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Learning Bayesian networks based on MDL (Minimum Description Length) is an approximation method of an
exact Bayesian predictiove distribution, which is called ”DPSM(Dirichlet Prior Scoring Metrics)”. However, some
experimental researches showed that MDL based learning is less effective than DPSM based learning. The main
reason of this is that DPSM can reflect the prior distribution but MDL can not reflect it. Therefore, this paper
proposes a MDL which reflects user’s prior knowledge. The unieque features of the MDL are as follows: 1. It is an
approximation of the predictive distribution based on the Dirichret-multinomial model for Bayesian networks, and
2. It has a strong consistency for any prior knowkledge and any hyper-parameter. Some simulation experiments

show the effectiveness of the proposed model.
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