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Introduction

Welcome to the proceedings of the 24" China National Conference on Computational
Linguistics (24" CCL). The conference and symposium were hosted and co-organized by Qilu
University of Technology, China.

CCL is an annual conference (bi-annual before 2013) that started in 1991. It is the flagship
conference of the Chinese Information Processing Society of China (CIPS), which is the largest
NLP academic and industrial community in China. CCL is a premier nation-wide forum for
disseminating new scholarly and technological work in computational linguistics, with a major
emphasis on computer processing of the languages in China. The Program Committee selected 87
papers (60 Chinese papers and 27 English papers) out of 228 submissions for publication. For
each of the submission, 4 reviewers were assigned in double-blind. More reviewers joined, when
severe controversy appeared, aiding domain chair to give final decision. The final acceptance rate
of CCL2025 is 38.16%. The 87 papers cover the following topics:

- Large Language Models (14)

= Machine Translation and Multilingual Information Processing (6)

- Text Generation, Dialogue and Summarization (8)

- Information Retrieval, Text Classification and QA (5)

- Language Resource and Evaluation (12)

- NLP Applications (19)

- ACL ARR Fast Track (3)

- Minority Language Information Processing (4)

- Knowledge Graph and Information Extraction (7)

- Social Computing and Sentiment Analysis (4)

- Fundamental Theory and Method of Language Computing and Cognition (5)

The final program for the 24" CCL represents the culmination of extensive efforts by our
dedicated colleagues. We would like to express our sincere gratitude, first and foremost, to the
authors who submitted their papers, thereby enriching the program with their contributions of high
quality. We are profoundly indebted to all members of the Program Committee for their thorough
and insightful reviews, executed within a constrained timeframe. Additionally, we extend our
heartfelt appreciation to the conference sponsors for their generous support.

Furthermore, we wish to convey our special thanks to all members of the Organizing
Committee and the secretariat for their diligent efforts in coordinating the conference, as well as to
Springer for their assistance in ensuring the timely publication of the proceedings.

We hope that all participants found the CCL conference in Jinan to be an enjoyable and

enriching experience.

August 2025
Maosong Sun, Peiyong Duan,
Zhiyuan Liu, Ruifeng Xu, Weiwei Sun
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Difficulty-controlled automatic generation of lexical meaning
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Abstract

This paper proposes an intelligent question generation framework based on Retrieval-
Augmented Generation (RAG) technology, focusing on the automatic generation of
Chinese word sense disambiguation multiple-choice questions. By constructing a dif-
ficulty estimation method that integrates vocabulary levels, word frequency, and sen-
tence length, the system enables personalized control of question difficulty. Leveraging
a linguistic element database and the BCC corpus, the framework enhances contextual
naturalness and distractor quality, and incorporates a multi-dimensional validation
mechanism to ensure format consistency and answer uniqueness. Experimental results
show that the proposed method outperforms traditional fine-tuned models in terms of
generation success rate, accuracy, and content diversity, demonstrating strong adapt-
ability to teaching scenarios and practical value.

Keywords: Automatic Question Generation , Large Language Models ,
Retrieval-Augmented Generation
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1 55

WL EIBEE R ETT, EF . B XA OB - R, (NEEXEEEIEAE
DISEHLE S iz, )8 A FEEICEARER TR EEEAT R Eith, 2w
PG 2 ) 2B B AR A TR 5 80 5 M AAZ O AT R -

FEXFIX — (A, BT E AT AANE A SR AR # AT T 2584 - (Nation and Nation,
2001) 7EZHEVEHTH, FRRNCARRIA9 )\ 5T, A E SR (FRM fand 22008,
2011) GEAPOBEF S, BHACAIRA S AT AT~ 540« 8% - BRAE XS EE; (3
4, 2017) FE—H5EH, POEZEFESIE BEILAR R A I L 1B B AN
OHERE, REE RS FEEL R R I ST RIS R SF N 2, DUBE 2T A 24 =) 35 f0iRL
FEREU - XL AR A AR R R T EIS S

FERNCINECEF A A, A% O R A T an ] 8 Mk N 2 o (5 e vm) Y It 4 00 58 4 T3] ST
5aJC 2 & (Heaton, 2000; 7K1, 2002), T (XEEand FHEAH, 2007) F8H, RIS
BRT8—4E, NIZGEAEE . BHERE, SRS EFESTREST - St EH, [
LiZHZEE - IBES L TR, B FERRME, E st N 2 4
&, DR ERBIEEA AR (E A, 2023) o G, SRNCIE A0 ME B RARYE 22 > B BE AN [R]
FATERR S, DR S S RIS (B A, 2017) -

VERRICIAR P B A, R UE S T 5 TP B3 SEERT A ST RE T B 42 .
M5 ROLEREER, LIORREBERE - EWMER, THUNESERTIER, XERE
BIGERE B RIAZ ORI, R HR A Z BRI (B, 2022)  ZESEFRlH, @R
WIT AN R OB —J7E, AT HEREBN &, EMAEReE, Btz 5—inE,
SRS A EERIAEEMS:; B—H, WEMEBEER S TSR, NR¥%E
HIAFIKFZ SRR, 0 SERAGHETTECA IR — D XE - bAh, (R GE A TRITL I i oK 2 A0 ]
BRI, Bz ehASRERES, LIRS MEMLESIT R . E LIRS, ST
WERREE, FlETHBRIT - R FHURN B &R ARE AT RRE L, X6 H
B RS BURENBCE R T HEESK . G, Q0 e R ERS v AR AR B iR S
iprire 31 ES STER S TN Ol S

TR, BEE BRNESOHEBORMTEL R, B ESIK ARG NERHTRSHE S
BREZET W HE7, B3 HATEEEAFEANLE - S0t%>) - WEXS SRR RE
BCPO RS o ALIUIDCHED (anTilisim EE « BCITRE) ARMAE & AU A AT A AR i, & T 4518 1L
W, HREEZIR, WLCEBRIE TR, it 7B & T N-gram & FHEA -
ST B TF-IDF 1T B TAIESNE, B&— Mz ae1, (BT RN LUK 142 ) it i
BAEN B MBS, REE 2] T1E (WSeq2Seq ~ Transformer HAY)  HE 0% 5% 2 4 B 514 5>
A, BETHRZARAE, AJRSEIERE R . ERAE -0/ & H TR, Mz
T, RAG EORELE THRRRE ORE LY, sesh SRS REER AL, R
W45 & FNIR PR SE RS VEEME B 1o, S0 28 i =) RUSE BLETSTIE RO AT eI, SRR T AR AR
SRR, AT 35 58 - It 8 o T A 12

EHWHERT, BRI EMEEITEE, HETRAG BUR, B ST A& R
REAERUBITIRAM Y, EAMASIEEEES . REARE, RELDITOFETER:

(1) AT¥0E R TR SUPENT ST RAE BAE S5 3% v R < T #5508 1B S U 528 B B
AP0 B —, BATRIR S BE NN ER S BT RME ST, BFHFH IR E A
HERESER - M@ T B SIS - W5 K5 TIURENSESESKE, FHFAFES
K2 =) 3 B3 B R oK

(2) MATAICERSIERE BRI BMERE TR & T —B55 4105 S0 - 1Rk
5~ AT 5 EE TR A T T A SR A M VAR AL, 4 A A TR T AR T A M R AT o 1T IR
TRFARBSRIANIE « BIRIEEE R, B SR E T A, RGNS T
SCIA UM 2R ) B e RO, 1T T MRS RS I

(3) ETRAGHIMEREE AT 5] U BHLE T — A SEERE . BRI R - EAE
5 R ERE I TEERAGH R, HRAGHEZR RGeHE S A SR SCHRTEA H A & - @i
SINESERESBCCIBRE LT WE, FAmAERRENE R 2KE, EERATH
ARSI « NWEZHEEEWEICEE,; HiEd 5 ANERE—MEREILHE S ERBEERE, i
R T LIESER - SRS RE, RESTERE -

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 2
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(4) TR REECE M ST AR B S E RIS 52 H BrEIRS B A A0 SR, 5IAE R
— RS - ZRAERGERSWERE RS, & T — 68 B AR H 1L H s R A i
HER, BERTT BRI ER RGP IR ENE - FTRIESITAERUE -

2 HE

B8 (Automatic Question Generation, AQG) EHERANEEWR AN, §
FEM T BN B o E AT 8 FmoRAA, DI U0 U H, S=E R At 5%
o HEP5AR AT Lo LT AN ER -

ET AN DG 5 BAR B BB B 58 B 5 RS T 3 SRR D8 A B AR R 7T
RT3E o PR s A AR A 3 50 o X R OTVE B — B AT e AR, (B RTEVERIZ 4
PR, MELOERNARZ RS FE TR - Fl10, (Mitkov and others, 2003) ] WordNet 4
R 2 TR, i MR DEBCANTE UM B SR TP, AR = ARG HEE o (Brown et al.,
2005) 75K H WordNet #EAT1R SCERIRMNIN, PRZR B 50 A R SCHIT B AT AT 1% « SR, %05 1%
PEERMATIENN, MU HEMESTING, SEERE R EEEERRE N ER,
Z RPN -

ETH I 5MREREREE. BTN LB EME R EE NS ESR, s s
N TG 5AREFRARE, LI 850 HEEZ AL EE D IR BRI K - B40, (Takuya et al.,
2010) RAGIHLES 3] 1%, Eid 2 5] A TR (LI A1 B 5EmS - (Liu et al., 2005)
& 251 SUH BRI RV AT, @i IS BT B P03, LASR = 1Rl I A G v
J& - (Papasalouros et al., 2008) $& H & T AU AKX/ Hah 75, FIHOWL RIFES 5 H
INE S ERBORR IR E 58, AEAT T I A% R AR AN 2 A [R] R

FEDGE Beh @, BT DOERIFE « 55 - TR R AR ik, 16 U EE
FEEME R Fitt, HIHEAGTEGVEREMES IR, HAHESEZESRR
BEEWIREMATIHIAER, DRSNS RRAEFIE R, - a0, (E&HIE, 2012) @i
PR TE AU S SR AR, PR AR T A LR B T A BRI DAL TR TR & 2
PEo (TR, 2008) MIZE&FIR R RERETIRIERTIE, MHAREE SRR EZEH K
R, EMEBWHEFEBA EBEhER - A, (FH, 2013) B GHE MR, IR ITE
JiiE, NI i =) R T ARG VA i BE

ETREXIIERABEENNERLE: BEREZIMERESHLHEERNELE,
B h 50 AN TR 2 S FI R BB R RIR B - 140, (Susanti et al., 2015) #&H T
— P BB ERE LIS K 54, DATOEFL "L 8RR, FIH BB R AR, 4
& WordNet 17|84 A SRR}« TERRZE SR X TP - (Satria and Tokunaga, 2017) & Hi —Fijikk
FAERRMIME SR RN AR B Bh B fa URAAE T, Bl AT IR EOR, FARRE HSURER
oo R R, A HAMUIA . IERE R KT (Wang et al., 2024)F% 7 — & H
HERIZENZE M BohR SRS, 7T LURIHERRIRIE 2, (Bitew et al., 2024)85% T FIH K
BAERFNRIEIEE & TR B B A FHIVE T IR0 4 BOsT A 2 IO A /7 58

FEPOERRNCM A, (%4, 2017) BT B SR, BmEIALANRM S 4N (B
WS FEBC - VA S IRSE) | FHORMBIRIEENTE, 458 BINE S LEBORFI R A E R
o, BRI, DA IR H AN L R A A R PR A

ETHNGESEENE R BB BEEPIGRESEEMAMEIERER LR, B3
FIFRIRRET RIE SRR HEE, DA E B 0] - E RS HEE -

TEMERE A I JT M, (Jiang and Lee, 2017) 5% 1 H SCEZS A TH0I0 B sh A AL, 2T
PE R - PFERRRUE AR EE RS T R, L3R, E T word2vec B UARBUE
AT PRI Bk R . (IR T et al., 2020) $& H T 15 CHLIME RS B shE ST VE, RA
3Ky e RES iy - §= IO W W= LI Sa S /ey &

