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Named Entity Recognition Based on Large Language Model

YE Ming-Wei', TANG Jia', GUO Yan"?, WU Gui-Xing"?

(School of Software Engineering, University of Science and Technology of China, Hefei 230026, China) ,
%(Suzhou Institute for Advanced Research, University of Science and Technology of China, Suzhou 215123, Chlna)

Abstract: While natural language generation (NLG)-based large language models, represented by ChatGPT, perform well
in various natural language processing tasks, their performance in sequence recognition tasks, such as named entity
recognition, is somewhat inferior to that of bidirectional encoder representations from Transformer (BERT)-based deep
learning models. To address this issue, this study first transforms the existing Chinese named entity recognition problem
into a machine reading comprehension problem. A new name entity recognition method based on in-context learning and
fine tuning is proposed, thereby enabling NLG-based language models to achieve good results in named entity recognition
without changing base model f;re-training parameters. Additionally, since named entities are generated by the model
rather than classified from original data, there are no boundary issues. To verify the effectiveness of the new framework
on named entity recognition tasks, experiments are conducted on some Chinese named entity recognition datasets. On the
Resume and Weibo datasets, the F'1 scores reach 96.04% and 67.87% respectively, a gain of 0.4 and 2.7 percentage points
over the state-of-the-art models, confirming that the new framework can effectively utilize the text generation advantages
of NLG-based language models to complete named entity recognition tasks.

Key words: named entity recognition (NER); fine tuning of model; machine reading comprehension; in-context learning;

large language model (LLM)
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A, A End R R N T e i, AR S5 Rtk
SCAR A TR HIME B B ARE S AL (natural language
processing, NLP) 4 & % () S ak TAE. B BUE B 4
IR AT 3 S TAESS, 73 3l i 44 SEAR R (named
entity recognition, NER). X Z 4l (relation extraction)
MIF Al HL (event extraction). i iy 44 SRR I — %
WRBON P IFRER AL, BRI T S bR 17, X
SCAHHINA . M4 H A SRR e Y AT B O
PR, T 44 SRR ) ) RRCR 2 B (S S Ak EL)
HoAhAE %

Geit AL A 2 21 g B f 44 SRR AR 2%
{5 FH BB TR V. AR, VR FEE 2 20 T IR P 48 R 2 A Y
FE#% NLP AR5 AR 1 R AF B RCR, BRI AN FHAR R 48
() 77 V5 B FE AR & 1) T AR AR R DL K B i,
BTz S T i 44 S TR AT 28 e R AR Y
it e: 2T Transformer' XY Fﬂ%ﬁﬁ%ﬁ%@ﬁ (bidirectional
encoder representation from l1“ransformers, BERT™) Fiil|
SR1E SRR LR BUIR 22 i 44 SIS RONAT 55 19 24 1 I
£ (state-of-the-art model, SOTA) # 7 # & K F BERT
aCH Al T A58 2 Sk B BE ) TR R ARRAGE ) B, SRS
& LSTM (long short-term memory) JZ+ CRF (conditional
random field) /2 BLHARAFR 2 WX 25 S5 44 |2, IX Lep R e —
B A ER I T BERT 45 Tl R Y 1) B AR5 & 2E A
(natural language understanding, NLU) f¢ /7. 5 I [F] i,
B ChatGPTIE ST AT 45 i) S 30 HH A A i L[ 32k
I, W AW R 38 RIS 5 ALY (large language model,
LLM) (193 7). HHIRVE 5 B8 R S AN 4 J2,

O 4 1E H R 1E 5 4 (natural language generation,. |

NLG) &3k, wifi ER AL )15 SCR A AN et 1 45
(225, A BIE A T B KRB AT, 26 LU
LRGN AR NP SMESSH, LA NLG N AR
VS A RIS . A R T 255
TR E T & 25 S5 S UARAE AT 55, AT ATE 58
BT A0 04T 45 s fe 2 Y BILAR 22 108, L 4 F0n &5
547 1K AL, A PR 0 225 45 0] 751

