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[C-based approach for calculating word semantic similarity in CiLin
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Abstract: This paper resolved the problem that the hierarchical structure of CiLin provided by HIT ( Harbin Institute of Tech—
nology) could not effectively reflect the difference of information content among the words extracted a word for a node that only

has the encoding optimized the structure of CiLin and proposed a semantic similarity computing strategy. The experimental re—

sults show that the optimized CiLin can better reflect the difference among the words. The proposed new strategy is applied to

the optimized CiLin the accuracy of the calculation results reach a high level and has good practical value.
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