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ABSTRACT

Deep neural networks are widely used to solve various problems. In a fully connected neural network, the nonlinear activation function
is a function that nonlinearly transforms the input value and outputs it. The nonlinear activation function plays an important role in solving
the nonlinear problem, and various nonlinear activation functions have been studied. In this study, we propose a combined parametric
activation function that can improve the performance of a fully connected neural network. Combined parametric activation functions can
be created by simply adding parametric activation functions. The parametric activation function is a function that can be optimized in
the direction of minimizing the loss function by applying a parameter that converts the scale and location of the activation function according
to the input data. By combining the parametric activation functions, more diverse nonlinear intervals can be created, and the parameters
of the parametric activation functions can be optimized in the direction of minimizing the loss function. The performance of the combined
parametric activation function was tested through the MNIST classification problem and the Fashion MNIST classification problem, and
as a result, it was confirmed that it has better performance than the existing nonlinear activation function and parametric activation function.
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Fig. 1. Nonlinear Classification Problem with 2 Classes
(w: Parameter, -: Input Value)
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Fig. 2. Parametric Activation Function +(y,q,5) and Activation
Function +(y) in Classification Problem
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Table 1. Various Parametric Activation Functions
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Fig. 3. Comparison of Parametric Activation Function and Activation
Function (a),(b) : Sigmoid vs PPNS (c),(d) : ReLU vs PPNR
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Table 7. Experiment Conditions

Data preprocessing Min-Max normalization

Train data 1,257
Test data 540
Batch size 128
Algorithm Gradient descent
Learning rate 0.01
Steps 50,000

Loss function Cross-Entropy

Initialization of W Same random normal

parameters initialization
Number of hidden layers 1
Number of nodes in each 3
hidden layer
Regularization X
Sigmoid ReLU

Test loss
Test loss

(a) (b)

Fig. 9. Test Loss for Steps. A: Activation Function, PA : Parametric
Activation Function, PPNA : Parametric PN Activation Function,
C PPNA : Combined Parametric PN Activation Function. (a) :
Sigmoid Series, (b) : ReLU Series.
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Fig. 10. > Distribution Corresponding to 4" for 540 Test Data
(a) : Sigmoid, (b) : C PPNS, (c) : ReLU, (d) : C PPNR

Table 8. C PPNS Parameter Values

Initial value Trained value
ajy 4 6.958
By 2 0.020
af) 4 6.978
by 2 0.017
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Table 9. The Number of Hidden Layers and Nodes Corresponding
to the Activation Functions

L . Combined parametric
Activation function L .
) activation function
(k=2) (C PPNA)
Sigmoid ReLU C PPNS C PPNR
Number of
hidden layers 4 4 5 3
Number of
nodes in each 3 3 3 3
hidden layer
Sigmoid ReLU

Test loss
Test loss

o
0 10000 20000 30000 40000 50000 3 10000 20000 30000 40000 50000
Steps Steps

() (b)
Fig. 11. Test loss for Activation Functions
(a) : Sigmoid, C PPNS, (b) : ReLU, C PPNR
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Fig. 12. » Distribution Corresponding to y for 540 Test Data
(1st Node of 3rd Hidden Layer) (a) : Sigmoid, (b) : C PPNS

Table 10. C PPNS Parameter Values of the 1st Node of
the 3rd Hidden Layer

Initial value Trained value
a, 4 5.30
b, 2 2.62
ay 4 4.07
b, 2 -2.72
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Table 11. Test Data Accuracy for the MNIST 28x28 Experiment

