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Multi-feature Chinese named entity recognition
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Abstract: The task of named entity recognition is to locate the entities in the text and classify them into
predefined categories. The current mainstream Chinese named entity recognition models are character-
based named entity recognition models which word segmentation is required before using syntactic fea-
tures, syntactic information of sentences cannot be well utilized as a result. In addition, the character-
based models cannot make use of the prior dictionary information and the pictographic information con-
tained in Chinese radicals. To solve the above problems, this paper proposes a multi-feature Chinese
named entity recognition model combining syntax and multi-granularity semantic information. The ex-
periments demonstrate that the proposed model is better than the current mainstream Chinese named en-
tity recognition models, the influence of various features on the Chinese entity recognition effect is ana-
lyzed through experiments as well.

Keywords: Name entity recognition; Chinese; Multi-feature; Natural language processing

1 g FHEATE I HAG HIP 2 e SR, 2
AR ) — S5, TR SO B i —
24 AT S5 B AEX SCAR R IR SBRR A T ST 44 SR RBIAE 55 76 07 14 L 59 3 A

[l

KRB 2021-11-15

EEWH.: ERARPAES (62137001, JG2020125)

YEE BN F/NEA985—), T, [t HF5E)5 1 M 45 % 4. E-mail: xxb202111@163. com
BINIEE: BN Exmail: zhougang@scu. edu. cn

022003-1



% 59 &

W KFFH/CA RAF R

%28

A SABUINE S5 A BT DX o, Sl i) 22 (]
A RIRBIT I AR DL D AR A 75 20
WS AT AR AB R A0 T R 2 R AR AR O HA
BEARR R AN AT BB A 2 5 R I 2Rk G2 ik 1Y) 491
1 A R BT R VTR 73k A 3 v TE A B S A4 AR
0 R R oA b A (LOC), “TL K" & A4
(PERD - 42534 T HAG A 173 “ g sl [RYTR
7 IR ARl AN ] BE TR ) TE 4 1) iy 24 LA, Oy
TG bR B AR L AN A Hh S 44 S A
PR AR SRR T D B Ay H R T 1 i
AU o A7 A — B [ . 15 58, th T 3
AR BT E ST AT 1A L BT LASE T A RO BRI
AREARLF G AR TR AEE B BT AR
BT VAR T 8 v S 4% SRR T
ARG RGN AR A i A B AR
TEAS EBEA T A6 B T KX A
T A 24 SRRSO R TR R AR T iE
SR RVLRIE” B e W i s B R A IR Y B0
FIARERS X0 i Fe 3015 B B2, AR A TRl Y
i 44 SARTRUBIRE L T 7 0 VLR " YA AN R
2R AR & 1 8 2 R 5E5 (5 8 . [ ik
FIAT —E R FE B B L T 57 1 i 44 924k
PR AR (14 e B0 45 6 T 2m it — 2875964
Tl B R AR, B 5 hOUR TRIESCE
SO 55 R R BT SCT R S A Al
RS = UK R T XA TR KA R
DN G2 DT il Ml sl e e o 0] e RS B U R e
FHIEEA BEAT b AL RERE RIS 25 T i Y
FHIE o m] DU — 28 OOV [R]#.

2 HEXIE

s LRGN Tk FE I 3 K T
M BETFAL GE bR 4 2 T T IR 24 > B
2 Hrb i TR SR AR AR SE
1) 35 ) i 24 SEAR U AR A B IR B 2 S I T 1
E R TR IR

ARk e 44 SEARPUIAT 55, — 2EF 5T T
VEAR B 1l 1 7 T R JBE 27 ) 19 J7 5. Huang
SIS I ] K 5 B30 42 W 2% (Bi-directional Long
Short-Term Memory, BiLSTM) 1454 Fa#H13% M
25N T i 44 SEMARIC. (H i T BILSTM X K P
HI R gt e A7 BR . IF HLAE TH53 8 B 7 1 R A
. Strubell 25 5 BUp 25 ) 45 (Convolutional
Neural Network, CNN) F F iy 44 SEAR L. #FH