AR, HL#s P2 2Ef# (machine reading comprehen-
sion, MRC) 1145 i T 3L AR 75 932 Fi 1%, BF 78 & ATT AT LA
W R NLP AT 55 243 B MRC A 55 SR 7 45 5, NER
1RSSBS, BRIk, 5% MRC2NER“ 3 %, AW 5t
THEETORAE B A A 44 SRR N . TR E
XT A G5 1) i 44 SR TR ) A AR AT B, K AR R
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NLG i 25 BRI K 1 1 200 1 H0 g 42 SR 53 i 4 %
A [ 20 2 S AR T8 B B P B i o 5
KSR e o T o 42 S AT BT 46 o EH B 0 25 S A £
I AR SCAE AN S 4 SRR B SOR 4 AT T
SIS HAE Resume A1 Weibo™ F [ F1 4% T
SOTA KA, MTTHIAIE T %07 B 109 2CME . 24 1R e,
ASCH BRI T (1) S T R EGR
BURRIE 125 75 o ML 52 B e R AR (145, 45 284 T NLG
VR U TR R T R, (2) SR T T
NLG 5 5 B0 (1758 25 =) RS (TG Pl 325, 7652
PRARIE %% 1 TL A FI H % ML SOTA HIACR. (3) &
SR 01 VA R T R (T A R T
DA OB H A AT %

2 SCET ek iy 4 S PR LRI 2 BT AT 6
T 55 2 g T AR SO R R IR AT L
MR, 55 3 154 B4 T %V 0 S0 4 S I L 4
W J50 I B 5 4, I FE R SR T 9 77 1.

1 FXTAE
1.1 aEEEIRF

4 SEPR IR AT 5542 H ARE & A E AT 24T 5%
B AR 55, e 0 A B AR T 4 5 i A AR AT ) A
%%, s B FniR S S 7R FE G A 44 SE Ak
PRI, Li 200, Konkol 2" W/Er & 940 ST
SN T CRF, 23 BIME EDHLIE . T 70 iy 4 Sk iR
ST 25 U1 T A% R Collobert 2501453 ual
28 (convolutional neural network, CNN) X [ 1]
EEEAT R SRR, O LRI T — i T4 50 A8
BORAL SRR, IS T A IRCR. 4k Transformer
1 BERT $2H 2 Ji, H Tl g 7Y 15 HoAth 4o 28 [ 2% AH
GG NI TR R 1% 7 VE AT DR R Rk A5 A R )1 0
A, Wi BARRE AT 55 b A7 B B 0 B A5 H 2 i)
SOTA [1)%45. 115 BERT [RIE I GPT (generative
pre-train) RYIBAY, W T H 538 T SOARA B AT
55, WUAR /DA 4 FL N AE iy 44 SRR AT 55 BB 9T
SR, B 2023 4EK ChatGPT [F5A4H, LA GPT N
B NLG & 5 BA a6 88 2 0E, 51 7 —
R AG HE AN 55 0.

i 4 AR R AT 55 a8 i B SR R i ] 4y
AR A 44 SRR AT 55 R0 e~ i 44 SE AR BT 55
WE 1 s, E<RE H A E AN E ™ G A X A) i,
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i H AR SN A

AR SR BAT R i 44 SEAR VRN 55 v 7 B[R] I 41 HR )
I BUA SEAR T AL IS AR, AR EAR ST 2k
o ] 4 73 S8 B P A SRS A T A 55 Y
AR A8 f5e 4 70 3] JELU, << v [ S0 52 3 AN LA 7 2
BILHLIRAHH. H AT E Ay 4 S R HE S b se
B D, FEEPEERSD, FRINGE H A,
DAL P AR S T B 7 KT 5 A TR A e T i S 44 SRR
RS T I SEEL S ROCR.
k%ﬁi

