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Chinese Named Entity Recognition Based on Prompt Learning and Multi-level

Feature Fusion

WANG Xin', WEI Chuyuan®, ZHANG Lei*, WAN Shanshan®

(1. School of Mechanical -Electronic and Vehicle Engineering, Beijing University of Civil Engineering and Architecture, Beijing
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Abstract: The current named entity recognition task based on the pre-training-fine-tuning model has a gap
between pre-training and fine-tuning, which makes it difficult to effectively model the relationship between
entities and contexts, and the current Chinese named entity recognition methods cannot obtain sufficient
character or word meanings. To address above problems, this paper proposes a named entity recognition
method based on cue learning and incorporating multi-level feature information. Firstly, the cue text is
constructed based on the cue learning mechanism, and then the character, word and entity-level feature
information of the input text is spliced with it, which is taken as the input of the pre-trained model to
effectively capture the semantic information between the contexts, narrow the gap between the pre-trained
model and the downstream task, and improve the perceptive ability of the model for named entity
recognition. The proposed method makes full use of prior knowledge to increase the learning ability of the

model and improve the effectiveness of named entity recognition in the complex and variable semantic
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Ho

environment of Chinese. The F, values reach 97.09%, 96.68%, 83.44%, 97.48% and 76.05% on the
People’s Daily, MSRA, Weibo, Resume and CMeEE datasets, respectively. Experimental results show
that the proposed method is generally better than the current mainstream Chinese named entity recognition
methods.

Key words: named entity recognition; semantic feature; prompt learning; multi-level feature information
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Fig.1 Frame diagram of the proposed model

1.1 EEXRTE

i XAKRARE, (i=1,2, -, n), Kb i ROR ORI S i D0 o TEIRTS F A PAFIE R R IR
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SCAREAT A3 1 K SCARY 5y W — R A0 Tl o B K 5 “ playing” Y143 B “play " 5 “ S#ing " A T .
X FE A A BE % Ak B R 5 53 (Out of vocabulary, OOV) Flial 48 £k 45 ] 181, 38 AT LA B 4100k 3 19 7 2%
SIME B o SRS B A i) SR B — A [ 0, R R K S 1) Y ) A B A R AT b
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. Gl Z 2 Transformer 4 i 2% , BB GR 06 2% 2] 2| SCR E 0 FHNFHER R I ES . B TFALE BT
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S5 BRI LI 35 0 S, S 3 AR S s i MR F4F . A SCRIIR LI T 58 BT 35 N
MyTemplate = SCAX 1 SEAK, X, & A4 5 2
M % (Ans): [ MASK ]
e U 4 A R (00 T SRR B 5 X, R A SCAR B 4y AR 3 0 35 5 X, A U A SCA

[X, S, X)]

K2 PR SO R AR I
Fig.2 Prompt text building flowchart
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f?éﬁiﬂ’ﬂﬁ}:ﬁ:%ﬁﬁpromptﬁﬁ’?ﬁ(imﬁﬁhfﬁffﬁﬂjﬂ ™ token B 5 4 % 1 ) embedding , 4R J& A &4~
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AR B A 4R R B X, B A B TR . R R =X (9) s .

{ho,hy, o hyy X, hyy s oo, by, Ans) (9)

1.3 #HEI%RE

A SR RoBERT a #6889 A4 S B i J2 114 27 > 2 o A AL
Y5 )2 32 Bk HE Z AR — & 1Y Transformer 9 % &% 26 1 , 451> 9 %
U T Z L AEENEMRBMEMERENATE. £2%A
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MIRLE . 1 3 JR IR T 7 SCRE RS I 25 )22 v 2 B 22 1) I 2% 454
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(I)(Tozl,):argmin Loss(T(@(E ) (11)

