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Chinese Named Entity Recognition Method Based on BGRU-CRF

SHI Chun-dan QIN Lin

(School of Computer Science and Technology,Nanjing Tech University, Nanjing 211816, China)
Abstract Aiming at the problem that the traditional named entity recognition method relies heavily on plenty of hand-
crafted features,domain knowledge, word segmentation effect,and does not make full use of word order information,an-
amed entity recognition model based on BGRU (bidirectional gated recurrent unit) was proposed. This model utilizes ex-
ternal data and integrates potential word information into character-based BGRU-CRF by pre-training words into dic-
tionaries on large automatic word segmentation texts, making full use of the information of potentialwords, extracting
comprehensive information of context,and more effectively avoiding ambiguity of entity. In addition, attention mecha-
nism is used to allocate the weight of specific information in BGRU network structure, which can select the most rele-
vant characters and words from the sentence,effectively obtain long-distance dependence of specific words in the text,
recognize the classification of information expression,and identify named entities. The model explicitly uses the sequence
information between words,and is not affected by word segmentation errors. Compared with the traditional sequence la-

beling model and the neural network model, the experimental results on MSRA and OntoNotes show that the proposed

model is 3. 08% and 0. 16% higher than the state-of-art complaint models on the overall F1 value respectively.
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N4 Hb 4 AP & 4T U5 5 Zhou 261 2 48 A 4 oA W)
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Fig. 1 Named entity recognition model based on bidirectional
GRU-CRF
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Fig. 2 Character and word combination model
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U] Ak 1) 4] 5 T OB SR AL % B IR I R AR AL

Hor, a2 L2 IEMAE S8 w R S8
4 XHRERRDH

AR A G A SO SR AR TE 4 B AR AR TR Y S5 R DL &
PO 4% TE B o) A TR i 1 52 ) L OB L 5 A DT TR AT LR
4.1 HAEHESE
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2)OntoNotes-5. 0: f1 1745000 3% ,900 000 4 H1 3L HI
300000 A% BT H7 A T SCAS 4% 4L A, HOBOHE R IR 2 4 f A
TR SRR LR X E R S R AR s HAE
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BRI J2 tanh oR KL, AR RS 18] 1R FITIR] ) g ¢ 3R]
£ 5 813400 ML . £E i FH word2vec i 17 Il 25 B, X 1)
W ASEATE . SRR A Yang SFP 4R AR vk, ® 1
B MY AR S R Y 2 O ok S (AR A SOk R B AR
AT TAETE , B A B X5 5o M B 98 2 47 9 % . embedding X
/N R 50, GRU 58 [ KR K /I i 4 200, Dropout i
TG M A, #E N 0.5, BEHLESE T B (SGD) AT
BRSO PEAL B0 8 2 > 5 0. 015, 2% > ¥ T R il %
H AR (step decay) ¥, IR A 0. 05,

#£1 SHEE

Table 1 Configuration of parameters
S 4 4
T B 50
Word-char ] & 4 & 50
GRU [ 8 77 & 2 200
Char dropout 0.5
Word-char dropout 0.5
GRU B 1
LB E 1x10°8
ERES 0.015
FORF 0.05

4.3 itk

9T 86 UE AR SCHR Y 3 F word-char 5 BGRU-CRF
Hh S i 2 SRR 7 R A RO 8 T A A A Y char 9%
M word G Hh S 44 SER T AR T R LR . FEARR F Y 2
Bi-LSTM-CRF ##, %} MRSA.OntoNotes FI{ A B H 2 Y%k
S AT AL 25, I ) 03 4 1 A7 3. o AR SCAR R Y
BGRU-CRF 5 8 5 H Al A5 8 DL f o 2 5 A0 0 47 X Lb L 245 5% 4
Fo—F 4P,
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# 2 MSRA $HE4E Ly Xy b 4R

