aadsrza| On the basis of the mean (MMSE) and median (MeMSE),
MeMSE 2.28995 1.29585 1.79155 respectively, over the training data set (Tables like this shall
g'T'\gSE 8-%23 8-2?22? 8-28%; be called the comparison tables). From the Tables |l to IV, it
6. g [ MIMSE 0.11805 011747 0.05852 is clear that the activation .functlon S outperfprms S, S
MaMSE 2.06565 3.03118 1.20581 outperforms s, and on the basis of MM SE comparison, for the
MeMSE 0.58381 0.52961 0.65944 training set data, though s, is better than s; for 7 cases out of
g"T'\gSE 0'206322 8%32? g'gggg 12, but a closer inspection of the Table I, MaMSE values
7 g, [ MIMSE 0.03366 005949 | 0052211  Showsthe presence of instances where the networks may not
MaMSE 1.16457 1.75666 1.53342 have converged and the same is reflected when the
MeMSE 0.18888 03889 | 028401 |  comparison is done on the basis of the median (MeMSE)
MMSE 0.37623 053034 | 0.39412 ;
ST 0.18883 061089 020394 whereas 7 cases s; is better than s, out of 12 tasks. Thus, on
8. gs | MIMSE 0.09203 0.08787 0.13188 comparison on the basis of the statistics reflected in Table I,
MaMSE 1.07102 334983 | 092412 Il and IV, for the training set data, we may assert that s; is
m:/IMSEE g'gfggg g'ggggg ggﬁgﬁg better than s, and s;, while s, is better than s;.
STD 3.45084 227786 16.8135 The actual test of the success of any modelling mechanism
9. go | MIMSE 1.48761 1.14418 2.03864 is on the basis of its generalization performance. The model
m%ssg g%?g}é 13-22222 1g9£‘2‘§§ that has the least generalization error is to be preferred [16].
MMSE 0.17653 188377 | 009528 |  Vabl eal\/_ shows the summary )statlstlcsfor the test data set (the
STD 0.1898 6.50085 |  0.11401 generalization error statistics).
10. 910 miMSE 0-(7)2;22 202-0533 0-02323 The comparison matrix on the basis of the means and
M%SSE 8'03153 30' 42238 8'8@333 medians of the ensemble errors are shown in Table VI and
MMSE 10.91603 13.40552 | 11.10894 VI respectively, for the test data set. These tables also allow
STD 2.63467 3.28105 260393 us to assert that some outliers are present (leading to the
11 911 | MIMSE 7.29785 7.56883 | 6.44409 ; ; ;
VoM o2 Toa680 To 96008 | 1762008 dlffgrence in Table VI and VII). On the basis of the results
MeMISE 1047797 | 1354886 | 1112072 obtained, we can assert that s; has the best performance
MMSE 0.18587 0.19999 0.19909 behavior as compared to s; and s, while s; was better than s,.
" SIT '\D/ISE 8-28822 8-883;2 Ogggzg The comparison matrix on the basis of the one sided
' 912 M;MSE 0.30679 03311 0.43013 Student’s t-test reflects in how many tasks the row label
MeMSE 0.17834 0.1993 0.18945 activation function is better (in mean) than the column label

The comparison of these statistics for the FFANNS using

activation function at a significance level of 0.10.

the different activation functions(s;, s, or s3) shall alow usto
assess which activation function leads to lower values of the
training and/or generalization errors across the function
approximation tasks. But to assess whether these differences
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The training data set comparison matrix is shown in Table
V11 while the test data set comparison matrix, in thiscaseis
shown in Table IX. From these tables we see that s, is the
worst while s, and s; are comparable. Bust, sincethisanalysis
isfor the means of the ensemble errors, it may be affected by
outliers. The comparison matrix based on the one sided
Wilcoxon rank-sum test at a significance level of 0.10, are
shownin Table X and XI for the training and the test data set,
respectively. And, from these tables, especially on the basis

Table- VI: Thecomparison matrix for thetest data set on
the basis of the mean of the ensemble errors (MM SE).