K))
1o BRI 3 7R AR AR AR S IR A 18 2 J J%Pﬁﬂ'ﬁﬁﬁgg i A
h :concat<h LL@(T,,) ) (12)
SR K FL PR B RoBERTa i 1) % A JZ b e Al Sy ] ) 42, 388 3 W01 24 288 o 39 MILML AT 55 % [ MASK ]
PRICEE AT AR A
1.4 MLME
AL RoBER Ta By MLM JZ A #1047 58 A 043 AT 55, B0 A r dake 2 350 4 14 ABE 368 7 4ok 156 ) B
A, IR AR A P AE SO P il R B . HARE R AR TR .
TSRS G ={Gy, Gy, -+, G} X TR T C, T (CG) R H BERAE 25 AL E Y G Y
Bor o db—2 B 2 TR X i E/Jﬁﬁj\ﬁ
Logits(G,)=1(CIG,)) (13)
B Ji 38 3 softmax bR, X SE 45 3 5% A6 S B S A, LU R WA 1) LA i o AR R, AT 35
ABHER 1 FE I3
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1.5 #HREMRHER

TERF BIHE RS 1) Z )5 R 45 RAL L BARZE MR o AR WL R 1Y T2 AT 55 R E MLM AT 55 AR 28
5 k1) Z 8] B G KOG & o i) An AR 0 AN ] ) T 0 4 956 [ positive , negative | [ K H , 25, -, G il |55
et F o S8 BRUUAS (R e e 1), A R A RS O R

YN R iH 7 R 0 [ MASK ] H8 3 76 45 2 0] 46 L B A 5 70 A I8, 5 B 25 1) 4R K e 14 B3] A0 S ke
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P(KIE,)=o(P([MASK]=KEE,)KEK,) (14)

S 2 0 R B b 2 1) 4 v A B TR 7E [ MLASK L 5 B 00 HUE 5 5 48t DAy T 4 s 28 o 00 ARE 46 1) e 35 K, 3R
TR T U8 25 4 2 o A 5 J R 4y B AP 09 4 5 Po( [ MASK | = KIE, ) 2 7% OB T 4 1) 46 K
A A BR 7E [ MASK AL & I 5 £, 378 56 T Prompt ML &b Bl A SCA

TERE RSN G B v, b T ANAE 5 1 SR BR 25 1) K3 550/ B AU, DA e /N B AT oxk e 26 00 45 2R 1
S BEE A — A AR R B A T AR RCGE , B BN

po— W) (15)
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ackK,
o Wi R A AR 28 18 BT 19 7T 22 I AU, W0 AR (B 00 BE— 20 b, BT argmax R 0K 1570 i i
FRIAR 28 A DAy B 26 0 000 45 58, I A 2 K

0

- exp(s(ylE,)
y = arg max p( il ) (16)

yEY Zexp<s(y’\Ep)>
K s(yIE, )R & LTER A E, Mt y 8RB, $ 2K (15) 15 8019 A AE 8 -F AU | #8458 % A)
15353 0 IECE BE AE Sy T A% 53, A
s(ME,)= > AcIn Py MASK]=KIE, ) (17)

KeK,

2 % L

2.1 LIGHIEE

N T B UE AR SCHE O B RO RS TR BOHE 4 1998 RN R H i) (LLF # FR“PD_1998”) A
2004 MG R H ) (BLF #F8“PD_2004”) \MSRA ,Resume , Weibo il CMeEE I 43 #4750 56 . H Ak
BE R 5y a2k 1R .

(1) N HHBIEE . BT AR H #7609 1E 8

PR, B SR L 6L A AL 3 R w1 OEEHS
SeU L. 2004 BEAS 050 B B 138 32852 1 L US4 Table 1 Dataset partition

AGIE S LTS SO a1 S §F % S

IR ] 2445
(2) MSRA ¥R 46 o ol SO P B 5 e 482 418 7y — 4> o oo
° I AK It bt v Pr I PD 2004 200 000 50 000 36 268

R4, 32 Z R SORT ) AL AW L b s R 4 4 3 Fif MSRA 142 451 2363 9391
TARLF B - Weibo 1350 270 270

(3) Weibo 806 45 o B4R , S A AL AC BRI SE Resume 3821 463 477
A, R A RIG . i 7289k, . gl g g CMeEE 15000 5 000 3 000
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#(ORG.NAM) A4z 1 (ORG.NOM) % *2 BHRE

(4) Resume 203845 . 2+ AN Table 2 Parameter setting
BN RS AT WL LA K T AR 2 1 %5 4 SH BUEE
187 P S ARAF B - Tt Il A5 7Y roberta-wwm-ext-large

