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BERT-based multi-feature fusion for Chinese named entity recognition
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Abstract Given the problems that external knowledge is introduced into most Chinese named entity recognition methods
to obtain deep semantic information, and that models based on RNN structure are weak in extracting spatial features, a
BERT-based multi-features fusion model for Chinese named entity recognition is proposed. The deep semantic information
of the input sequence is obtained based on BERT, and the feature extraction capability is enhanced by using MHSA and
IDCNN module. The former employs relative position encoding and multi-head self-attention mechanism to capture
potential features of the input sequence, so that the distance and direction information between characters can be obtained.
The latter module can model spatial features to get the global information of the input sequence. The output features of the
two modules will be concatenated to improve the performance of the model. Experimental results show that F1 scores of the
proposed model on MSRA, Resume and Weibo can reach 95.12%, 95.45%, and 66.14% respectively, which outperforms
other latest methods and validates the effectiveness of the proposed model for Chinese named entity recognition.
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Fig. 1 Overall architecture of the model
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Tab. 1 Experimental environment
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Fig. 2 Experimental results of different self-attention heads
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Tab. 2 Information of the datasets

3 RN AR

Tab.3 Comparison results with the baseline model

WAt AR 1 A Aok |
MSRA Resume Weibo
VRS 46.40 3.80 1.40
4 4.40 0.48 0.27
DA S — 0.46 0.27
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Tab. 4  Comparison results with other advanced models
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Hor, ZHU 5858t —Fh il & v 2 PG &
TR 25 0 2% ) CAN-NER #5554  FI] F CNN i 3k 7 11
70 [ A AH S8 2 A5 I A8 5C &R, 49 >k H Bi-GRU Al
EREN-WIE T/ IR S NS NS JER |
BFAF A 1 SCHAE B FEASE FH AN IR %
RS L A8 T A RO B R T
IDC-HSAN A5 3 i CNN $2BUREBEFAF , R 23k
HEZE VLRI R SCFE B B R R AT

IDCNN ¢ JUf5 T ANEEIRCR KONG S84 T
—Fh5E 4 3L T U 25 0 2% 1Y = RURE R ACNIN 3
TR )2 R CNN W45, A5 35 4R B ) - e 30
AW B SUE R IR T — R iy dE
BLHISRIC 4 Jey i BT SOfF B P TR R PR RE
LIZE 4R T BERT-BGC-NER A1 | AR 6 )9 4
MR 8 7R 78 7 i A B BERT B AL A | [R] 15 )
FH BERT 4 Y11 5 47 19 1] ) 12 41k A 4 Jeg 1 3 Bl



551

PR, 57 - JE T BERT (Y Z2RFE Rl v SC i 44 SR 73

oA A P e A R B B AU T
BREAY (14 S A TE3 e

FET BERT 3 K18 U5 B R IRBE T, A UK
RUT] LAAS B0 i A R, 16 AN AR Rl
AL A I RIS DL T U T B ROR
o, 7E Weibo B4 T, NE . NM AR R 9 F1
Y A, SR FIEER T 66.14%, 35 T
2.54% Resume HEEE T , AU ARG 28 A3 1R F1
H R FERUS T Bl FI{E M 95.65%, 38  T 0.21%.
TE MSRA 4l 42 T, B AR K i 2 (X T BERT-BGC-
NER B AH A [ 52 RN 1) F 1A R e, F1E
A 92.12%, #2751 0.15%. 5 BERT-BGC-NER #% 7
AR, BARIZBIRL A REE F T BERT/E iR AJZ 0
AR SCH [ 36 N 22 3k [ R FTIDCNN W48 7] DL
22 7 BE X T AN RN A T B, B s 1A Y M
fiE . % AL T IDCNN F1£2 3k H VE & 1/ IDC-
HSAN B, BARIZA IS | AT 20 B S, 3
9 TR HHGE RN EE ) 559 T BERT. A, A3
XF 223k BT HGHET TG S g i T AR
XFASE B ARRAE , LA AR 2 5T B A% 1) ) 1 A [ A5
S, A IE N ARl BE A A4 A 2 B B RRAE
PRIt , A SCRE AU R AR A S AP A TR AR, .
24 HELXIG

AR SR I 3 S 5 56 UE MHSA FI IDCNN -4 i
AR SEE 4 S Hff A MHSA () BERT-MHSA-
CRF A58 F1 HUF IDCNN /) BERT-IDCNN-CRF #1% ,
DA % [R] e 25 45 A AR B () BERT-CRF A7 B4 42
i MSRA. Horb, B fii 1 BERT A AU, PN 3 5088
22 51145, % 2] K Ry 3e-5, batch_size I B 5 16,k
FH Adam R ALTR WS, Z5 N3R5 FR

#5  MSRA Hfmdk LR A
Tab.5 Ablation analysis on MSRA
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