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Abstract: A problem to find design variables that make a value of the objective function maximize or
minimize is called an optimization problem. Among optimization problems, problems that have not only
one objective function but several functions are called multi-objective optimization problems(MOPs). The
MOPs are found in many real world problems. Usually, there is a trade-off relationship between objective
functions. Therefore, it is difficult to find the solution that minimize/maximize all objective functions.
One of the goals of MOPs is to find Pareto-optimal solutions. These days, many researchers applay
evolutionary algorithms to MOPs. Since evolutionary algorithms are multi point searching methods,
they are very suited to find Pareto-optimal solutions. In this paper, the basic concept of evolutionary
algorithms for MOPs is explained. The important algorithms are also summarized and the problems of

evolutional algorithms are discussed.
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