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Abstract

We proposed an optimal parallel implementation of an optimization neural network with linear
increase of speedup by using multicomputer system and presented performance analysis model of
the system. We extracted the temporal- and the spatial- parallelism from the optimization neural
network and constructed a parallel pipeline processing model using the parallelism in order to
achieve the maximum speedup and efficiency on the CSP architecture. The results of the experi-
ments for the TSP using the Transputer system, show that the proposed system gives linear increase
of speedup proportional to the size of the optimization neural network for more than 140
neurons, and we can have more than 98% of efficiency upto 16-node system.
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