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This paper improves Self-Organized Sampling (SOS) method, which is our proposed optimization method for
multimodal functions, by using new parameter instead of the inverse temperature parameter on Bolztman distribu-
tion that causes the problem of an appropriate parameter setting. Through intensive simulations , we have found
an effectiveness of the proposed parameter. Concretely, SOS with the proposed parameter can optimize both the
original objective function and the linearly scaled function using the same parameter value, while SOS with the
inverse temperature parameter cannot always optimize both functions using the same parameter value.
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