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Figure 1 A word sense disambiguation model leveraging glosses and example sentences
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Table 3 The effect of attention calculation rounds on disambiguation accuracy
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Leveraging Linguistic Knowledge in Neural Network Chinese
Word Sense Disambiguation Model

MU Lingling, CHENG Xiaoyu, ZAN Hongying, HAN Yingjie
(School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; A neural network Chinese word sense disambiguation model was proposed. The model lever-
aged language knowledge to disambiguate senses by using the glosses and samples of target words in bidi-
rectional long-term and short-term memory network. Experimental results of this model on the SemEval-
2007 dataset of Chinese-English lexicon sample showed that the macro and micro average-accuracy of the
model were increased by 2.31% and 1. 93% respectively compared to the baseline model after leveraging
language knowledge. The results demonstrated that leveraging language knowledge with neural network
models was helpful for improving Chinese word sense disambiguation.

Key words: word sense disambiguation; dictionary; neural network ; language resource
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