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A-IPLA: A symmetric, non-monotonic activation
function for convolutional neural network
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ABSTRACT
Inthis paper,anew symmetricorigin, non-saturated, and non-monotonic activation function called
adaptive inverse proportional linear activation (A-IPLA) is proposed to avoid the output deviation
problem, improve the neural network recognition performance and convergence speed. The
function uses the piecewise activation method which each segment has different activation
behaviors including linear activation and inverse proportional activation according to the change
of the piecewise point and the slope coefficient. Firstly, A-IPLA is the origin symmetry function that
avoids the non-zero output mean, solving the output deviation problem. Secondly, the slope
coefficient of A-IPLA can be learned in the training process. Experiments using the Lenet-5 models
performed on various benchmark datasets show that the proposed activation functions
outperform the state-of-the-art activation functions in all tests with recognition accuracy
improvements of 0.20% on MNIST and 5.34% on CIFAR-10. Meanwhile, under the same accuracy
requirement, the convergence rate of the proposed function is 3.55x faster on MNIST and 2.69x
fasteron CIFAR-10, respectively.

Keywords: Activation function, inverse proportional linear function, non-monotonic activation,
convolutional neural network

1.INTRODUCTION

In recent years, artificial neural network (ANN)
has been successfully applied in many fields
such as image recognition [1], speech
recognition [2], object detection [3] and
computer vision [4]. One of the important
factors that give neural networks such success
is the activation function, which is used to
activate neurons in the feedforward process
and update weights, bias in the back-
propagation process [5 - 7]. Sigmoid [8] is a
common activation function, however, the
sigmoid function takes the point of (0, 0.5) as
the center of symmetry, and the output of the
function is greater than zero, which causes the
convergence speed to be slowed. The
hyperbolic tangent (tanh) function with the
symmetry center is the origin point is in-
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troduced to effectively accelerate the con-
vergence rate [9]. But like the sigmoid function,
the hyperbolic tangent function also has
saturation zones, which leads to the vanishing
gradient problem in the training process [10].
Some improvement functions such as Elliot
[11], Algebraic sigmoid [12], Parametric
Algebraic[13] are presented, butthe problemis
not completely solved.

After that, a non-saturation activation function
called Rectified Linear Unit (ReLU) is proposed
by Nair & Hintonin2010to solve the problem of
vanishing gradient and becomes one of the
widely used activation functions of ANN [14].
ReLU is a linear function with an identity

function in the positive X-axis, and zero in
the negative X-axis that guarantees fast
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computation since it avoids the exponentials
and divisions computations. However, since
the gradient of ReLu in the negative partis zero,
the weights are not updated, leading to the
formation of “dead neurons”. Therefore, many
activation functions are proposed to avoid the
RelLU “dead neurons” [15-19], but the result is
still not really ideal. Linear sigmoidal activation
proposed by Vivek Singh Bawa is another new
non-saturated linear activation function, in
which the functions are defined as the first-
order functions in all intervals to avoid the
generation of dead neurons and compress the
dataamplitude [20].

All of the above activation functions are
monotonic. However, the papers [21 - 23]
introduce serial non-monotonic activation
functions called SWish family indicating that
the SWish function performs as well as the
other monotonic activation functions. In
addition, these functions all have the non-zero
output mean that leads to the output
displacementproblem.

This paper proposes a new activation function
called inverse proportional linear activation
(IPLA) function, which holds the advantages of
the above functions such as the original
symmetry of tanh function, piecewise linear
behavior of non-saturation functions, and non-

2. ACTIVATION FUNCTION FAMILY

bias

input

monotonic property of Swish function,
prevents the output displacement problem,
improves the network recognition accuracies
and convergence performance effectively. The
main contributions of thisworkinclude:

1. A parametric inverse proportional linear
activation (PIPLA) function including the
properties of origin symmetric, non-
monotonic is proposed. The functions are
defined accordingtothe change oftheinput
datarange, and slope coefficient, improving
the recognitionaccuracyand convergence.

2. Adaptive inverse proportional linear
activation (A-IPLA) function is proposed, in
which the slope coefficients are learned in
thetraining process.

3. The recognition accuracy and convergence
performance of proposed activation
functions are analyzed and compared with
the state-of-the-art functions on bench-
mark datasets MNIST and CIFAR-10 using
the Lenet-5CNN model.