PR LA L BILSTM Z 2 716 20 pf 22 0 28 HAT
BRI SR, B R 2 N 4% B AR A AR
U1 Ry R A B BE ) o EUR S B K 1 2 R .
CA WX Transformer gt a8 iF 47 ekodk  #h 78 T
g B #2 T T Transformer % % 2% 1) 2 5 fig
FEABJERIZ B Transformer gt HA i 2
REEFIRETIAS LA i i

H - H SOAS B IR RRRR I v S 44 SR TR A
Ll 20 BT R 3 S 44 SR TR B B AT Bk R
Yang 275t BLIA] FF A A AR TE 2 Fi 43 T E
X H A B SR AT 43 AR T, 43R T H 1] ke
G Hi 2 Hh BT (9 R R 43 3 B S AR A R R
U 32 PR R AR [R] 55 30 SR FH 43 B A R b 1417
jnl 2z (Al i AL o SR R IR A R AR 3
S AE ST VR T SR E. )3 5 0 vk T Lo
Sy FVEE R IR 3G i v S ORI BHE B (B JE Wu
ST RIR X T R G T IS S R R R
T AU R AR RN R S ARG G 1) 2 08
Parite ATEAT R0, S T ff ek — 3 B ), O AT F
FEFRIFLFG 1) iy 24 TSR 9 55 L PR T )
S B A R F T A R i 4 SE AR A
— AR S A i R R T B P R R R
U BRI BT 53 Al A AR R R S A 4
PUI — K WF R 0. Sk 10 42 9 Lattice
LSTM #7145 & ia] (5 B 42 T T BSR4 1] fig
HLARR U, A5 R ) T B b 28 I 45 1 T 1 L
K H UL a5 rp AN A I Y FR ] o 1) rp
5] SCIRVE HE Y i) 5 B A A 2R . Li
SEU R A 1 iy 3R U 4 A A el
HEDUCF IR » $i 155 4 Hh SCii 44 SR TR 1
PRFI. Xu SRR SCF AR 1 20 & AR
SALREGEHS B Ui 24 SR RE . % AR
HR EAE AR e [ IR 7 TR RIER 3 b AS R 2
SRR A BB 5 ) R RR I B IE T
TR B A . X T AR A BT ERIE T H S
ZHBNRHIEAR B A sk, BAR LE A W5k
SCHTEIRAR B Tn 2 SR UE 55 41 40 Nie
SRS TEAR I8N i 44 SR AR Y 1)
T o BT 12 ) 4% ok B BRI L )k o1
APEARAAAR 1B, AR5 T 1145 10 07 SRR R 1)
15 B HEAT O BERTR G FH T2 1 B S X i A S
A HEAT AN ATHT 6 SCHEA T A A BT T e B
11530, 5T A AR ARG

022003-2



%24

HEE - B
L1 1
| o |

1

Transformer ;
Encoder XN

i

ON-LSTM |

556 58

Jexicon

E
E\]

T T
A

B 1 AR EARAE R
Fig. 1 Model overall framework diagram

mln
I

3 AXXFE

LR SC A 44 SRR SRR TR 7 R J2 B
T A SRR AN R AR A S 56 4 ) 4 8 R e
SCHI T8 RRAIE 5 75 g 5 2 19 J5S 2 1 Wil ON-
LSTM X 37 J2 B t 2547 g 05 ok B =X i i 48 2
ARSI B AGE L A 9 i & A BARA 378
FERJZ B T SRR AE 0 I R AE 10 5 3 DL Rk
ON-LSTM 424,
3.1 RRE

FORIZH 3 T TR UL 43 e FAF AR
RN IR RIR. Horh, 485 o A 2k 0
TR 3 1 A 2 1 0y 2 VT S B A A T4 6T I 1 1)
PR YRR AU ACK ] Ma U4 Y
SoftLexicon J7k % 5 i ARG A T 45 16 5t 1
) FP A BRI S |AT HAE A B X N
i A T . ELACE R B e ST SR e 8
A FAER (B ML E, S} 4 MMES X 4 MES
ISR X S R C ke s R VA R PS8 L X A= P O VAL
AR s RS T B EAF N A 4 NMEAE
TR s A RG34 5 23 TR AR A AR A R R 4R
Al s, MO R ) PR, R A R R
NI Hip 2 () oA w LAY R
¢ (w) JE 1] w X R IR [ 1. Z s 4 NS A w
HEUFCR ) B A Bm , N O R 4 M ES
) 1) 2 R A T PR 2 B2 7 A X6 I 1) 1) L e A
FR.

