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Chinese Multi-word Expression Extraction Based Improved DE-Tri-Training Algorithm

Liang Yinghong', Tan Hongye®, Xian Xuefeng’, Huang Dandan', Qian Haizhong', Shen Chunze'

(1. Software Engineering Department, Jingling Institute of Technology, Nanjing, 211169, China; 2. School of Computer and Infor-
mation Technology, Shanxi University, Taiyuan, 030006, China; 3. Computer Engineering Department, Suzhou Vocational Uni-

versity, Suzhou, 215104, China)

Abstract: Failing to identify multiword expression (MWE) may cause serious problems for many natural
language processing (NLP) tasks. Because of lacking of Chinese MWE tagging corpus, a semi supervised
method is used to extract Chinese MWE, DE-Tri-Training semi-supervised clustering algorithm uses su-
pervised information in the beginning of the cluster, and obtains good results. The selection method of
original cluster center based head word expansion and the consistency collaborative learning data depura-
tion method based supervised information are proposed, which adds the supervised information into the
mid and late steps of clustering, so that classifiers can use correct label information to train it. The con-
trast experiment show that the extraction results of Chinese multi-word expression using the improved
DE-Tri-Training algorithm are better than that of using unimproved one. The effectiveness of the im-
proved DE-Tri-Training algorithm is thus verified.
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Fig. 1 Flow chart of K-means clustering algorithm based on extended method of center word
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Fig. 2 Flow chart of improved DE-Tri-training semi-supervised clustering algorithm
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Tab.1 Comparison results based on different clustering error rate threshold
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Fig. 3 Comparison results based on different clustering error rate threshold
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Tab.2 Comparison results among the improved method, Baseline and K-means
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