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Abstract

Knowledge concept extraction has important application value in the fields of education, medical care, and finance.
Knowledge concept extraction is a sub-task of named entity recognition. However, due to the lack of data sets and the
particularity of knowledge concept entity types, directly applying general named entity recognition methods to
knowledge concept extraction tasks often has poor results. In view of the above challenges, a method based on few-shot
learning and chain-of-thought prompting for knowledge concept extraction was proposed, utilizing open-source large
language models. Firstly, text representations focusing on entity semantics were trained through contrastive learning,
and the relevance of the retrieved few-shot examples was enhanced using the K-nearest neighbors algorithm. Secondly, a
method utilizing chain-of-thought prompting was adopted to present the samples, with the aim of improving the
reasoning ability of large language models in knowledge concept extraction. Experimental results on multiple datasets

demonstrate that the few-shot learning and chain-of-thought prompting for knowledge concept extraction method, on
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the whole, has shown results superior over existing methods.
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FEW T BUS T R EEM, Hh, FCKCEJY
PAE CoNLLO3 F1 CrossNER [ A T % B4l

F1 MOOCCube HVAIIREIHENE SR

] Jrik e FEIEES F145%
SimpleNER 16.78% 30.29% 21.59%
. GPT-NER 1.12% 1.45% 1.26%
B PromptNER 12.49% 28.86% 17.43%
FCKCE 14.88% 29.87% 19.53%
SimpleNER 26.46% 32.68% 29.24%
GPT-NER 28.40% 13.29% 18.10%
Qwen

PromptNER 21.56% 37.82% 27.46%
FCKCE 35.45% 39.98% 37.30%

2 MOOCCube = FCKCE F555mISEIR 55
il Tk HerR FEEES F143%%
FCKCE 14.88% 29.87% 19.53%
Yi FCKCE w/o KNN  12.49% 28.86% 17.43%
FCKCE w/o CL 9.92% 28.17% 14.67%
FCKCE 35.45% 39.36% 37.30%
Qwen FCKCE w/o KNN  21.56% 37.82% 27.46%
FCKCE w/o CL 23.05% 38.26% 28.77%

#3 MOOCCube = FCKCE F53% 5 RS RUMAXI L 5 R

e bt PAREA FEACE:  ERIR AlEE F1a4
FCKCE 5 14.88% 29.87% 19.53%
Yi
LoRA 4 272 15.29% 30.61% 21.34%
FCKCE 5 35.45% 39.36% 37.30%
Qwen
LoRA flfd 272 36.76% 40.23% 38.08%

Bk F, FEMREZET SimpleNER, HJEFAS
B A 1 R $2 7R A B S B YA I AR
TR,

3.6 EHoH

MESRIE 5 G v 4f I PR A ST R 1 1
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4 CoNLLO3# CrossNER 735538 FH NER AY F1 D EISLH4E R

CrossNER
TR Ttk CoNLL03
BuR pas R NTERE SESEES
SimpleNER 61.78% 60.75% 65.34% 60.33% 71.09% 60.28%
) GPT-NER 24.56% 60.89% 59.47% 62.80% 45.16% 57.51%
Y PromptNER 51.98% 74.88% 32.00% 45.33% 24.72% 33.29%
FCKCE 59.89% 75.47% 65.39% 74.02% 68.23% 70.42%
SimpleNER 85.04% 75.04% 79.37% 78.06% 66.58% 75.81%
GPT-NER 73.02% 72.55% 76.73% 71.49% 64.25% 74.68%
e PromptNER 85.03% 68.44% 78.15% 79.22% 68.13% 66.87%
FCKCE 86.04% 81.56% 79.89% 85.65% 71.80% 85.65%

WA 3R, OB 2R SCARZRE 2 a0
B 4. B3ME 4 ERT MOOCCube
W BSOS, DL TR 4 Fh 5 R
FIRNRAME S . h TS, ARSCK E
TERCH AR AR K . FCKCE 77k
FEIX PSR I HE BT e 2 B FLSR AR
e, EAR B R AR & Se AR 2
DHY . B BOCAR SR A MG S G T
PR, T 2R A AR & LL B R A
PRt 4 7 S R B T 3 2 AR &
B BOURE T O ERRE, SRR
FAHRT R AR, PR 4 Pl PEAR R SR 1