%% 3 OntoNotes #¥E 4 [ 19X L 45

Table 2 Experimental comparison results on MSRA Table 3 Experimental comparison results on OntoNotes
A Wox/%  HdEE/% F1/%  Sec/Epoch A WmE/%  HBEE/%  F1/%  Sec/Epoch
Chen(2006) 91.22 81.71 86. 20 16 Wang(2013) 76.43 72.32 74.32 19
Zhang(2006) 92.20 90. 18 91.18 23 Che(2013) 77.71 72.51 75.02 21
Zhou(2012) 88. 94 84. 20 86.51 32 Yang(2016) 65.59 71. 84 68.57 16
Zhou(2013) 91. 86 88.75 90.22? 53 Yang(2017) 79, 98 80. 15 76. 40 62
Dong(2016) 91.28 90. 62 90. 95 80
Word baseline 90.57 3. 06 86. 65 76 Word baseline 72.84 59.72 65.63 76
Char baseline 90. 74 86. 96 88. 81 72 Char baseline 68.79 60. 35 64.30 73
Ours 94. 65 93.87 94. 26 56 Ours 77.82 75.34 76.56 55
F4 AR A HOEREE LI 45 R
Table 4 Experimental comparison results on dataset of People’s Daily
. : A%/ % WLt 4 /% W4/ % See/Epoch
RS EEAERS F1 Lk RS B % Fl1 LK ES EREES F1
CRF 95.40 85.70 90. 30 95.70 89. 30 92.40 93.70 87.60 90. 50 16
%(2017“237 94.12 95.12 94.61 87.22 89.96 88.57 97.32 96. 28 96. 80 20
}5(2018)[2'1: 98.23 89. 49 93. 66 97.52 89. 34 93.25 93.74 87.98 90. 77 85
Word baseline 90. 27 89.18 89.72 88. 94 87.49 88. 21 96. 17 91.79 93.93 75
Char baseline 90. 18 88. 65 89.41 90. 35 88.75 89.49 92.77 89.19 90. 95 72
Ours 97.35 91.83 94.50 98.12 89.68 93.71 97.25 97.56 97.40 56

FERUE 4 MSRA L, Chen %1 i 3£ T £F 19 CRF £
L, F1 {54 86.20% ; Zhang %1 fifi i} ME(Maximum Entro-
py) BRI 45 & L LA AR, H FLEAE T 91, 18% 5
Zhou N HE MSRA %4 4 1 ff FI 3 F 538 (1) CRF 270 70
N THEESRAE0 F1 24 86. 51% 5 Zhou 18 R JH T — Fift 3 40
B BIARTE T ¥, F1 M358 T 90. 28% . Dong 2519 41 1Y 14
BLSTM-CRF, il F ZEAHEAE , B S5 745 x A L F1{E A Fr 48
IR BT 90, 95% , S TARMF I MERE . AR SO 4R BEAL F1
M 2 P HRE LS REE T 3.08%.

TE4UHE 4L OntoNotes I+, Wang 855 A 30 F H T K &= %
T SCA KRB IR B 5 Che 520 3 3 XUE 29 FOK 52K bR 25
45—k 32 T F118; Yang %07 78 Che B9 L6l 1454
ORI 2 KR A Y F A0 A R R AR B T A 44 S5 R Y &

R CHAIAE OntoNotes | F1 {H L Yang 045 Rm it T
0.16%,

FECNR BHOBIGE b oA SO RS B S 86 45 51
RO BE R EAT T 0 b, X b 4 SR R < A SORE R 7R HILF 44
Hb 44 TR 1 R R T A B AL HR 7E A FLH 7
WA B, X B REE AR LA, HF RN,

M 2— 3 4 FTLAAR L 580 J7 A B AR SCHR A 3
FHIA-FAF Y BGRU-CRF A8 8 BA7 56 4 77, 1 8 f +
b 5 3 o HE A 1) o U R 3R AR T RS SR, L
PR B 1 2 A RO K VA 0TS B A B I T A
i) BGRU-CRF v, 5240 R 78 288 195 B3I T 1 F 3¢
MR AR B IF TN A0 i e T SE AR S,

FOA 4 R b B U — A0 Ui 2Rt () BT DL S SEAR Y
CRF #5781 1 YIl 25 sF 18] 55 5, 3 Ut W CRE X il 25 B840 1)
(B PERE . AS SCHEH BB fE JLF CRF M3k B im A T BG-
RU, A . F character-based Bi-LSTM-CRF (Char baseline) &
T word-based Bi-LSTM-CRF(Word baseline) 8 , £ 1 i
B AHLENZ B BGRU 4544 30 f/f 5, 388 2 B TR AG
i HL AT RS W 72 17 35 Al A 20 T T A 8L GRU-CRF
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