r N
W H T
[o] O B-ORG I-ORG I-ORG I-ORG I-ORG 0O
(o] O B-LOC I-LOC B-ORG I-ORG I-ORG (o]
g(_/ _'_/
ASE S

B 1 B 4 SEOR e P 42 Sk
1.2 KiESHER

ood
oo H
=

NTL##E (artificial general intelligence, AGI), H R E 5
HURGEER, TR SR 50831 e T it
AL, IX LR B GPT-31""), BERT A1 Transformer,
Ol 2 N H T & MRS, B SCARA S BT, 1
5 )% R G5 WU AU R i e i T — 2
BN 11X LeAS A 7 PR A 5 2 BN AR O B S0 DT T
IRe ). X R R T RIGEFEAEMBERES
Qb R T A )R A ke ol [ 2 TG 1) BRI .
S R BAE 3 1B8 BI) R AT 55 1) S g 3 )
WA O (fine-tuning) A1 55%% 3] (in-context
learning, ICL). fHf HER& 5 BRI SR S 28 FH AR A
TR I ZRIES A, AR J5 FE KT 58 IR Ui 2500 4R kAT 400

AR ZE. X —SEm% CL 4k Raffel Z51'8If1 Roberts &5 1

£ 2018-2020 4F 0] ZHRZR, IFHUE. 15 2% sk, 5
I A T LA A0 k8 0 R O 95 110 75 5K,
W 75 45 RS SR R P g SR A . K 75 BRI
A 55 1 57— A SR S 45025 53, 1207 V181 Radford
SEROIF 2019 4F B VIR UL R 20 R 75 UMK I
LI, " M T B AT IR RIUAN R, il 260 MO
BIRITR SR, 31 S A R AR5 10 30K, Perez %),
Lu 25221 Rubin 257 2021 4T 55 48 1, ol
BT AN 1 T LA 25 4R T 552 51 (U8R,

2 JiEAH
NLG if 5 B8 58 iy 44 S iR AT 45 2w, /5 2
XAES ) NER F0¥s 42 347 i, K I8 e Al n) 27 2R Y

PR AR, AT HER U 5, A SO T LR PR T R
SR 5E WAy 44 SEARRUINAT S5 — RS RGO, B I g R
WA 55 R E & AT LoRA, A SCHE Y ) 7 AN 75 3
BUR TR R 4 o — Rl 155 2, Blgs T4
TUAFBL AT 55 22 1811, A6 P IR B B 4 78 A 55 A%k
O 7 3, KA B 25 B AR R R 2 ST AR I
Sk Ja 2 AT L AR Ed It 45 1 s L J LA
0 SEARA [ 1) 1 B S B BOR, I FT IS 8 5 ST A i 44
AR E ).
2.1 HURKKE \ s

Joi V- iy 44 SEEAA VR K4 48 R BIO Anid Ty 2,
Bl o (945 N0 bR B A B-X 71X B <0
4>, < BEX71-X7 70 il 4 s 0 3K T AE I B8 B
J&T X BRI HIbu R AL SR I k. A &,
“ORINLICEAN B TART R, 45 7€ — AN UAFH X =
{1, X, 00, X, 3, Fer n FORSOR MK E, FATT7 E4R
X FAELE ) BTG fiw 4 Lk, FE0 H 2 B e i 1)
yE Yy BT Y. Y 25E I — R YA RE RIS (b
B4 HhS S5H00).

AR R B e TRAT TR ZKFR S KU 1 A
24 SRR SR A N — R (B, 8, B R 1
=, xRN, AT EH — R
Query = {q1, @2, %> Gt> m FERANHAEL. FRIE 24K
K% & Answer = {a,, ay, **, am}%ﬁgf ™ a, RE—A
125 WIERAFAE q; R0, W a; A7 SC AR LA SE A
RBA q; FONBISR, W A7 T 1% I S AR, BeA]
TS A (texty giy a;) - JC AL RIE IR SCA H H B E
B W% R, 22U H0E < 5O T e SR ST
B, FATTIA i 4 SR R AT 55 7 AR AL S
HERAL B A, B, 20 ket 3 A xfiil, B i
77 2K NER #0408 48 mh 16 S5 a6 45 SR 40 ) 43 31) 3 AN [l 2%
o R SR AR S — 2K, WG —— ARl
Wi 1 e I B RS A AN SRR AT,
BT IR ITEEA B SLHT | b X A il IR LA
W, B LARIZ R TR IS SLR.

