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+1.4%). WAL, KBS Qwen fEK B4R R N A EMME (11.8%), HEEESHEMI M, A SE A E (13.2%).
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An Empirical Study of Chinese Entity Linking Based on Large Language Model

XU Zheng-Fei*  XIN Xin"?

Abstract Large language models (LLMs) have recently made significant advancements in natural language pro-
cessing. When scaled sufficiently, large language models exhibit reasoning capabilities that traditional pre-trained
language models (PLMs) lack. In order to explore how to apply the emergent capabilities of large language models
to the Chinese entity linking task, the following four methods are adapted: Knowledge augmentation, adapter fine-
tuning, prompt learning, and in-context learning. Empirical studies on the Hansel and CLEEK datasets show that
supervised learning methods based on Qwen-7B/ChatGLM3-6B outperform PLM-based methods. It achieves im-
provements ranging from 3.9% to 11.8% on the Hansel-F'S dataset, 0.7% to 4.1% on the Hansel-ZS dataset, and
0.6% to 3.7% on the CLEEK dataset. When scaled to 72 billion parameters, Qwen-72B’s unsupervised methods
yield results comparable to the supervised fine-tuning of Qwen-7B, with a performance range of —2.4% to +1.4%.
Furthermore, the large language model Qwen has a clear advantage in the long-tail entity scenario (11.8%), and as
the number of parameters increases, the advantage will become more obvious (13.2%). The analysis of the error
cases (hereinafter referred to as error analysis) found that the errors related to entity granularity and entity type
accounted for a high proportion, 36% and 25% respectively. This shows that in the entity linking task, accurately
dividing entity boundaries and correctly judging entity types are the key to improving system performance.

Key words Entity linking, large language model (LLM), knowledge augmentation, adapter fine-tuning, prompt
learning, in-context learning (ICL)
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Fig.1 The research motivation
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1) SEEIAE YA RS B RERLN FH 3%, i 1A
[ K8 5 B IE AR L TR, K, Qwen-
7B Al ChatGLM3-6B [ 2% 2] J7 ¥ 4F Hansel-
7S. Hansel-FS 1 CLEEK E¥%#H 7", %R
TH3 5N 3.9% ~ 11.8% 0.7% ~ 4.1%- 0.6% ~
3.7%; T BITELE Qwen-72B FEUS T 5 B
I Qwen-7B FEE AT B 45 5L

2) LI KRB, KA Qwen M EL/MERS BERT
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FERELA R T EHENMRS, HEESHER
W, LA M E. AN, Qwen RIEAIH) S5
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SRR 4 — AN RE B, B —BOCAR
(IR RR m B 45 B RN O R SE AR e BOAESS.
TR R e S AR RS D K, D P 4 A 1 R AT 2
H RO R R HE P B B 7 58 S
RBERAT 5%, WA 2 PR, A R BLIEAT R 2 s 44
AR, WHTRPE B Rk 485 m Al BE = BEHE 2 &
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HISEAE e, AN —BLE, W TR e € C(m),
ORI A FRAIR; X THRFK m, CRH ETR3C |
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BN REA I SCAR KT 20 1R, [RII AN 5 18 H b 5
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Fig.2 The architecture of the entity linking system
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ARSCAE ] W S50 B 00 8 g i 5 1R 4T {5 1%k
SRR R, a0 2 P, R R RROR S A S SIAH [R]
(AT A % v 7% (), i B K AR R (Maxim-
um inner product search, MIPS) SZHL A T 7] & 44
BRI I% SEAARAE . R SRR S C(m) AR T
EIR:

s(m, €;) = Ym - Ye,
(1)

C(m) = »
(m) arg, max_ s(m, e;)

Horr, “PRFR—SZAAR HLEEAR 73 s(m, e;) I THEE
AR Ay, ASRAR Ry, RIS 2. AR AR
ARELT 73, MRV vh S 45 70 s i (9 & S AY
AR SRS, PRI R v, ASEAE & y,
HI g
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{y )

Y = red(T.(7e))
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BINSCA ). red(-) 72 KL oR £ H T4 4 th ) 1)
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rh, I8 E R AN T S E SRR R [CLS) X R
% T B B 2 25 T HR RN S AR R B N SOA
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g fE et
G 2 A R AT FH AN SRR I D7 VR EA T )
gk, X T BEALREE IR X, B R R — Stk e
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(m, e;) KK BRER RN
B
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Wr e 75 AR I B4 BE cot (B 3 I CoT AT
KB 5 A0 i AR = 91]), SR A2 R ) R 4
BE cot AFAA MR RN N 21 S A4 1B ) S AR A,
A S AT AR 208 R SCR AR XER T
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Iri) £ (R RFAE A L.

