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In recent years, multi objective Genetic Algorithms is applied to many real-world problems.
One of the defects of GAs is high calculation cost for evaluation values of objective functions
such as in solving complex problem. One of the effective method which is to decrease the
computational cost is to search solutions using small number of individuals. However, in
this approach, there is problem that while searching the most optimization solutions, the
diversity is shrinked. In this thesis, algorithm which is to generate pareto solutions that
have better evaluation values of objective functions than using ordinary multi objective GA
is proposed by restraining the diversity shrinked using Neural Network. The effectiveness
of this algorithm is examined through the test functions where this algorithm is applied
to NSGA-II. The result showed that NSGA-II with NN has the same searching ability as
NSGA-II and NSGA-II with NN found the solutions that have better evaluations values of
objective functions.
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