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Abstract

Word sense disambiguation(WSD) that determines the exact meaning of homonym which can be

used in different meanings even in one form is very important to understand the semantical meaning

of text document. Many recent researches on WSD have widely used NNLM(Neural Network

Language Model) in which neural network is used to represent a document into vectors and to

analyze its semantics. Among the previous WSD researches using NNLM, RNN(Recurrent Neural

Network) model has better performance than other models because RNN model can reflect the

occurrence order of words in addition to the word appearance information in a document. However,

since RNN model uses only the forward order of word occurrences in a document, it is not able to

reflect natural language’s characteristics that later words can affect the meanings of the preceding

words. In this paper, we propose a WSD scheme using Bidirectional RNN that can reflect not only

the forward order but also the backward order of word occurrences in a document. From the

experiments, the accuracy of the proposed model is higher than that of previous method using RNN.

Hence, it is confirmed that bidirectional order information of word occurrences is useful for WSD in

Korean language.
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3. Context Vector Computation Model Using

Bidirectional Recurrent Neural Network
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