ANF T Wu 252 B3 cot MF N SUARFHIERIA
B /N R 2 B8 BN R By N A B BR 1), AL
I AN AL A cot I BURFIE I & yoor, 5
JRAIAE X B AL R RFAE 1) & you PHE, S
2k 2 Z B FIHL (Multilayer perceptron, MLP) i
ITRHERE G, i “FRAR— {3k STAA” I o 75945 B
R FE AT T AR

cot = LLM(Tprompt (12, €;))

Yoot = red(Toor(cot))

scor-kA (M, €;) = MLP(ycallycor)

Hodr, yoa B3 (4) 8, Torompe (1) Fon B 3 HRER
7~ Prompt 1, Toer £R%T Transformer 158
i

N TR CoT-KA #ERL A FH — o648 X
YE DA H AR, FH I I~ SR A 32908 1 U1 2507 7%
RZMRIE LG M R, BRI &, B e i 8 A frE
AR AN FENLAFE AR, T XU A5 15 1Y
For 2% H IR i SR AR AU MR B R, IR 2 Stk i) A7
TEARGIZE ), AT IR 33K i 34 SIC A2 AR Dy I HE A A
WIZEEE Dyaya . B BENLRAE n A SARME RN LR,
Fs I _E IR SR, AR AL AFEAR I ZREE Dyana -
CoT-KA BRI E e W FAEAR Dyara L IEATIIZE,
DLAE s R T AR AL SR I X 2 e 0. 8K )5, JE
TEBEHL AREAR Dyana LI GRS ARAR T ) I FULA ] 78,
A JHL B 0 By A BRI AR . IR I SR
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ETaE SR MR SSARHE

T GRS S B S B A = B R
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e <& SR 91, IIABE KA AR

SE SR A F <

[SCA]: A YOk R 1 ] 1] 5,
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i a2

fit: 7

l

ST TSR R A P 50,

CoT

Prompt 3 (& ifj#ER)
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i B, AR BRI A T
YO SRR T 2RISR
N, BT DA e 75 Z1R AR A0
TR, BRI S <15
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_______ )
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FHERLE (MLP)

REEIREGES

(a) AIRIEIE (CoT-KA)
(a) Knowledge augmentation (CoT-KA)

[ e | [ Prompes (mwien) | |
) 1
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11 11171 1
e e e e e a
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(c) #&7~"%¥>] (P-tuning)
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ERESH
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(b) &AM (LoRA)
(b) Adapter fine-tuning (LoRA)
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| Prompt 3 (ZH#ZIR)
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NBIREAZ S

B R A

,,,,,,,,,,

AR BIREAS
£5

¥4 (ICL)
(d) In-context learning (ICL)
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Fig.4

By A P2 R 1) R i e B 5 RSS2 R R 2, AR S0
SR U3 R AR DRy B A 128 T ) 4 i e @, RIAR Y
FIB RS “HRFR— R AR X (m, e;) RBILIR. B
A, 1R OB S b 25 E — BUR SR T1EN
PR, AT H 3 AREAS G T ] 3 o ) A
7~ Prompt 2 Fs, M8 FIIAEIEER RN

{T, m, e;, liim € M, e; € C(m)} (6)

Hrp, I, REIREB S (Verbalizer) B (AR
2], X HL ] L P e A 4R RN IR IE SE K ¢
S0 9 H bR AR R 25 1.
f&, e & HbrgAk
li = (7
&, &l
2) RBCE RN, 32 SR AR R R R 5 Y

TS Wy € R, A FARRR S R HERE BA Fi4)
i B S HOE PR AR Wy« Wy + AW =

Four methods for LLM-based entity disambiguation

Wy + BA, Heth, Be R, Ae R™4. i+ —i%
B r < d, R PUR KB II 2R B A7 i A

KB 5 BRI B bR AR50 [ 75 3R
R g R, BLE B F R, N
AKRIRNN 2z = [z;y], HH, o RRBHAMER « =
T(m, e;), BTSSR T 848 FRAIGE L SRS B
LK, HRGIFIIRRN Xy v =L Foas BEs
i, KRB FHIERRN Yiae. B FHEE LMy FIR
Aoy | x), B EARRR N

mgmxlnpg(y | z) = maaxiezy: Inpy (zi | hes)

3) JEALER. TR SR AR G TP AL SR AE
T8, KI5 5 A B HES 25 A R — M i Sk 52 &
rh2 I P R E A ) 91 g 22 S AR ABL Y S
PR FUWT BB SR, B A I R BE B Sk, AR
SCI I S AL B e B I L T IR S AR e, FIE
PR om 2 548, SO 5 I ORE S A <02 #
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“ER7 LA RAZARRE I 1 BP9 p(l), € ARVERR 2>
si IR, WEFEAR ML 7 B VR DU B S AR, BT
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a1 =

2.3 ETRRFINSIEHE

558 OE 5 B S 50 0E FE 28 O 7 VEAS
[, $E/RFEIASCB M S5, T2l d 5 2 s
) [ [ e R T SN ABE R 7 AR AT 55 B A (1)
Bo. fE$E/R 22 2 5k, AU A P-tuning™ )77
EXRIE ST R0M. WKl 4(c) Fios, P-tun-
ing J71£7E Transformer FI% A 2 W8 IHE 52 152
7 [T HIAE NN T I HTER, S5 AT 25 FH S ) 2k
JP A — [ B RS 5 A . P-tuning I REHLHT 2R
fenild 5T MLP B3R 4afd 88 Prompt Encoder
BATEZHML, X153 P-tuning /7 iEBEEREF S
e R T R B R v SO i 2 8, RN R 7S 1n) =
H2E S ke . BARIMN S, P-tuning 77 VA H K 75 22
FARSER P ERNRETA [p1, p2, -, i), 7o
i UNERTZR KIS, p; = PromptEncoder(i) € RY,
d N SRR N A 4R, $ER MmN &R
PR INA Pax. W R RHIN T 1R A