Bk, % AT A4 AR % 59 &
u(S) =53z (w) e (w) (D
Z =23 cnumurysE (@) (2)
e(B.M.E.S) =[v(B);0(M);0(E) ;0(S)]
(3)

K T HIAFIEHHE AT 43 IR T W AR A
GEFT AT 0 i 557 PP 50 004 T 4. 26 1 Aoy s an &l
2 i . fdi WA LSTM X545 (15 32 5 91 30 17
2 o SR 5 BBCHTT 1) R 18] 9 5 S — 1 B fi) Bt b A 7
PHz R FR XA FAF I FIERHE.

e= Em bradical (1‘) (4)

h™W =LST M™ (e) (5

K" =1L.ST M™ (e) (6)

2" =A™ h ] )
Embedding

form radicals

Backward
Radical

1

1

1
Forward | |
Radical !
1

Backward
Radical-LSTM

Forward
Radical-LSTM

Radical
Embedding layer

Radical sequence
of “H”

B2 e EERAY 2 W 4 5 AR 5 )
Fig. 2 Bidirectional recurrentneural network coding
radical sequence

5 2 7N 3 B il 2 R RO S AR
22 PR AF B i 55 e S EA T 2 . S (0 P B
2 F 3 B PR UL i 55 7 S A T R SRS
R A Foft FOE ) 2 AR A BRI 1) i EA T B
s i R BRI A A P AT I RIE L.

h? =Con 7 (e) ®
h® =Con v°(e) 9
2" =Maxp([h?;h%]) (10)

T3 5045 B F 45 27 L 1) #1878 B R
Ja AETXEE 3 ME R AT PHE . D FroR, H
o BTN e (B ML ELS) SR MR R . 27 2
FIEFR.

022003-3



% 59 &

v K FRCH RAF O

%28

x<]x5e(B,M,E,S);x" ] (1D
OO0 Radical-level
[\ Embedding
Fy Y Y
= a2l )
aHalala Max pool
<N NN
ol =
4 N, N N, N,
/ \ Multi-scale
convolution

Padding Radical sequence
of “#j]”

B3 % REERER LD F T
Fig. 3 Multi-scale convolutional neural network
coding radical sequence

3.2 wmEBE

Gt 23 S WA BB 43 3ol & ON-LSTM Al
it 5 1Y Transformer g5 s, 7 ON-LSTM H
KA EDAF S s Transformer gt FH RIS HE
B s N Z2ANRRAIE 25 B RO == & A REE.

ON-LSTM J& Shen 215 % LSTM [ 2% %) 2k
it s T SCAR P I A 2 N ZE B A B 85 XS54 5
S — IR J2 G457, DA TOLJZ 31 S 2 0 B AN W7
ZIN. G A RS AR TR S5 A 15 2 A O i 44 S A
ARSI e B S R Ry 44 AR —FRe AR 2 — 1~ 1n)
s 2R A R . InE 4 BT, ON-LSTM
AT DL ] X R R JZ2 9 457 , ON-LSTM 7E 4 i i
X Ieit AT THET , 3 B TR 29 =
JERFTR MR AR JZ P RN AR 7E S i 3 e
H E E AR S TR ARG, BT IR R T &
)T & YN (EP Y (A GV ISR B THE 1PN
P45 ] BT P A0 3

NP vp vp

B 4 ON-LSTM % 7 #9445 4
Lig. 4 The tree structure represented by ON-LSTM

WA 5 Fias, ON-LSTM [ [ 2% 25 ¥4 1 JE A 1Y
LSTM KARAHIE] AN 6] ) 8128 o6e, B ¢, (TR
L. ¢, FERER LI E—A> 0 &, AR A 17

SEAEATICAZAE B FERT ¢ HEAT B 1 3k 8 o A
T BB D3 S A BRI S HiE B 2 9. AE R ]
Xt ¢, BEATEE T O B0 DT AR A
2% d, FIEFTA 2, RS d,. IR d,<d,,
MF7RMATHA 2, MEYE S T, 1
JZG X RN T B SRR AR B AR T
Fd, EHH . R~ A2 R, T 245
A BZGCE G W Ld o s DAL A B8 g e ™
AT R JIT AR SR IS T B [ B 2 B i AR
B fE R, K H AR 538 LSTM (15 3
ON AR X F/INT o DX B0 S i A
¢, RER A IX (B A7 55 5 KT o A IX[R] 75 2208 B i
et Iy S A S BRI e,y X R IXC ).

