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ABSTRACT

In recent years, large language models (LLMs) have demonstrated impressive ca-
pabilities in general inference and natural language understanding, leading to a growing
range of application scenarios. However, due to limited coverage of domain-specific
knowledge and delayed updates, their performance in vertical domains remains subop-
timal. In contrast, small expert models (SEMs), with their superior adaptability and
specialization in specific fields, serve as effective complements to LLMs in compen-
sating for domain knowledge gaps. Nonetheless, existing collaboration methods face
two major challenges: (1) in scenarios with ground-truth labels, biased confidence scores
from SEMs may mislead LLMs, and there is no corresponding optimization strategy
when SEMs are wrong; (2) in scenarios without ground-truth labels, knowledge gener-
ated based on SEM preferences often lacks effective verification mechanisms, increasing
the risk of erroneous information propagation.

To address these challenges, this study systematically investigates collaborative in-
ference mechanisms between LLMs and SEMs under both labeled and unlabeled scenar-
10s and applies them to the task of automated report generation. The main contributions
are as follows:

(1) Supervised Collaborative Inference Algorithm Based on Probability Calibration
and Error-Driven Mechanisms. To correct confidence bias, this paper first employs a
probability calibration model to adjust the confidence scores of SEM outputs. Addition-
ally, an error-driven mechanism is introduced to extract reasoning patterns from error
samples, enabling LL.Ms to obtain targeted correction strategies even when SEMs are
worong. Experimental results on four benchmark datasets—including news classification
and biomedical question answering—demonstrate significant improvements in accuracy,
F1 score, and robustness.

(2) Unsupervised Collaborative Inference Algorithm Based on Dual-Source Knowl-
edge Verification. To reduce the risk of erroneous knowledge propagation, this paper
proposes a dual-source knowledge verification framework. At the global level, clustering
is used to extract robust domain-level common knowledge; at the local level, a multi-
hypothesis candidate set is constructed, and more persuasive local knowledge is obtained
through LLM-based decision-making, thereby improving overall knowledge quality. Ex-
perimental results demonstrate that this method effectively enhances the reasoning capa-

bilities of LLMs across multiple tasks and settings and has good robustness.
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(3) LLM-SEM Collaborative Framework for Automated Report Generation. This
paper proposes the AutoRG framework to enable a fully automated report generation pro-
cess, from outline planning and content generation to final drafting. A recall-then-rank
strategy is adopted to alleviate instability when invoking multiple SEMs. Furthermore,
an information correction and report iteration mechanism is introduced to mitigate SEM
errors and LLM output fluctuations, improving both content accuracy and logical consis-
tency. Experiments confirm that AutoRG significantly improves the overall quality and
stability of generated reports, demonstrating strong practicality and potential for deploy-
ment.

KEYWORDS: Large Language Models; Collaborative Inference; Small Expert Models;

Inference Enhancement for Large Language Models ; Agent
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PEAESK, KifiE 8 (Large Language Models, LLMs) FEffl KA 2 £i0E
g SR80, 7Ei8H B RE T AT 55 v R B B N 1E SO AN AR i
REJJ. DA GPT-4 i PaLM-2 R LLMs ANUHES) T SCAR A . HITHIERE A%
DEORW AR RE, g sL Bl N T Ren) B0

SR, 427 LLMs 785 s 3 g 1 3kl AR s L. 72k
AL By e G E U, R SUSERLRE )1 LLMs el
15 B A SRS HE b pe U B A L, AT AP SRR . BRI FIARS, A
SRS SE R BT R B Dz E . AR, FESSERM Y, BT LLMs £
GIFNIR B LA R, HASEHRE AR, SECLREE ORI Tk
IS F U BRIE K

N T Pk LLMs 7E3E B U RE RC A, A DR 2 BT R BOR B 4T
WER: —RESHWI (Fine-tuning) J5ik, H A LLMs BEATA £
PSR, MR T AR E A5 PRI 5 — RN ETE R EF LLMs Z40R 211
HIHE N, W HEFR T EER3seR (Inference Enhancement) F-Ef, 5|5 LLMs B 5754
A C A FR B A A S AT O I . FeA g3 5y, anfar DATEAIAY
JEAS . B R AR e O A e i AR 2 S B A I TR I MR . S R
FAHL, HEEG SR VAR R G A FCRUA T A M T B A R IL S, Feiilid
FIFME PASRAS R AR T B8 O A 2 A M KA 1 S B B T 7 5t LU, AR
SCRET LLMs HERSE R, BFERERE WEER M B DA SR Ay =X
FIAGUAIE, ATmHETE LLMs FE U AT 55 o 1 4 F AR

LLMs FEHERE BT Be i 3558 7 2R BT 5 | AR SRR 2 M P - BT AR
PR T | FHGR5 E T AMRATR P HITRYE ARG . x5 [ 3G 5m = BRI R 2
MFEAR, W EF 2> (In-Context Learning, ICL)®! Fi1 i 4E4% (Chain-of-Thought,
CoT)®!, @A LBETHEE /R, 51 LLMs EFIZRE e b AR, S23
MHES5 B HERE . ARTT, T LLMs 285 ZR S A B HITR A7 Jg B P DA B i H o
I I ), 3K A YA A TR PR AR A g S T R B AR — R PR . A TR
— AR, MFREFEREFREAS R . — T, R EELTIAS
M FIAE S5 R AN SR s B, O LLMs $2ARRIET BR scrb e o 4
FHEAE LSRRI J—H, B TR (Agent) HEZRW VAN —T R
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R, /L ZAA (Small Expert Models, SEMs) 5 LLMs [ p[E 4L
il R B R UGS A 7T 3. 24T LLMs 55 SEMs (A% 22 g 45>
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%5 1 SEMs NEZRFE T4 @ AR 55 s, Yk H b gerh, HEPRGN R AR E il 4E .
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A RS EALE], BRI T LLMs (L5 RE T, 55—, TEE AR
s, W R E A SEMs B S5 BB RR R, R AR 2RI sk e
LLMs fyUs IR . SR1, BT iR AR i ARl DA 1Tl SE i I e AL, 3
—H<H SEMs M FIIR A Z) 5 I AR RIE ., TR X SRR AR 14T LLMs,
PTG 7 A R R AR o 3K P 28 [ ™ | 2 1 A P R AE SR HE AR Oy, PRI 2L
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A AL, R DO HER R 0L 55— T, ASRIRSSIAAE S B T
EF Agent () THISRIERBIFRE, AHSIRE SO, $ik% SEMs 5
LLMs HrE N HE. BTSN AR AT =

(1) B S F R IR A AR 2t R E RS BE%) SEMs it B A5 1
{2 S i = SEMs TN A 12 i 9 0 AL SRS 1) DA, AR BIF S48t — b i AR A

2



JU AL 3l R A 2 6 1 5 5l

i3

AR
- w , HRAE—
AIRESR 1 > BRI TIor
i B e ‘ BIrEHEHEE X
K Bl o o e
BihE
9 R 7 3> HRUE
dld
R 5 LB LR

HEHEIEE K

=
2 =
> 51k, @AY = .
sHEm S SEVSBRTRE AR e

N o
RERBARE B RIMESR

Bl 1-1 ey SEMs () LLMs HER 5 AESE
Fig. 1-1 Inference Enhancement for Large Language Models via Small Expert Models

SHHRIKSI B A HER IR e, R Beta AL HER AT SEMS 4 Y
MR AT EEE R, 20T LLMs FER AR B B s e s ok, W%
IR AR DR ATRER, R T SEMs (14 7 S 45 SRR AR AR s SR ML SR U, R S )
TEA LLMs pHERRSR R, AITE SEMs il 5 53557 T 515 LLMs A2 {8k
HERf AN AR ] 52

(2) BT Z IR RN TR Y TOAR 2 P ) EBRIVE - R AR S TR A % 138 1) XL
RPPFBOT T & /5 R AR IR A R . FEERET, Sl BRIy
PR IMBAEIEAT 7341, B HORAE A i R RR, R4S SR DR EE A
W AEREZ I, I 2 B R ARSI . X SEMSs i th i) 2> e f 4
FIRPEA TR, e HAR R T ) DL SRR, AT A O ey A R R ) T
P

