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Chinese Part-of-speech Tagging Model Using Attention-based LSTM
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Abstract Because traditional statistical model based Chinese part-of-speech tagging relies heavily on manually designed
features, this paper proposed an effective attention based long short-term memory model for Chinese part-of-speech tag-
ging. The proposed model utilizes the basic distributed word vector as the unit input,and extracts rich contextual feature
representation with bidirectional long short-term memory. At the same time,an attention based hidden layer is added in
the network,and the attention probability is distributed for hidden state in different time to optimize and improve the
quality of hidden vector. The state transition probability is employed in decoding process to further improve accuracy.
Experimental results on PKU and CTB5 dataset show that the proposed model is able to make Chinese part-of-speech

tagging effectively. It achieves higher accuracy than traditional methods and gets competitive results compared with
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state-of-the-art models.
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Table 1  Statistical results for PFR and CTB5 datasets
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Table 2 Setting of hyper-parameters
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tagging results
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Table 3 Experimental results on PFR and CTB5 data
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MFE 3 AT LA, W LSTM 7EARvEHER 2 | Ik LSTM
FERLEARMATEZN LT XUEE . EMAEZ S HLH
B BLSTM+ ATT @R, i R MR it — L 8EAT
BLSTM BRI A M fi . 75 2 T 3 FhoA% &Y A9 B 48 A I 1 A 3%
IR L S T B3 A S 4 X R Al A R 1 L i — 25 A
CTBS ifikt LML 5O/ T/EM#AT T IE. Ik 4 g, AN
T AT LUE W 518503 F G011 0 S in) b e AR A Can Sk
(27092 Wi HMM. SCHRL6 119 CRF BERD A L, A SOA 7 51
YRR R Y bR R MEER R 7E BN AR R B R R B S A F)
95. 42 % . [ i, SCHk[18-20 78 Gk A% TE TR ] P A A A58 Y 1)
B A SO VAR, v, SCERC18] S 8L T 2 1 5 1) F&T 11y
43 V) R P A s — AR Ak AR 18, SOk (19 ) ST B T 3 1 55 e A 1)
PEBR A A A AT I G AR, SO (20 ST 30 T M2 45 R 11
BT A 1) AR AR T ) R A AT IR A T K A M A T S A
AT 55 B A A BRI, DB B 4SS 3 ) 3 1R A 1 25 SRR L 4 1A

A5 BRR U A AR AR MBI R B . b SCIRC19 7R B &

REAEL AT — BEAR A1 0 REAE L Gl e 1) 2R 2SR AR L X B AE

—EREIE LRI TR AR I A PERE . AR ST ] P A i A B AR

i /0 B RRAE G T] O TS TE T L3R B0 T A e O AR Vv A 46
4 ARSCHIAL S S HT T AR Y gL

Table 4 Comparisons of our model and previous models
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