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A Spatiotemporal Parallel Processing Model for the MLP
Neural Network

Sung-Oan Kim *

Abstract

A parallel processing model by considering a spatiotemporal parallelism is presented for
the training procedure of the MLP neural network. We tried to design the flexible parallel
processing model by simultaneously applying both of the training-set decomposition for a
temporal parallelism and the network decomposition for a spatial parallelism. The
analytical performance evaluation model shows that when the problem size is extremely
large, the speedup of each implementation depends, in the extreme, on whether the

problem size is pattern-size intensive or pattern—quantity intensive.
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Fig. 5 Data dependence graph of spatiotemporal parallel processing
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Fig. 7 Time-space chart of spatiotemporal parallel processing
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