TEZFEMESETI T, (Zhang, 2022) $& i LR R HahEROTE, 2 ARAET TS
Transformer F¥mEl i /JIEFZE TP H% > ITP 9 RR 7%, LIRS RERM, XWF %
REAERUHEEIERR - A, BRI TIRE )7 B8 RN HE S -

(Ngo et al., 2024)%2 53 SLEGIA NN FEF Chat GPT3.5NE A FH T2 IHEF A AR, (Patil
et al., 2024)F& i T — Mg & RITE S AL 518 UK RYLHIA B s B W A5l ] @ 13T 77 i
FA TS50 RE E N ) ot & (P B AR A o AR - L A A o~ RORARER (R, (Wang

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 3



FEITRIESYRE

et al., 2025)?75'5Hj—ﬁ%ﬁiéﬁ%iﬂﬁ%%%%%ﬁ <pr0mpt pattern) ORI T, WEE B
HERSZ (AQG) , |/AKIBFHEE (LLM) HERZLME - EWRESEEERE; (Hang et
al., 2024)18 1 R R TR TR RN B = RIRR TEEOREE &, MR IZIMNBRIRE, &=
T ERERZEBR R . (Huang et al., 2024)% 38 T R BB BAEZE H- 45 & #2205 S A
FIE R ENRR A AR A ik, AT DU R B B 20 &R >/, (Fahad et al., 2024) 29T
T A AT 28 BT B 208 5 AR A H BRI TR T RENE;  (Shoaib et al., 2025)H] FH 514 AL
SHLMLE (cGANs) |, ##E T —MRIEWITE, R EARAGEEMETLENENRE&Z
FEMES B R SCRBRE AL, (Shwe et al., 2024) 8 H T H T 018 B A M K5 1) 2 WL
MEZR, mf DURALH B MR BAET; (Alawwad et al., 2025)3 H T —FF| R R 58 H AR 4
BB R EERBRE (TQA) MIHEZE, IR EERPHEY = -

L, HohtEM R CHREZEESREE - MELESI ARSI 0, KRG EIRE
o) 55miAE>] ) BRSO IE SCHEAE, IR E R IEE SR, H— PR
FHTE R BEIKF -

3 SIMEEEEL

STRAMEBE VAl R LA R S A R 5 ME R E B - B2 p T BT IR E B T#
o ANRIE S /KPR S B IREGEE N, &7 I R0R 5 RO RS « O SEI RS E A Y
bR, AR RS BT SIS E TR, RIS ImARER RS E, N EB
HURS M B A PR S

3.0.1 AIESFRITAL

VAT 5T, EEARRANIE, BOC SR ) R e B FE bR - AT
FHABERHIMES T ATEF 020217 A &A1 (EFRHSUEE T 3OKFERNE) mILR
TERARYE - FEIT RS, REE T 510 00H# T 10 HFERAnE, RAMSUT 5 2
ERMERE, i EASY . TAERBUEFATHULAC T E(Li and Sun, 2009), %% VT 3T
L2, RUCGRIACMES SRS TR, DURIETAG ) SE 8 5 R -

3.0.2 TAMST S F R BT

5T R S PORC RMCRAIRIE , A58 Fwordfreq B! #RALFNRASE BAEMIKTE, 4
BRI S S R R o GBS — R AIEE RS, SO IR AT X (A 5 S AR R
KF, REESL A KRR 8 SR 1R RIS (6.98 x 1074, 1], 228 H9(1.60 x 1074, 6.98 x
1074, DUHCZEHE, BANASKT1.73 x 1075«

NIUEZTTERVE RS, AR 4 R AE S PORNC R T AR S AT TR R G %
TR o LA g R “fi 5 B S5 ], HiAsS TSR mERL iR, 4R ERZEE
*AEER SR AN .

K 1 SFRRATR

WiE LY St EY
XA 2.0000 x 1073 | 124
R 1.5500 x 1074 | 3%%
{5 b5 4.5700 x 1076 | B

BB SR SIS &, ANMURA TS ET B ETEE, s T
FESRIR R R S, iR TR BRI B shAs i S M TS B A T B S
3.0.3 TMHEITHE

FEV] SCHRMT IR R A, AT 08 F — 1 Se BRI R A A, B AN OLEAR T 24 Al 3] 75 )
E0, B EBIEMER S A T RESR RN . W FEAGE BT, APRiEd—
MR R IE, Fa% R T AEFEMEE . SR RES AR S AR R . HitEA

"Wordfreqilit: https://github.com/rspeer/wordfreq-

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 4



FEITRIESYRE

RN (T
1 n
Letern = (lmyg+-A-112{;InaX(O,Li——lqwg)> x O, (1)

B Lo BT W RAMER S, La h A F PG RSP, Xl im s &
B F TR e A N B AR B R AR B LA R IR ROE L, oo AT R AR
. C,o AR RE, DA ) K B SR M BE 5 M max (0, L — Lavg) 2 e M 1A AV
FERE, (%8 R P M B A -
FEFHME - IHEATRITERERFEMERE, TR IE R TR 1S AU SRS B
SEEE, VER AR K - .
Layg = % > L (2)
=1

FXMET R ET - ITETE & T B AR R EE, K R 0 R KA
(B Li < Layg, NWHZIN0) , SBR T TR EE REE AORRS MR -

1 n
D=— L; — Lay
2 D max (0.1 L) 3)

KB RR . KIEATFKE AEBEAHER, A5, WEREE)N, a8k,
FEMERERER, [RIL 45 HE B e R B R %K
(1.0 #1<n<10,
1.1 #&11 <n <15,
Cn=1<13 716 <n < 20, (4)
1.6 #21<n <30,
(2.0 H#n>30

3.0.4 EWMEEITTE

TR PR T P 55 B AR S R A BSR4 TR AR VA« % FR 3135 10
ZNEIBSIAE, KERE, SCRAREIAICESRMAESE, EETERE, DIE RS
ST E PINEIERAL o BLAh, RaBERETUNE B S T B AnEE AGE k Ak
W2 RMEE TS, S AT INBUBIE, WTFERUETHE AR, HE5E > B (A 5
TRl 5 AN

=

-1
Loption = ﬁ . (Lk,max + max (07 Lk,max - Lc,max)) (5)
HA Loption MIEWHFAEER S, NAEETE (BFERER) | LS ANEmr R
5l (k=1,2,...,N—=1) , Lymax Ak DIITAMER & & HIAESFR, Lo max I EFRE R
BERE TSI, max (0, Ly e — Lomo) NS VAR LGRS, B2
A B ) 198 T A PR A R
EIHAE R R - AL METHE S MAEE A, TR A e T SR E N
I (A

Eod

N

L max = max {Ly 1, Ly, ..., Lim} (6)

BERERESEE . AEMEROSES MAE, B AR & rAE, HEEEERIE
NIERE R -

Lc,max = max {Lc,la Lc,?a cee 7Lc,p} (7)

WIS ERVMEREE . (UEER TIEWEZMERAEI, DUk SRR 8B T I # R

X@EFE—FIE/T/E}EH s Qu%Lk,max > Lc,max’ m\IJALk = Lk,max - Lc,maXa ﬁD%Lk,max S Lc,max,

ALy, =0-
ALk = max (0, Lk,max - Lc,max) (8)

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 5



FEITRIESYRE

3.0.5 >JEMEEITEAR
> RBME A T W SR T A MR (ET B SR, AR AR .

Lquiz = Lstem + - Loption (9)

HA, Louin WRASTMEEAR 7, Latom AT XMEFERF I Loption IETMERE 550, o NRLT
MEEEAE RE, AT REBETELSMEE SR GEIGLE: 05 ~0.7) , BJ9RiEEAE R
B, AT AREETE SR PR GEUGERE: 03~05) , Hiifa+8=1-

3.0.6 ] UMEREE T E RG]

DLMBATILENZER (). 7R, %) EEESAMERSEH, SmefFvsd” <L <3
R RGETF, Hp el N IEE R -

> RN P B T B A R R M A IO N NI o B ST, ARIE AT 143 1 45 B R L]
SR, WRPSEE, AR ESKER, WESTHE . ME, S TitminiE
WL, TTEIETPIMERE SN - &a, MIEFOLENELLS], ZZETTES T ST REEE -

WHEBTMERE, BT A58 LB NSRRI E 2R

% 2 AT EEENI R R B
L I S N I 3

Z% [ 2 1 1 1 1 2
PR S
2414+1+1+1+2
Lavg:+++++:1-333
6
158 e X ] {f 2 20 -

> max(0, L; — Layg) = 0.667 + 0+ 0+ 04 0 + 0.667 = 1.334
=1

ZRWERENNESEOHT T RGOAN, &R = 05 /ENNE, DA THEBERT
B/, REMELRERETEIE -

1.334
A % =0.5x0.222 =0.111

FAKE NS, SRR RE 1.0, FILEEETHE N
Leten = (1.333 4+ 0.111) x 1.0 = 1.444

TRGETOMERE, A TS M SRR3R

£ 3. IO E SR BRI
%W | BE LR #k e
B 2 3 2

Hep, IERERHR 1%

Lc,max =2
THE IR I B B ME :
N—-1
3" (Limax + max(0, Limax — Lemax)) = (5+3) + (3+1) +2 = 14
k=1

BT IUEPEEE S SERSIE, FBIT-F150, ¥, TE, 202548 H11HE14H.

5]
(c) 2025 FEFLEFEEESUHEIBES L WENS 6
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TR AL -
14
Loption = ? = 4667

TRSTEMERE, R e BN ITOE L A\ ST R A, B8 R

Lquiz =0.7- Lstem +0.3- Loption
=0.7x1.444 + 0.3 x 4.667
= 1.0108 4+ 1.4001 = 2.411

Hep, WEARE0.7 503 FXEETUNEE: T 1E 0B EEMBUE E LB L
ik, HiEEERENBAREEER N E R, T ESNE (0.7) ; MEHE > RE R
ERUPS SRV 'J'%Eﬁj\ ECTPESE AO HOUAE N BN, IR ERUIRAE. (0.3) - EHLBIIRS %
TS TR A BT 5 BRI, R BT RO 4 S A B

3.0.7 ) EMEEEER R4
FRATHRX 2 ESERME, A CETWERBORSOTE R, FETE S8R e MHEE
&, SEBAEANFENESKPEIEFERZET R . BARMERE SRR R L3R4

K 4 STHEE SRR

HMEER | sMETLH Ei3a

L1 [0.00, 3.00) | AT 1IARE, FEIIHIANE

L2 [3.00, 3.50) | AT 1-2%1A R, EI22 1A £

L3 [3.50, 4.00) | AT 1-39038 R £, EIN3YLIA R E -

L4 [4.00, 4.50) | AT 14908 R E, 2-30A L BRI, EI4%
EpESE

L5 [4.50, 5.00) | AT 143883, 2-32030 S L —BEETE, %
5 ~ 7-9% A R = -

L6 [5.00, 10.00] | AAT1-9%36 R E, HeIi6-9% i % -

BT RN, NEMERE S IR Z R L 2SR R . WEL, L1-L2 8T LAEAEEC
HE, BEREVE; L3-L4 WLEY R, AXEEZR; Ls-Le 5IAGEMIALS EXIER, &H
FHERME. EF2 E7°8, L1-L2 EWESRBE, PFES; L1314 LT, REER
Ft; L5-L6 TR E & AT SIEMREHE, PR B3R, X EmEsE .

