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Examination of Parallel Simulated Annealing using Genetic Crossover

ToMOYUKI HIROYASU,* MITSUNORI MIKI,t MAKI OGURAft
and YUKO OKAMOTO't

This paper proposes Parallel Simulated Annealing using Genetic Crossover (PSA/GAc).
In this algorithm, there are several processes of Simulated Annealing (SA) working parallel.
To exchange information between the solutions, the operation of genetic crossover is per-
formed. Through the continuous test problems, it is found that PSA/GAc can search the
solution effectively. The proposed algorithm is also applied to the minimization of protein
energy function. Comparing PSA/GAc to the conventional algorithm, it is also found that
PSA/GAc is effective algorithm for real world problems.
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Table 1 Success rate of PSA/GAc, DGA and SSAs

PSA/GAc  SSA-long SSA-short DGA
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10dimensions | (0.90 0.00 0.00 0.00
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30dimensions 1.00 0.00 0.00 0.00
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Table 2 Success rate for prediction of protein tertiary

structure

Number of

MCsweeps Evaluations Success rate
PSA/GAc 4992 100005 x 19 0.90
SSA 100000 100000 x 19 0.50
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