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Simulated Annealing Programming (SAP), an automatic programming method, is an extension method of

Simulated Annealing (SA) that allows SA to handle tree structures. In this method, the point to exchange is chosen

randomly, and the subtree to insert is also generated randomly. In this paper, we propose the method that finds out

effective subtrees in search and that uses them to generate subtree for inserting. The proposal method can perform

search more efficiently than standard SAP in Santa Fe trail problem and Symbolic Regression problem.
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Fig. 1. Generation Method in SAP.
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Fig. 2. Test Problems.
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Fig. 3. Algorithm of Proposal Method.
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Fig. 4. Probability of Success.
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Fig. 5. History of Program Size.
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