200 100
150 80
60
100 =
40
50 20
0

i i
3 S
H- =
= A

TR M TACMERE SR
1 BT R A RO 2: JRITRNCAEE 70 AT A7 [

Gib, AOIRHEAEESRERGE SRR - ATERES THRUERE, LT ZER
AR MEE RSO BAR - X R T B TR R 2 - SRS 2WTE, N
RS VR RIS SR -

B E R ETEEE ERSWSE, 1150, Vg, HE, 20254E8H11H%14H.
(c) 2025 HEPLEFELEESTHIEFTELWELL 7



FEVTEES¥ RS

4 MERERIE S AL BAESR

yRRT IR R S E IR ENE, SIARREEREOR, FIHESEREMBCC HRE
AR BRSSO S e in I, TR 1 ) O B P FAS v 5 N AR 2 REE, ORI
HehE R AT S ATENE, 80T T 2E SRS, SHERN R ERE—E . 455
SERVEARS OB AT B BhARIE, AT H A & 28 R A o o B R 5

4.1 HUA>) B R

B GREEZSE =1 B SR HE - RERURSEAES L . B9, R
STRBE AR TS R S R 4 HIR, SR LoRA FURKTYIGEAH T RS0, &
&, B UE XA REH TS SRS, DUR A ) B AE B AR S i

FERFIHOE B, RALoRA Hi AN Llama3.1-8B TSR SR 31T 2 505 30 - LoRA

T FEER 4> Transformer EI{AMRRAELE, HESEFE T8, WMBERITEFE, BEJIZGHRR
Y RS, BRIESEIEIIGNE, @ IPEFT LI LoRA fUH - REHSE
WEIT: BZS%r =8, WMAREFa =32, FHLATELFIdropout=0.1, MALEFEFEAdamW,
SESVRIE e, MERANNL, BRINGHREHS - BN IZGRRERHugging Face HTrainer
RENEH, DBRIGHRIEENS mEE - YGRS, WA IZRR AR BERIESE
FIMEBAERINE I, HEAGETNGEA, PR B oh H SRR -

4.2 KRGS HE R

RERE G RO B o) H R T A S AR AR SS R U T — @ RUR (B SRR IR IR ME R
BEAHHENFEERR - hiE—PRAEMREFEERY, ARSI ARRERE R A, WET
BIAAIRRREAEMEE NI BE R RS - HARRZEMINES FTR -

SHER
HEER 4 { —— 4

"type":" iR,
VM “Ad “iz —>  ZS¥IRE —> "level":"L3", —> R
A -J4L3f}1§fvaE’Jliﬁzft‘l "answer":["f& "]

"distractor":["i& Fi]"] l

}
HAERR IREUY SR E IR
WL X R ERE O MR 7 T, “ff i e T T
)ﬂ NELE, LT Jﬁ@% “SIH”, AREEEE 5 =l LT “ERREFRR OFatE.
RA  eleds R e [ TR 2 FEIHHER T <R

i 3N R “RH” “BIRT L.

A

H 34 BT
v

{
< thpeﬂ:ujiﬁﬁn’
B3R "stem":" X KA E R E () AR,
"answer":[" {5 "],

"options":["iz F","F A", B, A ]

}

SR

{

"result":"sucess",
"data"
FHUERT <« B — FRRRAH? R e
"stem": JX% RERZC ) MR, "
"answer":["{# FH"]

"options”:["ii)ﬂ ","ﬂﬁa","ﬁ)ﬂ "R
}

B 3: EHER SRR AR A
B, AGNEUNE BRES WA PRI TTR R BSE, RERE . RS
P~ AR RT S IEFRER N T . BEE, 455 RRERILHIN A 2 B s B A S B0t 7

5 A DU S E AR, SEIT-AR1600, B, L 202558 H 1ITHE14H,
(c) 2025 HEPERARITEEFT L EAS 8



FEITRIESYRE

b A, FREIAG BEE . EUEM - heErE R A THEMEL R, HiHH
ER B ST A ARAY T A FCAT & PO R P AN S P AT ) 1 Jo e P30

4.2.1 ZHERI

NI E L « SRR B, SEERBUR SR 1 T NER AR B SRE S HAEfE 4
R OREGETY . B BT R THIIENNEER - WERETHANOES RN E, EH
T )R SRR AR, B BIRE S RRASTENEIA, B MELEILSEUE R -

AL Llama3.1-8B 1E A E MR, ZEF5 S HUAR B FIE @4 2 50 IS > A T
%, R0 S FRREL R B A RS BRI E ) LR ST R GBE T -

NEIFRAESFIRBUE S PR SPR £, MET EE1316 FERKNRE, BE
ZMHBE RS FIX T3 - Llama3.1-8B (VA2 FEIEHGAESEE L, SHIRBUEM RS
1£99.85% - Llama3.1-8B ZEZEIRIUESH IR T, BE&NErEmtE S S, E61E
MRS H B RS OSEERBUSRE, NEELS] 8RS & m IR e =0k -

4.2.2 KRR

RERFF S BRI S S W HIR B, AR AR ERTIA TR R R
FRBRES S RMTEESFSHER, 8T - FRMETHESEFSINESERE
5BCC ERVEFANES BIR, MWmEBERER A SN2 « K A7 S BirEEEsK .

BARME, HZUNRMENEESSEE AR, R EERSRIETOEEEZ K, MIER
EFRIR AER A FENAT, HICEEITIE « iAo AR e WS FRE N T30, LA
P SRR X A E AR SR A 2R -

YRR FEEAE =0T MEESH: RIEHESEFIEESESR, NESERE
FIBCC TEALZE A% IERC AOIRNE R A) 7 5508, BRERAE R > 5 22 5] B K ARATF - BT AE R
LT E RN, HRRIEBERS BrHE, BRI T, WRiERANR, 1B
EAH . EIARL: BRI 2 FhIRBS 055 & TR TR, E4e % 5% 2F UM (B A%
BENEEENE, FERHIBRA S ERIBENS ORI, LU aE ML E RS .

4.2.3 SJRBAERL

ERREMERTERYIPERNRE, >4 SRR & I /0 R, A KIES
A B ST /. S5RGBT H0NE, B A S S HRTIER, PIiEERE
EAME—FETE S -

ROE BRI R R EIGRERET - ZR . THUSHRIEE, RaH—Pimkak
HETFII, mETEREEE RN L —5EM - R IT B Ve R B HI R ER, 25
SIRRHIE S BRI « S5 2 REME 5P .

B TR ERREEESE A S R E BN SRR A, > A AUEER AR A R0k f A4 piOR
A EEEERAE, FERERENESEX LENEE, 8iE TiEF% ) BRI
PR B B

4.2.4 SJERE

MR B ER TSR RE S R, AR T SRS, BESESERY . &
%g—ﬁ%%ﬁﬁmﬁzkﬁﬁﬁﬁﬁﬁ,#MA%WWQM%,%ﬂm@%%%%%ﬁSW
FAE
AR RAMMERENETEES < )~ EUEENEA - 2EREEET, X
BERETASIEETA, R . s,

ME—MERE: FARESEAEIIES, WRERESTRER 8. 42, N
FIRBERAME T TE, KRGS BRI EHE A, Bk L EiiREk -

MERERR: E I RN S HIWT R ST S SR - BRE BREE, REEET
T o A BRI T EN, LIRS B BEE AR B T B 1

ERME: FE—REERW, REME BohERAE, EFNERERET SR EL
BAGERIREL, B RFEIEIAH T BT -

LR L, IACIS ST AR A ) RO AE R - RS B SRS, NERHE RS
EIBITHR BRI -

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 9
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5 SCIS

AW FR I K R IR R AE B B RS RO, B AR E AR SR T ST 2 R MRS 1
PEHIMER T EAEA « 1EOh, L B R GIATR AT, T B R SR R 5 A
AR BN R RIE R -

5.1 SEEIFFEIR

HAEME -~ AT B3 B ARG IMERE, A& T =T0FENFERR, 3 H AT
. HAERE . SJHEERLTNHEE RS HARES SN -

H R Th &R (Question Generation Success Rate, QGSR) . BRI R GRENE
B, HAFE SRR EUESK, L TER R T 7 SEPR R A P ORS E PR AT HARE ) - 1ZFBIR A
FESLAAR N

Hrp, SHHBRIIZER, NoABIERNSTEESE, N HBIREL -

H B E R (Question Generation Accuracy, QGA) . BES)UERNE—E, &
MECIEEM L, BIREMRE B AN FESZ N EFME R, ZEnH TR RS R AR
FVERR TR — B0 - IR A TUE LT

C==C (11)

Hr, CHHBIEFHE, N NERWE—RFSTEEE, NIRRT > -
BESEZE (Question Generation Redundancy Rate, QGRR) : FEEIESHTH,
BERR FRIBHEERILE, BN, ARG ASTHEE R, fEhfE
LR E RS, MIEST R ES BIAEN - THEEN T
C

R=1-=% (12)

Her, RJEEER, COHARFRNMEANE RIME—ENEE) |, NUERRSEEE -

5.2 HIHEER

ARSI O BRI SR ALE B ) S5 BRI RE, FF SR E R AT L
ST, DT 42 T4 5 R RO VA A ST AR R B SERR R S I - it SERNEE T =R1ME
55, RN NS RE PR SCHERE . RET A SR TROIL S R SUPERT -

5.2.1 LBiEE

FEHTIRMESF, NIESEZEFHE000/E NN, ZRETRR IR TS5 ME ST &
FRIEAS B, DA e T 07 15 BE ) A0 TP IR E IR o B 2R IX BN A 55 ) A &5 25 17
R FEALER200 M AEN BAIRER, 2 HIAEMLIZLOSH @, 111120058, HEAEE
BARIEB T« 1BERER SR A RGN TR - IR MESSH, FIFREMIRC R
200 HARiE, HELANT SGRZHAGERIR, A AL12000E 78 5 A RIS ST/, AT
FE SCHETRE ST, BRER T IR B A PRI AR E U, BRI E A EERIFE N -

5.2.2 SLLER
F5 BoR T AR R H R IR % e b T R H e 4 i B e R .

MHARAL | A A Rl A KRG A

AT+ 100.00% 100.00%
ETER 100.00% 99.25%
T eI 99.67% 98.25%

5 ANFITR AL 1 AR Th

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 10



FEITRIESYRE

BUERE, TR MIHAENSEEL RO RIS, HERNI R R AR R KT, R
PR AR AR BT & AT Y > LT T B BRI AT SR -

6 s T ANFARZEL T ) HRAERE R - Horp, “ERAYRORY o (U R e BB R H
AL ORI FOR G NGRS A IERRGER, RERI FoRERRIEEEM L, &
5 GE SCRRT G A ERPEAE AT RS /5 AOLE 2R -

WA | BR[| REWERE | RERE
=TT 68.50% 70.50% 98.50%
ETER 67.02% 68.25% 97.52%
F TR 50.28% 62.57% 97.08%

* 6: ARG TL ) HAIER R

Haky], RFMBERER T AL MR, EHBIERE DA, JLHAETI AR
ERTIIAEE, RMEHED T ERAME—RRE, $&5 T >R AT PR o R -

B@EmE, RERRMREIAE M A m I TRoREE, B Fd bR E R A
— BB . LR PRI R N0, REERKE T . BB )ER—D K. 7, EIE
e SR N BB CEHIR o BUERINRBAE KA R 5 N RN IEE R, AR
Z A IEFET - RGEIEIR N WAFERRIIR, FMA ST ER LR, HREE ST
TREGME—IERE 2 - FUERARLHIACUERTE T HEERR, W5 T RYUESL IR H A # AT 5
M, JREESEEIRME B 5L B E T A -

K1 B T ARMARE R S EES R . R ARREBER ZH, B THEERE
f, JCERAER— B PR AN FIXE A ) AL B R

IREES I VB Rt KRR
ETFER 52.25% 15.37%
FT R 54.77% 14.50%

1 ARNRE R ST EE R

Ban, LUk Sy BERASBIAERLL L6 5% AR FENT > IR, AR £ RGR (8] A [F] R
Fefti( )VANRIXAKRITE 7, SR ERSEN, SEONFEMERE SR A > 8E L Fribt X
FEANE -

5.2.3 SEROHT

ASLIGHS HL AT T R AR BT S50 R ISR A E 5 ol UL SRR I, R T
REHR NI EER =D F T T 2, - SCEERFI, KRMEETIE S R &
M A HRMEL, THESEMRE R CEE B AR EELH-

5.3 AR RS REUME B S G

IR SLG A R SR AR T AR S R B A I T T AEE T, R HE B REAE R S R E SR AR I
BLRIZR >IN A, TR E RO S 2 )30k o SR80 43 ISR A «BE 2058 H A A < Tk T HY
R, GOt E S EE, SR ES.

