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Coarse-Graining Newton’s Method for Optimization

HIROKI YOSHIZAWA,* HITOSHI SAKANO' and SHUJI HASHIMOTO?

In this paper, we model the landscapes of the search spaces of knapsack problems in con-
sideration of the landscape structure which many combinatorial optimization problems have.
Based on the model we propose the new method for optimization called a coarse-graining
Newton’s method, and show the validity experimentally. The coarse-graining Newton method
realizes efficient optimization by replacing redundant probabilistic iteration with statistical

one. The relation between parameters and accuracy is clear in the proposal method, and

convergence speed can be controlled easily.
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