PromptEncoder(i), i€ Py
I= (10)
Emb(w;), gyl

HA, Emb(w;) Fom KiEFHEMERANE, w; &
AN SRR ES @ AN T, IR, A 2R E RS
IO 1) i A A B IR AR, X AE T8 A R U HIT
LB EMIR, K 3 PRI E R Prompt 3 #2
HET PR RN PIR . R 2 2] O VEAE N 2R
FEFOREE IR SR SHOAAE M (8) /BN
1 BEAR IR gt as S 4.

ETBIRF ISR

T 585 2] J7 O R B AL BB B A ) e
77, HotzoU JAR Rl i ) 5 1 B R s ok 51
KB F AR R B AR 55 . iRAE TR (6], A THES
FEAR SR T A R~ w0 Dy, MTESET, e
T BB 2RE & s, RIS A58 1a) @ = 1E 9 K
B SRR, K S RN AT S50
B s O, AR T ) R A R AT HERE,
HXTHT IR R o A 2R 0 TSRV AR S5, B 4(d)
JErR TABEE S )N E AR, AT EA S
=AM

1) ARBIFEA R SR, AR ik s s il

24

S BT SRR S SR B
AHIE, DL LOZRBIEIbRAS 1, K (7) shh. B3
A 28 Prompt 3 25 HE s 7~ 81 (1) SCARFAE.
B s s XK IR A d; = [Prompt(m, e;); 1],
1 FHAS R A8 N R s B B SCAR R AE R R 51, R 9
(R BEAELNT 9

Key = Tokenize(Prompt(m, e;)) (11)
11
Value = [Prompt(m, €;);1;]
2) MR R BIRG ZR . RAE SR [27]) B, TR

78] PR 8 B DRI 5 AR Y T M A e L S S
D] b 75 B8 T Y B SR B ) Ve s s 8. AR SR
SRR [F BRSNS BEALILEE MR (BM25).
HAER R (Sentence-bert, SBERT™). X =i &
HMEIELE € HT R H ) o i, B A R R
H AR R NI E Dy,

3) EHLS 2. KRR A ) o AR R TR
Bl Dy B, Mdn i 3 H) Prompt 4 BT/
FEARFEIR, B AN B KB F AN, 5] 5§ H A goxt
FERHERRSE AL X KR S AR A HI SRS LoRA
A P-tuning 8 [F] 1 5 b EE D .

3 I

3.1 HE

1) FHAREE. ASCk ] Wikidata? /E AR, I
AE Xu 252 (% E ¥ Wikidata SR A Faown
Rl B PHEH, DLECSE B2 W 1R 8 Bl IR 18] 358 22 1) 155
B H, Boewn KH 2018 ££ 8 H 13 HHJ Wikidata
PR B T IR AR 3 A I R0 IR Few BLFF
2018 4E 8 A 13 H#F| 2021 £ 3 A 15 HZ [al# 4 11
Wikidata SEf&, H T EHERKE. T 9 UES,
AR SR SR PR i S S BRLTE R S 4 R R R ) SE AR
B Ernown TEEZ) 1T M ANIAK, By PAEZ 57K
ANSEAA.

2) . A AE Hansel® 1 CLEEK ™Y %4
£ 347525 . Hansel H9114:4E Hansel-Train F§ T
Ik, Wub4E Hansel-Dev H T 360UE, =AMk 4
Hansel-FS. Hansel-ZS fl CLEEK AT, AT
PP S A4 15 P A7 AE PR AT BE (i 22 ) 8, Hansel-F'S
FEAFERATE BAE AR I, Hansel-ZS Al
SRR E £ PR B SR, CLEEK 2 — M
100 AR HMEE R B K SCARERSE. £ 1ERT
Hansel fl CLEEK #1155, Jffifh in) &
WE, ALEET In-KB FIFEHK.

* https://dumps.wikimedia.org/wikidatawiki/



https://dumps.wikimedia.org/wikidatawiki/

2 PRIEIESE: T KIE 5 B A v SR B SRR 7L 333

% 1 Hansel #1 CLEEK $B£E R ZiHEE

Table 1  Statistics of the Hansel and CLEEK datasets
Bk # PRI # OO # Sif

Einown Eyew Bt

Hansel-Train 9.89 M 1.056 M 541 K — 541 K

Hansel-Dev 9 677 1 000 6 323 — 6 323

Hansel-FS 3404 3 389 2 720 — 2 720

Hansel-ZS 4 208 4 200 1 054 2 992 4 046

CLEEK 2 412 100 1100 — 1100

3.2 SLENEE

Ak FE ChatGLM3-6B* RFIHEA A Qwen-
7B AE A SRR T AT 25 A A A () R KT R,
AN 286§ B Bert-base-Chinese 1E 8 FI 2k 1Y
Transformer ZfS#s. ANV, AR SLI0AE H
7k RTX3090 4T,