(3) T 7] B SRS A B KIS R RIS frfim, AWTIELA B SiBARIRE &
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A e A2 SEMs W AIALE], H5IAMG BB ESIREEWLE, &
ROWRAR AR B 3R 25 %) SEMs %y AT LLMs BEMLIEAGHORE, A4 TH 45 A B i
FAFENE, PR U N A A LB R P S SRS L o

1.3 iBXHALEH

A SCTHSERf SEMS 1) LLMs eSS TP REEHERTIE , 4360 HNas,
T AL

hEXIM  hitps://www.cnki.net



JU AL 3l R A 2 6 1 5 el

F—ENTIE, FENGIRRE GBS S 58, BB/ MR
PR RAFTEBUR , B ASCRIRT IS NS . AAR-SADH A, R4 SO RE AR 2
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2.1 KIEBIHEIEIESE

PEAESR, RIFFHZ (LLMs) FEE AAERAT 55 v R BT St dh g, 1B
A S R B Al . HSChs b, R HAGEME S HBY R ER &L
TEHRE T A UEAL N, ST Im TS Z Pk R, Al R S LU TR AR
5 LLMs $fE PR AE T2 8 WS R E i o ARIERIRA R IEA ], THERE 58 Ty
A BT R ISR 5 [ 458 5 B T AN AR A R ASE SR PR T,

2.1.1 &5 3R

LLMs SEAFHPE RIS H0E L I F & R A5 S0, AT 25 il e ot 2 4
RV, (ELK BE I Y H AN B BE R AR S HER RO R . R, dnfalfie 6 LLMs %t 16
OB CRITR B TR PR R ) D, 1O 20 i A B S R B A TR A T ) AR BT (4K

fern TAREE—FPis DL LLMs HEBSRHS, HALOAE Tl hs OBt st
AL AFE 2B TR, SR A S ERf . AR HoT P i o (R GEm at
20 ol 08 3 o R R S AT O, B BRI AN BT R, R
AR, SERENERBRIRITIAME, #R TR GE S EH I,
RIR30% LLMs HE a S RPAE AR, ik 1T RS B0 Bl R (9 el T R
JEAS, A R G B S i T T AT AR

FHIFFTE F 2R B3] o FHEARFR (Zero-Shot Prompting) i iz 472
SRS AR A AATEF I, LLMs FEBCH BUMIR s 00 F 58 i T
UL, XA iR RERS SE 0 FIT LLMs B SeBa i, SEORRAME S5 M9z AL, (H%)
PR BT ROBERH . Monical' FEIG AL HOR I BREA TR, MRS R K]
HAEREHE T 2 Mgk

MEZT, DHAYRER (Few-Shot Prompting) #E—47i & T B AL /R A R
A, s ER A PR AR R RG], S5 TR BT SCE R TR A
J1. Brown % AP SLIGIER], BIERRAL D EORG], WAERE IS GPT-3 7
FALSS BRI, JUHAER A B R ) s b S B L e BE Ty, X — 3K
WS B T 2 AU A 55 R U8 AN, Ferber 458 AU A BT SC2250 A
I T 245575 LLMs $EA TR 27 PR 20 R RE 775 Mo S8 NP0 DR T R
S R BI C-ICL 73k, 658 T LLMs X BT 55 (0 BEAR A AL BEASR

SR, FRER A, B ICEIARRIMT ERAY ], HACRAEER T
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PR RBHH A RE IR, SRR 5 Se i 2 5E 73 AW 2 SEBr oK .
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IR 5 ET TR R A . Hd, prd s g i m g sm e, jEa
PAR BB AR O T A
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RERLIATRIA 500, DA i A 5 . X AMLHIAN XY & T LLMs By
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FRIRE X, (e R R IG5, T B A BT A, M ET
LLMs 58 S0 R 3 e iR S P

FEATUSGE MV HE 58 7 TR, SEMs ARl ik i & K B0, R TEHAZE LLMs
AOHERRAR P, MR TUAE P RS B S A 55 S S B Bost LLMs HEA T4
BhAISE R . ANPE2-10 7 . MR T RofIR, EREAEIER B Briik A SEMs HATHE
Rt WG H/NEL . P, 5T R B SE FAR R = T, anfer i
SEMs 27} LLMs 1)U BE fiE S A TR A SR

7N ?—»LLM@’E 7N }—vm—bLLMIE]E PN }—»“—»LLMIEIE‘
— //

\ I \ ="
A N L N
\*{‘ SEM }—» LEFRIN \\ﬂ‘ SEM \ \\+{‘ SEM }—» BIERIE
e WS

P 2-1  SEMs H{5i LLMs $HUs0E B i =y 5(
Fig. 2-1 Three Approaches for Enhancing LLMs’ Domain Adaptability via SEMs
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22,1 HfEbE

1t LLMs BRI AE AT R By, it s A A RE B R . I,
AIBIFR 2R AR TR AL FEEA TS | A SEMs , 38 i AT Ak B ) 0 v 11 e 1 ) 5
FOREAS , AT AL BEE G LLMs 338 2508k 0117 25 [

Mekala 4 AP B51E T SEMs E4Ca Ve b i FUIRE g, 42 5L T A
TSRO IES AR A LLMs PERERY SRR, SCIRUEM], SEMs
AERS A ROR A R T LLMs R ILEA KEAE IO INZRREA . Li 28 AR Y
Superfiltering HEZLY #7557 B 9 B2 BRI IERAE ERE L
A SEMs 53580080 i W 252 55 45 - BRBEME AT 03, FREs R A Al HE e — 2o, R
B 10%-30% [ A, R P THRdn 8 B S IZRRCR, il LLMs YEQRFFIERE
ABHIEE MRS S 2 10 £ Bbsh, LESS Jrik P M558 E T 1
DUACREAR R, . 2 IR I ABREEAR L SR AR, B R UIGRAEA B AR S kS 1 P fiE
DUk, PRI R R AR T AR . FERC AR5 AU A AR 55, LESS ff
L 20% BRI AT A 95% iy Bl ZhviRe, R T Euh (A

222 (SRfEE

TERRAZ B/ B, nI#JEM SEMs [a] LLMs B{E S EALH] . AR B 2 T4
TEHAR LA, AR EZ D AW AR T RS 5 Tohs %3 5%
THIRE R IR

FEARET SR, PR E RS ERR T (Prompt Engineering) ¢ LLMs
5 SLMs Z [a] iy tla], PAFRIHT 55 PR RE B 22 A 53 11 AMZ AL BE I JE Y )81 . Super-
ICLPY 3@ 40 K SEMs [ Tl I A7 28 B FLB A BE DR 2 A B scdim, 51 3%
& LLMs fAb B o A E 55 i o SR, HMEREAZ FR T SEMs gy il B, H4K
P S AG. A LG T E XA E B MIE, SuperContext™ B 3¢V T X SEMs
FRRPMEIE, FIH SLMs fyf iR < BB i AR, BT LLMs 14
. % LLMs PG I EHE B AT &, HFaliSdue e iR . (HE
IR SR ™ S AROR LA P ) vEAf PR, HLAE SEMs Tl #5258 B sk = Je 2201k
M o

RAETER - B fRE 2 SEMs W SCHe T, A5 B B SR nY &8s vl DASE IR
e SEMs [P RE, (EXTT REEUES R, REURZAE BAAIERE R . P,
ETRESERE S 5T, — 290 22l A R IG5 i 7 V- TR A 5%, AT A4
R R AT, DM R Ty ORI 1R 3 A LLMs. BLADE!!!
REVHE. BEIFSEELO, BB =BT BILE . SuRmiIZg (DP). F1iRTES:
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WA (KIT) 5 0IM@oR i (BPO), fff SEMs B84l 1A RE ) e HE R I
5 LLMs (x5 SERUE I HAEIA H M L 55 o 2% 32 71 ChatLaw-13B [1)
KU (2TH5 67.8%), Kk T SEMs Rl Bhi& ey A &4t . 5 BLADE {4 i}
77 5], PANDAUO Bt ZH88T, 4@ A SEMs MR 73117 4 i fi 47
5145 LLMs A SRt DA M iR, i i A R M 5 Ry i 42 #% 22 LLMs
BT B REYE, I84E ScienceWorld 155 H 5 BL 17X SEMs P RERTHE
B, $578 1 SEMs 7E5 |5 LLMs {Z AL RE SRR I8 A7 SR, LAk RE i A
T SEMs fi e (8 HEB P — Sk

