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Chinese Named Entity Recognition Based on BSTTC Model

SHEN Hui, ZHANG Ying-Jun, XIE Bin-Hong, ZHAO Hong-Yan
(School of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: In most recognition models of Chinese named entities, language preprocessing only focnses on the vector
representation of single words and characters and ignores the semantic relationship between them, hence failing to tackle
polysemy. The transformer feature extraction model improves the understanding of natural language due to parallel
computing and long-distance modeling, but its fully connected struétpre makes the computational complexity the square
of the input length, which leads to poor recognition of Chinese named entities. A recognition method for Chinese named
entities based on the BERT-Star-Transformer-TextCNN-CRF (BSTTC) model is proposed to solve these problems. First,
the BERT model pre-trained on a large-scale corpus is used to dynamically generate the word vector sequence according
to its input context. Then, the star Transformer-TextCNN model is adopted to further extract sentence features. Finally,
the prediction resultis received by inputting the feature vector sequence into the CRF model. The experimental results on
the Chinese corpus from MSRA show that the accuracy, recall, and F1 value of this model are all higher than those of
existing models. Moreover, its training time is 65% shorter than that of the BSTTC model.
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YLK [E] (s) F1(%) WZRE(S)  F1(%)
1 3968 91.75 1286 92.04
2 6923 92.18 2478 94.14
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4 12876 9247 4868 94.32
5 15 7,‘86“-" . 193.49 6064 94.49
6, 118762 © 93.56 7254 94.51
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10 30736 94.26 12045 94.94
11 33724 94.03 13249 94.99
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18 54725 94.85 21641 95.48
19 57683 94.77 22836 95.36
20 60692 94.83 24029 95.42

UEAh, T BRI R, AR SO AR IR R |
PR REAT 1 6 B

1) Radical-BiLSTM-CRF 74 i Dong 250 $2 1.
AR ALK R N2 R OR 1)E B N\ 2 BILSTM-

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 2 631

http://www.c-s-a.org.cn

i H AR SN A

CRF H AT I

2) Lattice-LSTM-CRF #%!, B Zhang 250" 2 H,
A SRR NI ERES = WAL IR e s R Tip AL
REAE, o Baa] e B U A% 7 45 T AR AR AL

3) DEM-attention %!, Hf Zhang 2502 $2H, i% 4k
BRI RER R IWLEITE RN B & g6 T F /M
FRLRDRLBE (RIRFAE, DA B 1 i B WA A AN ), %2 1
FEA) v 6F L 1 BT A B #R L S 7E Y, AR JE R AN
BiLSTM-CRF H#E1T i)l %k.

4) BERT-BiLSTM-CRF B2, A8 % F Tl 5
L) BERT #8477 ) B, 43 A\ BILSTM-CRF £
HHIEAT IR

5) CAN B, i Zhu 059 $2 27000 7)1 45
U AR ) BN CNN R GRU /4 4% M FR 405 5 745 i) 1
R SCRERAE R, HAEH T CRE #7452 .

6) BERT-Transformer-CRF Eﬁéﬂ\, ZAE AR AL T
BERT-BiLSTM-CRF %, % BILSTM J2# 1 4 Trans-
former Z.

7) BERT-Star-Transformer-CRF #5784 {45 71 A1)
F BERT-BiLSTM-CRF £, ¥ BiLSTM JZ & #t hy
Star-Transformer JZ.

X5 B T AR RS AR . [l 2
F1AESE A5 R

RS HHEHMXTESR (%)

5 FELTY P R F1
1 Radical-BiLSTM-CRF™” 9139 88.22 89.78
2 Lattice-LSTM-CRF""! 93.57 92.79 93.18
3 DEM.-attention"” 90.59 91.15 90.87
4 BERT-BiLSTM-CRF 92.84 9457 93.68
5 CANPY 93.53 9242 92.97
6 BERT-Transformer-CRF 94.57 95.15 94.85
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