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Latent variable model with prior distribution of Markov logic network
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Inference and learning of a Markov logic network require actual truth values of evidence ground atoms, and it
makes it difficult to apply Markov logic networks to problems in which these truth values cannot be determined
manually in advance. Even in such situations, it may be possible to infer truth values of evidence ground atoms
using other (possibly continuous) observations in data. In the proposed model, these unkown truth values are
treated as binary latent variables of observation models, and a Markov logic network is used as a prior distribution
for these models. In this paper, the authors show sampling algorithm and learning scheme for this model, and
validate these methods through a simple setting experiment.
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