BEAh, A — RN RS 3R Z A LH (Weak-to-Strong Generalization ),
HAZ O B REAE T o 1) B S L TR0 5 SR B A s A 2R J AT VAR RE T, (A% I 5 255
BRI AL e TR BEA S8 B B AE B DRI I A 2, s B OR RERSHE 12 1k L UG
B, OpenAl JEZAS 75 AT FI ] GPT RABIAL, 7E 22 4> NLP L5, HIAE
55 MR AL 3 JAT 55 EARGEVEIRIUE T 55402 nl U B R AE RE ) YA
Aligner P J it 27 5 RS FF S S WA R Z MBS, B4R I T —FiEr
RALegeimfess>I Nt (RLHF) BBk, HIIE A, SuperlCL #1 Super-
Context TAEHRML THIEHAR . SULFI, Liv NPT 5T ZHACHYBITRZLLE
T, JE I P A B SRR, PAZRAR B — B R EAT 55 Sl e M RE 2 IR 1) A %
THEREE TIRG RS, HAE OpenAl 1) Weak-to-Strong BEHE iR DA I Z1~5idek
AR AL IR UL T A R . BRI B 5RZ AL Fr (1 iY SEMs 5858 [a] 18 1] 2L 1M
FELRKA, SRRTE S ERIEBAY DS, B2 B ME -5 8 5 > i A R i
JTHE SEMs 4 Bh Y LLMs ffE SRR

223 FAEBE

SEMs 5 LLMs 2 [A] A HMEAS SR T Al i A 72, B G X4 th 255 )5
AEIRFIRLHE, PATE—2D 4 i R B A e R P (5

— AL ) SR A2 I SRR HE S e WAEZR R, SEMs 15 ek i AU E A 740
IIERC, $2E LLMs f5i A B R LS R, /g SEMs PRk LLMs 1) 4 H iff
FAReE, AT SE P A HE— 2504k . CombLM 8! $1 1 32 4 e 5 5 YA
BEy 7 SCAE AT 4% H i BLEU 20802 T+ T 18.2% . {E 38 ZRA e ERESE H, SEMs
SES A AU LLMs A i85, i dse/ M AS VT AR o R 22 5 T 1
ZIEIW2ERE , AL 455 . Zhao 25 A9 i F—ANi% B 2% f¥) BERT B %
FA~ LLMs W )37 A2 BB IE 43, AT R GeHb AR HEAR AU . o 1%y YA AR AR ) BR 240
—JBEATIEA FR A 5 ZR T 45 R 3 S B TR 24 i e SR A SR A PERE

BEAl, A 28 T AR R H SEMs BEFT£) A, 81204 LLMs N ERAGIR
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SR, WEEIRSNEE 1040, RPN A 2 b T BEAFAE R KT BE A . Xu
SN F R T R R R L] RN g, AEAS SEI RN LLMs i P st
T A IE LS EIF PRI IR . 2T AT R BRI MR IR
ORI TR S B IE, PRI T AR R AR E S R EE

23 AREING

ARE RGBT E N AME LLMs HEPER R GUS R B e b e, FERE TR
G150 RSG5 . SRR | SRR AR . AR LLMs Y
ARTETE AN, BB REASR . DREARIR . B YEEE (CoT) LIy skng 457
o FRHEAING SR MM E T 5IASNAR, d a5 -5 8 etk TR 7
2, TRKb LLMs FERIRRE . B0 S P T A 2

it TE LLMs RHEBRCR 5 GUsliE I RE Sy, Rl& SEMs 5 LLMs i
FEBWGE « K TAE FRE SEPERS . ARG U W P TT . o, 40
S [ 1R M 5 S R T SEMs FEHEBTAR FP AR T RS SRR . AREEA
Lol AR HERY A, $2TF LLMs fE L Ui i e v S a5 . Lok, 4R mt
LY R R IZAL, W 2 BN S g R A B PR R e, A
R L 5 R B SRS . Z5 |, SEMs FEfli B LLMs Jy 1 R 3L 5
A, HEEHLHC D) LLMs Gt iy B S p o i .
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3 ETHERESERENNEHRENEHEEE X
3.1 g5

[l

B ERZGRT, ARG LLMs 5 SEMs [th[EIHEREE ), ©
AR T B ATORAT 55 P RE BB 98 )2 — o B SR Y SR AR Tl TE HE Y,
IR SEMs Fllbn%s (v') 5 AN TARERESE R (v) HFERAS R, 76
LLMs [y 5305 ) el AR i g s i 45 58 5 B2 B hn 2 [ R it . R 5
LLMs XFF5AF 5811 st i iy 55 I BHE S5 AL RIEA T B —8uk, AT
B ) NE B R RS AT, I s B Ay 0 AS A8 TR AT 55 B A A
PEFIA] fEREE .

IR, BUA T RAFAE A N AN 8. 5, SEMs i th i) S AR50 B A5 B2
DAFFERGME i ZE « Q1E3-5-a) B, 24 E 3SR AR EACHE B T AR = A A
FIEEVETEARING, SEMs 52 B0 B 2 AR R 22 . AR ELAR AR 0.9-0.95 By X H]
SR AERR AT 45% (G FE AEIG); MAE 0.8-0.85 1y Pl X i), SEkR
IERAREAS G HL AR 50% (FARSFILS ) o X PMmZEA 5T F 2 — s s 1 % )
A AR, BAE TR S UIGEANT, FEAALE A I ETE, Toik
ZACESE R R O SIS ) B, E R S I BHE S SRR
FUCEE R B BRAR FERCR XA IR AR SR A HENIL H DASRAS T A Y AT S
M R AR ERRAL TR . T | ABERAMENLH], AR S5 R B
HEIT 3 LLMs 773 B S0 A A HE AR .

HWK, 24 SEMs KA FE R, S AN RN . ©A iR s B
© SEMs ByFibR% 53, ToikE A LLMs 255 5 1 1 00 T 1 IE R R
JEI, FE LLMs (RS B B B8 EAT (] SR R 240 R A5 HIW,  JHEFRIE BEAAAEA
o [ERFERENE, MR 22 MBS TEN g2 S SUs O A KR ZE, Fln
L Minsky () EREIHLIEIE O in AT R A X St FUE IR 2 . I
FY105000 PE— B WHIE T EERIFNAE bR SCE I REZR P R SO, KR R AT A
BAHE A AL B, X SEMs TG AT BB TN (R A 1) 5 B PN 226, LLMs
I E RN SEMs [WE5R: MR T2 5 i AS iR ELAG BER B, W ad i 437 Py sk
B, PEMR R SRR R, A TAERE A _FPE T RS REPERE

BN FORTAIRE, ABFGEHE BT AR AUE 5 B R IR 3h i A BR 25 i [m] Bk
(Calibrated Confidence and Diagnostic Contextualization, CCDC), EZ5TERUIT:

(1) 5IAZET MRS HER) EAG FE VRS . T BT Beta RUEMMERE IEHL
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2, @i A SEMs FUM SRR oAk, ST AR S SR AR L TR Y R 5
WS, NI i S B Ge (4t B M ) AT SR A

(2) BT A ERIK S I A I RR . BT R TRV K, $1%) SEMSs i
MEFRAVEEA , B SRl B RLAEN T2 — A e A S HE PR S s,
1) LLMs 71 SEMs KA AR R, WBEME Rk HERHERE

(3) TEMRT M A Y B . AR B2 R KA Y
AFEMERO AR BT R ARG . SR g R W], CCDC fE G A HER R A K F1{H
EHBEARTE, FAEA B SCECET R R B

3.2 CCDC tEZE

# Task: News classification ..
Text: example 1 i
Expert Prediction:A(Confidence: 0.95)
A ., Output: A B

— —_— \

= Q = > @ B — \ | Text: example 2 —» -

— [e— m > /| Expert Prediction: B(Confidence: 0.89)

= o [ 1/ ' output: C

EIPN Uit R SR E

Text: test
Expert Prediction: B(Confidence: 0.86)
Output: A PIRPN

I Q . @ A A # Task: News classification ..

