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In real-world multi-objective problems, the characteristics of objective functions and their search difficulties are
different one another. Therefore, when search resources are evenly allocated like MOEA/D, the objective functions
with low search difficulty are preferentially optimized while those with high search difficulty are not optimized. In
real-world problems, it is better to search equally for each objective function. In this paper, we propose a method to
allocate search resources based on their search difficulties. We performed quantitative evaluation on optimization
balance between objective functions on 2 and 4 objective optimization problem. The results of experiments showed
the proposed method could perform more balanced search than conventional methods.
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