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This project proposed an evolutionary optimization technique that identifies

and then uses useful optimization criteria based on solution structure and solution variable
dependency. Generated optimization criteria require no additional evaluations of evaluations, and
thus the proposed method can be suitable for computationally expensive optimization problems. While
the proposed method was initially designed for a single-objective optimization problem, beyond this
goal, this project extended our methodology to large-scale optimization problems and multi-objective
optimization problems. Accordingly, this project provides the following contributions. Firstly,
optimizing based on an extracted solution structure of good solutions can enhance an optimization
performance especially in single-objective problems including large-scape optimization problems.
Secondly, an SVM-based optimization criterion which predicts good solutions is suitable for
multi-objective optimization problems.
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(Differential Evolution: DE)[2]
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(Multi-objective optimization problems: MOP)

MOP

MOEA/D(M multiobjective evolutionary algorithm based on decomposition)[3]

MOEA/D
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