@—V = | — .d)_V B — B Ensure the category context is broad, avoiding
o= —— e narrow definitions that exclude relevant entities
EIPN e TR SORE] E E
Text: example 1
° A Expert Prediction:A(Confidence: 0.99) j
S ,6 \\ Ensure the category Output: A
. l® 1 context is broad, Text: example 2
m Py +, — —  avoiding narrow Expert Prediction: B(Confidence: 0.75&
B( g JEAR Output: C

e “4cC JE definitions that
\i%/ exclude relevant Text: test
SRUUCS Expert Prediction: B(Confidence: 0.72)‘

"ENTITY" category should Output:

encompass all named entities,
not just human names.
A
~ CCDCHELE

K 3-1 B TAEESR ((F) A CCDCHERE (TF) Xfth
Fig. 3-1 Comparative Analysis of Existing Work (Top) vs. CCDC (Bottom)

PRS- 1HR . B R o T 8 TARM IR, X475k
S EAE A SEMs BTN A RN R BIES, FF SEMs 1 -5 F TARE(E S
BRI ASERBNR T, PASSEIXT LLMs (9465 TR 2805 W R T AW HE
(¥ CCDC e AR T 48071k, CCDC fEfR B SEMs A3 fF By R, il ki sr
PR RERIZL, SEBUXT SEMs 4 th i BLAR EUEA T3 S 3%, b — 2l o
PR HUG) B A B (R BRI, DAYEAR L (R B 5 R A RO 5 [ LLMs
PHEBRES R o R MESREAR SRR 0 o = A B BAREAHE . S5 IRIRBh 1 s & I A=
JPA R BB X = AN BRI MR A I B AER (% SEMs (1[5 i 22300 B (A R 5t
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PERERY TR S, [T B IR T LLMs X5 2404 45 v Ao HEBRVE R 1

321 BEERE

TEHIZR A SEMs (1 RR A0 BAR BRI HE AR, TR B B AR
%, S FEHRRIEMRAE. BRI, W0 PNA R MR R B, ) —
SEARIM I ARG T . P22 RF BB i LLMs X SEMs Jij th (1 nT S P
A, APFIAR T AR TR AR B A Tk i A ST
PR MERIT, AR ORI AR T A5 R AR T 52 T, X A B R 0EA T 3 5
#, DABEAR SEMs [E4 fwZExF LLMs EAFEE ALY T4

(1) [AjE X

GSEALT N APEARIEREE D = (b, R 2 ndes C={1,2,... .M},
M HALERAREA x; € D, Vm e C, SEMs ki th i3RI AR A1 ] 275 8 -

(m)
m _ €

p" = - (3-1)
Y jec €

Horr, 2" g SEMs 7R3 m _F AR {0A 1 B 0B B

BRI, SRR ZRE RO 1 p™ A R AR ) BLSE B AR R
%, S5 SEMs HiM A AE e B SO LS B IE R . TR, B3 M B
2 ) ) o 5 2 (D B S B K F 2 [0, 1) — [0, 1]M . %R BUS FER A2 Bl
TR ST TR, A 5 R 3 S UG I B S E W40 A, T I
5 Ao e A PR ) R K S S B 4 5 Sy T 5 P

(2) Beta M ERA L

5%t SEMs i AR, ASBFS0 R Beta By B2 28 IR HEA T 3h 75
. SL5M0 Pl Scaling ZEZ M BME LML, Beta KoMl B4 IR 95
WO, ERES A U B0 (BIBEE 0 3 1 AT, X% SEMs EHih
QMR A ORI T K, %7 ki RS P Beta A0 A O TR B AL,
A BEAT M B R R A1, M TGS S R . 3 F 405455, Beta 1t
BRI SUH

a=1(1 _ p)B-1
B(p;a,B) =2 &aé?
Hrfr, B(a,B) = [y t* (1 —1)f~"dr Jy Beta iR%k, o >0 F1 B > 0 Ka[ 2= itk
ZH
KT ENZ a5, AR TAERM <X — Rk . BEms, W1
AR me C, {UF B SEMs T 1% 28 M REAR RN G B AL HERS Bou(-) o

(3-2)
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BOE RS m X AN T4 -

D,, = {x;| argmaxp(m) =m} (3-3)

i

SERHGATHE Do, ARIE A3 2R AR B, (IBHL (0, Br)

(3) B oW 52t

SEMBHEESIG, MTRAREA x MR m, SRS . FERoE R
ROETRIAAE I, 2 A B A2 I Bk . B9, MBI LR
iE, SEMs FOREATZEHIMSE S v MG 2R RS, BIVRSIE I RARA 40 2K R R 32
WErRRI R s OV, AEASR A 2T, (L SC VRT3 S 7 1 A KT p
SEATEUEIEIE , T A A MR A A 7S

FLRTT S, S FARRREAS xi, LT B SN

m £y = argmax pgk) (3-4)
keC

SR Ji P i L AR 01 R 2 A SO A 7 7 S 24 FLASCA 2501 & A 2 i
TSI m 6, 6 H B BRI PR Bie(+) HOREARBRAE, MXTHANSE, E%
PR IR TIUIAR A, B

By(p) Mm=k
n'=1 ‘ (3-5)
Pi HAAE

XA ATABLT A EAE AT P AR 1 %5

D) FESRARSCHUR A, MEARZERE IR I o SR g A, A b s TR A
IR SR ) TN, SRR IR B AP e A 22 55

2) TERE P20, B BERE R AZ DR SRAE T @ R A T HE- S B SRR
R —HER AR, MARHRTHEAA B R I RE -

T AN AL 2 TR T AT DASE SR e R T 2K i ) A PSR B IR R G 22
73— 5 T AT PAEE G B TINS5 SR nT RES | AR Z IR . AR WAL

32.2 SEHIRIKBNHIBNZS R A R

24 LLMs i3 i BLAS BE R T S5 2R Ny, 8% n] B35 R 94 SEMs Ay i 2%
IMAE SEMs 28 5) KA SRR AR EL S BENR DU T, B2 B A 45 AL ] AR B A
SRR I . SRR IR, ASEIET A B ERIKENAY A= i, A SEMEs
BRI PR R I AR T A = AN B

(1) B DR AR AL
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0Tk 1 5L T Beta RelfE A0 B35 RO 0 05

MiA: SEMs it ik i {p" VY, AR (v, KBS C
Wit RO E A (s

L BT m € C BRI S5 (. B)

2: for K25 m e C do

I T4 Dy = {(p", L= | argmax, p” = m}

HF D, & Beta K UERREL B, (p; O, Bn)

5: end for

> w

6: for /MR x; do

7 RTINS m = argmax, p¥

8: for 5~ ke Cdo

9: if kK = m then

10 st = Bu(p"; o, Br) > {5 T30 2 Bt e
11: else
12 s = pl! > HAE IR R A
13: end if
14: end for
15: end for

16: return I 5 0 E (S BEAM G {s Y,

TEFR M D PO i A5 R AR AR AR A -
Derror:{(xhyjaylj) €D|y;7£yj} (3'6)

Hrr, ¥ iy SEMs BTN 4523 .