] B B ) ¢ 7E MRC AT 55 R &+ 43 S 2
[, &% 5 T HoAth NLP /£ 45 78 Prompt™. %
TR 25458 AL+ G A F90 )11 25455 2+ Prompt 7E NLP £5%
AT, Liu ZPR I T [ —AME S, 1 A F )
Prompt 23 3 EUA [F] AR Y RCR . DA b S F AR FE B3,
Prompt /& —FiEZH. AT E 7 —A> Prompt 3,
DASE - FRATT AT AR A 5 b 55 20 Prompt, SR 5415 31 i

LB
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TF B S5 R BT 8 b ZLR AR A, 2 iR A [
(1) Prompt. A J7V% 5 GPT-NER AR 2 A 7E T H
i tH AN TE B, 3 RV IR AT S LE @ # R ARid
PR Y R ST SR A i A\ B A, it A
AR SN BNRS AAEE —E B e 2. 18 B
it S AR U AT AAT SR PR IX A [

£ ARSI B bl e = o

Sk q .
SCREE| TSN R
Q Q/Ll 4 /\/\7 A
S N i
B bR T Y AR
AL G
WROLE . s "
¥ £ ke A A N/ S N
y  BERRETHREANY  WAB T

0 45

22 #ERREA X

W 5 VAR FEE 2 > PRSP R iR R R, s
TR GRAEALLE S AT 55 a4 TRt mT LU 255 i g
1255 SRTT, 40 S8 T TN R L T, 5t 22 S B
PR IR P A 22 R, FRATIE T MR R AR 3 S8
(low-rank adaptation, LoRA) Sk HEATH B 225,
LoRA T A 2= B i Pl ZrAbs B iR B R B8 Tl I 2R
A Po(v|x) MIWIGEALE N @, MU 5 i NER /E45 & —
RANXFE: Z={(x;, v}, i=1, -+, N, Hrft x; J& Prompt+
YIERER, y; 250 i 4 Sk, 724 R iR FE
I8 T ISR B K TN SR R IR Aa AL @ T4 2
D) +AD K KRS @8 H br, W=l (1) Fis:

Iyl

max > > log(Po(ylxy <1) (1)

(x,y)eZ t=1

fE 2 ROR 2 S B H 28U R A AT

SHILHG @) BN, & KRR RN T K.
T A6 FEAEC A 335 57, 6 R 520 0 5 K0 © B Ak 31 [ % 1
MR, B AD=AD(0), 10| <|D|. Ttk H AR A2 &
4 0, R (2) fir:

Iyl

max Z Zlog(Pd>0+A<D(®)()’z|X,y<f)) 2

ez 1=1
BN & x K TERN d 1A &, 2ERE R ) 10
AR, AR S d I R AT 55 I I 2R B R AR Y )
BUCE w. a3l (3) R, W s I 2R R 1) 5 46 11
AR, I AWx KIEFHTIAE . LoRA BT B HT
AMRYERE FERE, DORIE RS AW AHIR R RCR.

h=Wox+AWx = Wyx+ BAx 3)
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Hrh, Be R™" A e R, 1fj riz/NT d.
2.3 1FEEY

To 85857 21 77 2T B4R 21 5 T B AR A I 2R 5
i, RSB AAT S, MR LE T A2
BSOS RA B, I R AL IR0 ) RIS WAT 55, LA,
S SR A 1) B R 5T B L I A S B I R A
PL Resume 4 4 1 Fir 403 1 Prompt A4, 40 Fs.
1155 ik
HRI— i 44 S AR B P X 5%, i AR W 0, e e f—
SR AT LI ALSULA. iR, AR\ (HR .
e ] -
BB 1 AT g T R M, o LB 504 B B 51
AL
[ Lo M 275 o B B 52
Holls 2: FTEB AN AR B, ARV
[F% 2: %Rtk

B ke 12 HBEASURZL I 553 AR, PHEEE <1t WS HEIE

PREEHRAL.