(5) CMeEE %4 45 o A28 504 Fh i WL iy JL B RS K 100
BHZ I 7 085 B B PR HE A 12 907 Ff il R R B | Sk 1X10°°
4 354 Fh R IT R T S LRI B2 S0 4A droupout 0.1
2.2 BEIEBEREMIBR batch_size 16

A SR Linux #24E & 48, L% Tesla V100 epoch 30
32 GB & , ff A Python3.8.13 JF % ¥f 5 fl Py- 1 fe AdamW
toreh1.12. 1 FFRHES . B0 M8 S AT IR 2% . b 1 Bt 24 5 768

SR B IE AR S5 VR Y A 44 S8 RO, AR S
i F A B 2% P(Precision) . 73 A1 R(Recall) 1 F | (B AF Ry 45 B () SEM 48 45 o
2.3 EWERSH
2.3.1 ;i

Sy Y RS R (AT R B AR SO A B S A A Y A B AR R AT SR X L

(1) fE N B MR EE 4 b0 e sc o, FOX e Sege 45 S ik 3 A s . MR35 RAWUE
A SCREER A T Lattice- LSTM-CRF \BERT-BiLSTM-CRF #l ALBERT BiLSTM-Self-Attention-
CRF =AM A F (5 942 8 T 6.32% .3.44% F13.12% ,IEB T AR SC O Bk AT stk o 9F B, X HL i 4F
HHI LERT e LERT e . MacBERT ;. J¢ PERT ., VUML) F {820 5908 85 7 1.49%.0.79% .1.29%
F10.99% , W] HIA SCRL T il A5 {5 B 46 8 T B 2R AE 55 S5 oM Z M iy 22 08, 0F BRl & Z 29005 B
S TR 0 RT A R AR RO B AR R T R AR B

F3 ARBIW(1998hR) HIFEEITLL LW & R *4 ARBR(2004R)HEEILE KWL R

Table 3 Comparative experimental results on Table 4 Comparative experimental results on
People’s Daily (1998) dataset % People’s Daily(2004) dataset %

FEEHY P R F, LAY P R F,
Lattice-LSTM-CRF"” 90.65 90.89 90.77 Lattice LSTM-CRF"” 93,57 92.79 93.18
BERT BiLSTM-CRF"  93.08 93.88 93.65 BERT BiLSTM-CRF"" 9443 93.86 94.14

ALBERT BiLSTM- ALBERT BiLSTM-

Self Attention CRF?™ 00 99909897 Self Attention CRE™ 0 L9967
LERT,.."” — —  95.60 LERT,,."" — —  96.74
MacBERT,,,."" — — 9580 MacBERT,,,,."" — —  96.31
PERT,,,."” — —  96.10 PERT,,,."” — —  96.52
LERT,,, " — — 96.30 LERT,,"" — —  96.91
Ours 96.33 94.05 97.09 Ours 974 97.33 97.36

(2) 1E MSRA BG4 LR 7 5% FL S8, 6 e 526 25 RN 5 fr s o N3 5 A 60, AR SCBE R A L
F Lattice-LSTM-CRF .LGN il LR-CNN = /MR g F 9388 T 3.5%.3.22% .2.97% . &
3~5 A AT, Lattice- LSTM-CRF I S SR AR F HA AR 7 |3 2 0 B4R Lattice LSTM-CRF @il & T 5 Lid 2%
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o) AR L o 28 I 4 b B AR T RN ik %5 MSRAMIBEEI L IWER
AR B |7 L R O il i = < | Table 5 Comparative experimental results on MSRA
LERT,.. LERT,,. MacBERT,, X dataset %
PERT . PO BERL A SCREHY (B 3 54 15 R r R F,
T0.98%.0.38% .0.48% F10.48%, lk AAM-  Lattice LSTM-CRF" 93.57 92.79 93.18
wWIE.MWAM W 8 %1 () F (8 4 3145 LGN 94.19 92.73 93.46
T 3.44% .2.54% ., 9K MWAM #5177 LR-CNN™ 9450 9293 9371
15 LA AR 3 EL L 0 AR OB A AAMWWIE™ 9352 9297  93.4
2 B W1 G T AR SCRER £ o S 4 MWAM™ 9402 9425 94l
SRUIIL 5 b WA MacBER T - - 060
(3) 12 Weibo I ¢ 1 3 7 %1 1 5 PERT . - e
LERT,,."” — — 95.70

o G e R 6 iR, WK LLE
i, Weibo B 45 2 4t 28 RO & N4, 3C
FAE RN R, R TINF 5 A SRR
Star-GAT .Soft-Lexicon NNBA . W2Ner 5 %%
BERB AL RN F 555 E T
13.3%.12.94% .13.32% .11.02% 1 9.8 % ,iiF