PE A e SEAR A BB B, AR SO AdamW A 4K
A U 25X i B 2R A5 B AT i e S AR AR B, 2 ) AR
N1 x 1075, TFAELEIR 10%, IZRREIR KN A 64,
£ Hansel Y55 EIIZE 10 K 25, $808 R ORI
16 SRS IR 1) B KA BE 7 i 1l 64 Fl 128, 9l
A i 32 2E OB R 1R A AP, AR SCASE A R T AN SR
R BEAT e, IR B AR E RN E =

1) B4 % (Alias table, AT). 5 Xu 22
TAE, A5 BT 4 5 T R P R L L ) AT
THI AR 3R B IR 1) 44 2% 2E BRAR FR m B 524K e 550
BEZR ple|m), MITA R 4.

2) BM25. 5T Gensim fUISFE® [¥] OkapiBM25
TR S, F FR PR AN S AR AR A A AR, AT

TE SR TH B By, AR FLAE RIS & A4 3 5
SEREEE R S, AR SCHE UG 4 455 73 A8 B
(1) Top-10 {5k SEAREE A LT SR L, 575
A HR S SR 1) S 2R AR T 3R AT L.

1) TyDE® £:F Wikidata FEAl1E &R, K251
TR A% B e B AT 55, T3 s SR B 4%

2) Oops!™ $&H 7 — AN PR 21 48 (1) 2 T3V 1
AEE ) 7 MUY Y 047 € 737 4 N B U S 51 ST M
()73 1R 2R S B T B AR

3) ITNLP® [ AL A A B B diisk, 38— B B
18 FH 3 48 3% 26 B Gk S AR, BE B Bfd A AR T
ERNIE FJ58 X F 7= 71 4t # 34T 40 B 22 HL.

* https://github.com/THUDM/ChatGLM3

* https://github.com/QwenLM/Qwen
® https://github.com/piskvorky/gensim

4) YNU-HPCCP! {§i i ElasticSearch #4715
SRR, i Sentence-BERTRY 4 HE FR A i
T SR PR AR ABLBE .

5) CA-tuned™ BAYAE I AE XA 5 ) bt 25 60
ik SEpR EHER, ACEBH IS T CA A, @il
ST 7 RE AS KA SR, ARIRAE 50 K I HESRREA (AL
i H 3SR A 1) Top-10 3% S2AA) A1 50 K BEHL
HREA (BENURE R AE 1) Top-10 fgik sfk) F ik T
k. BA g N FERR 14 256. {1 H AdamW 1
ARG LA 1 x 1074 (1) 2 ] S AL N e FURE A Il 25
3%, SRJE L 1 x 1075 {22 ) B AEFENL AR A Bl
25 1%, WZRHLIR KN 6, BREE R AR 5 25

6) mGENREP #5871 J& 4§ £ 5lc 33 1) Se e e 2
B GENRE 215 5 RAS, SR i 21 1 SCA AR
JR R 7 BB AR SR A R AR SO A T IR AR A
SHR A 0 AT IR,

A5 FH KT 5 A 2R (103 IS R S LA

1) F0RIEEE (CoT-KA). CoT-KA R 5 CA
BRI ZRAR AL, AN [F) 2 A AE 05 K08 35 1S 8 A il
FEAS AR FR—SZ AR 0 i S 4 % . T8 4k B g 0 2% B K
BINKE R 128, 1EWAMEFFEA FHEAT 4 3025k
JEW SR, ARG PR BENL SREA AT 1 IR 2.

2) JERZMOH (LoRA). A fi ] PEFT %65
JET 5 RVE SRR HEAT LoRA 0, ZEM0 Chat-
GLM3-6B i, B SEIEREN query _key value;
FERE Qwen-7B I, BB IS EEREOEE ¢ attn,
c_proj, wl, w2. BHFEFERIRL r BN 64, 222
BN 1 x 1074, KiFEFBAAE Top-4 15 ik SLAA %L
P FIEATROR, SR 1, BREE B AR 20 B EE
—XZH, A AdamW RALERHEAT T 5000 %
HH T

3) $#&R¥ 2] (P-tuning). [FFEH PEFT SZH,
AT FE B 20, B8 RAR 20 2, R AdamW
AL BEAT 5000 5 ISk, I GrbEA R R SR IR T
UL i 284S 4G 2R 2E ) Top-4 A5k SR, e
ChatGLM3-6B I}, 3] Z &N 1 x 1074; fERUH
Qwen-7B I, 222 R BN 1 x 1072,

4) 1B 2] (ICL). iz, AChElit
£ 50 K MR H Top-4 (5% SLARE N R~ 51

&, W FEYIS R, BM25 KR M1 T SBERT (1)
B RS AR E 10 AMNER ARG AREE N
REEMBE, SBERT A S5, H+H®
A E R 2 T B AT O,
¢ https://github.com/facebookresearch/ GENRE