R PRUE S A R AR BB % 7 1 A5 2 B RGO, IR R AR R 2 14011 R B
IYIERFERME , M Deror I k 55 BA RERIER SR AEAS

(2) JE AR~ A i

BEALZE AT LG FEAS (x0,50,50) € Derror, F1H A LLMs A AT 4R 5 14 S ]
Wk

Po = LLM (Y grigin (X0, Y0, Y0) ) (3-7)

Hrr, Worigin HFR6-1E SUWHRRERT, HH B2 MRS RE G h St A BT
& IEHEF AR A 1 T )

(3) [ A Ak

RHERIT BRI IEF T ST LA, DA 28 i U 2 A PR A Pk
M5 ¢ ORI 25 E M ARFEASRAEAS X, DA SR . B2 Wapdare (%) (R6-

16



JU A2 8 R A A L8 S LT M AR A 5 B R K B ) A 2 A f 9

D), A E e i S ) -
Dt = LLM(\Pupdate(xtayt:y;)) (3'8)

AHISCBE R k FRACRIER RGO 5, &AL € IR sl SR
W pry s BRBEIUARF T8 5 LLMs FEAR BLAR B2 57 T b B R . AR FR L2,

323 THIRE

TES| AMEBE M PR, APPSO T SIEME. BIEAT MPeki
o BSAERI, Sl BEFRRES , SEMs 775 4% BE DI W o 3 B 7
[REEEKI. QE3-5-b) Bz, MEEERT 075 B, HHMMERRRL T
HU PRI, 250 8 B (S G AT T2 B IE , RSB, 1 ELAT
HERR B ERUNA AR5 40, THAT RPN . RS HEH R %] SEMs A A
W I, ASTFST SRR G i B A U, AT A5 S T DU o PR 4
HERS A % 25 1

BT, ABRGCR A G 2, X TGS S0 F L 0 R b 4
FE, HEACRIRBUR 25% B AEBEMENEhAS B, 108 . FESSBRRZA R, XFIE
i ABEAS, 1L SEMs S BT B S B L p > ¢ (BT B S X
), W BRAETMGER, TCEAINE A IEREN, AR A R I sk
S il p™ < i, MR EBAALER AR, MO RGN Shis
RO, S8 R OV R, BUFS R BN (£6-2) th, #55 LLMs
I G

out put; — {‘Pgenerate(xi,yi,yi) Hpl >t (3-9)
W generate (X1 Vi Vis Pk—1)  Mpl < T

S R A BN, T DAZE AR G e S ME A M O ) I, A MR

T f BT AR, SRR R R e 5 R I e

33 XKBWEHH

NARG I CCDC SER A R H RAIRTEHAEREYLEE, BBt 772
WISER PPARAEZR, ORISR DA T = MR DI SR T -
() SEARMER ML, CCDC 7ER A GE b BA BRI 37
(2) TEAF EFICHE T, CCDC AR ?
(3) CCDC HEAE & D) RERA BRI/ -5 DTk AR EE a7
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Sk 2 B RIR S B B A R N A iR

1 M A BdESE D, SEMs FiilAEER pe(x), FEREMR Porigin, Pupdae , K 55 12
LLM, RFEZE k

20 Bl AR EN pry

3 MR DAEAN: Dervor < {(x},),Y}) € D | argmax, pe(x;) # y,}

4 R HIIBERIE Derror T2 REE k FHEA S {(%0,50:0)5 - - -+ (k=13 Y01, Yi-1) }

s ZE AR E: po <= LEM(Worigin (X0, Y0, Y0))

6: fort=1tok—1do

7. p = LLM(Wupdace (X5 15, Pi-1))

8: end for

9: return p;_;

%31 BIEAREEE

Table 3-1 Information for Each Dataset

Bk i #UIZGEE A #YI%EB # A% # 25
Trec i 2726 2726 500 6
PubmedQA Yt 5 000 5000 890 2
SST-5 5 4 822 4 822 2210 5
Prosocial Dialog #1&#iiE 5000 5 000 1500 5
33.1 HEuELE
(1) Ftla R 53T apn

A HEAE CCDC R HEPHE SR A P54 55 iZ AL RE DM BRI, AW I T
B 2 ML LS SRR ERR AR, W SO R e U R . AR T
M RAL S EM 5, B Rage e Al h

* TREC: AN MBI IRAEEE, a5 952 AN Ukt kA, 170

6 MBI, B TP T SCARAT A 15 R AT 55 B 2 B

* PubmedQA: AW PRop M A RS, A& ET PubMed f7i SA4 A 3l 20 000

Xt QA FEAR . B ARG TE R B Ry, BB SR A W) B U

JHEBRRE 1A U o

* SST-5: IFR M EEER, HeTJrsH ARG B B T 2Ry A, 5 11

855 L HLSE VL . L AR BETE AR AR, A T ARTEEAC B AR,

S I TR), PR 5 AN AU PR Y T B R 2R

* Prosocial Dialog: JHfEXREHEEE, WA T A RIEEA. %

PR S M EM P R 2 H 5, BRI B S TER 57 I TH

MR E TS B
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IR PU BT T T TR E] Lol . MR S SR 2 A S 2
B4, AiFAS LLMs 72 [ 4508545 45 T A R PR AL T F B i B8 . Bbab, 1
EFEEH, SEMs YRR TATERITE 0.51 & 0.96 2 i), M= PERE 1,
TET AT E SEMs 8 J)7K~F7E LLMs B [E] 508 i i) B AR I

RARUESE IS B P AT PE A TIS TR, 6 T i 58 K1) PubmedQA Al Prosocial
Dialog ${#li4E, AWFFT4r BT T RN . F3-13E415) T S ERELE R IS
AT, PARAS B EEAE A AT S5 Fehn L pIb G it 4521

WALTEAR 10, BT EEUES KB KM, FIAH R A % (Ac-
curacy) Fl% F1{ (Macro-F1). HARTTHE LT

1 N
A —_ I[ ,':A,' 3-10
ceuracy = 1110 = ) (3-10
1 & 2xP. xR,
Macro — F1 = EC:ZI " P.+R. (3-11)

Soob, N RRREL, v OWEISTRAS, 0 WIRURRE. C WRBLEN, P
KA ¢ REHIR, R = 15 R,
(2) iy
SEMs il , At 1k 22 S A0 ) Flc R SR AL) S S0 BE ) AN [A] 1Y SEMEs
e X} TREC. Prosocial Dialog #il SST-5 $(#54£, X RoBERTa-base! /[ kit
A, RTINS 2t (RRBUZ 4B — 5150 #A7ESE
it PLAbid R AdamW B9k, HEUCHIA, 64, 18 i i 3 i Sl ] S B 2 4K
k.
* PubmedQA #j(#jii £ T* BioLinkBERT-base F 21 52 it 45U 15 38 B k], A5 23
T SOR R BN LA R AL T 5 SCARRIR CHRRE ), A R SRR s
S SCHR IR 21 SRR
LLMs fll], B 5T BEB =Rl B AT MM IR LLMs, 433 /& GLM-4-9B-Chat” |
Qwen-7B-Chat* il Meta-LLaMA-3-8B-Instruct’,
e GLM-4-9B-Chat 28 1#% AI # i 3ET GLMBlockZE¥) i £1ES LLMs, 1F
R KSR 55 B R
* Qwen-7B-Chat [ L = BB A, & — > & i 3 SORUEA ST I R
LLMs. 7£ C-Eval. MMLU, HumanEval Z4riEREN P £ T, B
L e P TR B R AN B

"https://github.com/pytorch/fairseq/tree/master/examples/roberta

*https://github.com/michiyasunaga/LinkBERT
*https://huggingface.co/THUDM/glm-4-9b-chat
“https://huggingface.co/Quen/Qwen-7B-Chat
Shttps://huggingface.co/meta-LLaMA/Meta-LLaMA-3-8B-Instruct
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* Meta-LLaMA-3-8B-Instruct & Meta J:T LLaMA 3 £&%1| & 75 35 21 LLMs,
2] [) 9SO SO A AT 55
MERERA AT I, A LLMs HERRE AR R ATA0 e PEAR I ok ng , Rk
‘& temperature=0, HABZEIY R FH ERIATLE
(3) TR
S-S 2 3 NVIDIA RTX A4000 5K (16GB A7) . ARz &
P, AR IR W XA RENLE R (1945 NumPy. PyTorch 45) &% T 4 RiFlAlL
Y. i LLMs #ERRYR ] BFloat16 5% 11455 .
(4) BL5SHRE
IR SETS, ABFIEIH T AT F T v
o ICL : s ARl s AR ¥, iR D s IvE Sy R SCHg 3 LLMs
A%
* SuperICL : 7£ ICL gy 3fili |, #F SEMs BFiil g5 R 5 SR G B —IF ik
AR, AT LLMSs SIS AiE 55
* SuperContext : 7 SuperICL [ 3:fi |, #hse B 4isk, Jb—2P8G FTHChH
MR RN SARZEE S, DAY LLMs )12 RE
ZHECEITHE, %83 PubmedQA il il A SCAEKAS, K PubmedQA
R SRS 0, A BRI E R 4.