The rest of the paper is organized as follows.
Section 2 describes the state-of-the-art
activation functions. Section 3 presents the
proposed activation functions. The experimental
results and comparisons are shown in Section 4.
The conclusionis presentedin Section 5.

AF [——> vy,

Activation output

function

Figure 1. The computational principle of the ith neuron
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An artificial Neural Network (ANN) is a multi-
layer neural network structure in which each
layer has over hundreds of neurons. Each
neuron in the hidden layers and output layer
shownin Figure 1is calculated by multiplication,
addition, and activation operation. The formula
is defined as follows:

f(x) =gw=xx+Db) (1)

Where xistheinput of the activation function, w
isthe weight connected between two layers, b is
the bias, and g is the activation function. The
training performance of a neural network has
relied heavily on the activation function
selection. Currently, commonly used activation
functionsinclude:

2.1.Sigmoid function

The sigmoid function is the most standard form
of activation function that is widely used in
ANNSs. It is an S-shaped function with an output
range of [0, 1] and can be defined by Eq. 2:

(2)

sigmoid(z) = e
where z is the input of the activation function.
The gradient of the sigmoidis:

d

Esigmoid(z):sigmoid(Z).(l—sigmoid(z)) (3)
The sigmoid function is complicated since it
requires a lot of exponential and division
operations.

2.2. Hyperbolic tangent function
Similar to the sigmoid function, the tanh

function is also an S-shaped curve. However, this
function takes the origin of coordinates as the
symmetry center, and the output ranges from -1
to 1, which effectively improves the network
convergence. The tanh functionis given by:

Z_e—Z

tanh(z) = (4)

e?+e?
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Andthe gradientis given by:

d _ 2
Etanh(z) = 1— tanh?(z2) (5)

Figure 2. Function and derivative curves of
sigmoid and tanh

Figure 2 shows the curves of sigmoid, tanh
functions, and their derivatives. They both have
the vanishing gradient problem due to the
gradient is close to zero in the saturation
intervals.

2.3.RelU function
RelLU is a non-saturation, piecewise linear
activation function with the following form:

z,z2>0
ReLU(z) = {o o (6)
Which hasthe gradient:
d 1,z>0
— = = 7
dz RelU(z) {0,0ther (7)

RelLU provides an unbounded linear curve with
the fixed gradient of 1 in the positive interval,
effectively solving the vanishing gradient
problem. Besides, simple calculation and fast
convergence are the other advantages of RelLU.
However, ReLU also has the disadvantage that the
RelLU output and gradient in the negative interval
are equal to zero, resulting in some neurons never
being activated. To solve this problem, some
improved activation functions are proposed, such
as LRelLU, PLRelLU, ELU, and PELU [23, 24, 25].
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2.4.Swishfunction

The Swish function proposed by Ramachandran
et al. in 2017 is one of the first non-monotonic
activation functions. It is a hybrid function of
sigmoid and RelLU, which is bounded, non-
monotonic in the negative region, and
unbounded, monotonic in the positive region.
The Swish function and its derivative are
defined as follows:

Swish(z) = z. (8)

14+e2

%Swish(z) =Swish(z)+sigmoid(z).(1 -Swish(z)) (9)

2.5. Linearized sigmoid activation function

alz—a1+1,lf1<Z<°°
zif0<z<1 (10)
Az, if —e2o<z<0

LiSA(z) =

The linearized sigmoid activation (LiSA)
function that the formula and its derivative are
shown in Eq. 10, and Eq. 11, respectively is the
linear function with three linearintervals.

a,ifl<z< oo
1,if0<z<1 (11)
ay,if —0<z<0

d LiSA =
dz l (Z) -

The function outputs in the negative and
positive regions are controlled by the slope
coefficient field a,, o, to compress the function
amplitude. The curves and derivatives of RelLU,
Swish, and LiSA function are shownin Figure3.

