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Variation of activation functions for accelerating the learning speed

of the multilayer neural network

Byungdo Lee’, Minho Lee™
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Abstract

In this paper, an enhanced learning method is proposed for improving the learning speed of the error back
propagation learning algorithm. In order to cope with the premature saturation phenomenon at the initial
learning stage, a variation scheme of active functions is introduced by using higher order functions, which
does not need much increase of computation load. It naturally changes the learning rate of inter-connection
weights to a large value as the derivative of sigmoid function abnormally decrease to a small value during
the learning epoch. Also, we suggest the hybrid learning method incorporated the proposed method with the
momentum training algorithm. Computer simulation results show that the proposed learning algorithm
outperforms the conventional methods such as momentum and delta-bar-delta algorithms.
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Table 1. XOR and 4 bit parity problem
X1 X3 yk X X x3 x4 |y
1 1§ -09 1 1 1 1] -09
1 -1 09 1 1 1 -1 09
-1 1} 09 1 1 -1 1] 09
-1 -1 -09 1 1 -1 -1{ -09
1 -1 1 1] 09
1 -1 1 -1 -09
1 -1 -1 1] -09
1 -1 -1 -1 09
-1 1 1 i 09
-1 1 1 -1 -09
-1 1 -1 1] -09
-1 1 -1 -1l 09
-1 -1 1 if 09
-1 -1 1 -1 09
-1 -1 -1 1| 09
-1 -1 -1 -1] -09
£ 2 29 HA¥HE A% dejvig
Table 2. Parameter values in the simulation
Problen -‘%‘ﬁ‘.%‘ constant
wEF 7 o 8
GBP 0.83) 0.42
3 MBP 0.86f 0.42| 0.90
NMBP 0.70| 0.56] 0.90
GBP 0.83] 0.80
4 MBP 0.90{ 0.80; 0.90
NMBP 0.90{ 0.80] 0.90
XOR v
GBP 0.65, 0.68
5 MBP 0.76; 0,68 0.90
NMBP 0.76; 0.68/ 0.90
GBP 0.59] 0.68
6 MBP 0.59| 0.76] 0.90
NMBP 1.19] 0.76] 0.90
GBP 0.57] 0.54
5 MBP 0.69/ 0.50] 0.80
NMBP 0.69| 0.50; 0.80
GBP 0.60| 0.60
6 MBP 0.42| 0.60] 0.80
4 bit NMBP 0.52| 0,60 0.80
Parity GBP getd
7 MBP 0.68) 0.46] 0.80
NMBP 0.73| 0.48/ 0.80
« GBP 0.61] . 0.40
8 MBP 0.68] 0.42) 0.80
NMBP 0.72 0.42] 0.80
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Table 3. Comparison of test data for neural network
in the XOR problem

Input Qutput
X X9 GBP MBP NMBP
-09] -09] -0844712| -0.863938| -0.876548
-09] 08 0.837645|  0.816783 0.853436
08/ -08 0.788037)  0.776637 0.765852
0.7] 08 -0.735306] -0.746930] -0.768941

E 4. 49E JE Ao dF 43¢ g2E o
ol¥ H]a

Table 4. Comparison of test data for neural network
in the 4 bit parity problem

OQutput
MBP NMBP

-0.738292{ -0.891685
-0.855460; 0.909782
0.866754] 0.917439
-0.617253| -0.794929
0.661523| 0.815238
-0.805823| -0.910231
-0.779825| -0.902318
0.804321| 0.879206
0.703079] 0.824479
-0.897743| -0.908768
-0.403015| -0.543506
0.748585, 0.869887
-0.789744| -0.864275
0.640144] 0.796424
0.624667| 0.774074
-0.784061| -0.8773%6

Input

GBP
-0.891573
-0.895693

0.887023
-0.843290
0.843291
-0.875798
-0.863133
0.890402
0.643943
-0.894467
-0.626314
0.845493
-0.836702
0.467352

0.471534

-0.808462

X1 X3 X3 X4

-09/-09|-09|-09
-0.9{-09(-0.8] 0.8
-0.8{-0.8| 09/-09
-0.8/-08| 08 08
-09| 09/-09/-09
-09| 08/-09| 08
-08] 09| 08/-09
-08] 08| 08 08
0.7{-0.7,-0.7| -0.7
1.0{-09{-1.0, 09
0.8]-08 0.7(-0.7
0.7)-0.7) 08| 08
091 09({-0.7(-07
0.7] 08/-09| 09
0.7] 0.7] 0.8/-09
09| 08| 07| 0.7
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Fig. 4. Comparison ofv error convergence of various
parameterin the 4 bit parity problem.
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Table 5. Parameter for Fig. 4.

&4 Parameter

wdF) n | o | B | | v ]y
p. 1 6 04| 03] 08/ 032| 005 0.0%
p. 2 6 06( 05 08 028 0.05] 0097
p. 3 6 0.7 05 08 032| 0.05] 0.060
p- 4 5 05 05, 08 034 006 0.100
p. 5 5 05 0.7 08 032/ 005 0.060
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