LERT,,"" — — 96.30
Ours 96.94 93.55 96.68

6 Weibo I IBET L NIER

Table 6 Comparative experimental results on Weibo

. dataset %
W T A SCOT IR AE B 24 1 UAEE T HERRIK IH A —
N F5E 7Y P R F,
BRAET S—— -
(4) 7 Resum ﬁ?ﬁ%jﬁﬁg o 15 Star-GAT 70.85 67.12 70.14
esume s Soft-Lexicon™! 70.94 67.02 70.50
gLL‘L\,X‘T tti%%%ﬁﬂ?@ﬂiﬁmo M%%?ﬂ‘[/y\ NNBA[zz] 70.11 68.12 70.12
XDE’%??U ,j—‘l*ﬁﬂﬁ\%u Hﬁ Lattice*LSTM\Sof‘r WZNGI‘[Z‘H 70.84 73.87 72.32
LGXiCOH(LSTM) \SVR’BiGRU*CRF\PLTE éﬁéiﬁiﬂlﬁé}%?{?w 69.93 77.53 73.54
FAELT 3B F, 6 20 5 $2 7+ T 3.16% Ours 81.91 82.04 83.44

2.17%.2.28% .2.37% .2.08% 1 2.03% . 7&
Fre Xt b 4 A BPE SR T AR SO ALY FO(E Y
B 5 b e R A IR | AR SRR Y 7R R B TR R

7 Resume#HBEBEITILLWHER

Table 7 Comparative experimental results on Resume

S £ 00 A% 18 TR R B 5 dataset p
BURT 1RO AT RO LA = # 6 — 2 - -
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FC At J7 35 B 5 A9 fL RE 1, BEAE SN
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AXE21 IR EIEEF YL Table8 Comparative experimental results on CMeEE
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W O o Table 9 Ablation experiment results %
WA S T L A T A 45 Hy FR PD 2004 Resume CMeEE  MSRA
TIOR3t R 1B ' Ours 97.36 97.48 76.05 96.68
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T ARG B8 IR T SRARFHE (R B Only token 96.12 95.73 70.61 94.02
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Table 10 Accuracy with different prompt templates %}
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Ptk b e RS R/ MEAH 22 1.420%0 , 1IX R W
B 7 B USSR 14 B AR — RE YOG AR ol D0 AR AR Y T L R R R M R TR Y 1 i
(2) i 3 3] 1 2 BE 3 A
A SCT5 BB e B bR AT 55 B 0 0 T AR TR A BOE S S8 RS AT 55, W 52 3 P-tuning 7 1%
(9 &, A R R ASCRT LU A AR TR R S0, W AT DU AR A AR F B WA SCZR & 1T BRIy A
Do AR A BB 2o A SOXE 3R I8 2 e BRAR R AT PR RE PP AL, SRR A5 R R 11 7R o NG 2R T
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Table 11 Performance comparison of dataset inference words %
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AR
2.3.5 ARk FE5M

R T VEAR AR SCHR 04 D 2 AR 1)V BB D T A R B, 7 R [ A S 50 R TR AR SO T R A SRR A
TRHEAT T Ho8e, B 8 AN [l BE R 7 N RS H 4 \OMSRA Fll Weibo %48 4 1 58 i 10 48 325 48 vk B - 44 Y1l 45
BFE . B 8 AT LB i E Y, 5 BERT-BILSTM-CRF 1 ERNIE-BILSTM-CRF # BIAH k., 2% 303 1
T IEAE B BOEAE B AII Zeid ) i . X 2 ON BERT-BILSTM AR e T8 BT B 2%, S8 T
THEL I [E] A9 34 0 s ERNIE-BISTM R H =B Be#b sERRAE 149 5 X TCIE o 77 1 H 5 iAo g AR SCRE AL B
o 0 4 7% SCA B8 AR TR, L SR SRS 0 1189 2 8, DT AW R b 9/ 1 A 2 o] B T 2 i, O HL A



