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Influence of Tree Depth and Mutation on Genetic Programming
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Genetic Programming (GP) is one of evolutionary computation methods and GP can handle structural data such

as tree structure, and graph structure. One of the problems of GP is surplus chromosome growth which is called

a bloat. In this paper, searching mechanism of GP is discussed. Through the numerical examples of two types of

Symbolic Regression problems, the performance of crossover and influence of mutation rate were researched. In

these researches, the influences of tree depth and mutation rate on search solution were discussed. As result, it

was found out that GP doesn’t search interpolation by crossover in complex problem.
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Fig. 1 Definition of Inter and Outer Region
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Fig. 2 Simple Symbolic Regression
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Fig. 3 Complex Symbolic Regression

4.1.1 Simple Symbolic Regression
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4.1.2 Complex Symbolic Regression
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Table 1 Parameter of GP

Simple Symbolic Regression  Complex Symbolic Regression
M 400 400
G 250 1000
P 0.9 0.9
K 2 4
E 1 1
Dimas 17 17
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Fig. 4 Influence of tree depth on fitness in Simple Symbolic

Regression
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Fig. 5 Influence of tree depth on fitness in Complex Sym-

bolic Regression
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Fig. 6 Influence of tree depth on program size in Simple

Symbolic Regression
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Fig. 7 Influence of tree depth on program size in Complex

Symbolic Regression
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Fig. 8 Influence of mutation rate on fitness in Simple Sym-

bolic Regression
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Fig. 9 Influence of mutation rate on fitness in Complex

Symbolic Regression
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Fig. 10 Influence of mutation rate on program size in Simple

Symbolic Regression
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Fig. 11 Influence of mutation rate on program size in Com-

plex Symbolic Regression
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