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Many-object optimization algorithm with preference based on decomposition
XIE Qianwen, HE Lili
(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

[ Abstract] For multi—objective optimization problems, traditional optimization algorithms cannot handle the convergence and
distribution problems on the complex Pareto front (PF) effectively, which causes that convergence and distribution cannot be well
balanced. Utilizing the improved Penalty—Based Boundary Intersection( PBI) , the hyperplane moves according to the complementary
displacement to form a new standard coordinate system, so that more individuals are distributed in feasible areas. And for the high—
dimensional target optimization algorithm, it can effectively reduce the search space, solving the situation of slow convergence and
population degradation in the later stage of the algorithm. The multi—objective optimization algorithm based on preference vector
decomposition (NSGA-RPIPBI) proposed in this paper uses preference information as a condition for promoting the solution to
move to the optimal solution, which can speed up the convergence and find the close real Pareto Optimal Frontier Solution ( POF).
In this paper, NSGA-RPIPB , non—dominated sorting genetic algorithm ( NSGA-II) and multi—objective evolutionary algorithm
based on advantage and decomposition (MOEA/DD) are tested on multi—objective problem test set DTLZ1-4,and the results shows
that NSGA-RPIPBI has a better convergence and distribution effect on the solution set.
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