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APPLICATION OF EVOLUTIONARY MULTI-OBJECTIVE OPTIMIZATION ALGORITHM
TO DYNAMIC BINARY NEURAL NETWORKS
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This paper studies application of an evolutionary multi-objective optimization algorithm. A dynamic binary

neural networks is characterized by the signum activation function and ternary connection parameters.

Depending on the connection parameters, this network can generate various binary periodic orbits. In order to

evaluate the performance, we consider the bi-objective problem corresponding to stability of the binary periodic

orbits and sparsity of the connection parameters. Although uni-objective optimization problems require the

optimization of only one objective, multi-objective optimization problems require the simultaneous optimization

of multiple objectives. In order to optimize the bi-objective problem, we present a multiobjective evolutionary

algorithm based on decomposition. This algorithm decomposes the bi-objective problem into multiple

subproblems and can optimize the problem effectively. Performing elementary numerical experiments for
typical examples of binary periodic orbits, it is confirmed that the algorithm realizes both strong orbit stability
and appropriate connection sparsity. It is also confirmed that the algorithm outperforms another algorithm based

on the Lasso regularization.

Key Words : Multi-objective evolutionary algorithm, MOEA/D, Binary neural networks.
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