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Effect of Stochastic Fluctuation in Genetic Algorithms

HirosHI FURUTANT#

When we apply genetic algorithms (GAs) to a given problem, we often choose the popu-
lation size N intuitively. Though we can reduce the cost of calculation by choosing a small
number of N, effects of random fluctuation become significant. The most part of these effects
become zero after averaging repeated trials. However there are several types of effects which
bring finite contribution even after avaraging. In this report, we have studied the relation
between the average fitness f and N after averaging by using the multiplicative landscape.
We found in numerical experiments that there is a case of slower increase of the average fitness

f with a small number of N than f with larger N.
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Fig. 1 The average fitness f.
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Fig. 2 The variance of fitness VAR(f).
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Fig. 3 The second order term, the epistatic variance V..
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