B2 k: XURLZG Y

MIREREILTTIN

MREARE: SRR B TR W 55 50 55 2 2.
JHEA [ 2%

(EESRESL L NIk

LB TR, A Prompt 43k 3 ANER4: AT 454
B SR AR AN AT SR i SRR
0 B4 7% Sk T 7 20 RPN B BB
5 B, FRATEST SimCSE 71 2005k M 31| 24 %5
5o URR AT (e 0 B 1 AR DL 5, (6K
VB S T KNN 7V IR MR G K A
S R A\ B TR A P AT ), et L
S [ R B R SR BB A ) T .

T A K30 TS P S 2 R BRF f, T DAE b
B i - iy 4 SR AR S5, £ H B e B Sk AR
G IR L. IR I i e/ T 8 A i A 7 T
B2 EE . FRAT IR0 06k 4 L 8 ST R
BT 4 R A R
SR - R o B L2
[\ A T T
FR1A): -y R o R AL 2
[\ MR A

16 LR T o, RATAT LA W el T 2K i
PRI A 2 7 A 1, ST B B A B T AL
SRR 2, R, 76 TR R — A U 07 (03
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i H AR SN A

I3 R DRI BRI T

3 SEEEE R 50

SO A% FH AP 852 Ubuntu 20.4 #:4E R4, GPU
N NVIDIA GeFore RTX4090, ¥ /& %= S HE4E H
PyTorch, & H IR AL 25 N Adam, B0 I B K Ea N K
W N 256, Batch size W BN 8, ¥IUH2% 1 %N 0.02.
SR TR A 5 AR ChatGLM™*,
3.1 HIEEND

ARISEIHHE SN MSRA . Resume 1 Weibo 1X
3 A rh S A4 S AU A JT B S MSRA Hidls 4ok
H T 4 mE P B E 3, A AP, Hi s fZH 21
3 FhsiA AL Resume 7F 2018 4E HH Zhang 25T Hy 2,
SrabniE T EEE. . A FERT. AL Ll
IR FIHRAL 8 SRR 5. Weibo W SCHIEA N AR
T AR AV, Hhgis AR BUS, [N S
W Ho o3 i 44 SE AR (named entity) F1J" 5244 (nominal
mention) PRSI EHE AR RS WK 2 B,

x2 LRSS

EREL BERERD (TFR) SR e
MSRA 2341 3 81
Resume 153 8 16
Weibo 103 4 3

3.2 XJLEARBINZB

N T BB (A R, IR EX T DA AR,

(1) Lattice LSTM+CRF"™"): Zhang %57F 2018 £ &
I\ ] JAE B AL B b 3 44 SEAR IR AT S5, it
T Lattice LSTM &5 4.

(2) LR-CNN+CRF"": Gui 257F 2019 £ #% it 1. |

Rethinking H1l, #&H 1 LR-CNN %Y.

(3) LGN+CRF™": Gui % 7F 2019 4% CNER {5
AV NI S5 2R A, M HEH T LGN (lexicon-based
graph neural network) *ﬁﬂ

(4) FLATP?: Li Z57F 2020 4E:¥¢ lattice Z5# W —4
H I TEH K & A flat-lattice Transformer 4544, MM
&1 T FLAT (flat-lattice Transformer) P 28557

(5) NFLATPY: Wu 254F 2022 £ FLAT #E83E
7B, 5 Y NFLAT B8R A wVC R & F BN 3

R AIE 9 S AR R BE 70, B> T AN b B “word-character”

