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Abstract Tatistical relational learning is a new field of artificial intelligence research, Through the combination of
probabilistic inference model and logic, or the combination of probabilistic inference model and relational schema, it
aims to achieve greater accuracy of prediction or classification. Statistical relational learning has broad prospects in ma-

chine learning and data mining areas. This paper is a survey of the theory of an important one of statistical relational

learning models

problems and future research directions of it.

Relational Markov Networks, Summarized present research circumstances and analized existing
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