1030 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

100 97.5r
© 95t < 97.0
> s
§ 90 8 9651
g g
< <
851 96.0}
80 1 1 1 1 1 1 1 1 1 J 95 5 i i i i i i i
5 10 15 20 25 30 35 40 45 50 S e 3 a0 a8 56
Epoch Batch-size
5 AT AR U R B6 AR U /N T  HEa 2
Fig.5 Accuracy with different iteration rounds Fig.6 Accuracy with different batch sizes
98 r
80001 * BERT-BiLSTM-CRF
96 - ] = ERNIE-BiLSTM-CRF
X 6000 - 4 Ours
;\§ 94 g
5 0l g 40001
Q
< w2
90 2000+
g8 L— : : : : : e e T1PM
1 2 3 4 5 6 0 T .
Learning rate / 10 People’s Daily ~ MSRA Weibo
P72 3R e R B8 (R4 1 5% Ji 10 %6 3% AR 1Y SF- 2 s 7]
Fig.7 Accuracy with different learning rates Fig.8 Average runtime of ten iterations for different models

P T BERT RS E R 37 AT 55 A — SR [R)EE, X ik (8] 1Pk BE 52 i 852/ o A1, 2 e S i 3 n] LUKR 98 i A
B3 7% SO [ R A s 25 T 900 0 FT PN ) ) 2 IR o] 455 28 F) 48 2 s ), LAt 2 T I I ) T 5

3 H&ERIE

RSO T — Pl T 7 24 o {9 v SCAim &4 LR U D ko IZOT RS S T 2R R R T
RIS ) 11 SCHYRAERE J1 o WAL, 3l [ 3K A VR 5 A A 5 ke A3 0 3, B M08 AT A4 UAR 28 1) 26 P 1Y
SRR — PR m TR RE . SCR A R R, 5 BB BUAR LU, AR S5 5 A8 v S i 44 SR U 7
T WA 1 S0 G R O EL A 1 AT I ) o SR, AR SO AT SR AT Bt A s ) A AR AT LA S A
&L ENTR M RE R 2 I B = ) 2 B 5 00 W S5 0 2 T 4 PR 22 R RN i 2% B T 45 3R 7 A R A
S o Rk IS RT DLAK SO0 Ak 3 R SRR 1 BT, DL S R ] S G R AT R TR i B R TR R
2J T A A4 IR PUNAE 55 LB AR o e Ak, 38 W LAER B 07 16 B T Ho Al (1 R 08 5 Ak BEAE 55, 4
T2 AT 55 B 22 58 XA AT 55+, 412 (3t TR o 19 SRR 45 28

SE WK

[1] FARMAKIOTOU D, KARKALETSIS V, KOUTSIAS J, et al. Rule-based named entity recognition for Greek financial

texts[CJ//Proceedings of the Workshop on Computational lexicography and Multimedia Dictionaries (COMLEX 2000). Patras,
Greece: WCL, 2000: 75-78.

[2] LUO Gang, HUANG Xiaojiang, NIE Zaiqing, et al. Joint entity recognition and disambiguation[C]//Proceedings of the 2015



[10]

[11]

[12]

[13]

[14]

[16]

[17]

(18]

[19]

U F RTFIERT RS S ERBFIEAS B4 F LA 4 F K75 1031

Conference on Empirical Methods in Natural Language Processing. Lisbon, Portugal: ACL, 2015: 879-888.

TONG S, KOLLER D. Support vector machine active learning with applications to text classification[J]. Journal of Machine
Learning Research, 2001, 2(11): 45-66.

DONG Chuanhai, ZHANG Jiajun, ZONG Chengqing, et al. Character-based LSTM-CRF with radical-level features for
Chinese named entity recognition[C]//Proceedings of Natural Language Understanding and Intelligent Applications: The 5th
CCF Conference on Natural Language Processing and Chinese Computing, NLPCC 2016, and the 24th International
Conference on Computer Processing of Oriental Languages. Kunming, China: Springer International Publishing, 2016:
239-250.