F“word-word”f{] attention 115
RICRFFEHIZR (Precision), B % (Recall)
F1 73030 (F1) 1R RBERIVEN Fa b5, BAR A T

.. correct
Precision = — 4
pred_entities_num

t
Recall = corffe.c (5)
gold_entities num

B 2 X Recall X Precision

Fl= (6)

Recall + Precision

HA, correct pred_entities num 1 gold_entities  num
3 27 TN TE A 1) S A B R T ) S A S B B AN
FEAC T () SR s B
3.3 1R RERTEE ¢\

N T BGAIE A ST H 1 7 VAR s SE R IR B 4% |
I 2800, AR R S gt B 5 HLA R AR 47 LU AL,
B2 R 3 . Weibo SUHE4E( NE. NM
435 named entity F1 nominal mention P Fh2& T ¥
F1 774 7€ MSRA #ls g, BT SR o A BN 73 B,
Bt LA AR ICL X % th 45 S 34T 00, e 3 n] b
T tH, AH G HARIR P2 2 ST, FRATT I SEBR A5 AE Resume
M Weibo W4 3R IR AR. BN 7E MSRA %
#ife E O 4T SOTA #E% NFLAT H) 4. B ki
5, ABA G IR, AT CL 4/ Resume
A Weibo Ef) F1 73 # B £ 285 1 AR )
FI. FRAT T NG B2 ST AT B S 1) 1) 5 45 RS OE
Ji, ATLAR I 7F Resume i 4E b, AT L O &AM
B LSTM. CNN. GNN #I Transformer Z2#4 1] SOTA
BRIE F1 3 Eor il iEes 1 1.58%% 0.93%. 0.67%
F10.18%; T 7 Weibo $HESE T, £1 7405 Sl T
9.08%. 7.95%\7.67% F1'4.45%. S5 % WA SCHE
F 755 T BAHERE 44 S AL TS B 00 P BT 5
3.4_fBEY SR

N T OHFRAEA BB R E PG R, fCE 1S
15 27 ) RMNA VS 5 B AL i 44 SR IR 55 h &
L, FATIEIL T Resume Hdf &£ M 2 1) 3 5K
i (ARAL HGURIE 1) AT 525, AN sefk il T BA
FRRIAE B 1, JUF e R AR e AR 4t F 3 N
VISR, R HERREE SEE N . £ 4 Y, Random
TR MITZREAR BRIt K DMFEAR (R 5 R, B
f#), Find_Sim N3 T SimCSE 7732, i85 LA AL
B K A5 MHREAE AL PR SR BT IS B 2l 2
JEAF RN EE R, BATREA ST AT GPT-NER #E4T RUR
Eoxt. sRIS 25 ansk 4 o, WK 4 iTLUE M, &S
Bi2E 148 T IIFE A R 2, W DLLEE 3] 3 NS00 1)
AER 2R AN B TE. 2 AR B et AN [ ) S 1 i B SR
WIS, AT LAE A SO VE B AR IR B, X &l T
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GPT-NER 77+ 75 208N M A) b AT E A i,
FAE AR BRAT 5 A 10 B AR Sk, X 22380 115 & A
(AT 55 5, AT 55 RO AR 72 1 K FH 42 1m0 25 S A 1)
TR ) 2= Bz 1 KAE 5 B ALTE T S5 B B AT 55, BT BA

3 AN RBISEAR T F1 o BEUEEABIE &, 255w
T 20.6%- 13.7% F1 25.4%. M3 4 {ISLI6 45 FrT LIS
1, TG SR FH IR P S S A S A L WS Ao S R AH AL
S, A8 BE 2 AR 481 2 T DA KR v S AR L)

MR L. FR, ELE AL RBIER S, 7T UE AIHERA R A XS FATHIAFIAR AT
X3 ARSI EERD (%)

] MSRA Resume Weibo

Precision Recall F1 Precision Recall F1 NE NM F1
Lattice LSTM+CRF 93.57 92.79 93.18 94.81 94.11 94.46 53.04 62.25 58.79
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