Activations S S S
S - 2 1
S 10 -- 5
S 11 7 --

Table- VII: The comparison matrix for the test data set
on the basis of the median of the ensembleerrors

. . (MeM SE).
of the test data set results, we may infer that s; is better than Activations s S <
both s; and s, while s; is better than s,. s _ 4 3
Table- V: Test data set summary. All values x107, S 8 - 3
Sr.No. | Task | Statistics s S S Ss 9 9 -
gT'\gSE 8-22532 8-3312? 2-‘51&233;—2 Table- VIII: Thecomparison matrix for thetrain data set
] ] ) . . e
1 g [MiMsE 0.00741 000272 0.01933 _on the basis of the one sided Student’s t-test.
MaMSE 1.73684 167898 | 11.1514 Activations St S S
MeMSE 0.19514 0.02481 0.0958 St - 4 2
MMSE 0.70976 0.8097 0.58746 S 5 - 2
STD 0.64084 0.74644 0.32918 S 5 2 -
2 g. | MIMSE 0.20404 0.20042 0.15729
MaMSE 3.71538 4.7524 1.62946 ) ; ;
MEMSE 053997 O5B312 051948 Table- I X: The.comparlson matrlx for thetest data set on
MMSE 3.12629 5 24423 3.0096 the basis of the one sided Student’s t-test.
STD 2.74022 3.6136 2.38073 Activations S S S
3 g | MIMSE 0.62601 0.53708 0.32348 s - 1 0
MaMSE 12.20692 17.30332 953182 S 6 - 3
MeMSE 2.14691 4.12658 2.24178 S 3 2 =
MMSE 0.34888 0.42744 0.33672
STD 0.23636 0.28834 0.27598 . . .
4 Js MiMSE 0.09207 0.08766 0.08733 Table- X: Thecomparlson matrix for thetrain data set on
MaMSE 1.44831 1.27413 1.36204 the basis of the one sided Wilcoxon rank-sum test.
MeMSE 0.25213 0.31578 0.24509 Activations s 5 %
MMSE 6.0612 5.26068 4.6369 o - 2 5
STD 8.38447 8.0013 6.15703 S 7 — >
5 gs | MIMSE 05703 0.44555 0.82604 - 5 5 —
MaMSE 35.81627 41.08461 | 39.60208
MeMSE 3.30586 2.83964 3.01497 . _
MMSE 0.60992 0.87618 |  0.69666 Table- 1X: The comparison matrix for thetest data set on
STD 0.29661 0.7089 | 029989 the basis of the one sided Wilcoxon rank-sum test.
6 Jds | MIMSE 0.15126 0.15989 0.05835 ACvalions
MaMSE 1.77546 44163 | 123178 5 55 S;
MeMSE 0.5576 0.69252 | 0.68615 St -
MMSE 0.32042 0.8306 | 048334 S 7 - 2
STD 0.2432 0.62243 | 0.39922 Ss 8 3 -
7 g, | MIMSE 0.04829 0.09131 0.07244
MaM SE 1.31669 2.88539 1.6696 V. CONCLUSION
MeMSE 0.24817 057718 0.34562
MMSE 0.54236 1.0115 0.58049 In this paper we have proposed a new sigmoidal function that
STD 0.26197 093937 | 025825 | g asymmetric and has a skewed derivative. The maxima of
8 Jds | MIMSE 0.12609 0.25628 0.15664 o N )
MaMSE 1.76662 491325 1.18934 the derivative of the proposed activation function does not
MeMSE 0.51364 0.68361 | 050182 occur at the input value of zero, thus this helps in elevating
';/'T'\E')SE 471'225(1)? %gg-gg}é 122;1‘223 the vanishing weight update problem. The properties of the
9 g0 [ MIMSE > 78493 > 70616 351171 proposed activation functlc_)ns were analyzed and it was
MaMSE 29.4174 5094.282 | 117.6235 demonstrated that the function is suitable for the use as an
MeMSE 6.23704 5.60803 5.98271 activation function in FFANNS.
g'T'\E')SE g'gg%g %g‘l‘% 8'5’%‘21 The proposed activation function satisfies the requirement to
10. 910 | MIMSE 0.0443 0.10684 | 0.02949 be asigmoidal function (as per Definition 1) and satisfies the
MaMSE 1.53559 34.61244 0.67934 conditions of the universal approximation conditions
MeMSE 0.11096 054844 | 008443 |  jmnosed on the activation function. On a learning task suite
MMSE 24.00049 41.09779 | 22.40957 . -
SO 6.43133 1146675 | 587722 of . 12. funcUon approximation problems, the proposgd
11. 911 | MIMSE 12.73733 18.8069 | 13.92489 activation function s; was compared with the hyperbolic
mmssg gi-gggg gg‘ggggé ‘21(2)-;82?2 tangent function (s;) and with the logistic / log-sigmoid
MMSE 0.45505 0.4916 0.44265 function (s;), when used a.s.a(_:tlvatlon functions at the hidden
STD 014711 0.15516 0.1405 layers of feed-forward artificial neural networks. The results
12. 912 | MIMSE 0.23784 0.22954 0.19324 obtained indicated that the proposed activation is in general
MaM SE 0.8985 095488 | 075658 |  petter in performance than the logistic as well as the
MeMSE 0.42751 0.4705 0.41358
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