JIA Yaozong, XU Xiaobin. Chinese named entity recognition based on CNN-BiLSTM-CRF[C]//Proceedings of the 9th
International Conference on Software Engineering and Service Science (ICSESS). Piscataway, NJ, USA: IEEE, 2018: 1-4.
MATTHEW E P, WALEED A, CHANDRA B, et al. Semi-supervised sequence tagging with bidirectional language models
[C]//Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics. Vancouver, Canada: ACL,
2017: 1756-1765.

RES, G , R, AR 24 SOR Y AR i 44 SEOREUINLT]. o SCfE B2, 2019, 33(6): 80-87.

SHENG Jian, XIANG Zhengpeng, QIN Bing, et al. Fine-grained named entity recognition for multi-scenario[J]. Journal of
Chinese Information Processing, 2019, 33(6): 80-87.

ZHU Yuying, WANG Guoxin, KARLSSON B F. CAN-NER: Convolutional attention network for Chinese named entity
recognition[EB/OL]. (2020-07-15). http://arxiv.org/pdf/1904.02141.

SCHICK T, SCHUTZE H. Exploiting cloze-questions for few-shot text classification and natural language inference[C]//
Proceedings of Conference of the European Chapter of the Association for Computational Linguistics. [S.1.]: Association for
Computational Linguistics, 2021.

ZHANG Yue, ZHANG Jie. Chinese NER using lattice LSTM[C]//Proceedings of the 56th Annual Meeting of the Association
for Computational Linguistics. Melbourne, Australia: ACL, 2018: 1554-1564.

DAT Zhenjin, WANG Xutao, NI Pin, et al. Named entity recognition using BERT BiLSTM CRF for Chinese electronic
health records[CJ//Proceedings of the 12th International Congress on Image and Signal Processing, Biomedical Engineering
and Informatics. Piscataway, NJ, USA: IEEE, 2019: 1-5

W AR, FEB R, B L. RilE HE R ALBERT H3C A 44 SC RN 7 ik L] A 0L TR 535031, 2023, 44(2): 605-611.
YOU Leqi, PEI Zhongmin, LUO Zhangkai. Chinese named entity recognition based on ALBERT fused with self-attention[J].
Computer Engineering and Design, 2023, 44(2): 605-611.

CUI Yiming, CHE Wanxiang, WANG Shijin, et al. LERT: A linguistically-motivated pre-trained language model[EB/OL].
(2022-03-22). http://arxiv.org/abs/2011.05344.

CUI Yiming, CHE Wanxiang, LIU Ting, et al. Revisiting pre-trained models for chinese natural language processing[C]//
Proceedings of Findings of the Association for Computational Linguistics: EMNLP. [S.1.]:ACL, 2020: 657-668.

CUI Yiming, YANG Ziging, LIU Ting. PERT: Pre-training BERT with permuted language model[EB/OL]. (2022-04-05).
https://arxiv.org/abs/2203.06906.

GUI Tao, ZOU Yicheng, ZHANG Qi, et al. A lexicon-based graph neural network for Chinese NER[C]//Proceedings of the
2019 Conference on Empirical Methods in Natural Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP). Hong Kong, China: ACL, 2019: 1040-1050.

GUI Tao, MA Ruotian, ZHANG Qi, et al. CNN-based Chinese NER with lexicon rethinking[C]//Proceedings of the Twenty-
Eighth International Joint Conference on Artificial Intelligence. Macao, China: IJCAT, 2019.

BN, A, MRS, S RS TR SR A B TE R ) 3 R 48 SE RSO T A ML T AR S5, 2023, 59(8): 167-174.
ZHAO Ping, DOU Quansheng, TANG Huanling, et al. Attention adaptive model with world information embedding for
named entity recognition[J]. Computer Engineering and Applications, 2023, 59(8): 167-174.

HEOCHE, RIS, VEHE L R T 2 0 1E EJI AL o 3 4 SR U] N ORI S LR 48, 2024, 45(6): 1325-1330.
ZHAN Wentao, WU Xiaoling, LING Jie. Chinese named entity recognition based on multi-window attention mechanism[J].
Journal of Chinese Computer Systems, 2024, 45(6): 1325-1330.



