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(An Implementation of High-Speed Parallel Processing
System for Neural Network Design by Using the
Multicomputer Network)
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Abstract

In this paper. an implementation of high-speed parallel processing system for neural
network design on the multicomputer network is presented. Linear speedup expandability
is increased by reducing the synchronization penalty and the communication overhead.
Also, we presented the parallel processing models and their performance evaluation models
for each of the parallization methods of the neural network. The results of the
experiments for the character recognition of the neural network based on the proposed
system show that the proposed approach has the higher linear speedup expandability than
the other systems. The proposed parallel processing models and the performance evaluation
models could be used effectively for the design and the performance estimation of the
neural network on the multicomputer network.
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Fig. 1. An example of a three-layer back-
propagation neural network.
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Table 1. Architecture of the neural net-
works used for the experiments.
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Data

Ni 32 64 32 64
N 16 16 16 16
No 32 64 32 64

Ns 16. 384|/65, 536|16, 384|65, 536
Ne : the number of synaptic interconnections
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Table 2. Speedup and efficiency of the
network-decomposed backprop-
agation algorithm.

[Sp/Ett]
Data 10 Numeric 26 English
P characters alphabets

32-bit | 64-bit | 32-bit | 64-bit
1. 07 1. 0/ 1.0 1.0

1 100 100 160 160
1.9/ 1.9/ 1.9/ 1.9

2 95 95 95 65
3.6/ 3.6/ 3.6 3.6

4 S0 90 60 60
6. 4/ 6. 4/ 6. 4/ 6. 4

8 80 80 80 gO
10. 2/ 10. 4/ 10. 1 10. 4
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