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Modeling of Genetic Algorithms Based on
the Viewpoint of Mixture Systems

JUN-1cHI IMATt JHIROYUKI SHIOYAtt and MASAHITO KURIHARA®

Some mathematical models have been proposed for theoretical analyses of genetic algo-
rithms (GAs). However, these works have limited their objects to a few kinds of GAs in order
to formulate them accurately. In this paper, we regard a GA as an information source that
generates input-output data. That is, we regard a population and its next population gener-
ated by the GA as input and output respectively. Then we model the GA by learning from
these data. Since this method uses only the input-output relations of data and ignores interior
structures, we can describe a variety of GAs in a common form, and analyze them from a
new point of view. We use some mixture models for a representation of these input-output
relations in this paper. By using a mixture model for modeling a GA, we can represent the
GA system as a combination of some partial systems. In this paper, we treat two types of
mixture models, and investigate how these models are effective for analyzing GAs through

some numerical experiments.
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Table 1 An example of parameter settings.
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Fig. 1 An orbit in A.
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Fig. 3 The relation among GAs, models and vector fields.
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Fig. 4 Two types of mixture models.
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Table 2 Optimization problems that the GA solves
(Experiment 1).
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Table 3 Parameter settings (Experiment 1).
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Table 4 Optimization problems that correspond to

experts (Experiment 1).
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foizs | 0 4.0, 1= 3.0, 2+ 2.0, 3 1.0
foisz | 0 4.0, 1= 3.0, 2+ 1.0, 3 2.0
fozia | 0 4.0, 1= 2.0, 2+ 3.0, 3~ 1.0

fazor | 0 2.0, 1= 1.0, 2+ 3.0, 3 4.0
fazio | 0 1.0, 1= 2.0, 2+ 3.0, 3 4.0
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Table 5 Experimental results 1—(i) (mean squared error).
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f2 | 0.32x107%  0.25x 1072
f3 | 0.70x 107  0.98x107°
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Table 6 Experimental results 1—(i)

(the first six experts in order of the mixture rate).
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Table 7 Experimental results 1—(ii) (mean squared error).
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Table 8 Experimental
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results 2

(the first six experts in order of the mixture rate).
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Table 9 A knapsack problem that the GA solves
(Experiment 3).
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Table 12 Experimental results 3 (mixture rate).
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