PIE T, JoHZE GPT-NER AAEEIBUT
(ATIEAHIEIRME S . FCKCE J5 ¥k B AR HEEL
T 3N AEATAME S SR, (BRI T
BT B S A A

4 ZFE

X e = A A0 4 0 S TR A S A S AR
R Bk e, ASCRI AT LLM,  $2
H T — Bk T DR AR 22 S RS E G H R B
FCKCE J5#k. —J7H, ARICHX 3]

(ﬁﬁimfa& TENRAMERMEHEE, NHEREIGFZE, RERRFTEERNTE bl B — L2480 h
WEHEHEE R, ZEVHTRANEM TR, XMPBEECNTBUNE KENFE R EROTERIR YW inference, EH

38 3 B AV E AR A IEHE Evidence, REBBMTERZ HERBERMHETN & X WK ABES HRERITHERME, R, X
BHENMXBIEAENPEMEE, B2, YMANESRENE, EEREE, R THROEN, FMNXERE
AN, B EEEER, EHRNEEARSIENR,

ESUARMES: BTIENT, SEW, BM, ERURNT, RMHETRSE, evidence, KAMRAN %, BE, FRMR, 1HE, WNME,
inference, £, NPER O, EMR, TE

SimpleNER: Z&#, W7, Zif, WAL, YW, iR, BH BE EOURE, 28, KAEESH, FR#E

GPT-NER: B, iE#E, Tk #E, Wi 4= B0, A KE #BE T

PromptNER: WFHTRI%E, B, ¥, BKEMENH, FRMEE, NPRMYEE, % BE AROKE

FCKCE: MMHTRIZ%, e, 5&ia, RMiE, T/ FREE, KAEELSH, NPERNEE, HREW, EOURN, &R BE,
\smm )
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B TERMRH—HIROES, TRUEREERRENEM, BHERNERBRXAZBLRER, ESHTRS,
ERHREBZENRR, AUSKBBRMNREERG—I, FUROEFEARFTNUEER, BHRU—AEHOET, BAKA
ERAESKRMAE —MITE, MEARBS, MARIMOES, KEBFA—ADIEERE, REABRNBRXSEARRTRBESF
ZIEE, BMNSRAEFOTHRERLDT, MXSBEENEABERENRS, BARNTREZEAMAE, XMIEETER
MAFITRBRAKE, leawaters KB BRI RN —FI 7%, ST —K$, BEHRULBAX, BTENERZR, ROTTR
T, RTABMBRPH—MEATF R, FRXAZGUUATHBE, BEERRMBEBHRR, BEBEIRIILANBILAY, BREAL
P EEANE, BEANREMNX MR, TREMAILERS, HEHRIENEE, EXFRIENTRYTED
WEERI, REAMOXKGH, FiLESEFORI.

HSANAMES: RO, BITR, (¥, HNBEF

GPT-NER: fis, /(LB

L

SimpleNER: fThIa&, EN, KT, RE RBOEE, K%, RBEBHF 5

PromptNER: FRBLIER, RE, R®XAR, KXEXR, (R#, 77 HHEE NIHKE TrEE KXGEH, BREAKE,
leawaters;KIEHT R, %, SR, RIFHH, BHRS, FE AR

FCKCE: RBRLIES, FBWAR, R, REXR, AHHF TAHEE, RHEFX

_

B4

I ZRRTE T SLARTE I SCARSRAE, IFR
K= 3T A8 S50 412 G 2R 2] 11 2D B AR 7R 451 11
MR 73—J7H, AR CoT 1
T RERFEAR, #2A T LLM fE AR HE &
HhE - R R S A ST o AN SOR 2R
£ 45 f1 1@ I NER (4 S dbfT 5006, o
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