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Machine Reading Comprehension Model for Chinese Word Segmentation

ZHOU Yulin"?, CHEN Yanping"?, HUANG Ruizhang"?, QIN Yongbin'?, LIN Chuan'*?
(1. State Key Laboratory of Public Big Data, Guiyang 550025, Chinaj;
2. College of Computer Science & Technology, Guizhou University, Guiyang 550025, China)

Abstract: Conventional sequence models for Chinese word segmentation are difficult to encode
long distance semantic dependencies of a sentence, cannot make full use of input features, and
have few boundary samples for use, which leads to data imbalance. In view of this, this paper
proposes a machine reading comprehension (MRC) model for Chinese word segmentation. First,
the sequence labelling task for Chinese word segmentation is converted into a machine reading
comprehension task. This model constructs a triple relationship among question information, text
content and answers to enrich the input features. Then, the triple relationship information is pre-
trained by bidirectional encoder representation from transformers (BERT) to capture the
contextual information, and a binary classifier is used to predict the word answers. Finally, the
original cross-entropy loss function is improved to alleviate the data imbalance between examples.
The experiment results show that machine reading comprehension model achieves F, value of
96.64% ., 97.8% ., 97.02% and 96. 02% with four public datasets used: PKU, MSRA, CITYU
and AS. Compared with other neural network sequence labeling models, this model improves the
corresponding F, value by 0.13%, 0.37%, 0.4% and 0. 08%.
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Fig. 3 Variation in experimental results for different

proportions of data set divisions
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Table 6 Results of ablation experiments
TR Jin] A Fi /%
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Vv Vv 95.12 96.75 96.11 94.73
4 Voo 95,18 96.91 96.32 94.98
4 Vv 4 96.42 97.54 96.73 95.97
Vv Vv Vo 96.64 97.80 97.02 96.02
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