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Living Migration Analysis and Its Application
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Abstract A new adaptive-probability algorithm for global optimization, Living Migration Algorithm(LMA), is proposed by simulation of
bio-subsistence and bio-migration in this paper. It simulates the mechanism that biology decides whether to migrate by comparing the standard of
living with the minimal life-needs for searching better life. Unknown search space can be acquainted gradually by means of the standard of living,
and biology can judge whether to migrate in terms of the minimal life-needs for seeking better living space. The mechanism and the model of LMA
are given. And also given are convergence quality of LMA dealing with the global optimizations in terms of probability. Experimental results show
that LMA has perfect convergence.
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