" https://github.com/huggingface/peft
® https://huggingface.co/DMetaSoul /sbert-chinese-general-v2
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3.3 SRS
3.3.1 KESERBES/)EBIE{RMEGEXTEE

TEAGE I SR A SR BG H , ARSCR A RecallQF 45
BRI 3 SE AR A BB AT PEAS, b, k23 B 1,
10, 100. & 2 JEIR T % SL AR B Y 7E Hansel
A CLEEK LR R MR, SLit s WK, W mtd
PR RO T HAb 7. BRI &, MY
#i (DE) 7 Top-10 &Lk B T, FHXT 51
43 AT 1E£ Hansel-FS L7 7T 20%, #HXF
BM25 J7%7E Hansel-ZS _FHRE T 9.1%, AHX T 51
43 AT £ CLEEK F42F T 3.5%. M4 T %45
TR A 1) 44 e S A B YR DRI LG A A 38 S AR
J2 T A5 P 12

£ 3 MR 4 R T HAREER: RSt /E Hansel
CLEEK _EsEReEnfaR. Hd, o RoR BRI T 5
Y3 AT A2 ik Sk T 2R 21 o RS, BDAS
A G 3 R AR RO AR R R B
AR A3 S At S 2R R I XU g ) 2 A TR A
Z ¥ Top-10 5k S,

1) FEY B, 3R 3 TR, AMER T VETE Hansel-

FS Al Hansel-ZS ##& % . # CA-tuned s AL AEW
FKOHN 49.9% F1 83.5%, £ CLEEK I mGENRE
BN 73.7%; & 4 B, KRB RO 5%+,
LoRA iR I &4, 77 7I/E Hansel-FS. Hansel-
7S A1 CLEEK Lik#] 61.7%, 87.6% A1 77.4%,
EO/INBE TR B A 5 YRR TH T 11.8%, 4.1% F1 3.7%. Tfi
P BE B I KRR J7 32 CoT-KA 7E =N 4k
(K 555 TN 53.8%, 84.2% H1 74.3%, FH EL /M
WA TIEIRTE T 3.9%, 0.7% M 0.6%. KAERI T W
BT 5 5] vk CA-tuned B,

2) B . X Qwen-7B/ChatGLM3-6B
PR AN K1 5 A8 R R /AR 56 o ) B A R R,
KAE 5 B [ N 7 A W R B A Ak
BRIE 2% ) ik, SRR Qwen-7B A1)
S 2 BLRAK FAR T ChatGLM3-6B, Xf T i 15 2%
1777, ChatGLM3-6B A5 24 7E = AN i 1 #1
LT Qwen-7B #i7.
3.3.2 WIS CT A ER

% 3 b, 3T BERT. ERNIE Zw it % ()45 2 14
e, RAER XYL CA MRFESS B L XU Zm D

# 2 RIESARE SBTITE Hansel Al CLEEK U4 B A HI%E (%)
Table 2 Recall of candidate entity generation model on Hansel and CLEEK (%)

. Hansel-FS Hansel-ZS CLEEK

ik Ra@1 R@10 R@100 Ra@1 R@10 R@100 Ra@1 R@10 R@100

AT 0 61.1 63.0 70.6 78.5 78.8 69.4 7.8 79.1
BM25 13.1 41.9 71.1 69.7 84.1 90.9 34.9 46.8 57.2

DE 46.8 81.1 92.6 78.2 93.2 97.2 58.7 81.3 92.2

T I RN & R AE R
F 3 SARBERILLLJTIEAE Hansel fl CLEEK B¥E4E EMETIR (%)
Table 3  Accuracy of entity linking baseline methods on Hansel and CLEEK (%)

HimsE TyDE® Oops!®* ITNLP® YNU-HPCC! CA° DE CA-tuned mGENRE'
Hansel-FS 11.7 44.6 30.7 21.1 46.2 46.8 49.9 36.6
Hansel-ZS 71.6 81.6 81.7 73.6 76.6 78.2 83.5 68.4

CLEEK — — — — — 58.7 70.5 73.7

T I R R S AT R R
F4 SEAREEEEKIE SR T VETE Hansel M1 CLEEK $d4E_E HER %R (%)
Table 4  Accuracy of entity linking LLM methods on Hansel and CLEEK (%)
Qwen-7B ChatGLM3-6B

CoT-KA LoRA P-tuning ICL CoT-KA LoRA P-tuning ICL

Hansel-FS 53.8 61.7 56.7 49.2 52.5 51.6 47.2 50.6
Hansel-ZS 83.3 87.6 85.9 79.5 84.2 85.4 83.6 82.5
CLEEK 74.3 7.4 74.9 66.6 71.4 72.9 67.2 67.5

T I RN B AT R A R
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#% DE B 74y, Fikfe /5, HHAEF KT DE
BB, [RIREXT FE AR SCRA I DE A8, R B R0UR
(46.8%) f£ Hansel-FS ##a k. L0 T AL
ST 2 /NS T G R 85 () B U 45 R (44.6%). 5K
br b, A W 205 DE B (5 N SCA SRR
KR, DL AORFFFR AR S A4 AR N R0 R e S TR
AT, XA b — e s vk BL g
KU DE BRI CA BEAY Jo HARRAE S0 SR
e FARAE— @ FR A i LA 1) .

