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Recently, many multi-objective genetic algorithms have been developed and applied to real-
world problems. An important issue in resolving this type of problems is how to handle
the high calculation cost. One possible solution to this problem is the search with a small
population size. However, with this search, the diversity of solutions is often lost, while the
calculation cost can be reduced. Therefore, the solutions that only have a low degree of
diversity can be obtained with insufficient calculation time. Qur approach to resolve this
issue is to relocate the converged solutions uniformly in the objective space, when solutions
are converged to certain points. In this relocation, it is necessary to perform an inverse
analysis that presumes the values of design variables according to the fixed values of objec-
tive functions, because the relocation is conducted in the objective space. In this paper, we
propose a new mechanism, which applies not only multi-objective genetic algorithms but
also Network Inversion, that can preserve the diversity of solutions. The proposed mecha-
nism was introduced to NSGA-II, and its effectiveness was examined on mathematical test
functions and diesel engine emission and fuel economy problem. In both types of problems
with high dimentionality, the proposed mechanism provided solutions with a high degree of
diversity even when the search was performed with a small number of solutions. In addi-
tion, the effectiveness of the clustering before inverse analysis was also discussed through the
experiments.
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