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An Efficient Training of Multilayer Neural Networks Using
Stochastic Approximation and Conjugate Gradient Method
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ABSTRACT

This paper proposes an efficient learning algorithm for improving the training performance of the
neural network. The proposed method improves the training performance by applying the back-
propagation algorithm of a global optimization method which is a hybrid of a stochastic approximation
and a conjugate gradient method. The approximate initial point for fast global optimization is estimated
first by applying the stochastic approximation, and then the conjugate gradient method, which is the
fast gradient descent method, is applied for a high speed optimization. The proposed method has been
applied to the parity checking and the pattern classification, and the simulation results show that the per-
formance of the proposed method is superior to those of the conventional backpropagation and the back-
propagation algorithm which is a hybrid of the stochastic approximation and steepest descent method.
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BP algorithm Method #1 Method #2
n «
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0.3, 0.7 | 189523 <0.0001 13.2 3, 4274 <0.0001 0.4 3, 397 < 0.0001 0.3
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Table 2. Results for the 20 of the 7-bit patterns parity
check of 100 trials

BP algorithm Method #1 Method #2

x o X o X o

N |5084.1|1473.8| 80.2 | 17.7 | 71.3 | 115

t 8.7 2.6 03 0.5 03 03
Pr 63% 100% 100%

x: Mean, o Standard deviation, P,: Convergence ratio.
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Fig. 5. 5 of the 9-bit training patterns (a) and it's neural
network structure (b) for pattern classification.
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Table 3. Results of the pattern classification for 5 of the 9-bit patterns
BP algorithm Method #1 Method #2
n, a Random seed
N, E N, Ny, E N, N, E

0 1142 <0.1 8, 720 8, 658
10 20000 0.4* 3, 568 3, 471

0.3, 07 20 20000 0.4* 4, 639 <01 4, 492 <01
50 1029 <0.1 4, 572 4, 507
0 20000 0.6* 8. 531 8, 410
10 20000 0.8* 3, 294 3, 203

0.5, 0.9 20 2257 <0.1 4, 387 <01 4, 276 <01
50 3134 <0.1 4, 552 4, 435
0 1873 <0.1 8, 613 8, 504
10 20000 0.7 3, 379 3, 287

08,08 20 1891 <0.1 4, 445 <01 4, 339 <0.1
50 3095 <0.1 4, 604 4, 483

1 CPU time in [sec].
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