NT /I G R 88 9 A R UL B 1) R, —
77 TSR R N ZREms , it 11 FFOR A SR
XERATTESR 3.4.4 T RLSL I 3ET T VEGH 4T
FH— AT T ORE S BRI — [ /K
B, N 4 BRI R ERT UKL, 4l 784 T
SRIRIE F BAE S oA Ve R, A
DUMERE NP A DE B 2 R I HL, X415 Ui I AH
b F /SR, FEF LoRA 1 P-tuning fC 1 KE
BB T vEN IS UG ] A — 8 . 2R 3.3.3
WX I — ] AT B R N B 43T
3.3.3 KiIBSHEBEERCAR A

F 4 2 RAUE B T TS R A O AR R 2 5
(1 RS I B 48 A SO 7 V2 AR 35 AR Stk — 2P A8
H Qwen-7B BERUERT T AN [F] 48 A R0 7 V248 SE K
BEHATS FIERIL. 4058 5 FoR, ASCHE T P-tuning,
LoRA. AdaLoRA™ M4eZH i (FT) YA
HA &S HHORMEH 8x V100 #7525, Adal-
oRA 5 FT J7iE#8MEH 5 LoRA FiFAH A 1) £ 4
MBHKE. 45 R ER, LoRA SRR RCR T 1
i =75k, Kb 22RO R 2. X2
KB & A A S B RE AP o P s
B, o H R OK B L G RE T, (HAE AT 1) 4y K%
BN, 2Z2HWOAR TG, K, £ 3 ER
1) DE F1 CA BRI AURABIGAE T FIARIL. L2
T, P-tuning. LoRA. AdaLoRA =F 4RIk SE |
RIS AN 2D B PR AL S B0 2 T 5 B 2 3k

£5 MUEBORTTERHER AR R (%)

17 7 IR, R AT 3 Sl ) 1 e T B
3.34 KIESHEBERXWE LA

N T RIS AR TG B LR B SR
FERE T, ARSI T DUFAS R RIE S ALY Qwen-
7B. Qwen-14B. Qwen-72B 1 ChatGPT, JXtE T
EAEIESES: 2] (ICL). BYEREHERE (CoT) FIH4E
BERNAIE G (CoT-KA) =R E I B 5k FIIR L,
6 pivn. iR BoR, lEBRSHERMN, T
B HE R At 2RI OB H Ko Qwen-72B
TERTE 7 R A, IF HAE K53 50h Kig
B BMAE ICL 3] CoT BAJ CoT #| CoT-KA H)%%
BRI T RS

F6 K E BN (%)

Table 6  Unsupervised reasoning capabilities of
LLMs (%)
= - Top-1 #EMI%
WIRES PNt
Hansel-FS Hansel-ZS CLEEK

Qwen-7B 49.2 79.5 66.6
Qwen-14B 51.8 81.5 64.1

ICL
Qwen-72B 62.2 86.8 74.8
ChatGPT 52.7 79.4 66.4
Qwen-7B 49.8 78.9 67.6
Qwen-14B 58.4 83.0 71.6

CoT
Qwen-72B 63.1 85.6 75.0
ChatGPT 55.4 78.7 67.9
Qwen-7B 53.8 83.3 74.3
Qwen-14B 60.1 86.3 75.6

CoT-KA

Qwen-72B 61.8 87.2 774
ChatGPT 58.3 85.0 75.2

Table 5  Impact of supervised fine-tuning on
accuracy (%)
Top-1 MR
WD IASEE
Hansel-FS Hansel-ZS CLEEK
P-tuning 10 M 56.7 85.9 74.9
AdaLoRA 27T M 60.4 87.3 77.5
LoRA 286 M 61.7 87.6 774
FT 7B 53.9 85.7 73.7

I RN SRR BRI E R,

I R & A ITEAEA R B E BRI R Es R

TEK SR (Hansel-FS) 50 1, /MEM 74
RN 49.9%, Qwen-TB W 7ERTHE 61.7%
(+11.8%), 1fi Qwen-72B & HE CoT Jrikitt—#
T 63.1%, MRS T; 13.2%, FLL Qwen-
7B 11Tt 1.4%, FWH Qwen fEK ELA = FEA
BEMS, HBEE SRR, L3I .

FERE AR (Hansel-ZS) 5 T, /AIME A
UETH N 83.5%, Qwen-7B Wi B 7T+ &
87.6%, 1M Qwen-72B LI E CoT J7i% N 85.6%,
AHEL/INETISE T 2.1%, B Qwen-TB T % 2.0%.

E— K CA I 5 (CLEEK) Y, /N B AR
YRR N 73.7%, Qwen-TB MBI ERTHE 77.4%,
M Qwen-72B LM E CoT J7¥EN 75.0%. FHEL /M
TERT 1.3%, 1HE Qwen-TB T[4 2.4%.

g b, BRI 7B K E 72B B, Qwen-
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72B BT EAENERE S Qwen-TB Wi B 7 4%
T, ZRIEEN-2.4% ~ +1.4%.

