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Various deep neural network models have been proposed; however, with the emergence of big data, high computing
power is required to train and use such models. A small adequate model should be modeled if a rich computing environment
is unavailable. It is challenging to clarify how to build a relatively small, high-performance model. In this paper, we
propose a model compression method based on differential evolution. Specifically, the proposed method optimizes not
only network structures and but also weights simultaneously by the differential evolution. Experiment results showed that
the proposed method appropriately reduced weight parameters after optimization and had similar accuracy as the original

model without compression by adjusting the compression rate.
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Fig. 1. Evolutionary operations of differential evolu-

tion
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