1032 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

[20]

[23]

[24]

[29]

[30]

[31]

fE&

CHEN Chun, KONG Fang. Enhancing entity boundary detection for better Chinese named entity recognition[C]//Proceedings
of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th International Joint Conference on
Natural Language Processing. [S.1.]: ACL, 2021: 20-25.

MA Ruotian, PENG Minlong, ZHANG Qi, et al. Simplify the usage of lexicon in Chinese NER[C]//Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics. [S.1.]:ACL, 2020: 59515960.

CHEN Yanping, WU Yuefei, QIN Yongbin, et al. Recognizing nested named entity based on the neural network boundary
assembling model[J]. Intelligent Systems, 2019, 35(1): 74-81.

LI Jingye, FEI Hao, LIU Jiang, et al. Unified named entity recognition as word-word relation classification[C]//Proceedings
of the AAAT Conference on Artificial Intelligence. [S.1.]: AAAT, 2022: 10965-10973.

AR, BRIEE DL, GF . A5 IR I B R A b S0 A4 SRR B ] B HL IR S N, 2024, 60(6): 199-206.
HUANG Rong, CHEN Yanping, HU Ying, et al. Chinese named entity recognition methods combined with entity boundary
cues[J]. Computer Engineering and Applications, 2024, 60(6): 199-206.

MA Ruotian, PENG Minlong, ZHANG Qi, et al.Simplify the usage of lexicon in Chinese NER[C]//Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics.Dublin, Ireland: ACL, 2022: 5951-5960.

kAR, B, mIE T, AT A SUEUY 3 T SVR-BIGRU-CRF 1 3C 1y 44 SE AR 7 i [T, v S fi B2 3, 2022, 36
(7): 114-122.

ZHANG Zhaowu, XU Bin, GAO Kening, et al. SVR-BiGRU-CRF based Chinese named entity recognition for education do-
main[J]. Journal of Chinese Information Processing, 2022, 36(7): 114-122.

XUE Mengge, YU Bowen, LIU Tingwen, et al. Porous lattice transformer encoder for Chinese NER[C]//Proceedings of the
28th International Conference on Computational Linguistics. Barcelona, Spain: ICCL, 2020: 3831-3841.

LEYL, UL, WA AR IR TR R 0 G SR Y 5 B Transformer B9 P SO 82 SRR Oy ik (] ST R A A (A AR R
2022, 61(6): 1062-1071.

HAN Xiaokai, YUE Qi, CHU Jing, et al. Chinese named entity recognition based on attention-enhanced lattice Transformer
[J]. Journal of Xiamen University Nature Science, 2022, 61(6): 1062-1071.

SU J, MURTADHA A, PAN S, et al. Global pointer: Novel efficient span-based approach for named entity recognition[EB/
OL]. (2022-06-06). http://arxiv.org/abs/2208.03054.

LI Xiaonan, HANG Yan, QIU Xipeng, et al. FLAT: Chinese NER using flat-lattice transformer[C]//Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics. [S.1.]: ACL, 2020: 6836-6842.

BESCHR, RN, R, A BT IR AR ) SRR A G Y BT A 44 SR O ) TS PLRL T S Bk L 2022, 39(10): 162-
168,229.

LIANG Wentong, ZHU Yanhui, ZHAN Fei, et al. Medical named entity recognition based on deep learning multi-model fu-
sion[J]. Computer Appliactions and Software, 2022, 39(10): 162-168,229.

[

FEAF(1999-), T, A - WF 5%
AL BRGS0 H AR E S AL
L€ IE Pt

Ex(1977-) ,BIE1EE,
LI 7 e o
Ui, B 55 - AR OE AL
LNV /TR ol AN e
% ,E-mail:weichuyuan@

KE(1981-), Lo, i+ Al
E/E R NN e AT
O B g 27 2 542 R
bE

bucea. edu.cn,

T I (1980-) , %, 1,
RS a Er Ry €/ R
it R RS H KB
ERUE INGEESESH RIS
T

(%% . x 5 &)



