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Parallel Simulated Annealing with Adaptive Neighborhood using
Different Target Acceptance Ratio

Hiroki HIRAO* , Yuichiro UEDA** , Mitsunori MIKI*** and Tomoyuki HIROYASU1

(Received January 7, 2009)

This paper deals with a new approach in Simulated Annealing (SA), and proposes an adaptive neighborhood mechanism

for continuous optimization problems. When applying SA to continuous optimizing problems with numerous local optima, the

automatic control of the size of the neighborhood becomes necessary to obtain good performance. We have already proposed

the method called Simulated Annealing with Advanced Adaptive Neighborhood (SA/AAN). This method has an adaptive

neighborhood adjustment mechanism maintaining a given target acceptance ratio, and it shows very good performance for

continuous optimization problems. The target acceptance ratio in this method is determined experimentally. In order to

overcome this problem, SA/AAN is performed in parallel with different target acceptance ratios. The proposed methods are

applied to solve many continuous optimization problems, and it is found that the methods are very useful and effective.
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Fig. 1. Algorithm of Simulated Annealing.
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Fig. 2. Effect of the neighborhood range on the energy.
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m′ = m × g(p)

g(p) = H if p > p1
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Table 1. Parameters in each method.

Function Rastirigin Griewank

Total steps 25600 × 4 76800 × 4

Cooling steps 32

Max.(Initial) temperature 10 20

Min.(Final) temperature 0.01 0.001

Initial neighborhood range 1.0 5.12 6.0 512

Neighborhood adjustment interval 50

Neighborhood range’s parameter

adjustment interval 200
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