SEAG R, PRV N AR AR ) U BB BRI HARSES, PREESTELO IR, #
AR B BRI B S R e M -

MEAREEEARE, BTRIHEAESSER NEMESMENEF, MEETRIET
ETERHEE . Hla, FL4- Ls FL6 FAIH, FH TR H S brEZE 555 40.55 0.63
F0.78, BIRE/NTXNAETEREBE, FRARETIZE A ) 8 X 8] 5 25 5 58 M 1
il e

R EFTA, RRWRETIZE S A SO R B BRI T R T, TEEREEE
X RIRMZR Y, e E R A ST P ICEC R - MR S, Tk Wit @77 A e RS e v 7 Tl
AT . RERFIAFREHATEENS, LitE— PR B RS RREEM -

LiE Mk https://www.tongyi.como

FoERET RS RSSO, BIT-515T0, g, FE, 2025458 H11HE14H.
(c) 2025 FEFLEFEEESUHEIBES L WENS 11
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L% ETER FT kT

FE(E PRiEZE FEIE PEE
L1 L1(2.98) 1.17 L1(2.92) 0.87
L2 L2(3.19) 1.02 12(3.02) 0.77
L3 L3(3.68) 0.83 L3(3.50) 0.65
L4 L4(4.39) 0.86 L4(4.22) 0.55
L5 L5(4.94) 0.94 L5(4.92) 0.63
L6 L6(5.62) 1.10 L6(5.47) 0.78

R 8 A ) R EESE R AT

5.4  REHT 5RREIE

it PR R SR BORTE H o R A A SEPRRSCR, AT N ST 2 A 5 0 P 2 4 R
DYERE, BT “ETIRTUHA 5 <ETEREB MR, SRR S50 R R
HO HE AR B -

AR NANRI S AR A BRI I, 930 P SRR R AT R, 0 A ol ) R
N SR AIME R S0 AR EAT 204, ATV AR A P 72 A ol 5 M B VA4 5 T I RE )

5.4.1 FEFETH B

PLeH R 5« Fem X el SN, B SRR TR VE UHEITRE T T T RO R I, AH 3 R B
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A Diverse Data Recombination Augmentation for
Tibetan-Chinese Neural Machine Translation

Jiayi Xue'2,Jinming Chen®,Bo Chen’?",Wei Bao*",Xiaobing Zhao'-?
1.School of Information Engineering, Minzu University of China,Beijing 100081, China
2.National Language Resource Monitoring & Research Center for Minority Languages
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Abstract

The neural machine translation (NMT) for high-resource languages has made significant
progress, but low-resource languages face a more severe problem of insufficient parallel
data. To address this, this paper proposes a diversity data reorganization enhancement
method (DiRec) for Tibetan-Chinese neural machine translation. This method lever-
ages the bidirectional language ability of large language models to perform component
recombination, sentence structure recombination, and style recombination on existing
Tibetan-Chinese parallel data. After two rounds of automatic quality screening, diverse
enhanced data are obtained. Compared to the baseline model, the DiRec-based model
improves generalization ability by 4.83 percentage points, increases BLEU by 0.55, and
chrF++ by 0.20. Finally, the impact of different data recombination methods on the
performance of the translation model is analyzed.

Keywords: Neural Machine Translation , Low-resource Language , Large Language
Model , Diversity , Data Recombination
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TER, ETHAEMERITL2sEE (Neural Machine Translation, NMT) (Sutskever et al.,
2014) UG T 2 gt 2, (BX AT EE B ook B AR HE DL B TR R IRE 5 - edh, IRETR
EE B MEIEEGN - WILERFBEHN, XS REESRENE —EBE LR
il T ALSS R A A ALRETT - LA BIE T, Bz R WS B AT EORE C AU B
Fi(Wang et al., 2022), FiE A — D IRE] T FATE0E fO USRI A B 25 % -

TSRS BE T, B R HEIRR R . B AW E B3 - EAPITEOR
FPPAT APNHZ I8 S5 (Latief et al., 2024) o [B]3% 3 22 38 1 B15 R A1 @ 2598 B9 AN [FI AR (Sennrich
et al., 2016), A FHIFEX IR THE K G PMRELPFIES WSEEE,; EAFITEE
T B B T EIR AT B AR - B VRS TR, AEEnEEENEZRE
P (Pellicer et al., 2023), EEFEZRETE A7 R SGRME, TTEERERAERZ L
H15 AT AR IE YR T 12 e s AN R BE MR B &= R IR P AP AT AR R YT
FYNEREE (Chen et al., 2020), T AFIET LFHZIREGE R ST R e B, T MERE .
XL T R R T A AR DA — R E LR T R IEY LA B EORE S 2R, =
TR TAINIG T AL BE AN B PRI -

R, ARILEH T —MEMBENEEREZI S ENZEESIEEA T
(DiRec, Diversity Data Recombination) - 1% J7 ¥ & —Fi DA KRR N #4518 28 B0 ECPR B 55
%, FIRAKREENAESEES, Bk Ed - AR EAMNEEH =MEAKRE, EC0F
HATIEREER b, A& A AL - A1 AN A)F XA& B ZFERPATEURE - B, %4 E
FE T HPATEIR I EM L, FIAKIEFEREARSWIOEESRES « BOEFIFERE ) FES
TRES), TR FREL—BWMEAFRIEDMEASWEIRESR, ks EE, WP
AIA (a) BIEBHSEHREPITAB (b) FRHEIERS S, #1E—aXBTEEE R GEa
NAVEE, SRR EA, WEEAEREERA . AA s EaSE, T XASBIETE AT EE
ARSI EA, BIXASEA, i NIENRIER TR EE RN EER KRR .
SEG Y, aE o g U N 25 R 5 TE R R A BUHR TR 5T A [R] BB 2 S X R AR A 1 R )R
M, FENR B AR E AT S 2 R IERE A R A E, RREWEIREALE - 7
FIBLEU ~ chrF++ -~ TER~ Tl B]FE - % A BUBE B Fa RS B AL fPERE - A SR BTk
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o fEH —METLLMIZ M FATEIRE AR B IRE T 15— DiRec!, BEERURTRIDHL
PRI ERCR, FF MR R B TR 2 0 128 o AT B B 2 AR it — T REROMRIR T 58 -

o U ZMEIREATTL, HHINATFROWEH . A FAEMAEH A7 K EHE K
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o SEIE N AFE EA T ISR M Z VAT EIR AT AR E B, RRBERESIZ LR
TIHITRIERT T H AT REBEAE -

2 MXTAE

2.1 (RBEIRHLASE %

H ATt 5 I8 S 50008, REIESEE P SR EZMA, XLEE T N
R RE, SRR B EE RS B RIRE S MR . Wi, AT FEZENE
RIS B TR - B0, Zoph%(2016)FI FIiERZ 4 2] & BHRE = 1 AR R 2K B R #
LS T, GEERMET ORI, Firat®(2016)EiTE G ZMEEIRE 5 5 m RIRIES —
BTG, EEES ZRRHPE R T RIERCR,; Nouyen(2024)@ £ E HIE SRR TENTZ
SELLMAE /7, T B3 R BTRTE 5 B0 A Mullovas (2024) R I ANM TR B AR H)E =
SRR B R, S S LR MR AE RS VO E,  DARANIGEBE A R AR
WIS - BLoh, BEEESR IRV R THR SR LSS B RE R R T B, Jin(2024) 38 H— 7%
TiE SO S BRI 38 57, Joilid BT SR SRR R, FR A B RO R A O
TR Mahamud%5(2023)7E 1/ 5y BR80T ARG E, FER 735 SGA B R 30U BRI

VEHBERMAIE AT T https://github.com/breezebinbin/DiRec-
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PREEFEAT IR BLANIE R, Shen®F (2023 )18 13 K H hni b 728 B4 pSUH MR B D~ FAT3ERE, X
T 2RSS MBS KIS SR U gm i 2 R RE D S TH BRI IERE, ART OR BB 57E, AT
HIDiRec/T AT FIH T LLMRERARRE DA ACEE S, MWEIRZ MR AR L EARE, BF
BT R AR -

2.2 DL ENIE

BOEE N AR EIRIE S, STGEMEIFHACH R RERBE IR B - RIS
EQ0IS)FRETHN S8 ME TSI EIE RS, HFECTREZR TN L
Ae T HELA B LR, FEETUNISRE SR ML R, Sunfs(2022) 1 H FIRGE T ZRE 5 1
B RHED) T OSCBRNBE S N EAES AR, WRBDEIIEESIEAN TSI, (B
AL EE—ERR . FARMBREE(2023) 38 13 35 58 DOGE 1R 48 5 N B BUESE A A
FIBART XUt& [FIFERE: B Jmbdat AT ISR, BGaR T B AV PATEUR M BRIV IB 00 24 5 RGE R IR HY
AEJT - Shen%(2024)F| F FIIR 25 M EARRAE S RIA A SE B0 AR T R BRI EAY, @ B bR 5
T SR s 2 LA B ZRdt 17 IEMAL P 7 R A B RUR - SRRy, AFhEdEREE T
W R B RV 28 812 (Zhuang et al., 2025) « A SCETEVE IRV LES BHIE HIEEZ L
P BB BN ERRIE, R 2RI EEER, EERAEAZEET - o, BE
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b & LAChatGPT(Brown et al., 2020)~ ChatGLM(Zeng et al., 2024)~ LLaMA (Touvron
et al., 2023)7 3R FILLMsi# i3 88 KA 2 2011 9%, R I =iy 85 1 5 R 5 A4 Al e
71, LLME &/ £ R %> (Dong et al., 2024) ~ EFEAR//DIEAIZ ALAE ST (Wei et al., 2022) LA
JAE T TC R IR AE S A (Connean et al., 2020a)% % /DR, NEBIENIKRE IR F 2R
TR . AT, BEMAREVLLME S REFEES A FEREFEEEER - 0
W, Jiao%(2023) I F5 i, ChatGPT-47E M HWIRIE S PRI FE M ER LT LEIFE RS,
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et al., 2023), H—BEKI T EFZELEMMER NS REFIESHERERTRRBIEN, W
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PATIERE . RE, R EE MBI T ERE TR R E BRI E, B EEEEIEE S
¥R, WA BT EICHTIERPEEE 2 - &5, DlTransformerf 18 7 #h22 M 25 B 1% 5
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5@'%‘a"’4'KVQQa'ﬁqm'Rﬂ]q'gﬂwa'qS'Q'Uﬂq

TRTR VTR SR = B P Ky AR AR AR A SR )|
BR D A= Ty es PHnn TR g TR R g ar S Sl
R Ey «gal@a» 5= =R

i A2 E G B AR S R R

X
It AU TCIA R SX B 5L
PRAT LU R B PICZ AT A0S ?
P AGK R SE AR A TR AE — e |
(&) A AR
HAEMAENREL AR

B L
AR P argq SR ARTR o & Qg arags 5 Eayasy
RERANRR TR 85 TGN AR §A 28 AR RR aga s B X

¢ AR ) 5= B3 BR a8 Ba AT X RS AR |
=R R 5 B G e Gy S gaE e

T XU B A5 B AR o S A e

X
HHEZEIE, BRGSO A7
e, IRERWEI T (i) Y
A ST it R B S o X R IR 5
W AR AR ACEE i BRI o PR A
FHICH IR SR AW !

