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Word representation learning model using matrix factorization
to incorporate semantic information

CHEN Pei, JING Liping
(Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China)

Abstract; Word representation plays an important role in natural language processing and has attracted a great deal
of attention from many researchers due to its simplicity and effectiveness. However, traditional methods for learning
word representations generally rely on a large amount of unlabeled training data, while neglecting the semantic
information of words, such as the semantic relationship between words. To sufficiently utilize knowledge bases that
contain rich semantic word information in existing fields, in this paper, we propose a word representation learning
method that incorporates semantic information (KbEMF'). In this method, we use matrix factorization to incorporate
field knowledge constraint items into a learning word representation model, which identifies words with strong
semantic relationships as being relatively approximate to the obtained word representations. The results of word
analogy reasoning tasks and word similarity measurement tasks obtained using actual data show the performance of
KbEMF to be superior to that of existing models.
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