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Abstract

Comparison of some cellular automata is important for finding the model which appropriately

expresses the given traffic flow data. In statistics, this comparison is known as the model

selection and many criteria have been proposed. We focus on the Bayesian marginal likelihood,

which optimizes the structure of the model, and investigate the automaton comparison based

on the likelihood values of multi-species TASEP and ZRP from real spacio-temporal diagram.
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