FBC
R AR 53 SANFR YRR Zan I By
55[ER P arys @R SER =)
FRE R g FN AR PRy F sarunal AR Hags g an Qs
g5 B Y H Ty qapx s ga s I A5 3=
gg'%'a'mq&'@N'fi'ﬁ'gq@xﬁq‘ng'%q'ﬁ‘@m‘ﬁgl

3.3  HIREE R

B, IR AT R B R i R e UL IR R B - BRIk T LLM
PP EEEBETOI5TE, BER B PR EE /N T80% ) AN )X MR “F 3 5 “Oiiiik” iEAT iR
MRS, 72 BiROE SR B . Sk IR B e Fis TRESMET, RESCRS AR

— TR o TR RO ORI, ST BRI AT R X ) AR ST ) R R
B, BRI EFCSEHEER 5% 007 A 57 ARUE CATT B F++ 050, BIEREG D
NFOTHIAIT, DAERPRIGSRTE R AR -

W, ZMEIREARR T ERREIER SN E, il S EA SRR ER, "G
B E SR AFATIERL, FAERR R AR LT IE - BARA T =R 2 (1)1
B RARERIATHE TR, FIan, FrEET D EARBERAATaX LI AR N BN, 5
JFIAFT R R T H S, BRI —BAL, RS EN IIGRETE; (2)RIEARILLEHRS
= AP E AR A BRI TESR, a0, SRR E S A EAREE, AR DR EAHD
B (3) DU AR AT BRI E I gRER . RIS, @ HEEIERA & U 0%k
FIE, RPEIGREREE MBS -

LNERIEE: https://niutrans.com .
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4 L5
4.1 TRKRE
4.1.1 FEMPTER

S BB PAT HE R IR PE b R R AR L AR DOSUE AT AR R 4R (2022), B 10077
SFIPCEATAIN, FATHENLIME T H AR 1077 £ FAT A E R A ST AR5 - hREdEk 8
%17@%1‘%%%@]11*7(/\(CCMT 2021 2 HEPIPORACEEIR S, B 3137955 A1% PFJ%ME%B
PRI MERE - BT RMEIE, DiReciliid = %ﬂ%ﬁ@ﬁ% A RS0 S AT AN
ﬁ%AEWLFHﬂﬁ\Eﬁﬁm%ﬁ%ﬂﬁ AR EH LT H &A1 ﬂ%i@%%mﬁ
SRAINE, Hit507 L ERTAT AN o FHALFEER A, XIPGE K Fjiebaift 17017 XSIEUE K FIAS S
bu?%%(m%ﬁ%ﬁ TP S 43R 7 R4 T 40 .

4.1.2 XTHSEKEE

WIEAF B EE GER3.3T) |, AT T ZEXN SRR ESE, BEAWRPFIR -
Hrh &R iEbaselow, R EHBERN MG EEIEIC NCR (Component Recombination)
Fra) B EAHSR R R EIEIC MR (Mood Recombination) , Bf XUkS B 4H1S 2| 3 58 50 HR 10
SR (Style Recombination) , ¥&5 HHIEFE N FITEURE -

Table 2: ANFEIEWEH G T7 2SR AL
L

BlRAHE Bl RIR o Bt R
FLHE baselOw 1 baselOw

] 2 basel0w-+CR(5w)
basel0w+CR 3 baselOw-+CR(10w)
4 basel0w+CR(15w)

S NEL

(FRELTE -+ A EAHALR) 5 basel0w+CR(20w)

6 baselOw-+MR(5w)
BT basel0w+MR 7 baselOw+MR(10w)
- 8  baselOw+MR(15w)

(FEAEE-+ R AL E AR 9 baselOw+MR(17w)

10 baselOw+SR(5w)
baselggeRpR 11 baselOw+SR(10w)
(EETE -+ XA EHAEEIE) 12 baselOw+SR(12w)

basel0w+CR+MR+SR 13 base10w+CR(2OW)+MR(17W)+SR(13W)
14 PRI ENEN: 4~ 3~ 2+ 1
AL EHA  baselow+CR+MR+SR 15 ﬁj\“hﬁ%ﬁﬁiﬁ 2 332
16 RlxENER: 13- 33

17 FEVLECR0 NW

E L e CRFAMRASR 18 BEALIE0 N AT
) (& BAEUR) 19 BENLIE40TT I A)%S
o 20  BEWLAELS05 A~ AIR

4.2  FERERER

Table 3: HAVESEOS B

SRR H | Z2HEW {H SRR {H

Tt e 2K 8 | MRS EREEK 8 G -WIPS 16
A 2s adam 2SR 1 ) REWITIE noam
batch-size 8192 | bucket-size 262144 | warmup-steps 4000
BRERITXE 4 PRZERE 1024 | RURLEZERE 4096

B EFEAEES SRS CE, FI6T-E270, ¥, TE, 202548 H11HE14H.
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TATET BERBNVLH A2 B Transformer 2 AN 2 BT, BERHBEIEE
MM ARG R o LR KFEOpenNMT-py £ Il (Klein et al., 2017) - &S EHOX B IR
R, FPESLIRSR AL S SEEE FH Ubuntu20.0438/E 245, #FNvidia Tesla V100S PCIE
32GBIERGR, FIIEIR LR IETE26 TGP U/ N

4.3 FAHIERR

Table 4: WM FEIREF

Fan& R HREERE Ea
BLEU(Papineni NP TR ER S S Z RN 2 fn-gramBE 5%, AL Hn-gram N1-3f7
et al., 2002) i LEATES
APV | e | A n-gram KRR 5
TER(Snove)r et al., R RS g%zﬁ%;i]ﬁgﬁ%ﬂ%&ﬁ\gﬁjﬂg Ebnd tH—2, BTy 3
2006 7 5 iR AR
TR (Li et al., AL TR A T A e r) 1 Z AR 2 5, RN A W
2019) e TRAERIAES]

ZELi% (2019)/5 &, 51 Anoise il g hEHLAZ Bl 5 8 F 5 ST B
itokenﬂ’ﬂ 4}1 FH W%gﬁ;ﬁﬂﬁfﬂ%ﬁ%ﬁ]ﬂﬁj E‘J/E%Yfﬁﬁf?ﬁ

o et R ey ; noise2fEnoisel , H—Pk FR—"token,

i N BURE BRETE Ffnoisel ~ noise2f AR JHT T ERA FEnoise 1 A TCHEFE A L
FIBLEUZ 3L E A RTS8, @it Essy

FEnoisel Flnoise2 - ichrF+-+ 280250 5 E A i1 S 18 1

NEEVFETLIAFEIERRCR, ASCRAZ D WINTER, BWERYE - BT . G R
ZALRES) ~ RIS B YRR - A TRPRHIIEAN TR 34 -

ARTHEAT T DO RS ~ Jal S DT A5 [ 555« BRI SR GREEAT 100 0,
BT P RE— IR E R, HAPUZER T A RS 5 PR e R R IR A EUEC
SR - BREIDUBCR IR A R W RS, MDCRIAE R WRG - FEXPRER T, FLIEE
HUBTEPRIR TR TR R LRILT |, FInH T & MEbr R AU -

Table 5: PURENETT [A] L5645

5 N ER noisel noise2 Fo 0 a]
BRI AR Fa | BLEUT BPRU chF44r o TERL Pl
baselow | 1 1725 1.06 59.54 155 5156 35.27%
H— A
Bw 2 16.61 124 58.05 185 52.03  30.23%
basel0wA.CR 10w 3 45.48 4.63 58.02 415 52.98  40.61%
15w 4 45.52 5.27 57.74 4.63 52.63  41.02%
20w 5 45.16 434 57.68 471 5238 40.40%
i § 47.68 453 59.75 156 51.27  37.28%
10w 7 47.13 425 59.25 4.54 5213 39.50%
baselOw+MR 15w 8 4572 3.62 58.01 458 52.58  39.72%
17w 9 46.84 4.46 58.81 4.00 5176 39.87%
Bw 10 15.03 125 57.38 134 5351 30.17%
baselOw+SR 10w 11 45.05 421 56.95 3.71 5370  40.36%
12w 12 44.14 3.68 56.32 3.91 5482  41.33%
Cgafﬁ%ﬁgl{ 60w 13 44.68 5.00 56.79 4.30 5335  37.17%
AREIELEHRHE
basolow 321 [ 14 | 46.49 5.6 58.55 1.42 51.70  34.32%
CRMRSR 2:3:3:2 | 15 44.87 4.49 56.85 5.15 5341  37.19%
1:3:33 | 16 4328  4.14 55.99 4.50 5421  38.32%
POERB R
20w 7 18.72 1.18 3747 2.09 76.45  75.36%
30w 18 2248  0.96 36.17 3.22 7244 68.74%
CR+MR+SR 40w 19 24.90 1.51 38.97 315 69.86  62.71%
50w 20 | 25.91 1.78 39.38 3.29 69.38  60.35%

B EFEAEES SRS CE, FI6T-E270, ¥, TE, 202548 H11HE14H.
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Table 6: JIXENFE T ) SE50 45 5

- . ER noisel noise2 Fo I e
BRI B, Fi | BLEUT gPE  chrF4t pof  TERL Dl
basel0w | 21 12.99 1.49 39.19 2.96 5475 55.33%
R
Bw 72 1301 184 39.20 2.90 5582 58.36%
basel0w+.CR 10w 23 43.56 4.39 39.37 3.16 55.96  56.98%
15w 24 44.07 455 39.73 3.37 56.64  57.90%
20w 25 | 44.25 4.54 39.66 3.49 56.61  58.52%
Bw 2% 13.40 5.03 39.01 2.03 5472 55.45%
basel0w-A MR 10w 27 43.18 412 39.09 3.16 55.79  58.00%
15w 28 43.29 421 39.01 3.22 5580  58.68%
17w 29 43.18 3.93 38.99 3.50 5583 58.74%
5w 30 1333 136 39.30 351 5494 57.01%
basel0w+SR 10w 31 43.54 457 39.39 3.07 55.22  60.21%
12w 32 43.23 4.49 39.03 3.58 55.25  57.25%
CET;%ZQR 60w 33 | 44.25 471 39.66 3.75 56.61  55.11%
ARHEEHE
; T390 | 34 | 45.70 5.1 10.84 3.18 54.15  52.76%
aselOw-+
CR MR LSR 2:3:3:2 | 35 44.49 475 39.80 3.60 55.93  55.16%
1:3:33 | 36 43.07 4.37 38.35 3.80 5928  54.72%
POEEEIE
20w 37 19.40 1.48 T7.47 1.38 8964 83.78%
30w 38 24.19 2.68 21.68 1.60 84.95  77.65%
CR+MR+S5R 40w 39 25.77 3.07 23.71 1.43 84.46  73.47%
50w 40 | 27.86 3.04 25.22 2.20 80.76  71.47%

