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Research on Chinese words segmentation based on feature fusion
ZHANG Qian, GAO lJianling, DING Rong
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Chinese Word Segmentation ( CWS) is an important basic task in Natural Language Processing (NLP). Due to the
particularity of polysemy and homonym in Chinese vocabulary, it is one of the challenges faced by Chinese word segmentation
research in recent years to complete the task of word segmentation accurately. Therefore, this paper proposes a shared BILSTM-CRF
model which integrates character features, Pinyin features and Wubi input features, and effectively integrates language features by
sharing LSTM network in the training process. Experiments on a large number of data sets show that feature fusion can significantly
improve the accuracy of labeling. Without using any external vocabulary resources, the accuracy of AS and CityU data sets can reach

96.9% and 97.3% respectively.
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Fig. 1 Examples of polysyllabic words and polysemous words
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Fig. 2 Five—stroke input of Chinese characters
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Fig. 3 BIiLSTM-CRF network structure based on feature fusion
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Fig. 4 Shared Bi—LSTMs—CRF model
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Tab. 1 Model’s word segmentation performance on five data sets

o CTB6 PKU MSR AS CityU
i 4

P R F P R F P R F P R F P R F
SR 941 940 942 959 957 958 952 953 955 955 954 955 958 957 96.0

Shared Bi-LSTMs—CRF 95.4 95.0 95.3 96.3 96.2 96.1

97.1 969 97.1 96.8 96.9 96.8

97.0 97.1 97.1
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Tab. 2 Comparison of word segmentation performance with other
literature models on four data sets of Bakeoff 2005

el PKU MSR AS CityU
SCHR[ 12 ] #i ) 96.5 97.4 / /
SCHR[ 15 ] #5580 96.1 97.4 96.2 97.2
SCHR[ 17 ] AR5 96.0 97.9 96.1 96.9
SCHRT 19 #E 94.4 98.1 96.4 96.9
Baseline 95.7 95.6 95.6 96.1
Baseline+PY 96.1 96.7 96.8 97.1
Baseline+WB 96.3 97.2 96.7 97.4
Baseline+PY+WB 96.2 97.1 97.0 97.2
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Tab. 3 Embedded ablation on CTB6 and CityU

o CTB6 CityU
i

P R F P R F
FLELMRL 941 94.0 94.2 95.8 95.7 96.0
HLL+PY  94.6 94.9 94.8 96.7 96.5 96.5
FELE+WB 953 95.4 95.3 97.2 97.3 97.2
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