Figure 3. Function and derivative curves of
RelLU, Swish, and LiSA
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3. THEPROPOSED ACTIVATION FUNCTION

3.1. Parametric inverse proportional linear
activation function (PIPLA)

In this paper, a new origin symmetric,
piecewise non-monotonic function called
parametric inverse proportional linear
activation (PIPLA) is proposed to solve the
problems of vanishing gradient, dead neurons,
output displacement, and improve the overall
performance of the ANN model. The PIPLA
functionisdefined asfollows:

aA
7—A+a,zS—A

f(z) =<2z, —A<z<A (12)
aA

—+A—-—a,z=A
z

the derivative of PIPLAs:

A
——Z,ZS —A
df z
d—= 1, —A<z<A
z aA
——Z,ZZA
z (13)
1, —A<z<A
= a.
——Z,Other
z

where the parameter A is the demarcation
point segmenting the PIPLA functioninto three
intervals and also controls the amplitude of
PIPLA; aisthe slope coefficient.

The proposed function combines all the
advantages of the commonly used activation
function currently. Similar to the ReLU function,
PIPLA is segmented into three intervals
according to the range of input data, including
negative inverse proportional activity region (-
oo <z<-A), linearactivity region (FA<z<A), and
positive inverse proportional activity region (A
< z < +o0). In the linear activity region, PIPLA
holds the linear relationship with the
symmetric the origin. In the negative and
positive inverse proportional activity regions,
instead of continuing to use the linear
functions, the inverse proportional function of
the input data is used, in which the output is
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limited to A (or -A) as the input tends to A (or -
A), and limited to A -a (or -A + a) as the input
tends to infinity. Similar to the Swish function,
PIPLA is a non-monotonic, non-saturation
function that effectively avoids the gradient
vanishing problem of sigmoid, tanh function,
and the dead neurons problem of RelLU
function during the training process. Besides,
like LiSA, LReLU functions, PIPLA can form
various functional models according to the
change of demarcation point and the slope
coefficient to improve the function flexibility.
For example, if the slope coefficient in Eq.12 is
set to 1, PIPLA is converted to a function of
variable amplitude, as shown in Eq.14. And
when the value of the segment point is fixed,
suchasA=1, PIPLA canalsovary with the slope
coefficientchanged (Eq. 15).

(A
;—A+1,ZS—A
f(z2) =12z —A<z<A (14)
A
CtA-1z=4
z
(a
E—1+a,zs—1
f(z)=4z —1<z<1 (15)

a
—+1—-az=>1
z

Figure 4 (a, b) shows the curve of the proposed
function when changing the input data segment
pointand slope coefficient, respectively.

(@) =1, Ais changed
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(b) A=1, ais changed

Figure 4. PIPLA function curves when changing the
input data segment point and slope coefficient

On the other hand, Figure 5 shows the
derivative curves of the PIPLA function when
the slope coefficientissetto 1. Fortheinputisin
the range of (-A, A), the derivative is a constant
of A, and the derivative has a magnitude less
than zerofortheinputisinthe otherranges.

Figure 5. PIPLA derivatives with the slope
coefficient are fixed to 1 and the segment
point A is changed

In the back-propagation process, the artificial
neural network uses the gradient descent
method to train the weights and bias
parameters of the network. The updating value
ofthe weightis calculated by the following:
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dL _dL_ df
dl.  dL df

= — X —
dfi_1  df; dz;

Where w,denotes the weight matrix, f, denotes
the output after activation at the i-th layer, and
L denotes the loss function of the neural
network. From Eq. 13, the weights updating
value is a matrix with positive and negative
values. The new weights are calculated by:
dL

dw;

Whitefield A is the learning rate. The new
weights can be increased or decreased
according to the derivative values of PIPLA,
that effectively improves the neural network
convergence speed.

wW; = w; — A (17)

3.2. Adaptive inverse proportional linear
activation function

In the adaptive inverse balanced linear
activation (A-1PLA) function, the slope
coefficient field ar is trained by using the back-
propagation rule for the derivative with
respectto. Consequently, the slope coefficient
isadjusted duringthetraining process.

The A-IPLA formula is slightly different from the

PIPLA function andisdefined as:

akA

Z—k—A+ak,Zk <-A

f(z)=1zF —A<zF<A (18)
akA
—k+A—ak,Zk > A
Z

Whitefield a“ denotes the channel-wise slope
coefficient, z* denotes the channel-wise
activation function input, and k is the channel

number of each neural network layer.

