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Abstract

This paper proposes an efficient method for improving the training performance of the neural
network by using a hybrid of a stochastic approximation and a backpropagation algorithm. The
proposed method improves the performance of the training by appliying a global optimization
method which is a hybrid of a stochastic approximation and a backpropagation algorithm. The
approximate initial point for fast global optimization is estimated first by applying the stochastic
approximation, and then the backpropagation algorithm. which is the fast gradient descent
method, is applied for a high speed global optimization. And further speed-up of training is
made possible by adjusting the training parameters of each of the output and the hidden layer
adaptively to the standard deviation of the neuron output of each layer. The proposed method
has been applied to the parity checking and the pattern classification, and the simulation
results show that the performance of the proposed method is superior to that of the
backpropagation, the Baba's MROM. and the Sun's method with randomized initial point
settings. The results of adaptive adjusting of the training parameters show that the proposed
method further improves the convergence speed about 20% in training
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Table 1. Results of the parity check for 10 of the 7-bit patterns.

70, BP algorithm Proposed method 1 Proposed method 2
xo Nbp E¢ tbp [Ns,Nobp Et tp1 |[Ns,Nbp E¢ te2
1.0,0.0]/11839|E<0,.0001(4672.0]3, 182[EC0.0001| 74.3{3, 155|E<0.0001{70.5
0.8,0.8{ 26981EC0.0001|1083.5[2, 52|E<0.0001| 28.0]|2, 41{E<0,0001|26.8
0.3,0.7{11196]{EC0. 0001 (6404, 5|1, 182]|E<0,0001|107.5|1, 125|ECO.0001(84.8
0.5,0.9| 2162|EC0.0001| 792.6]2, 41{E<0.0001( 21.8|2, 28|EC0.0001{17.2
hvar=mvar| Baba's MROM hvar, Sun's method
=Ovar Nm Et tm Ovar Nj E¢ t)

0.05 496 |E<0,0001674|10.1, 0.1 |152|E<0.0001[172

0.1 263]E<0,00011493]/]0.5, 0.5 ]1461E<0.0001{165

0.25 185|E<0.0001§252(11.0, 1.0 1161|E<0.0001}182

0.5 213}E<0.00011289(]1.75,1,75{131|E<0.0001148

0.75 2161EC0.00011294(12.5, 1.5 |[135/E<0, 0001153

1.0 161 F(0.000I 218}(3.0, 1.75]202|E<0.0001]|229
ty : CPU time in [sec]
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Table 2. Results for the 20 of the 7-bit
patterns parity check of 100 trials.

E: 3

BP algorithm Proposed method
X o X o
Nop 7662.5 800.9 457.2 348.5
tbp 7018.9 733.6 418.8 319.2
Pr 45% 100%
X ¢ Mean, g : Standard deviation
Pr: Convergence ratio
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Fig. 4. 5 of the 9-bit training patterns (a)
and it's neural network structure
(b) for pattern classification.
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Fig. 5. Energy function E of pattern classi-

fication to random seed variation at
the learning rate 7 « = 0.3 and the
initial momentuma . = 0.7.
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Table 3. Results of the pattern classification for 5 of the 9-bit patterns
770, |Random|BP algorithm|Proposed method 1|Proposed method 2
Qo seed | Nbp E¢ Ns, Nbp Ee Ns, Nbp Ee
0.3, 0 400{0.0795 [1, 560| 0.0793 |1, 520} 0.0782
0.7 3 420)0.3233*|8, 460 0.2019 |8, 380 0,1937
5 540|0.3260* |4, 620! 0.2122 |4, 540| 0.1528
8 820(0,3343 |4, 539| 0.0798 |4, 511| 0.0794
0.6, 0 1520(0.8742*{8, 573 0,0797 |8, 568| 0.0792
0.9 3 420)1.2252*|8, 260| 0.1824 18, 260| 0.1970
5 1660(0.4201 {4, 380 0.2024 |4, 360; 0.2074
8 2020]0.4621 |6, 540] 0.2987 |6, 560 0.2988
0.8, 0- ]1120)0.4328 |4, 447| 0.0793 (4. 263| 0.0779
0.8 3 42010.6960* |4, 440| 0.1880 |4, 300| 0.1878
5 1100(0.4259 {4, 360 0,2055 |4, 360| 0.2053
8 2020)|0.4685 (4, 540 0.3046 |4, 220 0.3034
ti ¢ CPU time in {sec]
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