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Pareto-MEC and Its Convergence Analysis
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Abstract Pareto mind evolutionary computation (Pareto-MEC) is a new multi-objective evolutionary algorithm (MOEA), which introduces the
theory of Pareto into MEC for multi-objective optimization. Feasibility and efficiency of Pareto-MEC are illustrated by numerical results. The
concepts of local Pareto optimal solution set and local Pareto optimal state set are presented. And it is proved that the sequence of population
generated through operation similartaxis strongly converges to local Pareto optimal state by using the probability theory.
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