TS < REEFEF 0

(1) ZFEIEE AR R TR AT US4 S B AL 9 LR T - SRR AL ) 113 52
b, (RIS A AR 5 8 — R R SR BRI SRR AL OB S2 35 12BI SR (12w)
FR R SCUS  TI [AT B 4 R 716.06 %,  TDOBUEN 3 S48 31 RISR (10w ) 3 B 28 SEAS 21 TN [R] B 93 50
T14.83% M ANAE ARG SREIR I AT, RISES817-20 J SE9537-40, AT (L RE ) AOFE T BE AN
L%, BLEUSML - chrF++50 80FE U & 1S KR 280 E Y RN JaiE pA il 2 F
%, ZRE) SR GBI BRI TR, BRI TEL LI, a0 Bl % S g8 1 73 s
56 1 TR 18] B 43 BER F+40.09% ,  J8 D HH 3 SE 8 37H SL A8 21 I 18] B 42 BR F128.41% - F4EA PN
HEREGRERE, TSR — DS, NSRBI an s, 1 FasdE 55 E
BIRGE S, HREWREEIFERENZEES - HILX— IR A EE AT VHE T DiRec /7 V8 13 7
FLLM, @it =FE 77 20 T A RIAS ~ FIZA XS AP AT 8, X ER S 58 77
OGN T 8RR, DEEORER T EZHN ARG, AL 2 5] X S 1Y 58 Y
B, W) REmMEEAMERINES A, WMEA e - B4R, mMrESA
I EOR A ARG, SRR A S B R R, A E R R ) R ) B A
1y, RAEIE S AR AT SRR S IR Z KAS EALE S R A T X - TERE,
T T RGN EE S XS IE N AE ] - 1588 TDiRecHIEUIRIG IR RIS, U3 4 /i id 1T iX LL
@ﬁﬁfﬂTﬁ%,@ﬁﬂﬁﬁiﬂﬁ%ﬁ%ﬁ%ﬂ%M$%%%§%k,MW%%&%%
MEERT -

(2) FRIENIES, =FhECE BRI AR EUR S BRI RAR -
$23181SR(10w)HF, ZEBLEU#E 510.55 ~ chrF+-+3& 550.20 « T (7] & $2 51483 % 1) [F] I 4E 75 2
RN FER0.47, noisel5noise247 A E10.08 ~ 0.11 - 7FEH B 3857 20 A G 5 15 R 7 5246 22-
3277, HBLEUZES TN B B 2 B9 00 T H 28525021 chrF+4+- 40 807E A A 5256 5 XS &
HSES EISEIL T e, (BEAMEASSETERN TR, TERIEIS B & B IR THE%E
W EEE - X EEFUEA T EMDEFES, FHADIRec T EH TR M Z THEMH - B
AT DR S — A ERRLE L N THRAUERIRIE S HIRIE S N OB BRES LRzt
RETT ~ MERRTE SR, RFLLMP A PATEOR S R I ER S & 2 B UM T -

(3) DUBENES, AT E A KP4 AR R B AT IR SUR o AEDOEEN SR
PE 56 RIMR (5w) FI4E SRAE L SES 1R e 7+, RIMABLEU$E®0.43 ~ chrF++32E50.21 ~
TR (A PR #E 1R12.01% ~ TERF#K0.29 - T ETAIA T R IE R )L 50 25 R ) R B 55 T H &

B EFEAEES SRS CE, FI6T-E270, ¥, TE, 202548 H11HE14H.
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BOXFEW, YEFRTSHERESSRTEIRIESH, B LLMBE G 77506 /T e 2B 3 A
15, BFTEHATZ RS AT T SETE . REFERE, & BT LLMAE R B EE # s ORI
B, AR ETVOCESIGEIRE LS, MBS S RRAEERE, SFEOERIERT
X TR FENFRAR o BILLM B IR E SR A B 57 RO DT8R, EE A RO R & B 1T
AKX R &5 ZE - 5 2, LLMA]BEX I SCHAT TR, SEOEE T 8RR
SRR, HINFE T IERRIDOUAF o XS LI B PRE S FIREANE T 2 ) ERE R, RKE
T EME R R RO A] T, ARIRBENS F HH IE R DO BIERIRE ST - SR, MBI A
B, BRI REN S8 R ) B AR A) Faomm, SEEE & R .

(4) HBEEHEFRMATAAFRBFESEMRTENAEG T . HlWE
Fi S5 5534 &, weight (4:3:2:1)H BL T & It FIBLEU %> $045.70FchrF ++-97 %040.84, B 3 2%
A 4 B 42 = T2.718011.65, iF ¥ b & % B A ARTERFE I 70.60, T 70 90 (5] B& 40 B K
T72.62%, mnoisel ~ noise24 A FE0.72~ 0.22 - XFIAXTRGEIES S BEH - A EH - g
HASFIEEEBIER4: 3. 20 1MAEHTIIGE, FE S G0 S0 X R vERaT: - g sk
FERS, RIS A T A R AR T NE B2 AR ) MR E T AIAESS o Tiweight (2:3:3:2) AR IR
MBI 45, BLEUSM B MchrF++ 7 £ &8 8 43 B 42 & 1 2.50%10.61, TERFEK1.18, Til
A BN % T 0.22%, noisel ~ noise27r HIF50.26 ~ 0.64 - X FIAXTFIGEIE S EH « f)
FIEH - NS EH = F s B e 2. 3. 3. 20 E TS, FiEF T H & A1 X 20
B IR BRI HIESS - LTS8 — 4SS S EsRIBR s S, SaH BN A
D2 5B TR R S, BB ERCR A ok
5 B4

KA TDiRec 1%, FIARESHEMEONEESEES, MEE BOCHTIERET B
HH . AT EEMXAEEE =F N AEIEE R, B R S TR S B E R R R
E, BERBRFIRESEIEP FITEIEH A A A R R . LIRS R K, HEiRiER
FARTE T BRI ALRE S RGBS, S FhE RS B B AR SR
FEPGEENEF , A7 B 2 SRS AR AR TR RN R B 5 AR - BeAh, BT HE SR AR A
54k, AT RNARFRBIRAESIRETE B EAHE TR - 58 EATIR, DiRec HiENIKEIRES
MM%@§§ﬁ7~wﬁﬁ%ﬁﬁﬁﬁ%%o%%IWﬂuﬁ~ﬁﬁ%WWm%$mﬁ%%ﬁ
I 1 S

Bkt

BT EEAEF R AMNEREN . AW RRESEFRL SR ¥YE S E R H
(22&7D035) ¥Bf -
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DeepSeek K& 5 FAY W4 B A B HE 1 S ELRFAE VI 43 H7

HERE! Rz LU
1. BHR2 PEIESX#ER, L, 200433
2. HER¥ ITRESEEOE¥E, L, 200433
ytjiang240m.fudan.edu.cn, yzying240m.fudan.edu.cn

W

DL RAIEEVE SR N e, PLBEN T 40 KB 5B A i B & S AT I RE T - (B
KE, HHiDeepSeek-R1HY)H 3L HAEK A& AL BE 7198 TGP T-40 ~ Qwen2.5-7BHFIQwen3 s
B, EHEE ARWHEGE DA B B ERR - S8 E T B E Rk AE K S A
B, e/ DFEEREEFH RE . WA T ARS KESE M CRP9THE S
F51E - DeepSeek 5 AR MIMMISE S 5%, BLEU-ALE EHERE . 5 AEMEEL, A%
B S A, ) B A e T R AR DL R RS SRR RA& TR A LU AR, R L
i F K o FET Sentence-BERTHRA R EUE YRR, KA I S A1 EE B AREE
FEB AR SRR - SR E RO - B NRE BT IENEH, AR
REHBOURE e EEER . &5, AT T4 SGEN T, HRE
TSR KRR M BRAE T 3 SRS AR TR - A BEA A B SRR . R A
FH 55 1 BRSO O AT R

K. ROEFEAE; foRse] s MBERC; W 1R S HFIE

Evaluation and Analysis on Humor Generation Ability and
Feature of LLMs Taking DeepSeek as One of Examples

Yanting Jiang ! Yizhou Ying?
1. Department of Chinese Language and Literature, Fudan University, Shanghai
2. College of Computer Science and Artificial Intelligence, Fudan University, Shanghai
ytjiang24@m.fudan.edu.cn, yzying24@m.fudan.edu.cn

Abstract

This paper compares and evaluates the ability of 4 Large Language Models (LLMs) to
generate humorous punchlines based on human joke texts. Chinese humor generation
ability of DeepSeek-R1 is stronger than that of GPT-40, Qwen2.5-7B and Qwen3, but
there is still a significant gap compared with human humor ability. When various
models generate punchlines based on fixed expressions, there is a problem of ”fixed
pattern of thinking” more or less. We explore 9 features of humorous texts from
humans and LLMs. DeepSeek has the most punchlines similar to those of humans,
and its BLEU-4 is also the highest. Compared with human texts, Al-generated texts
tend to use high-frequency common words, have a lower proportion of OOV words and
Internet new words, and generally have longer lengths. Based on Sentence-BERT to
obtain semantic representations, the humor sentences of LLMs generally have a shorter
semantic association distance than that of human humor sentences. Strengthening the

2 ER M O SCAR 5350503 https://github.com/DHfusion/chinese_humor_generation

B E R ERES SRS, F28TI-2E3601, ¥, TE, 2025458 H11HAE14H.
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use of homophonic and semantic puns is an important way for LLMs to improve their
ability to generate humorous texts. Last but not least, we discuss the strengths and
shortcomings of our evaluation method, and propose 3 strategies to enhance the humor-
generation performance of LLMs: 1. Optimizing prompt engineering. 2. Constructing
a humorous multi-modal LLM. 3. Enhancing the interpretability of humorous texts in
reasoning.

Keywords: Large Language Models , Prompt Learning , Humor generation ,
Evaluation , Language Features

1 58

WU NRFFE RSB - BB ST, BEEEMHERMIE. ¥ 2% ZK
FoBEY S LHEY . B FRBEESRI LA B AT AT EER (&3, 1996;
R, 2009) o EAERAIBMEMZ AL H BT IES RSN, MBHE—MIRERIESTZA. I
3, PIChatGPT ~ DeepSeek NEFR A KIBEZ A (Large Language Model) 2 T A T2 68
R HAT AT AR « AR SCHE A UG AR £ XTGP T-40? « DeepSeek-R1(671B) (DeepSeek-Al
2025) ~ Qwen2.5(7B)3 ~ Qwen3(235B)155 KA il BA A ALAE /AT T PRI, JEIEXFATS AR
AITERSR AR NI - AL A7 BRE LSBT HIENSIT 2, ot RO
S5 ARRIME A A5 A o HIR W T 0 — PR m KA TE WA A A ARE T HI3/> SRS
2 MR

TG SRR S AR AE T AP AT T, AR SR Tk R e IR KA
%5, 2024) ~ SURTRE (GKTEFEE, 2023) - YURIS SOERR] (XSS, 2024; Strachan et al,
2024) SZ IR T IFMSHFT - HAAEATRT HABREE ) i, 57 FEMRALRS 5
FRHAER - A RHAER 2 A R T 5T -

MHABR A S AR AR, TRIESE (2018) Zia TIESUEMIE « 1 XAHRE - BT R
PEFEEFF L RANEERIE R FR, LURBIEFRRTE - Chen®s (2023) NHUILRIE S 1Y
W T SRR BR B - BER R ARG - BUERKPIR S - A0 (Punchline) iR 74577 ££
%, He%: N (2024) M T A135GPT-40~ ERNIE - Gemini~ GLM -~ QwenfE N101 KA [
SKAMERERE ST, A IR S A Y BRR ) R R B AE SR R T B APk, T A AR R A P
PRI AE - Ling A (2018) RILMIBOCAN —LA) FHRAE, IR R BRI . BERE
ARG BT AT 52 i W BRI AORICR -

HAERAE R B, LM (2018) ~ LigF A (2023) 3l RER T EBXS AL (GAN)
LIRT5 ~ GPT-35 AT MBS A AR - YuSE A (2020) ETIACLRE S M ELAE
R BRI -