332 FLERIE RO

(1) CCDC HEZRAEZ AN BRI 35 00 T BUA P [l HE R RE L 5 vk . A
RKI20R, mse R EREIL T B LR L R1E L. CCDC (BRIA Beta #2HE) 7E
ZABEE ERRIL R E T A P AR R Lk, EERIT AN AN I

HL, CCDC JEIl i) LLMs 3R4AHE /1. 24 GLM-4 {2y BRI,
CCDC 7£ TREC, PubmedQA 5 SST-5 =AMl i) A Al fidn Ly BUS R 4s
A DA Qwen JgHEBIRINE, FE 7 BRI A IR, AA 1 IURRRRIEKF; A
LLaMA-3 Sy R, R HE TREC Sdudk Bt T R4J575, {HAE PubmedQA
5 SST-5 EARI ALY . XKH] CCDC HEZL R AEA [FIZEA4 ) LLMs _F 53
SEREAEN, Bar RIEFRYE M. HAR, 7E SEMs HEBIE I TH , SCRER 2R,
T GLM-4 |1 CCDC 7 SST-5 (#a4E FAE4 b FIgHE#H SEMs 2.89 5 1.55 />
73 A8 LLaMA-3 J A E T, CCDC Ak SST-5 4155 H i S 31 0.04 A
o RS . APFFEIA , AP BE A R IR T R LLMs {284 St 5 1)1 25
R ERYERTE. 24 LLMs BBk 8| —E BIE), f5B) CCDC Mt FEbLE, fE
WA Witk 5 SEMs IPERELA .
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F 32 FHALRAE A EE LLMs 7 R HESE T i s giis e v e L A%
Table 3-2 Cross-dataset Performance Comparison of Different Models under the Collaborative

Framework with Random Sampling

" N Trec PubmedQA SST-5 Prosocial Dialog
st Tk
ACC F1-Score ACC F1-Score ACC  FI1-Score ACC F1-Score
SEM None 0.9660 0.9395 0.8461 0.8288  0.5344  0.5262 0.5130 0.4591
ICL 0.5860 0.5542 0.8090 0.7938  0.4633  0.3179 0.2227 0.1236

SuperContext 0.7960 0.8085 0.7787 0.7483  0.4801 0.4475 0.3240 0.2941

SuperICL 0.9080 0.9026 0.8281 0.8149  0.5262  0.4860 0.4633 0.3480

Qwen-7B-Chat CCDC w/Beta  0.9140 0.9204 0.8371 0.822 0.5285  0.4855  0.4793 0.3597
CCDC w/ Temp  0.9218 0.9032 0.8180 0.8017  0.5186  0.4687 04720  0.3429

CCDC w/ Platt ~ 0.9180 0.9218 0.8236 0.8079  0.5199  0.4647 0.4693 0.3421

ICL 0.8240 0.7896 0.8034 0.7975 05217  0.4202 0.4553 0.3122
SuperContext 0.9440 0.9020 0.8416 0.8310  0.5348 05115 0.4433 0.3809
SuperICL 0.9580  0.9426%  0.8573* 0.8491  0.5570  0.5407 0.5053  0.4291
CCDC w/Beta  0.9620 0.9461*  0.8629* 0.8548 0.5633  0.5417 05113  0.4319
CCDC w/ Temp  0.9600  0.9440*  0.8618* 0.8537  0.5710  0.5480 05113 0.4237
CCDC w/ Platt ~ 0.9600 0.9440*  0.8607* 0.8526  0.5688  0.5461  0.5120  0.4217

GLM-4-9B-Chat

ICL 06660  0.6573 08225 08161 04833 04727 03680  0.3047
SuperContext ~ 0.9240  0.9029  0.8528  0.8394 05262 05016  0.4053  0.3994
SuperICL 09040  0.8965  0.8674* 08597 05303 05158  0.4393  0.3944
CCDC w/Beta  0.9020  0.8951  0.8742*  0.8679 0.5348 0.5177 04280  0.3940
CCDC w/Temp 09120 09008  0.8742% 08675 05240 05110 04153  0.3806
CCDC w/Platt 09040  0.8875  0.8742% 08674 05235 05110 04173 03753

DAL SRS S B DAL S TR R
? * FRYEREB SEMs.,
F8 CCDC P RE L e U2k

Meta-LLaMA-3-8B-Instruct

(2) #E#F Beta iR HER L IEMTE. BRT Beta BHESN, A SGAXT EE T HiAth
ERMER R RS . IRE R (Temperature Scaling) DA & Platt 457k (Platt scaling)
Kl AR R, BT Beta K CCDC A HRE MRS, 14 LLM Fl45%K
Ptk PR IR R I, T ) SRR A HE S A E LM Fngi e F 51k
PRI BEZE 7RI, PR B T 164 Beta MESRARMERY IE B 1E .

333 BEBMEXREST

AL CCDC FEA R BCE N A EHENE, ADFTOR Izl A B iat, bAin
RUET RN A% DI TEAR, %%4E SEMs e, KRRG-S b T Sl v
PERERI S

(1) SEMs #E4#¢

T AE SEMs iz AGRE I AFAE 2257, AT RESO W SE IR 4 e i@ v Bk
CCDC J5iAfEZ A SEMs FLE R &R, A SCEREGACR T BERT A4, if5]
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% 3-3 FEHLRFE N AR SEMs 4 1 A1 TREC B4 NI HERELLE
Table 3-3 Performance Comparison of Various Methods Using Different SEMs under TREC Dataset
with Random Sampling

fE FE ACC  Fl-Score |  f ik ACC  Fl-Score
Ernie None 0.9640  0.9384 ‘ Bi-LSTM None 0.8500 0.8594
ICL 0.5680  0.5650 ICL 0.5680  0.5650
SuperContext 0.6860 0.7136 SuperContext 0.6220  0.6596
Qwen-7B-Chat Qwen-7B-Chat
SuperICL  0.8940  0.9028 SuperICL  0.8060 0.8041
CCDC 0.9200 0.9219 CCDC 0.8220 0.8122

& 3-4 BM25 RAE T A ERHE LLMs ZEHpFRIHESE T s 4tk ACC PEREHLEL
Table 3-4 Cross-Dataset ACC Performance Comparison of Different Benchmark Models under the
Collaborative Framework with BM25 Sampling

" R Trec SST-5 Prosocial Dialog
st DR
ACC  Fl1-Score ACC F1-Score ACC FI1-Score
SEM None 0.9660  0.9395 0.5344 0.5262 0.5130 0.4591
ICL 0.6680 0.6314 0.4573 0.3511  0.3253 0.1834

SuperContext 0.6720 0.7180  0.4679  0.4314 0.3200 0.2915
SuperICL 09180 0.9079  0.5348* 0.4958 0.4747 0.3466
CCDC 0.9260 09172 0.5376* 0.4994 0.4827 0.3506

Qwen-7B-Chat

ICL 0.9400 09174 05267 0.4479 0.4707 0.3099
SuperContext 0.8320  0.8125  0.5403* 0.5173  0.4213 0.3618
SuperICL  0.9620 0.9278  0.5557* 0.5391* 0.4887  0.3959
CCDC 0.9620 0.9330 0.5652* 0.5426* 0.5007 0.4048

GLM-4-9B-Chat

ICL 0.8660 0.8635  0.4937 04799 0.4013 0.3351
SuperContext 0.8860  0.8546  0.5321 05014 0.3700  0.3799
SuperlCL  0.9420 09155  0.5249  0.5084 0.4340  0.3940
CCDC 09420 09107 0.5294  0.5112 04267 0.3842

Meta-LLaMA-3-8B-Instruct

AT Ernie-2.0-Base-En® DA & T GloVe [a) 1) Bi-LSTM ##7 ,

#3-3J%78 71 TREC stk |, & SEM P& T AR JIANTERE LA . 4521
W], Joiedk HWFRP SEM, CCDC IRZfRFFmfERI, ki) T HALBpESS
I T

(2) KTy

R, BREOABEVL LT SRR AN, ARG T ETAEMER
BM25 fi & g AT X oA BM25 2 —Fh i B R ik, Hal i
Gt 5 SCARK B, X BT SCZ R AH A T AP, AT A e R
REHER _EFORBI. X7 PubmedQA T &, BIRMFZFEAER, BONMEHE.