Similar to PIPLA, the weights and the slope
coefficient field a“ both are trained using the
gradient descendent method that they are
calculated as follows.
akA <4
eyt ST
1, -A<zF<A
akd -
ICOR
1, —A<zK<A
akA
———,other

(z)?’

af
dz
(19)

A k
Zk+1,z <-4
af

Jak = 0, -A<zk<A (20)

i 1,zF > A
In this paper, the updated slope coefficients of
each channel in each layer are set uniformly.
Therefore, the average adjustment amount of
the slope coefficientis calculatedin Eq. 21.
M
1 df
M™ L dak
m=1

Where Mis the neuron numberin alayer, and k
is the channel number. The updateupdatedu
slope coefficientis presentedin Eq. 22.

dak,, = (21)

ak =ak* — B x dak, (22)

Here, S is the update coefficient and is set to
0.000001 to avoid the data explosion problem.

4.EXPERIMENT AND RESULTS
4.1. Neural network architecture

Activation
Function
Activation
Function

Input
32x32
Feature Maps
28 x 28
Kernel Kernel
5x5 5x5

Feature Maps
10x 10

F connected
Softmax

Activation
Function

Feature Maps
Ix1

Kernel
5x5

Figure 6. Lenet-5 CNN architecture used in this paper
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The convolutional neural network (CNN) used
in this paper is similar to Lenet-5 architecture
(shown in Figure 6), in which there are three
convolutional layers, two pooling layers, and
two fully connected layers. The convolutional
kernel size is set to 5 x 5 uniformly, and the
output maps of the convolutional layers are 6,
16 and 120, respectively. The average pooling
method is applied in the pooling layer. Finally,
we use the softmax activation function (defined
by Eqg. 23) in the output layer. Hence, the loss
function of CNNis calculated as Eq. 24.

Zj

Soft max(z;) = =p—— (23)

Z
n=1€"

where Nis the neurons number in the output layer.
Lloss = _ZYL' lnfl (24)
i

Where y, is the i-th neuron label in the output
layer, f.isthe softmaxactivation function value.

We use this CNN architecture to evaluate the
performance of the proposed activation
functions, and compared it with other state-of-
the-art activation functions such as sigmoid,
tanh, Elliot, Rectified Linear Unit (ReLU), Leaky

RelLU, Swish, and LiSA on the following
benchmark datasets: MNIST and CIFAR-10.
Except that the activation function is changed,
other hyperparameters such as weight
initialization, batch size, training epochs, etc.,
arethesameforall experiments.

4.2. MNIST

MNIST is a grayscale handwritten digital
classification dataset with a size of 28 x 28, which
contains 60,000 training images and 10,000
testingimages, andis divided into ten classes.

Firstly, the PIPLA performance is evaluated with
different input data range A and slope
coefficient. These parameters vary in the range
of (0.5 1.5), with a step size is 0.25. All the
convolutional layers and fully connected layers
use the PIPLA function to activate the neurons.
After forty training epochs, the effect of the
segment point and slope coefficient selection
are shown in tables 1 and 2; in which table 1
shows the effect of changing the segment point
value on the network performance when the
slope coefficient is fixed to one, and table 2
shows the slope coefficient effect when the
segment pointisfixed toone.

Table 1. The recognition accuracy with different input data range (A) when the slope coefficient (a)

fixed to 1 on MINIST

A Parameters . Average accuracy (%) Best accuracy (%)
0.5 1 99.12+0.07 99.19
0.75 1 99.17+0.06 99.23
1 1 99.21+0.05 99.26
1.25 1 98.99+0.05 99.04
1.5 1 98.98+0.04 99.02

Table 2. The recognition accuracy with different slope coefficient () when the input data range (A) is

fixedto 1 on MNIST

A Parameters ” Average accuracy (%) Best accuracy (%)
1 0.5 99.12+0.06 99.18
1 0.75 99.1640.03 99.19
1 1 99.2140.05 99.26
1 1.25 99.19+40.04 99.23
1 1.5 99.13+0.07 99.20
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From Tables 1 and 2, we can see that the CNN
performance firstly increases with the increase
of the input data segment point or slope
coefficientvalue, but after the certain value, the
network performance starts to decrease. The
Lenet-5 model achieves the highest recognition
accuracy of 99.26% after thirty-one training
epochs at the value of the input data segment
pointis1andtheslopecoefficientvalueis 1.

