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Abstract: M anetic algorithm is one of the most efficient methods for multi-objective optimization problems,
incorporating local search into evolutionary computation and having high global search ability. Hybrid adaptive
maemetic algorithm (HAMA ) uses a smulated annealing-based w eighted-sum method to perform local search, uses
Pareto-based gpproach to mpleanent crossover and mutation, and enploys perturbation to enhance the exploration
cgpability of the algorithm. The evolution ismade self-adjusted acoording to optimization ratio for better efficiency
and robustness of the algorithm. A testing example show s that HAM A can generate near-Pareto optimal and w ell-
extended approximation set
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