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Estimating a minimum required sample size for Bayesian learning
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A probability density gradually becomes identified as the sample size increases. To the best of our knowledge,
there is a fundamental question that has not been elucidated: at least how many samples are needed to find out
the density structure? In this study, we show that a minimum required sample size is related to the transition
points just like the temperature that the ice melts into water. This is based on the fact that Bayesian learning is
mathematically equivalent to statistical mechanics, which explains phase transition phenomena. We calculate an
order parameter which we call Bayesian specific heat, and show a drastic change in the density structure around
the transition points to validate our theory. We make some experiments in radial basis function networks as an
example, by using the exchange Monte Carlo method since it is difficult to obtain Bayesian specific heat analytically.
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