Secondly, the input data segment point and
slope coefficient values that achieving the
highest recognition accuracy are used to
evaluate the A-IPLA activation function. Table 3

shows the recognition accuracies of the
proposed activation function and the state-of-
the-art functions after forty training epochs.
ReLU function achieves the highest accuracy of
99.12% after thirty-two training epochs among
all state-of-the-art functions. While two
proposed activation functions have higher
recognition accuracies. The PIPLA and A-IPLA
functions achieve 99.26% and 99.32%
recognition accuracies when the input data
range is set to 1, while the slope coefficient
values are setto 1 and 1.125, up to 0.15% and
0.20% higherthan LiSAfunction, respectively.

Table 3. The recognition accuracy of the proposed activation function and state-of-the-art functions

on MNIST
Activation function Parameters (A, a) Best Accuracy (%) Epoch

Sigmoid Nil, Nil 98.90 29

Tanh Nil, Nil 98.89 32

Elloitt Nil, Nil 98.91 24

RelLU Nil, Nil 99.12 32

LReLU Nil, 0.01 99.10 18

Swish Nil, Nil 99.08 23

LiSA Nil, 0.175,0.25 99.11 23

PIPLA 1.0,1.0 99.26 31
A-IPLA 1.0, 1.125 99.32 30

The convergence rate is also one of the
important factors to evaluate network per-
formance. In addition to the requirement of
high recognitionaccuracy, a network with good
performance also needs to achieve the best
accuracy in the shortest training time. Fig. 7
shows the convergence performance of the
proposed activation functions and state-of-
the-art methods on MNIST dataset. The PIPLA
and A-IPLA recognition accuracy improvement
rates all are higher than other methods. From
table 3 and Fig. 7, we can see that RelU
achieves the highest accuracy after thirty-two
training epochs, while the proposed activation
functions only need the training epochs of 14
and 9to achieve the samerecognitionaccuracy
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as RelLU function that 2.28x and 3.55x time
fasterthanRelU, respectively.

Figure 7. Convergence rate of activation
functions on MNIST
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4.3.CIFAR-10
CIFAR-10is a color image dataset with a size of

32 x 32, which contains 50,000 images for
training and 10,000 images for validation.
Theseimagesaredividedintoten classes.

Similar to the MNIST dataset, the experiments
on the CIFAR-10 dataset are firstly performed

to evaluate the performance of the PIPLA
function. Then A-IPLA function is tested with
the best value of the PIPLA input data segment
point and slope coefficient, and compared to
the state-of-the-art activation functions. The
impacts of the input data segment point and
slope coefficient on the CNN performance on
CIFAR-10areshownintables4and5.

Table 4. The recognition accuracy with different input data range (A) when the slope coefficient (a) is

fixedto 1 on CIFAR-10

Parameters
A . Average accuracy (%) Best accuracy (%)
0.5 1 62.231+1.69 63.92
0.75 1 64.01+1.59 65.59
1 1 61.621+0.62 61.83
1.25 1 59.3840.84 60.22
1.5 1 59.2240.79 60.01

Table 5. The recognition accuracy with different slope coefficient (a) when the input data range (A) is

fixed to 1 on CIFAR-10

Parameters
A . Average accuracy (%) Best accuracy (%)
0.75 0.5 63.151+1.53 64.68
0.75 0.75 63.841+1.34 65.18
0.75 1 64.01+1.58 65.59
0.75 1.25 64.41+1.37 65.78
0.75 1.5 63.441+1.53 64.97

From the experimental results in table 6, the
proposed function advantages are more
obvious compared with the state-of-the-art
methods on the CIFAR-10 dataset. After one
hundred and twenty training epochs, the
proposed activation functions achieve the
highest accuracy of 65.78% by using PIPLA and
65.57% by using A-IPLA, improving 5.34% and
5.13% compared with the best result of the
state-of-the-art methods (LiSA-60.44%),
respectively. The proposed activation functions