—

5,
* l—;’j,—’

B 5 ON-LSTM £ #5
Fig.5 Structure of ON-LSTM

s
H
5

¢[0:d,]
fz I:dj':di:lo('zfl[d‘/ :di] +1, [d‘/ :di]"éi [d/ 3di:|
szll:di::l

[

(12)
Md>d RFEYETEA 2 WZEFALT D8
Wk WZG IR AN T (d s ) B IX D23 R
FERIURIRAS ART o WIXTE] [0.d, J5 A 1110 %
AfGE T d: X Ld;: IO D AR BAVEE.
Horbr,d, Fd WS 5 Hz 4 1 BT e B
FURTAT S, 7 A, ON-LSTM 3 1 43 B 5k Ak 1 77 =8
KPR d; M d . B T softmax bR K I AP
A~ one-hot [n] & Ly, A1, AR JE A (13) ~ 5
(16) S B_F Ak i T4 ST, L A OGS S A Iy
M) b A9 cumsum FR%K.

fi=6,) (13)
=cs(1y) a4
w = f.%, (15)
e =w (f e i) +(fy —w) e +

(i, —w)°C, (16)

022003-4



%24

B, F SHAE R A S FARIRA

%59 &

A A] LLE il ] ON-LSTM 3K 45 B 3 i 2
WEEKAE B A2 TT 2 10 2P 5 381 101 /22 AL
i, 2 2] JR G A e S5 A R A Bl i 44 SRR ).

4 SLIGHER

4.1 HIEESTMIER
A S WA U Y T S 44 S AU Bt
SEFEATIRUE , 73] 52 I 465 58 Ul ) K 5. Weibo
I I U R 4k CLUENER. [a] i, 33 79 > %
P tE A A TR (RkE . CLUENER 2 400Ky FE iy 45 5
PRUUNEE . B AT 10 PR R ) SRSk
s Bk TN LS IR S i AT — S A
FEOEER B AT T AR A5 B 2 5. 3 i
J T AR R 2531 55 I o3 R 20 2 R R U e
BERS . BN LAY v R oy TR R
AR XA NG R IX A3 27 B
JRF R W) 2 0 PR M. e A1, CLUENER %4
He b B[R] — S A BT Ja 280 e A R B N o 78
. AFAN R T PR 1 SR TR HAb 1 B8 b il g dE
AR IO ) A B LR, Nk 1 R
SRR Z BE)VAES 2 AT g — A il
IR 2 DFEE 3 A P AR — A
B
Weibo Bdli 840 45 N 44 45 AL 13t 2 L
TR LSS I 28 Kt vh 3R A AP e —SE IR LY
FHIRI R ARG 1 00 an e 2 s, B
T hnag i R AR B B T UE IR,
BT SCEE A R
% 1 CLUENER BREPIEELFRIERE TARE
Elk:op =24
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Tab. 4

Comparison of the results of each model on the

Weibo data set

A W4 (F1)
CAN-NERL6] 59. 31
TENERD! 58. 17
SoftLexicon(LSTM) 1) 61.42
Our 63. 61
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Tab. 5 Comparison of the results of each model on the

CLUENER data set
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Tab. 6 Comparison experiment tableof model ablation

Weibo CLUNER

P R Fy Fy
Transformer(baseline) " 62.60 58.85 60.67 72.49
Transformer+ON-LSTM 66.20 57.17 61.36 74.52
Transformer+lexicon 69.86 56.69 62.28 76.77
Transformer+lexicon+ON-LSTM 70. 23 58.13 63.61 76.93
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Tab.7 The influence of glyphfeatureon the experimental re-

sults

i HIEA (F1) R4 (F)
Transformer 61.52 54.99
Transformer+radical (CNN) 59.55 55.57
Transformer+radical (LSTM) 59. 97 56. 56
Transformer-+bicharl® 63. 15 60. 58
Transformer—+bichar+radical (CNN) 63. 61 60. 80
Transformer+bichar+radical(LSTM) 62, 34 59. 28
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