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Abstract Recognization of semantic similarity between words plays an important role in text information
management, information retrieval and natural language processing. There are two major approaches to recognizing
semantic similarity, among which one way is extracting similarity representation based on structured semantic
dictionary, while the other way is learning the semantic similarity from a large corpus. Building a semantic dictionary
is a time consuming task which also requires much expertise, while the learning method cannot extract precise
similarity between words. This paper proposes to expand the semantic dictionary of word similarity by learning from
heterogeneous knowledge bases statistically. This method can not only expand the semantic dictionary from the open
knowledge bases, but also achieve accurate semantic similarity. In the evaluation of semantic relatedness held by CCF,
the proposed system ranked the 3 place according to the macro average F1 and the 2™ place according to the micro

average F1.

Keywords semantic similarity, heterogeneous knowledge bases, statistical learning, semantic mining.
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Table 1 Douban HTML Pattern Mining for Semantic Similarity Identification
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Table 3 Pattern Mining for Semantic Similarity Identification from Text
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Table 4 Importance of Patterns for Semantic Similarity
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Table 5 Heterogeneous Synonyms Fusion Algorithm
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Table 6 Templates for Semantic Similarity
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Table 8 Evaluation of participant systems on the data set NLPCC2012
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