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Automatic Programming with Simulated Annealing

Y OSHIHISA FUJITA, MITSUNORI MIKI,*t* MASAFUMI HASHIMOTO
and ToMOYUKI HIROYASU*t

In this paper, we examine Simulated Annealing (SA) to generate a program described by
tree structure. SA is a mutation-based method. SA with fixed temperature schedules applied
to the Santa Fe trail, Wall-following, and two Symbolic Regression problems. Bloating does
not occur in SA with fixed temperature schedules. In addition, SA obtained good solutions
in Santa Fe trail and Wall-following problems, which have the possibility of syntactic introns.
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