HALSEIE

AEIFAA /DT LoRA B SERE N

£ 7R TTE Qwen-7B R LoRA J7iE7E
B AR/ FIRRES (R B A 2. S0 245 B,
BEEFL » 3N, LoRA J7VATE =AM 1)
HETf 2 I T, (032 B 2 W ek . 24 r ak 2]
64 B, B EREE TRE. X— 4 RRH, SHE
HAERE AW POZEA RN NAERR, R RE ] RE
NEHMRELH MG R, HEEEERZ, A CHE
IRk r = 64 KT Hu Z12° ik WikiSQL Al
MultiNLI U 3EE #E E A5 H I fk r = 4, X 3R
T LoRA J5i%, AFRMESS AT REXT AN [F] S FERR 1K
K.

3.4

3.4.1

X7 ERBOPAAEREGLE (%)
Table 7 Impact of adapter rank on accuracy (%)
Top-1 #ERH

s Hansel-F'S Hansel-ZS CLEEK
r=1 53.8 85.4 72.4
=2 52.9 85.1 71.3
r=4 54.5 86.0 73.0
r=38 58.8 87.4 76.5
r =64 61.4 87.3 77.4
r =128 61.7 87.6 77.4

TE: T AR ROREAN R HEE B R g R

RRKEXNRRE I FENS

*£ 8 B/R T X T Qwen-7B #EU{ F] P-tuning
J7%, R BEA RSN KRN R R 2. X T
AN, BLRE SRR K BN 20 BHA R T &
FEvERE. BEE PR K EE R N, B o) B 2 1 2
BN FRAC. Wi’ RIBE A P K FE
FI3G N, AL 24 2 T FEAS PR, X RHEKH
PR KX R 2 PR S 40, WROE & R R
WEE JTHE K, A S SEONGEPE T EIA. R,
TEARNF LS, EFIE YR K2 DB,
DL B 1] R 40U 7~ X B A PR 2 )
3.4.3 IRFIEEREREEIHERF I HERNEN

ARSI T = FpAS [F] B 75 1) e 6 SR e DL S s
FERSCR, K 5 Fos. 3R ER: 1) XFonflit
PN, BT SBERT W # K & /£ CLEEK M
Hansel-FS s 4E _bART H AR - 1]k £ 51 g, 78
Hansel-ZS ##a 4E WA AT; 2) X TR

3.4.2

R HEIMRAK B R R AR (%)

Table 8 Impact of virtual prompt length on
accuracy (%)
Top-1 MR
NN
Hansel-FS Hansel-ZS CLEEK
10 54.6 85.7 74.1
20 56.7 85.9 74.9
40 55.4 85.6 74.6
60 51.4 85.1 71.3
80 53.0 85.2 72.4

T DT AR AN R B 4 R g R

o, AFE 7R BE R R 2 —SEs, M=
TEA R SR AN [ KR S A R — e i 2=
5. X F Qwen-7B #7, 7F Hansel-ZS 1 CLEEK
R4 b, T8 e s R B RE 05 A B i m I HERR R
AT Chat GLM3-6B #1484, 2 AN~ 2 LA
Pl AER A . 5200 Liu S0 07348 48 il i)
ZATS LI LSS AR, A SRR LG Tl %
FEWE, N BN S e g R BOA W B s Y
R OREIEGEN 0 (Qwen-TB) /2 (ChatGLMS3-6B)
I, = oR g B 77 v 35 RE Ik B e TR R

%9 JEIR T RIS E N 2 I = RoR kR i3
FIHER R . WA &, ChatGLM3-6B #A[1) £ F
AR ST Qwen-7B i fE Hansel-FS
1 CLEEK 3£ F%:T SBERT K% 846 2 50%
BRI AT, 7F Hansel-ZS M4 3T BM25 1%
BRA B R WS SR A T

AN TR B 7 191 328 456 5 W A5 AN [ B0 25 A 1 24
£ ERINA B, KO B — (1) 7 ] 1 £ S ms A LUIE
NAE R SR BE RN B . 7R E 43 50 N I SRk 2
Hh L ASAR 8 T S SOREBL B A 2R V5 7 s 181 3L
A, Fk, o AIZRRE 5 K s AT R 4%, iR
I 5 2 R RN R 5 A A HE R A, S KA AR
For 2 A OB B B SO, AT S AR B 42 1)
PERE.
3.4.4 FEIRAEREE T AR ISR AR
10 IR 7P AR SRR AR ARG 9 0T v
OGS ARV BT AE R R G . SRR R, KiE
& R AERE HTR I 5IN, $ETE T /B AL S A
B ERE, 5INPT 7R RE SR U — 2D T T R
B/ METY R T IE TR, BT an R Qwen-
7B R A 1) R0 G SR A (B TR R, TR
Hansel-FS #2877 5.2%, £ CLEEK 37+ T 4.0%,
.+ ChatGLM3-6B £ Hansel-FS E/ 1.7%
CLEEK [ 0.8%, X3t — 3 B AR 1Y 58 7 V2 AE
Kb F TG Re ) LA Ry e, L=
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2 TRIE RS He T RIE SR ) o o SR IHIE AT 7L
[— SBERT —— BM25 ----Random —*— Hansel-ZS ——CLEEK —¢— Hansel-FS
0.801 0.8301

