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Abstract A simple approach to semantic document—
retrieval is to measure document similarity based on the
bag-of-words representation, e.g., cosine similarity bet-
ween two document vectors. However, such a syntactic
method hardly considers the semantic similarity between
documents, often producing semantically-unsound search
results. We circumvent such a problem by combining
supervised machine learning techniques with ontology
information based on Markov logic. Specifically, Markov
logic networks are learned from similarity-tagged docu-
ments with an ontology representing the diverse rela-
tionship among words. The learned Markov logic networks,
the ontology, and the training documents are applied to
the semantic document-retrieval task by inferring simil-
arities between a query document and the training
documents. Through experimental evaluation on real world
question-answering data, the proposed method has been
shown to outperform the simple cosine similarity-based
approach in terms of retrieval accuracy.

Key words : information retrieval, semantic document-
retrieval, supervised learning, ontology,
Markov logic
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