TERBE S NRIEFT BB T E, ZhofH A (2023) 726500 & 4 7 A 2%
FChatGPTIEE IR £, WHIARTERHE - FiAWEHAE - FidZ it ke RE . BE
BER N WAMERIS9WUFAE, X TAIERES 5 AREST . KIWAIERAIESEF 2 BIE
i, REER, WAREME T EARAMPBIEE, EaTRENE R SR T ARE

i bR, HEWI5E CIADE SRR EOR ) 5 207 « B, DIRALE SRS
AREF RSB IR T 580 TIHRER . BRRS O EHRAZ . (1) BE R L
P B BRSO (PR B WA B SR FF 19040 - BLEUMH « acctBin%, DINRIURNIREZ R - 1
PR ERBE ST B DARFSE - BERERE PR, AEREME—PREER . (2) MEE KET DeepSeek-
R1- Qwen3Hy[aIH, s AP E M AR AE RCRE ) - (3) HENEDE AN HIIES
©2025 FEITRES#KE
1R#E (Creative Commons Attribution 4.0 International License) ¥ ] H AR

2https://openai.com/index/introducing-4o-image-generation

3https://github.com/QwenL.M/Qwen2.5
“https://github.com/QwenL.M/Qwen3
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FAEFBERZARANT, HE . AT AR BB RCRE 71 5 KA « TN TR AL AR 2
RGBS~ SOt RRTL R B RE S, AR EEEE XL -

3 ERBIERES ST

ARNFAEERHEE R B B BN <5505 o ZNEIE R A BRSE1E AR R BITEFE 7 =,
G RNEFAENS « ILEEFER — MR IL3FPRAL . Bai®s A (2024) B FHIZG I A A BR 505 500
YIZR T REAIESREST - T TN ARG - FEEHE 2R BB T B A sOR B X 2050 -
MEMR CEN, mREHEEETTIARKRE A SRR AT IURERE (R
&, 2018) - WATAH, XEZESTANRNZECMLER, BNELG) (GF) f5TH SR
HEMER S Z 8- B, FAITES IR Z SIE G5 RO ER B, X HA T 4549 10 B i sk 22
(Pre-Processing) , & NFEIEFRD NETE « EH288 5 WRFEENAFERERTL, LK
RIE—MAITFYERERES, KRR G FEE NN BRE S - R EN A FRESTL, I
AT NIRBESTD - USEH G T ISR FREw AR, whiwZ 5 B SORAE
NE RS, wZ T B SR FiBER 47 -

Za NHUBE T2, FRATREE ~ Tk - S5 BRSTERGR, B TIRIBN - 53T
INREIETE, RAEFN200 M FE R - BN NETE - FKRMER 3K o FA TR BT BOUAR R
ARG S, JENERIGRIE A SOR, I RERRIERBOUR, RATREA AU E T 5 AR

RBRAA] e NRUESCR A A HE S A —, AR AT BRI .
4 KAREEL Y ER A AR T I

TR, BATHRE S — IR RIERIR (Prompt Template) , ffHARIEEE
HIRTEL, ERMERE B AR B A A - BREEFNES B AR5 -

FATHIFERIBEAGENE T LA R

(1) /DEEAR2S] (Few shot learning)
BT ECE R R -

(2) JsonHyf HEAgZC . BISRA#E (key) E (value) XHIJsonFAF BRI H o X AT LIFE
ERRTY G H SOR G LR - B S, BRI PythoniE 5 FJsonZE, 4514 (LIREUETY B4
SO, D NSRRI TAER, [T RS -

HERERIEE N ERERRKRESAE, PEIES RT3 IIR & ERNESE 5.A)
AR SR A BRI IE LT, W AT A R SO A ERFR T 43 o TR N2

24 HUEL, HEMEREE ST T ARMFERE SA] -

157: HUEL, HEABRFEE S A RPN S A KB Y -

05 HWABRFERE S5 ANEMEMEE SAME, BE B EIE -

15 SRR, B ANAIREL, TOIATEAE .

HEI2AMPE D AN — B, BIAFESNREEF D EBENREEG S - BiFH &
REVEDBIHNAM > 2 ICC) B R WA FEHLEHICC2270.7669, X A IR & 1%
HIICC340.7840 - FEMEE RIF .

HRB P E S B/ ERWERIFTR . AR, LM TAR (B2 5149) B
HBI A T, DeepSeekfi i, A A HABR SCA (5 H59%, TGPT-40~ Qwen2.5-7TBFIQwen3 435l
H43.5% ~ 24.5%F152.5% - FHILAT W, DeepSeck A ST WARK A A AE 1 AEA MERY BB AE .

. S HDBUL MRS B, (AT

R FoE | B1orEE | BRoolE | J-100E8E | B
GPT-40 7 80 94 19 75
Qwen2.5-7B ) 44 68 83 -29
Qwen3-235B 9 96 78 17 97
DeepSeek-R1(671B) 12 106 65 17 113
Table 1: BRI AR HAEDEL

AR R S A) 5 AR IR A IR 2P R -

®https://github.com/Leymore/ruozhiba
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PR H

5 AR SR BT R LR Pl WAL
GPT-o0 EERRA, BERRL | e e s i
o MRt | PR
Qwen2.5-7B B LR A | T AT
R, (BRI
Qen 2555 FRHeBAWEK . o | BRSEREE | X EEE TR
BIERO RIS, Sl | IR RS |, TIBA S
JUIT R
¢ Wt Bl | R
DeepSeek-R1 IRER REE TR | A
S B N=RTE B
A% Ak %Aﬂﬁﬂfﬁﬁ“ BT

Table 2: A4 A5 5 A1) 5 A RIS R AT AR

FER2M3TEIERF B, DeepSeek 4 IE S AIFR AT BRI & o SHINFIFE, WF«Piak
KX —RVERIHETEL, DeepSeekd B AIEE S 6] h YRR A" o 13X B YR” A& Al LR R E & 7 |
HOANTEERS 7 X —FEEC A RES, EIRE YRR LIFEIEDE (pie) - DeepSeek Al T —
FhE (L7 FESE ) A T A HA BR R - 552D T B, DeepSeek & /NIZ “ 2 757 i o M AR Sy “nz =7
238 XK - B3N TF B, DeepSeekH VA A FiE T XHE L X0HE - i@1H - FHKIR TR
LT HBIEBNH - _EiRDeepSeek B & MK ERFEE B E BN T AR, EREST T AL
FISE S A] - it BIfE R4 MRS BRI E 0T A DeepSeek, 7EF1FABIRG 41% M STAE T 05
(HERFERE R Ei-19r (R NUERIEAFTE) - BEib, KRER RS A R EE T DR K
FIFR 25 1A] -

HAh, BATDERE THEXNAES - 078 - HIFASEE LA, SEAE Lo/ DA R4
FERRE . WEIFTR - BAEERIEWFIE, ChatGPTMQwen2. SEMEMBEFE, Ak T EE
EEMEE, TiEE AR, FWMEEEARNS - X a2 & B R 5 BTN, I
BT R IXFERE E FHEHED, AT N ER ) Transformer 2 i3 AR D 2% SR HUE B E1ERCARTE: - 5
BB R BRAD SR o T DeepSeek? B4 & RN, BERIFTH A - Qwen3 BIREAE—
ERE R T RS, HAMKE SRS E TR .

AR TR | A TIERRRA | BOEARLAT FABER
GPT 1o O RERAE | AR | BERATE
H & RS L e NS
Quen2.5-78 SEERERER s | AmRE
FASARERORYE | s e
Qens 2555 LA, At | TR | i, s
‘fiﬁﬁfﬁl?%gﬁ,ﬁ% j(%uii - Hjﬁ“ﬁ%%ﬁ?*ﬁ\
riE A ‘
N AT, BR | RN, FAE
DeepSeek-R1 EIARIER i WA=
B3 = N
A% ARG msmsmT | oAl
Ny

Table 3: AAEAI A B A o AJI « B4 @ 25 45+

5 KARRL IR SUAS B FFAE 73 AT
FEXS BRSO ST RAE ST oA T, BT R R iE Dl R 2 B S E R RH Ol

B E R ERES SRS, F28TI-2E3601, ¥, TE, 2025458 H11HAE14H.

(c) 2025 FEFBGFEREXIFIGF 2L LERS

31



FEITRIESYRZ

GHEMESEARFE (LTP 4) A (Che et al, 2021) X AT B4R « A TR 7
BEYOTTRIRM2IIN B RETRIR, X H i AR5 ATKHEER i AR SCARFALE -

fEbRL: AIS AREK AL DR BATAIIER - W ARG KRR LMK A,

PRESE AR 58 A Rl B AR LA 5 -
fer2: A5 AKX R A FIBLEU-4/) F ¥ {H - BLEU(Bilingual Evaluation Under-
study)FEFR T BAIE S A5 AR E S AMN-gramBEERE, A TEAEHEAIS ARES
AR _E AR RUE -
TEPR3: KR AR o Fl157% T ILRUE S R¥BCCERERTASR (H B

o ZIAMRAEHE B T SOE R ESTIT 1 180£ 75 1> 1I F1 [ € 171 25 A B AR IR B HCHEAL
(PR AOTAE I A SE) -
febrd: KEAAREFRF (Out of Vocabulary, OOV) HIPFIHMAI . FA TR B EEBCCIE

£ 2016)

AR B R B R

PR ARFAIKAAPFHIRE (BFNT - BFMrs) -
fabre: ARSAIKGARINCEERE, & R A A RIAERREER DIAIERL -
FEPRT: FATE L SR A AIRPFEI B R X —FE R - "B TR RIRS R A) 5 5 BT BU SR A

= AIFI R %R (Cosine Distance)
FF 2 5 Fmultilingual Sentence-BERT(SBERT) FI|IZR 124! (Reimers, 2019)FKHL -

NRMATAE R 58]0 R TS AEFE PR AN R 4FT7R o

o T SO [ M o A T SCASAR U T B 3

KA S5ARELSA | GARESAIR | FEEm | REXIE | Y | W | B
HelR LA 2K FH#BLEU-4 HEAL G | KE | FEE | BE
NE — — 4247 6.3% 6.21 | 0.547 | 0.718

Qwen2.5-7B 6 0.0301 3436 6.0% 7.62 | 0.461 | 0.682
Qwen3-235B 9 0.0289 2918 5.0% 26.1 | 0.384 | 0.752

GPT-40 6 0.0276 2793 5.1% 7.74 | 0.442 | 0.669
DeepSeek-R1 11 0.0547 2772 4.5% 9.74 | 0.392 | 0.635

Table 4: A5 AIZE S A ST EAE

FENEEAIZE S AN ECTE, GPT-405Qwen2.5-TB5 N K& S A MBI &
6, TQwen3FDeepSeek F1iX —EUE 73 A NOFI11 - X5 ARMRAIE S A), ATRERKAD
MR BB MR 50, HAlREa NE 2215 - SARNEME B - EFRxX 5 AKHMHE
LIS S A G, DeepSeek B HER M W BR FI5E s A1 R E 1071 - o] IWELZE AT 2] 20 B
BT ER SR HIRETT -

EN K SADN M XK f A WBLEUAAS 8T, B MM BEE B » B A S
{HDeepSeek I BLEU-44r (B & 15 T H A3 1R T o DeepSeekHI 56 S A] 5 N RE S AIAEFH
EAEX R — L .