0.751

5 0.657
=
i 0.60
0.55
0.501
0.451
0 2 ] 6 3 10
VN (TE- s
(a) Qwen-7B
5
Fig.5
F 9  ARIRFUERRMS T FRERY ] R % (%)
Table 9  Accuracy of ICL under different example
selection strategies (%)
Top-1 #:#fiZ
LAY PR HENE
Hansel-FS  Hansel-ZS CLEEK
Random 46.9 79.3 63.8
Qwen-7B BM25 46.4 79.2 63.3
SBERT 492 79.5 66.6
Random 48.6 82.3 66.4
ChatGLM3-6B BM25 48.9 82.8 66.0
SBERT 50.6 82.5 67.5

T I TR B I B R; TR TR S SREE R

SR R 1 5 R A B R AR, B B R
b v /MR (19 e

ST ORAE SO BEE— 2P R TH /M T F 1 5
FOARAIREJT. A EE SRR I 58 7 3k, P A R

0.8201
0.810+

5 0.660-
RS
£ 0.6401

0.5001

0.4751

0.450{_ '

0 2 1 6 8 10
RN B EE

(b) ChatGLM3-6B

7 A AT M B T 27 > IR i

The impact of examples number and selection strategies on in-context learning method

FESRBEAE Hansel-FS 325 1.9% ~ 4.1%, 1f Hansel-
7S % 0.8% ~ 1.7%, /£ CLEEK 37 0.2% ~
0.5%. JERANR: B4, % 2 F 13 [ 5% B XU 5
PRI 2R SR AE I L SHEREA S, &
B AR A i 2 R0 Lok B LA TR R A A
tez F, BEMLSREAIE 5 A T2 200 S0z i 25 1
PR, AN KT RE SR 40 2 S 1 B 3 AR 4, AT Fa
SEIF AN T, gt R A AN P e 7S ) R g )
MLAAREAS R B I 25, A5 28 i B 7 b Al 112 248 ) 1y e 7Y
FHE, BB T2 AL BV R A3 A, BRI A& X
B SXoF T o U 8 5 1 ORI A0 R AR, LR AR (e 22 5
B, RSP 5K NG Rt — D3R THE Y M e

3.5 $RIETR
3.5.1  FEIREB RLEMG T

N HE— DR GURTE 5 IR SR BERE (7] L 1Y
AR, ARSO DU R K1 5 R RN U7 VA BLI DE,

F 10 ENIRNGSRIT IR AL (%)
Table 10  The ablation study on knowledge augmentation (%)
Top-1 #EHZ
Ak Hansel-FS Hansel-ZS CLEEK
CA 46.7 82.7 70.1
CA+TH R A, 49.9 + 3.2 83.5+ 0.8 70.5 + 0.4
CA+HIAIEE (Qwen-TB) 51.9 + 5.2 82.5 — 0.2 74.1 4+ 4.0
CA+5N1iA4 5% (ChatGLM3-6B) 48.4 + 1.7 82.5 — 0.2 70.9 + 0.8
CA+FH7 57 KA+ ARG5S (Qwen-TB) 53.8 + 7.1 83.3 + 0.6 74.3 + 4.2
CA+ A7 RBE+ A1 7R (ChatGLM3-6B) 52.5 + 5.8 84.2 + 1.5 71.4 + 1.3

T I TR B I B R; TR TR S REE R
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mGENRE, CA-tuned =/ #ERR R AT 5 1R 0T
T EM T, 29\ Hansel-FS, Hansel-ZS,
CLEEK =AM AE 1 H R FEA R LR A, B
SR T A 1320 MRIEFEAR P RFEARLE. A
% 5E H bR AT IE SRS B DL, ARy
Mr 76 P RER RIS, B T4 92% PR
FEAR. 22 11 BoR 71X 6 FPE RIS St R
TR 6T IR Sl 3R A R 3R A7 U B R 20 AT

1) IR 5. AT () S 5 TR SEAR R 2
RUR—2, ¥ Rt Eb ey ol =2 [R) 44 10 W9 2 S 55
T, 7F CA JEMERIR | X REE R & oA 35%, fif
FHRIE 5 B8 (19 B 7 1A R B AR T 28 85HR 1
Fefil, B3 11 Geit nl £33 K085 & 80 5 v R 2 i Al
W PN 25%, o AR o iR AE A IR IR K
BRI R B 0, B R R T4 13%. X B KR
TERNR ISR 7 v, 515 K08 5 B8 A i s 2 25
AR FIR.

2) KiEARR. R 11 S8 KE S AT
TR BRL RS RT38 5 LEOA 36%, B CA JEHERLTY
28% et 7.6%, 3B HAEFRFRPLEE AW EAFAEA
. BARGEH R RAERE: R SR T A f
AR (53%)~ V2 8 SEARTIM N REFE LAk (16%) Bk
TR B 5 (16%) LAK 43 T R 544 (15%).
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Table 12  Error cases: Contains context, predicted entity, and correct entity, with content in brackets indicating mention
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