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Currently techniques from machine learning and statistical natural language
processing are popular in various fields including data—mining and bioinformatics.
However they are feature-based and it is difficult to capture interdependent
relationships in real data. We have developed a logic—based modeling language PRISM
which unifies logical semantics and statistical parameter learning. It separates
model description by logical formulas from their probability computation and
parameter learning, thereby enabling an expressive yet efficient complex
probabilistic modeling.
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