FEE S AP GHEAL T T, KIEBCCIERNERNRME . ANRE S A B R HEAL
4247, AN KA — 8 PRI 7E2700-350007 2 8] - X UABH 5 AR, RAET A Al A5
o) B A ) T R R LA A

FES A RS SRR SF I HL ) 7 T, N R A S A B AR B RAE 1 26.3%, R T4 K
BAIRIE S A - ENE, NRESAPRERAEG S T —EMEELS LB A,
W“emoji (M &5 I W BB S) »<@m (FEERBEAEWMAIR) 4T (MEHAK
) o= ER (—FREEE) 7o BIRATAE ALRIEE A B A4 <5 <BhiEr ik (A7 S5 T
i, BRI LB I AR AR S AT

FEESARFEKERT, 40 KRR ER R S A PRI E T ARE S AR P
F7E06.21 - HAFQwen33E s A3 AR T s T HA KRR f s, 182026.1 - X1 RH KR
EitE s PNE LK | 1 R Y A S N O =R NS

EE SRR EEE - PHBRAEE T, FRQwen3/MI3 M KR S AR EE
B P ERAERE SN A RE S A] o H A DeepSeekZ®E S AIATEILEE E - FEIBLAEIE B HT
B - Qwen3IERAEBE BS80m, AT RE2 R 0 H AR B 5 A K = T A R A H A BT A 52
HA . BEBEENE, RAARECFEE E - B B RSE 1 W ERE E 2 (8] 7 T U IR B

B E R ERES SRS, F28TI-2E3601, ¥, TE, 2025458 H11HAE14H.
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Z: BARQwen3%E S AIANANCFE BE AR, HEBRE R 5 6] U E UK TDeepSeek; 5
IRDeepSeek % il AJAVER AR PR B B (X, (EIZIR YA 2 4 MR B A pli 58 s ) L E B )

PATENL M ~ Gt T4 KR EE S AT W R X —BFEF VAR B O - M2
TEA]FIN R AR R RMERE L, SEERCR  ENR2KRE . iiE FENHFIHRERE
ISR, EENFEZRNAECAZ T (BRESBTR, 2017) - RPN -

KAAIRR WEERRIIK | 18 LRI
S 11 44
Qwen2.5-7B 0 )
Qwen3-235B 1 6
GPT-40 1 9
DeepSeek-R1(671B) 5 13

Table 5: A5 AES 1A FIXCAE R RIIIR

WRSFT 7R, 4D KREMEE S A2 IS 18 ORISR A e N K - T
, KA B DeepSeekfif F LiMERE FIEE £ —L, BR T 547 R B F IR 896
, DeepSeek fd Fi N R FIEMEABG|F a1~ (DI EISCER A DeepSeek £ AL HINZS)

IR

(1) REREHFZMHAEERAS, MURMNBEFBER EP -

(2) TLHEREMRABMMA)E, BfaE ) 2.

(3) “Io THRME o " BT REREAL DL -

T SOBR:

(1) BEAEMHFANE, XL TETHRE” .

(2) EILCEMEFRIEGERRIFER AR, TREREEERT -

(3) HKEHIERF/NE, ATHEEMNERE T K.

TEE MR HI3 BT B, DeepSeekiz H T “iR"5“R” ~ “B" 5"« “M"5“K Z A 14
BFR AT AU . 7RI ORI T B DeepSeekSTIE R T “fmf B «Ft 187 «3& R IR &5
WIEMERRMMR L, EFHPENEE L . BHRE, KR CRRYD 2R BT
BERYBRASCAR o 3 — PR AT IR < SZ R BERETFIEMEE ST, B ARRIR M KA WA 2R AE Al RE
T E EE R
6 it

HE, BRASCFEN T e o AR SCREUA R BSEEEIE SO, T WA BRI 2 200 77 =X

DI KRB AE AR A TR« X RN R TR EME—MEER, B —ERNREE, HR
—EME R TR TSI EORIR B ARR ORI, ARAEREIEMUERESR S A,
M HEAFEETERTE R « XM E T ARBERMEETEONER T mE A, JGEEHA - R
1 AT RIS 78 4 anl AFIE RN, ATAERCE T5506, ik AR XSS B, 28
X EA . EXMABERBIELT, ARMRIERERBE T RDLARIEA 577 KA
Eysae

HIR, EBG5E KT W BREE ) SRS - WiEt A (R %, 2009) PR, WA BREL SR —Fhis
MEFMEBERFENEA . EEEFETE, BRTEENR, dPaFESEH - FEAE - A
HESFME, ECFERTE, BRTIENR, AaFiaiEEE . Wiy . RIFeELR
& WA, BREFEINEELFEETE - MBEMEEZET R, E2W IR E
o MASEHES BB S ENER - T, FATANRRR] LUTE =J7 10 & T 1558 KR 1w
BRHER 5 HEES -

(1) bR T (Prompt Engineering) - 7E35 AT AU ER AR IR RIBRT, 1RH4EE
FEAR « Z R HBRSOR V) - JuFINFRER —EEE, mHFRERE LARRES -« 37
i~ A% BT R HAER T B

(2) Z5EIK - BT - FBWIMEIE, WESESHEERER . S UREEHmF
B, MBI T2 HE - BB BOFET HEIAME IR - X7 5 RHAE TR R 2 G
IS TS EERSUIAE, BRI AN . HAh, XIS IREE R E T

it

B E R ERES SRS, F28TI-2E3601, ¥, TE, 2025458 H11HAE14H.
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RIS R, RRRMEEE TSR BB - XEZEERIZREEEGE LAYk
WSOR, R EMBOE S EREEEES) - Bla0, fECCAC 20255 T ERRGT R K& BER
PR, EEUITEIBAE S T OO FH - RS A SO BRI R R, A R AT H
T DUAS TS i R AT ) R S AR S B R BT . EaR TAERR R B S TAE -

(3) HG5E M EROAHAT ARV - BN B B SRR 2 B L, (Hif k2
R STE M BRI SR o FIINE RS — /N, A ANRIET H EFEAUL, EREF
i, B OEFMILZERGEREZSRZ BT, SIBWARKEE - AR <5820 2 B LIHER
ERFEFAFH TIREEENTER: EHERIRKEEES, A SRZ) XREENR - AR
FIARTE, &R TIBESURES, BUS T A ERAORUR . DiDeepSeek-R1F1Open ATt o117
FRFE, RIBFEA O ANEIRA B - 1815814 >] (Reinforcement Learning) Y|4k KA
IF, SRR A AR BN R R SR, 7 B T A B 0 M P R 5 A A BRSO
7T G

ARILLA2001 NRMBREE RG], 56 NToath5 Bt &, X HIEN T4 AT T
AR R AR RE ) L HRRE - BESEE, B HiDeepSeek-R1AY F1 3C A BX 4= AL HE ) 58 TGP T-
40~ Qwen2.5-TBFIQwen3-235BE AL, (HERES AN KAVHABRGE I B B R Z2 05 - 106 ] 8 3R 0K
i, KAEA B2 s/ DA A TE LB e A B4 B 55 I . B AR H BB SR B A « B
75~ BRIGWEE AR TIE . fE RS W ECORAFIE T, 5 ARMESAaMEET, KA
ARMESAEMIFAEABES, REFRAED, KETREFEK. B TERESAHERK
IQwen3Z Fb, FoA RABTY A= B A 5ETE ORFEERABBE B8 FE AT o S BEBAE IR ~ 15 L
WRAEFEFIERE AR LR RAE - a5, BATAR, BHRAIE - PS55I
FEZ RSB SEAY « H 9  BA S B RT RR R E R ARORH va KRR T | R A CRE 7T A3 AT Y
wE . LENRRET, BTHERETESE AN, R KIRREIE R FIREFELZ K
TETY T HABR A RCRE ST - EAOR TAEA, FAPRIAESE RS E £, 2%k FR3IIL KR
T HABRRE 7 B SR -

2% 30k
B, BT RER. 2017, BDUE (BIT/00) FH U8 RS HE AR, 202-204.

XV, TTI5. 2024. KBS BEREHRRENRR— WEBERER GBS, TARSIME, 47(04):439-451.
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NES SR AR RG], EE X RG], TR

Input: X2 FELARRE |
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NATfEREW AR S - 7}

Input: FRBEM— A EEMN, BELTER T —F
Output: {"reply”:" T —"MFE B, reason”:” EIE BT “iifi H7E" ) —FLF W E”,
BWEERT . X —FEr EE . )
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Output: {"reply”:” FFELZ T T F1R 5 F7 ) reason™ " FHZ BT “4r7, K “4NiH
TR, RRUEFRST - 7}

Input: [A] HZEHER N E PR TR
Output: {"reply”:"F8RE¥1", reason”:” K Ay HZE L ME XK, EFHFHIT, MH
L RERE KPR T 8] o X —FRHAERET FT AOAR S - 7}

ETREEXEA, EE LA, BEE -1 jsonFHHE, NEFZRNAZE, BE
StisonFAT R g A b A -
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Leveraging Large Language Model with Active Learning for
Legal Event Detection
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Abstract

Legal Event Detection aims to identify and categorize events in legal texts. How-
ever, the complexity of legal cases poses significant challenges in collecting high-quality
annotated data. Most data annotation in some domains is currently done by hand,
which is expensive and time-consuming. While traditional active learning can partially
reduce the need for manual annotation, their performance remains constrained by a
heavy dependence on human intervention. Recent advances in Large language models
have opened up new possibilities for automated data annotation, but how to ensure
the reliability of the annotations they generate remains an urgent problem. To address
these challenges, we propose an innovative, collaborative training paradigm, which
iteratively selects informative data using active learning and employs the generative
capabilities of large language models to produce and refine high-quality annotations.
An evaluation and filtering mechanism is further introduced to retain only reliable an-
notations, significantly reducing the need for manual labeling. Extensive experiments
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on two event detection benchmark datasets demonstrate that our method substan-
tially reduces the demand for manual annotations in low-resource scenarios and, in
some instances, achieves performance comparable to supervised learning.

Keywords: Active learning , Legal event detection , Large language models
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TEVERAE, FSOAE R M H AW B R AP R, A AR B AR SO R S 1
S TIEEREM T ARE R REE . BHANEINER ST RS T 2 BN TN
RN EREE . EHRFHFEN (Legal Event Detection, LED) # X iR BI FIFRIE SCA H H i
& (RAEEREBERMERAERE) o RIS, HEESREOE® H THBI 547 T It
%5 (Zhang et al., 2024; Feng et al., 2022) . & BRNESOBEE AL RE, NERKF B
RECRHE B O LR E R R AN I B ZESS - R, REFSLBRIUESHERT
KREWTFE, BIE ROPRE SR B S W RN, Btk it 5538 i i F B ACE2005%X
PEEE (Doddington et al., 2004) A8 RT3 N FHRA, WERIFHFRBFFRELRIEE R,
H B TERRGAMEERZ T, R1TH AEREFRRBUTETRMENBEZ o 7E5EFR
Yy N HImE KSR SR D ERE IR, 2R TIRERIERN R (Yao et al.,
2022) -

Bl ERMASISEFEIRENE T EREZET ALINE, XI—dBEB AR S, f#
BRREREEIREDR T oMmEE - S5 . B, A m 2R A R R EEE FFRE IR A
THRERBAR —TEEZAEEXHHR TN . E512%%>] (Active Learning, AL) (Settles,
2009)# T IA EEEE B B SRR LUE DR ERIR TR, SRR AT AR S R (Mar-
gatina et al., 2022) ~ 15273 (Margatina et al., 2021a)55E55, SiXEFINGRIES AR, ¥
FEII AT EHRNES R — D HARTE AR T, R TRk . B—m, &
B ERIA R B RIERN B v I E RIRE (Li et al., 2024), FR#I T ER ZNH - TEK
T <Large Language Model, LLM) EZ T BERIESLHEESHRINE T S8EE T ME 5%
PEARETERRME T —Fh 28I (Tan et al., 2024) - @ 7T H SHCRE RS TR0 DUE RFF E
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& — MEBIRABF )R] -

FEXTTAER, FATRH T —Fsgrst M ENIZR7EZCALLED (Active Learning with Large
Language Model for Legal Event Detection) , ‘B FIHES2ESEM, ERMERE T
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HEERAEE R iR, H 7 EF A FHLLMARE & O EE0E, FTRA TR
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FLLMAER FE 5% 5] FREERFRES FItERE, FRt AR A TAREEERE & R T LLM B3
X SRR S5 BRI ZE P DT 2 (5 FH PO SRR TN AR Eoe AT 75288, VA T =R TT
TR ALLEDHESR N A 2 M 1) SR

2 FXRIE

TSR RS, BRI R R ISt . RO X—Pkis, Esh2E>) 7k
RO, HEEMNBRE M EREERFERIRE, DAERROEREME MR ERE, 8K
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