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On Calculating Word Similarity Using Large Text Corpora

AKIKO A1zAawaTL12

This paper focuses the utilization of large-scale text corpora in the task of synonymous
relationship identification. Recently, large-scale text corpora became available for automatic
synonyms extraction and it was reported that the performance of simple methods adapted
to large-scale corpora was sometimes comparable to the one of more elaborative methods
such as Latent Semantic Analysis (LSA) adapted to traditional linguistic resources V). In this
paper, assuming that the similarity calculation is affected by the co-occurrences with high
frequent words, we propose two methods for reducing the bias. Also proposed is a method
for extracting datasets for performance evaluation using both lexico-syntactic patterns and
conventional human editing thesaurus. The effectiveness of the proposed methods is shown
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using newspaper and Web document collections.
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Fig.1 Example of corpus size effect on the context words distribution.
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Fig.2 Similarity values and word frequencies.
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Table 1 Examples of similar/non-similar word pairs used
in Task-I.
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Table 2 Examples of pattern expressions used in Task-II.
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Table 3 Text corpora used in the experiment.
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