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Abstract: For problems of the named entity recognition such as word-to-word semantic
information loss and poor model recall, the named entity recognition based on span semantic
enhancement was proposed in this study. First, character vectors containing contextual
information in the text were extracted using the ALBERT pre-trained language model, and
character vectors were generated using the GloVe model. Second, the two types of vectors were
spliced as the model input vectors, and the input vectors were enumeratively spliced to form the
span information matrix, and then the multi-dimensional recurrent neural network and attention
network were used to operate on the span information matrix and enhance semantic connections
between spans. Finally, the enhanced span information matrix was used for span classification to
recognize a named entity. The results show that the proposed approach can effectively enhance
the semantic dependency between spans compared with the traditional approach, thus improving
the recall rate (increased by 0. 42% for ACE2005 English dataset), and the highest F, value was
obtained.

Wehs B . 2022-01-07,  FEFHB A Bk (1997—), B A LA BRSE GEGBIES) - B ml# . mLA T, E4m
H: EREABEEEEBIA (62166007)
2 iR A R . 2022-03-25 W 2% Ll . http: // kns. enki. net/kems/detail/61. 1069. T. 20220323. 1722. 004. html



W

Wk L1 o 56 - 1 BE T SO B 1) i 44 SE AR ) O ik 119

Keywords: named entity recognition; span semantic enhancement; multi-dimensional recurrent

neural network; ALBERT pre-trained language model

fir 44 92 & 2 ] (named entity recognition,
NER) & A %R & 5 4t ¥ (nature language process-
ing, NLP) tt— Tl 5 B2 (1 JEA AT 5511, SOA iy S 44
FEAEHE T A5 2, B PR 2 A% T AT 55
W06 R AR I | T A R SR B A R
R AR E S, B THEERE FARAE
PRI T AR L, SOAR PR AR R iR E TR . Bl
WP MR AR =R A7 T MG R
MR B AR IX A T BB AT 2R A S iR R A
AN i E T CPUNMRIR & A RIE 5 A
F 58 ME A5 o

H BT B T T B2 27 2 1 i 44 SE AR 18 O 8 AT
LGy Ry T P B ASE R | B T i A5 AR ] 18 7 1 o
ST IR HE B0 J5 5 0 618 A oh i A A AT AR
2%, 32 AR 30 ) B 28 R 45 1 5 TR R A A
HEAT ] B KR R R T — S I A I B R . KRR
BA TR KA A T Sk, T
BB 1) J7 ¥ 2 W) 7 45 04T 20 G LATE A [R) 19 15 %2
B A B S A A T AT R N R E B
JEAE BARRAE € 1Y SR AE 2 BT LA o X 5 B AR
B4 ORI [ i SR B R R O vk
e AVF— SR B 2405 1 MR [ 1 S 44
o Ao 225 00 2% Xof 33K 28 303 T R R AT G B 5 i D [
PRSI SR BARTR B 2 1 7k T LU
NBAN BT SCREAR B (H 2 DL B X 5607 3 8 %
B T 8] B A8 L), 2 BRSO RS O
T AN 2 2 R ATASE R 08 S92 A 1) 0000 6 B L %
T2 UM A iR 1 0 B A

& 7 B 4 B 4% (recurrent neural networks,
RN #5287 A% G2 1% Pft 225 0 45 50 3 11 L iy 1= % Je s
o, PRI 2 A AR 5 Y AR e 1 HaiE Ak PR ) L ZEDL AR B
F LA BV AR AT AR B ARE S AL BRAL 55 R T
Z A . RNN & — 28 1 T4k 21 41 030 1 b 22
WO 25 455 T L 5 R0 dE B A RIS R0 dE AT SG IB RY FF
SRS HJE L RNN FE 280 £ 11 B 05 25 55 R A b
JESRNE R, O 1 o0 LR IR P 5T N R R T
2 IR A P10 25 T 2 5 A, HG v IR A2 R 2%
(long short term memory, LSTM) #l 7] ¥ 1§ ¥ #. o0
(gate recurrent unit, GRU) gt =& i % F T 4b B SCAR
B ER A 22 ) 2 AR R AL SCRRL 16 BB A T 43 J2 11
RNN X AR 22 #4700 SCRRL 17 JRE B AT 1)

http: // zkxb. xjtu. edu. cn

i RNN #5270 38 5 1 455 70 X K BR800 09 2% ) g
735 SCHRLT8 1 5% 22 P 25 51 A RNN v 4b 2 B 4K 1y
SCARFFS . R RNN ok b B — 25 B, Jo ik ik
PR —4E R 5 B . XTI R, 22 4R A BE p 42 1)
2% (multi-dimensional recurrent neural networks,
MD-RNN) - g 45 5 1] DUTE o 48 2 19 5 6L B kAT
TSI R . H T, 2 4B Il 2 N 4% 2 2 7E R Sy
JEPOVRIE B YR A S BAS T S AR .
MD-RNN & RNN i —Ff iz 4k . id b K 5 A~ 7 25 ol
25 IO 2% 1) 3 2 i Oy 5 50N A PR R ) ) 3 Ok A B
ZARE . TR MD-RNN FH E T 3CfE 2
AE A7 o TR B 5B 3R 1 RNIN 75 4b B K 5 510 K040 B
JIE 5 KR B JBE T 2 1 ) A0 0 R A 0T I 1L T 4%
(LSTM) Fi1 7] 4 1§ ¥F 4 2 M 2% (gated recurrent
unit, GRU) FIE B TC

BT ERWFSE . MD-RNN Sy il 15 B2 1 SCA5 B
PEHE T — R R T B TE—E R B TR
AR, A SCHE T — g ok 85 R A B 0 7
5 AEA S B2 A5 B AT 2R U B Bl 1 5
JE 22 (6] P T SCHRFAE » DT AT 280 3t 15 17 85 2 1) i
EUSONE D T RN N e )
B A ) AT AL B U . LR X AR
Al J MD-RNN 3 47 85 B2 90 /0 1 O3 3R, B s
XoF R v R B RE EAT 0 26 . BERLAE ACE2005 33
Bn e 5 b ORI R B EAT TS g B IRAS T
86.92 A1 81. 16 Y F\ {5 H A F W A T7 LA HE
ITERAG T B 4

1 5 JRETE SO 5 A Y

PR B AR ZE R AN 1 TR . R N G
ST R OE SCHE AR R 4 A RTEL, b SR I
PR R SR AT LR B SN £ 2 R I 4 A A5
A
1.1 4378

R iy AR B ) — A 3 S = (o s wy s oo
wy TRMFHIE DT, X ST ALBERT fy
BN ZRiE 5 BRI & R SCfE B 7% 2 %
M a€ RV %, N F£oR 4 F KB, [\ Bff# A GloVe
TN 257 1] S L G ) Ay 3 2 H8 9% 1] i x € RN,
o

W, ) s

a,c= f(8) (D




120 A7 S 1 NI = SR %56 %
ﬂ i Rpldisy i s itz T
- S=a009; ceseeEy | -

f 16000001 ; | 1 || 8808886 | O
El & |000000H 2 1E:LO-8eeeea 0
~80 OCC000H & [\ E Or@aeaeaa |10
15 88888 |10 S 2EER18 -
# ==
axte] SIS Ne
| xN |
| T | T I BEJEIE SR I| itk |
[ I Il I
Bl R S g A T
Fig. 1 Span semantic enhancement model
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Table 1 The results of the contrast experiments on the

ACE2005 English dataset
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Table 2 The results of the contrast experiments on the

ACE2005 Chinese dataset
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Table 4 The influence of multi-layer encoder on model
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