¥27 % 10

TENMNRKRARSARE Vol.27  No. 10

2017 4210 H COMPUTER TECHNOLOGY AND DEVELOPMENT Oct. 2017

ML s I E &

£ F 8 540 22 R 25 /5 B AR E B o S - A B

o FmAE - ARARAL AT K 2 RER
(1. #BREXF HHEMNERE ISR, Hie 54 KF 830052;
2. ¥R E Rk BB R AR, HE 5EKF 830052;
3. #TEBILBRARAF A TR B L HT8% 5 -& K5 830052)

B E RS ARE S AP AR . 15 AREF IR P FIAR AL T S o E RN Y
I F2 00 0 T SO R A T W 2 o) P SCSCAS AR BUREAE AR L . IR TR B ST A MR b B BN SCHEAT
A3 E Bz KIEEE B AUTRE T . S0 FaR IR EHEATRIFSY , 35 ) 787 B0 AR A AT SR T AL 76 1 4k 2 19 26 A58 3 A7
SCAyn] R TR X TR SO/ BRI, T AR TR B4 RS A R SOE R SR B0 T SCRERE A AN i
Tofs BE R M FILARR 1) 1P 80, SR 5 AR A2 I AN A 199 B S 1], BRAS AR XL AT 10 A T8RS g SRR W i Bk
fd F AT LLGR B 97. 3% 1Y T STATRIERR 38, S R GepL 882 2 3Rl S AH 1L BOR B 3.

KR . A SRIE S A IR L4 P bR ; oS B AR S

HE5ES . TP301.6 XEkARIZAD A XEHS:1673-629X(2017) 10-0065-04

doi;10.3969/j. issn. 1673-629X.2017. 10. 014

Research on Chinese Word Segmentation Method of Sequence
Labeling Based on Recurrent Neural Networks

DIAO Qi',Gulimila - KEZIERBIEKE',Zhong Li-feng?,ZHANG Jian’ ,ZHANG Zhi-qgiang'
(1. College of Computer & Information Engineering, Xinjiang Agricultural University , Urumqi 830052, China;
2. Library of Xinjiang Uygur Autonomous Region, Urumgqi 830052, China;

3. Xinjiang Honglian Software Co. ,Ltd. ,Urumgqi 830052, China)

Abstract; Word segmentation is a key technology in Chinese natural language processing. In natural language processing, sequence labe-
ling plays an important role in Chinese word segmentation. The current mainstream Chinese word segmentation method is based on super-
vised learning ,extraction of feature information from the Chinese text. However, they cannot make full use of context information to seg-
ment Chinese,and lack of long—distance information constraint. In order to solve it,Chinese word segmentation is carried on based on bi
—directional recurrent neural network model on the premise of sequence labeling ,avoiding the limitation of window size on context, obtai-
ning the context information of the front and back of a word. It can effectively solve the problem of gradient explosion and explosion by
adding context information,and then add a good context vector in the input layer to obtain a relatively good word segmentation effect.
The experimental results show that it can achieve 97.3% accuracy of Chinese word segmentation and is superior to the traditional ma-
chine learning segmentation algorithm in the effect.
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