Number of hidden layers
Number of nodes
in each hidden layer

ReLU:95.78% £0.00006
Tanh : 94.66' % +0.0

a = 92 63% + 0.00004
(’PPN‘% a= 4 5 92.78% =+ 0.0015

Re LU:96.1% +0.0003

Tanh : 95.82% + 0.0
(a=4):93.76% + 0.0

CPPNS{(u =4.5):94.22% + 0.004

Re LU:96.07% £0.00066

Tanh :96.11% -+ 0.00004
(a=4):94.02% + 0.00007

(YPPVS{

/S (a=4.5):94.32% + 0.003

50 ):92.83% + 0.0014 (a=15):94.36% + 0.004 (a=5):94.68% + 0.005
Ea. 1) 96.63% + 0.002 § a=1) :96.18%+ 0.0013 Ea =1):96.06% + 0.0009
C’PPNR{ a=1.5):96.62% + 0.0006 C’PPNR{ =1.5) :96.04% =+ 0.001 (‘PP[\R{ a=15):52.93% + 0.4313
(a=2):96.42% + 0.0028 (a=2):67.46% + 0.4 (a=2):38.55% + 0.406
ReLU:96.24% +0.0001 ReLU:96.58% +0.0003 ReLU:96.52% +0.0003
Tanh : 94.88% =+ 0.00004 Tanh : 95.7% + 0.0 Tanh : 96.33% + 0.0
a=14):92.5% + 0.0 (a=14):93.5% + 0.00004 (a=4):94.5% + 0.000007
100 CPPNS,| (a=4.5):92.51% + 0.0001 CPPNS, (a=4.5):93.47% + 0.00025 CPPNS, (a=4.5):94.71% + 0.002
(a=5):92.66% + 0.002 (a=5):93.73% + 0.0037 (a=5):95% + 0.0044
Ea =1):96.97% + 0.0001 §a= 1) :96.95%+ 0.0005 §a= 1) :96.62%+ 0.0015
CPPNR{ a=1.5):97.08%+ 0.001 CPPNR{ a=1.5):96.64% + 0.0033 CPPNR{ a=1.5):53.21% + 0.43
(a=2):96.97% + 0.0018 (a=2):67.7% + 0.409 (a=2):38.74% + 0.409
Re LU 96.7% +0.00005 ReLU:97.08% +0.00037 Re LU 96.84% +0.0004
Tanh : 94.73% + 0.0 Tanh : 95.91% + 0.00004 Tanh : 96.55% + 0.00004
Ea =4):92.46% + 0.0 (a=4):92.41% + 0.00004 Ea =4):93.4% + 0.00004
200 C‘PPN&{ a=4.5):92.44% % 0.0 CPP[\&{(u =4.5):92.6% % 0.002 cppw{ a=4.5):93.9% + 0.005
(a=15):92.4% + 0.0004 (a=5):92.87% + 0.004 (a=5):94.35% + 0.007
é( =1):97.19% + 0.0003 § a= 1) :97.37%+ 0.0005 Ea= 1) :96.9%+ 0.0015
cppm{ a=1.5) :97.20% + 0.0005 C'PPNR{ =1.5):53.72% + 0.436 CPPNR{ a=1.5):53.34% + 0.435
(a=2):97.08% =+ 0.002 (a=2):39.08% + 0.412 (a=2):38.83% + 0.41

Table 12. Test Data Accuracy for the Fashion MNIST Experiment

Number of hidden layers

Number of nodes 3 5 8

in each hidden layer
ReLU:86.5% +0.0005 ReLU:85.63% £0.0011 ReLU:85.56% +0.0025
Tanh : 85.87% + 0.0 Tanh : 86.4% + 0.00004 Tanh : 86.93%+ 0.00007

%a =4):85.37% =+ 0.00007
CPPNS (a=4.5):85.4% =+ 0.003

a=14):85.8% + 0.0
CPPNS, (a=4.5): 85.76% + 0.0002

4): 85.92% + 0.00014

(o
CPPA’_% a=

50 .5):85.77% £ 0.0007
(a=5):85.41% + 0.0004 (a=5):85.81% + 0.0006 (a=5):85.69% + 0.0013
Ea =1):86.67% + 0.0004 Ea =1):86.21% =+ 0.004 Ea: 1) :86.18% + 0.0063
CPPNR{ @a=1.5) :86.78%+ 0.003 CPPNR{ a=1.5):86.21%+ 0.003 C‘PPNH{ a=15):48.09% + 0.38
(a=2) :86.38% + 0.006 (a=2):60.8% + 0.36 (a=2):35.4% + 0.359
ReLU: 86.87% +0.0003 ReLU: 86.45% +0.0005 Re LU:85.94% +0.00048
Tanh : 85. 9% :t 0.00004 Tanh : 86.85% + 0.00008 Tanh : 86.59%+ 0.00004
a = 80 27% + 0.000004 (a=4): 85.44% + 0.00004 (a=4):85.8% + 0.00006
100 (‘PPN‘% a= 4 5 85.13% + 0.0014 (JPPNS{(u =4.5):85.63% + 0.0018 Cppw{(u =4.5):85.78% + 0.0001
(a=5):85.14% + 0.0006 (a=5):85.58% + 0.0017 (a=5):85.82% + 0.0007
(a=1):87.26%+ 0.0003 (a=1):87%+ 0.0015 Ea =1):85.9% + 0.0056
C’PPNR{(u =1.5):87.15% + 0.0012 CPPNR{(a =1.5):86.25% + 0.007 CPPA‘R{ a=1.5):47.95% + 0.379
(a=2):86.94% =+ 0.003 (a=2):60.83% + 0.36 (a=2):35.3% + 0.3578
ReLU:87.02% +0.0008 ReLU:86.24% +0.0008 ReLU:85.61% +0.0032
Tanh : 85.68% + 0.00004 Tanh : 86.62% + 0.0 Tanh: 86 81%+ 0.0
a=4):85.2% =+ 0.00006 (a=4): 84.89% + 0.00004 ) 28% + 0.00004
200 CPPJ\IS{ a=4.5):85.17% + 0.0004 CPPNS, (a=4.5):85.2% + 0.003 CPPNS a = 4 5.26% =+ 0.00025
(a=5):85.07% + 0.0004 (( = ) 85.22% =+ 0.0025 =5) 80 43% +0.0024
(a=1):87.3%+ 0.0013 a= 1) 86 78%+ 0.003 Ea =1) 86 58% + 0.0037
oppm{(a =1.5):87.06% % 0.002 CPPNR{ =1.5):48.4% + 0.384 CPPNR{ a=15):48.3% +0.38
(a=2):86.69% + 0.005 =2):35.6% + 0.36 (a=2) f;r 52% + 0.361
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