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Abstract: There are two different methods used to compute semantic similarity. One uses vector-based models,
and the other is based on lexical taxonomies. But each of these two methods has its own shortcomings. The vector
—based models are based on the context’s information from the co-occurrence of a word. But this information
doesn’t portray the authentic semantic relevance accurately. The lexical taxonomies which are not perfect enough
to a certain extent suffer from huge construction cost. This paper proposes a way to calculate semantic similarity
by linking vector model to multi-source lexical taxonomies. In this method, vector representation of a word is
calculated through distributed representation from vectors-based models, and synonym relations are derived from
multi-source lexical resource. Furthermore, this paper explores the way to select and fusion the knowledge from
multiple lexical taxonomies. These combinational methods can make up the shortcomings of the two traditional
semantic similarity computing methods mentioned above. We adopt PKU 500 for evaluation, which was used as
the dataset of the NLPCC-ICCPOL 2016 shared task on Chinese word similarity measurement. Our method
achieves a Spearman’s p of 0.618, which gains 19.3% improvement comparing to the best result in the shared task.
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R AL T3 R 50 TCREE Ty AR T SR TE AT BB PEREXS L

5 ITIE Spearman’s p
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SR A B P O 7 A PR PKU 500 SRS T 0.618 I 2 /R
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