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IMPROVEMENTS ON THE ESTIMATION OF
THE LOG-LIKELIHOOD OBTAINED THROUGH
THE MONTE CARLO FILTER

Tomoyuki Higuchi

The Institute of Statistical Mathematics

Minami-Azabu 4-6-7, Minato-ku, Tokyo 106, Japan

The algorithm with a name of “Monte Carlo Filter” (MCF) has been presented for the
non—Gaussian state space model. In this study, we investigate the connections between
the Genetic Algorithm (GA) and MCF. One of the objectives of this paper is to cast the
GAinto the Bayesian framework by its interpretation from a viewpoint of the MCF. Several
ideas to improve an original MCFalgorithm are shown based on a numerical experience
to estimate the log-likelihood more accurately.
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