Journal of Science - Hong Bang International University

convergence performance against state-of-the-
artfunctionsisshownin Fig. 8. The LiSA function
obtains the highest accuracy after one hundred
and five epochs. While, the PIPLA obtains the
same accuracy after thirty-nine epochs, 2.69x
times faster than LiSA. From Fig.8, we can see
thatalthough the A-IPLA recognition accuracy is
a little worse than the PIPLA function, its
convergence is faster than the PIPLA function
when it only needs 96 training epochs to obtain
the bestrecognition accuracy.
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Table 6. The recognition accuracy of the proposed activation function and state-of-the-art functions

on CIFAR-1
Activation function Parameter (A, a) Best Accuracy (%) Epoch
Sigmoid Nil, Nil 58.40 62
Tanh Nil, Nil 60.42 110
Elloitt Nil, Nil 58.79 120
RelLU Nil, Nil 58.11 92
LReLU Nil, 0.01 58.23 73
Swish Nil, Nil 56.68 78
LiSA Nil, 0.25,0.15 60.44 105
PIPLA 0.75,1.25 65.78 113
A-IPLA 0.75, 1.375 65.57 96

Figure 8. Convergence rate of activation
functions on CIFAR-10

5.CONCLUSION

Two variants of activation function called
PIPLA, and A-IPLA have been proposed in this
paper for internal adjustment in a con-
volutional neural network to improve the
network recognition accuracy and con-
vergence performance. The activation
functions are divided into three segments
according to the input data, and each segment

uses a different activation behavior, including
linear activation and inverse proportional
activation, in which the P-IPLA function
parameters are fixed at the start of design, and
the A-IPLA function slope coefficient can be
trained by itself. The advantages of these
activation functions are that they are
symmetric about the origin, bounded, non-
saturated, and non-monotonic functions. It
helps to avoid output displacement and dead
neuron problems, extract better features for
the network model, and improve the
recognition accuracy and convergence speed.
Experiments performed on MNIST, CIFAR-10
datasets using Lenet-5 architecture indicate
that proposed activation functions outperform
other state-of-the-art activation functions by
improving the recognition accuracy of 0.20%
and 5.34% on MNIST and CIFAR-10, res-
pectively. While the proposed function
convergence rate is also increased significantly
with 3.55x faster on MNIST and 2.69x faster on
CIFAR-10 when compared to the state-of-the-
artactivationfunctions.
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A-IPLA: Ham s6 kich hoat d6i xirng, khong don diéu
cho mangno-ron tich chap

Nguyén Vin Trwong

TOMTAT

Trong bai viét nay, mét ham kich hoat déi xtrng tdm, khéng bdo hoa va khéng don diéu mdi goi la
ham kich hoat tuyén tinh nghich ddo thich trng (A-IPLA) dwoc dé xudt dé trdnh vian dé sailéch & déu
ra cda cdc no-ron, cdi thién dwoc hiéu qud nhdn dang va téc dé héi tu cua mang no-ron. Ham nay si¢
dung phuwong phdp kich hoat phén doan, déng thoituy theo suthay déi ciia diém phdn doan va hé sé
gac, tirng phdn doan st dung cdc hanh vi kich hoat khdc nhau bao gém kich hoat tuyén tinh va kich
hoat nghich ddo. Péu tién, ham A-IPLA c6 wu diém vé déi xirng tdm giup trdnh dwoc gid tri trung binh
ddu ra khdc 0, do d6 gidi quyét duoc vén dé dich chuyén déu ra. Thir hai, hé sé géc cla A-IPLA c6 thé
tw déng cdp nhdt théng qua qud trinh hudn luyén giup cdi thién tinh linh hoat cda ham kich hoat. Cdc
tht nghiém s dung mé hinh Lenet-5 dwoc thuc hién trén cdc bd di¥ liéu chudn khdc nhau (MNIST,
CIFAR-10) cho thdy rang ham kich hoat duwoc dé xudt hoat déng t6t hon cdc ham kich hoat hién hanh
trong tét cd cdc thi nghiém véi mirc cdi thién dé nhén dang chinh xdc ld 0.20% trén MINIST, 5.34%
trén CIFAR-10. B6ng thoi, trong diéu kién dé nhdn dang chinh xdc nhw nhau, téc dé héi tu cia ham
dwocdéxudtnhanhhon 3.5516n trén MNISTva nhanh hon 2.69 14n trén CIFAR-10.

Tirkhéa: Ham kich hoat, ham tuyén tinh nghich dao, kich hoat khéng don diéu, mang no-ron tich chép
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