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A method for calculating word similarity based on word
embeddings and multiple semantic relations
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(1 School of Computer Science and Technology, Shenyang University of Chemical Technology, Shenyang 110142, China;
2 Liaoning Key Laboratory of Industrial Intelligence Technology on Chemical Process, Shenyang 110142, China)

Abstract;: In the existing Wordnet—based methods of word similarity calculation, the semantic relationship is mostly focused on the
"IS-A" relationship, which results in a large deviation from human judgment. Although the word embedding method has good
computational effect, it is difficult to distinguish complex semantics. Therefore, this paper proposes a model based on word
embeddings and multiple semantic relations. The model introduces multiple semantics between word embedment methods and
concepts, extracts 14 semantic relations including antisense relations from WordNet, encodes these semantic relations into vectors
using word embedment, and then takes antisense relations as a single influence factor. The similarity of the influence factors
composed with 13 other semantic features is linearly combined, and the antisense relation is used to correct the excessive similarity.
The experimental results show that the correlation degree of the proposed model on WS203 and SimLex666 data sets is about 1. 2%
and 28% higher than that of the existing WordNet and word embedding methods, which effectively improves the accuracy of word
similarity calculation.
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Fig. 1 Flow chart of word similarity calculation model based on word embeddedness and mupltiple semantic relations
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Fig. 2 Word similarity calculation model based on multiple semantic relations
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Table 2 Comparison of experimental results and existing methods

RN MC30 RG65 WS203 SimLex
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