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Preference multi-objective evolutionary algorithm based on hybrid guidance strategy
WANG Peidong, ZHU Yuanyuan, SUN Xixia

(College of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract ; Considering the problems of algorithm performance being affected by the locations of preference points, having difficulty
in controlling the size of the preference solution set, and slow convergence speed of traditional preference multi — objective
evolutionary algorithms, a preferred multi—objective evolutionary algorithm based on a hybrid angle and distance guidance strategy is
proposed. Firstly, a reference vector based distance dominance ( rd—dominance) rule based on preference vector is designed to solve
the problem that traditional reference solution based dominance (r—dominance) is affected by the position of the preference point. At
the same time, an adaptive algorithm threshold update mechanism is designed so that the algorithm can fully search for individuals
close to the Pareto front in the early stage of evolution, ensuring the diversity of the population. Then, a preference area division
method based on preference angle is designed and integrated with the proposed rd—dominance rule, and a hybrid guidance strategy
based on angle and distance is proposed. In the middle and late stages of evolution, the proposed preference area division method is
used to divide the preference area, and only the individuals in the preference area are ranked by rd—dominance, thereby quickly
guiding the population to evolve toward the area that the decision maker is interested in, and improving the optimization efficiency of
the algorithm. Experimental results on standard test functions show that compared with several typical preference multi—objective
evolutionary algorithms, the optimization results given by the proposed algorithm have better convergence and stability and are not
affected by the position of the preference point. At the same time, the proposed algorithm has faster convergence speed than the
traditional algorithm based on r—dominance.
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Fig. 1 Guidance diagram
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