Shttps://huggingface.co/nghuyong/ernie-2.0-base-en
"https://huggingface.co/DylanJHI/glove.6B.300d
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FILAIRANFS- 4R . R BM25 5% ), CCDC HEZEAEZ Mk B
B R TERESR T AT ICL BTk, R IR T T 5-10 N7kl A
BT RMLJ5Ik SuperlCL, eIt 1 ANA i, dE—2 5k 7 CCDC 7 R Kt
R SCCR R P ) R R

{ERERAE, JEBAY LLaMA-3 i, CCDC 5 SuperICL 2 [A] ) 22 H
AR/ ABPFEHEM I RTET . —J7 M, LLaMA-3 JrR A i i 5 7 L]
FEAL PR AR S L A B2 SR OB L RE 7, AT 5540 1 SRR RSB 1 30
brifan; J3—J5Th, BM2S i A S AR R A4S B B 42 5 TS R R I RITE R B
{75 SEMs Tl i [ M ps i 38 Pl R 980/ 1R AR Y TSR] (HL4R
GLHFMALR, CCDC R4 EEMPEREILSS, ER BT H i RAFRYTERE .

RAETE BB R ERE2E M 45 /)y, CCDC e[RRI £ AT 453 5
WEARRFF R E LB RITEREILYS, e AL 7 HAEZ BRSO B T SR .

Qwen-7B-Chat GLM-4-9B—Chat Meta—LLama—3-8B-Instruct
0.57+ 0.56 1
0.525 W@\\\ \
0.561
0.500 ] 0.541
0.551
0.4751 e 0.521
.———_._0_0—0/"
0.54+
0. 450 1
8 8 % 58 0.50
< < \/ <Y
0.4251 0.537
—— —— 0.48 1 —
0,400 1oL 0.521 1oL 1oL
SuperContext SuperContext SuperContext
0.3754 —+— Super ICL 0.511 —+— Super ICL 0. 46 1 —+— Super ICL
' —=— CCDG ’ —+— CCDG —— CCDG
0. 3504 --—- SEM | -——- SEM --—- SEM
T T T T T T T T 0-50 T T T T T T T T 0.441 T T T T T T T T T
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8
HIHE ROIHBE RIHE

32 R[A LLMs & SST-5 ffa 4 i bR SUR BB U 24
Fig. 3-2 Sensitivity Analysis of Contextual Example Quantity for Various Large Language Models

on the SST-5 Dataset
1o Trec SST-5 Prosocial Dialog
: 0.554
0.525 \
0.94 0.504
0.500
0.454
0.8+ 0.475 A
807/ g 8
<V < < 0.351
0.425
0.6 0.304
\ 0. 400
—e— ICL —e— ICL 0.254 —=— 0L
051 SuperContext 0.375 SuperContext SuperContext
y —+— Super ICL : —+— SuperICL —+— Super ICL
—+— cCDe —»— CODC 0.204 —— CCDC
—=- SEM 0. 350 —=- SEM —=- SEM
0.4-— T T T T T 7 T T T T T T T T T T T T T T T T T T T i
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8
wHIEE I E HIEE

€ 3-3 Qwen BEAHEAR b T SR BIEICELE B A
Fig. 3-3 Adaptability Analysis of Qwen Across Datasets on Contextual Example Quantity
(3) RSk
AW RGER T B SOR B4 CCDC 21 .
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7 3-5 Qwen 7£ Trec fll PubmedQA FAYIHmISES: (Bl EARETEREZE L)
Table 3-5 Ablation Study Results of Qwen with Color-Coded Performance Variations on Trec and

PubmedQA
§ Trec PubmedQA
vk
ACC F1-Score ACC F1-Score
CCDC 0.9140 0.9204 0.8371 0.8220

wio JEI A A 0.9160(+0.20%71) 0.9178(-0.26%) 0.8202(-1.69%]) 0.8094(-1.26%)
wio HEFMUE  0.9120(-0.20%]) 0.9186(-0.20%)) 0.8371(-0.00%]) 0.8211(-0.09%)
wio BI{EAE  0.9100(-0.40%)) 0.9165(-0.39%.) 0.8258(-1.13%]) 0.8118(-1.02%.)

% 3-6  Qwen 7 SST-5 il Procial Dialog |- (i< (B (U hREEREAE (L)
Table 3-6 Ablation Study Results of Qwen with Color-Coded Performance Variations on SST-5 and

Procial Dialog

§ SST-5 Procial Dialog
T
ACC F1-Sscore ACC F1-Score
CCDC 0.5285 0.4855 0.4793 0.3597

wilo JEWA Al 0.5267(-0.18%)) 0.4880(+0.25%71) 0.4647(-1.46%]) 0.3434(-1.63%)
wio HERMUE  0.5262(-0.23%) 0.4855(-0.00%)) 0.4733(-0.60%]) 0.3552(-0.45%)
wlo BfEdE  0.5285(-0.00%)) 0.4837(-0.18%)) 0.4740(-0.53%]) 0.3513(-0.84%)

M LLMs K& N AEA KRR, WE3-2f7R, 18 SST-5 Fifldk b, Al LLMs
Xt BT SORBIRCR R Y R B —E 22 5. BT GLM-4 ) CCDC T £ R 3¢
FCE TR RE NS, SRl REFMMERERETE. BEE BT g m s 3 14,
Qwen 7£ CCDC fESL N B AR TERESR THIE EEAI B GLM-4 /), (EA5 B i Fr sk
REM . 1 LLaMA-3 fPERERE b h SO AR 2 B AR R s - AE SR E
THITERBIE T AREARCE o 45610 303.3 3T 10T, AFFEIA N IX T fE 5 LLaMA-
3 A MBI R I ILEAG K. HEEERPIEEH 2 3 4>, CCDC HYMER R AR
SuperICL $2THiid 1 AN 73, 2E—P 5k TR R R, CCDC figfg
ARG 15 LLMs #7532 AR

MALSS ZRAEAEEORE, B33/ T Qwen FEAAFIRE LRI SLH«R
W], CCDC {e R4 i3 5 I IR i U HERE , R B RAFAOEZALRE ). RS
ETFSORIIE D (40 1-24) I, CCDC 5 AT AR A PEREZZ A AR, (524
ARSI 2 4-6 D, CCDC HyPERESS e ik I, Won HAER % B F SOl &
NP R AR

A A AT B 3- 271 B 3-3T] DAL B, CCDC % bR SCHUBE I R PE % T AL 4k
Jivke PAQwen B, HAE k> 2 WAPEREATZR U, 17 GLM-4 5 LLaMA-3 &
RESFEELMEES, (AfE CCDC J5ik MM BB/, BARIE AR, X
4R, CCDC AR AEHEL (3-4 4) B TR SCCR T RIS IR 2 i PR RESR T
PG PN N R

24



r [ %71 Y

JU A2 8 R A A L8 S LT M AR A 5 B R K B ) A 2 A f 9

itk F, CCDC 7t LLMs &M AL 552 A MDA B b7 SCRCE U7 T
PRI RIS, WER TIRAESAE 2 R BT SCRCE T 1R SR S S

334 HEXERSH

AWFFEET Qwen X CCDC MERUEAT 7 4TSRS, TR TAT =
PR :
(1) ANHEATARAALHE : BIRE ER MR AR R 5
(2) AR RIKBI A A B RIS IS D2 P S BB Il i I 5
(3) B A AR R ST S 0 B Bl A R BIL ]

