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Fig. 1 Comparison of optimal individual guidance strategies
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Oppositional-mutual learning jellyfish search algorithm based on mean-value example

Duan Yanming®, Xiao Huihui*”, Tan Qianlin®
(a. College of Big Data and Computer Science; b. Guangxi Key Laboratory of Sericulture Ecology and Intelligent
Technology Application, Hechi University, Hechi 546300, China)

Abstract: In order to solve the problems that the lack of divercity of the jellyfish search algorithm(JS) in ocean current
motion, the lack of guidance in intra-swarm motion, and no exchange of information between populations, which result in slow
search speed, poor stability, and susceptibility to precocious maturation, an oppositional-mutual learning jellyfish search algo-
rithm based on mean-value example(OML]S) is constructed. Firstly, in the part of the jellyfish following ocean currents(global
search) , the average position of the previous two generations of jellyfish is used instead of only considering the average position
of the previous generation to guide the position update of individual jellyfish, which improves the global search ability of the al-
gorithm; secondly, in the part of jellyfish's intra-swarm active movement(local search), the optimal individual is used instead
of random individual to guide the jellyfish to perform more effective search, which accelerates the convergence speed of the al-
gorithm; Then, before the jellyfish enters the next iteration, a dynamic reverse mutual learning step is added to the jellyfish
population to increase the diversity of the population and enhance the information exchange between the populations, so as to
complement the other two strategies and improve the overall optimization performance of the algorithm. Twelve classical
benchmark test optimization functions are selected to compare and analyze OML]S with five comparative algorithms in terms of
the mean value, optimal value and variance of the solutions, and are used to solve the minimum spanning tree problem, where
OML]JS is able to find the minimum spanning tree faster. The experimental results show that the convergence speed and solu-
tion accuracy of OML]S are significantly improved.

Keywords: jellyfish search algorithm; mean-value example learning; oppositional-mutual learning; time control mecha-

nism; minimum spanning tree problems
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Tab. S1 Comparison of test function results
PO =RR
PR £K St E
HCLPSO MFCPSO MPEDE IS MJSO OMLJS
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Tab. S2 Comparison of improved strategy effectiveness results
X b5
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Tab. S3  Result comparisons for minimum spanning tree problems
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