AN, AWGE e T LLaMA-3 76 SST-5 Zifladk b (B3-5), RREFEX
A AHERR R AT 1A, DA EDULRE /s B AR TR AT LLMs SR BLH 2

Qwen-7B-Chat GLM-4-9B—Chat Meta-LLama—-3-8B-Instruct

N Super ICL B Super ICL B Super ICL

_— Betaki 1.0 o & & o BetakiE ] — Betakif
K

BN +Ground Truth & K & BN +Ground Truth

B +Ground Truth

Trec Pubmedqga SST-5 Prosocial Dialog Trec Pubmedqa SST-5 Prosocial Dialog Trec Pubmedqga S8ST-5 Prosocial Dialog

Bl 3-4 ARSRAHEA R
Fig. 3-4 Analysis of Probability Calibration Effectiveness

() FEABATHERASHER I DL R, SRIRaiiR (R3-5F13K3-6 ) KM, FEMUA4L
e b, MERRRA P M AR T . MIEI3-5-a) Bl AMERE], R&
W ACHER) SEMs T £ RAERAR EAFAERR B esh I, il [3-5-b) PGS ) 14
M SRR ENFEE - BEE B AR TE, RS i DX IR Y R R 28 BT, 4%
BAWITERTUY : RI7E SEMs 44 th 5 i nI AR OSSRy, LT 45 Rt b 5 g w]
LLMs 7 B AR E UL T RPN ER M A DARRE o (At DAKEL, UARIE IS A E
EBEERARES, LLMs fPEREAATE— & T 1%

(2) TERZ R AE USRS A S DU AL AR S 3 v, 2R ARy B 1A [l R
WHERR T B . Z5451E3-5-¢) 5K3-5-b) XL, FIDAH P FE R GHETARER
JEIX[E] LLMs BRItk 1613-5-c) PEl A THREMEER, R SERER
JFEIX A RERSPRAT BUOME R T, A BEHR T 13X 8 r R 1 3-5-b) ik
igAEE, S LLMs TEAR B RETE = T RRILBON 0 . X —EREE T 45 iR
IR0 5 DU A S BRAEAR TP M e P T A 8
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a) Performance Distribution Plots for Each Method before Probability Calibration
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b) Performance Distribution Plots for Each Method after Probability Calibration
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Bl 3-5  ANFEJTIR T BB R XRS5 HER AR 10 5 2R

1.00

Fig. 3-5 Relationship Between Confidence Intervals and Accuracy Across Different Methods

r [ %71 Y
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Q) FEHUH SIS BIEB BRI HOL T, R3-5MEK3-61 LI ah R n Rt —2
TR BUHBIENLES (75 LLMs 7R8NS RE oo e AR A — LR - H by,
B IEMEN], X ARG EAR S 00T P BN A BB IR, tH 5 145 R
YRR HRAE IR AR L XI5 | 5 LLMs HEBERRCR . 5845 R U W sh &S B HL
TE DI HR i b AN 8 1 05 T B B AR AN S 3 PR T R A 2R A P i

(4) AHFFTIE SRR AT HERIA RAESEREREAT 70, BIRZSAERR AR T 58
EHER AR, CCDC HEALRENS AR BRI MERE. BARTNS, AHF5EXT B
N SORGURIN S BRI MERPEAT TN AP 2R SEMs S, DUIRF T AR
AN Ve, K, o= |Cl2IH%RR; a2k SEMs Fill =, A8 A mitsR
WEN 1. EB3-4JER TREHIE. A Beta SRS 14 B8 DA LS HE R AL A
DU RIPERE LR . SRR, HFIARRA S BAGS T, LLMs PRAEA 1 B E1R
Th, ZF B, XML T ARSI Y IE AR A LS T RE

3.4 ZAREBING

REF SR ST /A, R 2 SEMs Ji
IEPMARA A A E R G 2, (A EAR FEPPAG 45 2R 5 SE PR e AT s —RHE
SEMs Tl 45 iy, BEA XA IACHLE . it ABFTEse i 7R ME 5
RN IRE P FIHERBLSANER . B e, AWTITEST Beta SUEXT SEMs it Al
BATHIMEIE, AR I E A B 5 S b i 2 R A — B, 2R, ABFEiK
T — SRR Y AR R . AR TN B SR AR A Fp A TR, 2R
BAALTE TR OB HE I o X —HLHI (645 LLMs 7E SEMs A A:45 R, fE
A5 BB DR PP b ) USRI B AT SO TR 2 R . f)im, AR5
HERR AR B2 S50, S5RRN] CCDC fEMER AR ) 7% F1(H EX3RAG T iR
Th, AR TR SCRCE B R B0 i B
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4 BT ZiEMRAKIERTHREDEHEERE

4.1 g5

][I

JUEAEAR FLLhR A8 i s, DA RS A ) SEMs $2 (L iy 554815 55
NTHRER AR, PASETE LLMs E3E AU A EBLRE J7, (IS A3k ey it
BAREAEEN S &, WEEREROR. ik, WA BRI IR 0 o SR 5
T, A% LLMs 5 SEMs Z [A]f Pp[a] HEPIAL ] o

TETCE AR T, Bié SEMs ) LLMs [ ¥k PSR HE0E T2 39 5 iR 3¢
fEFZ A T . X FPEBERF SEMs IARZE B A M ATE ., R
i A AT IZ ARG SR R R, DA R38R 1 T X3 T LLMs (144
S R O IR, R TTIAAAE— B B R E BRI R . X AR BRI 2 2
BRI K2 WAL R R R . AERIH SRR, I 5 ¥ H R R
TR BFR T AN SEBI0], Z0 7 X U A RITR S M s, ME AR S 5 1T
55 ESRBIRTE BTE SRR s R IR IR SRR . FERITRIIEUZ I, v fal PR
{ SEMs 1y fi fer- 1t i e VR RHAR AR LA, AT BE PRS2 [ 1)l S50 DR R Y
ik

FERPRRFALAY R R, 20 )2 PRI BIL AR R T AR Uk 2 Bk W] R a5 2350
FOT, B, ey 2 AR RO AR BT ARSI EI B P ), R Sk
Sz TR T AR SR TREE SUERPE . I — TR AT O 2 R RS Ty
IEGIA LLMs HEPMT 55, M8 TAE 55 905 ORI BUZRE DS ESL . B4
BMEROR S EHUG T W TERER T, AT 2 R ORI A R R TR
FIR LB

SR, 5 — IR E TR S r RR 2R, 5 B I 1Y
/NG 5] [ A e I L SR IR VZ AL RE ) - OpenAT FHIBAER i) “55 35387 5501
IR AR B MIBOE SR (35224 ) ARl 24 B 5
FIFE R EE A (SReed) BT BT SCeEd, AT SE B S S p HER P RE -
IR, ZITVRZ B AR PERE I SR B, R 2R AR RE BRI pT 5527 A 1 M
BREE, MEARZSMZRESR ) “BOTHET [,

HFW EIARRRE], DFFREEANSR TR 5 B R S ek, AR
PEfiE2 AT e E" (Scalable Oversight)!, B7EAEI) AL FHBIFRET-Bei i
FORATREE S 2R BN, IR T RREALEIAY 2 A RENTE SR U2 i
FRETIA, ERT T B SR BRI S ARE . XA 2 PR R
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WA TS A R B —— SEMs byt B 24t T 7 1

i IR ARG, ARG AT 2 PR IR S Uk 1) o AR 2 T ]
#EFE YL (Dual-Source Knowledge Integration, Dual-Know ), 5 ¥E 8 73] ] SEMs
) 871 JEL AR TH RN AR VA 5 TR R AR o ) — 2k . ISR vk a4 - TRl
PN F) SR 2 i R i MR R BR Y, 5| AZ IR AHEVLHI DL /B mn R AR i AE , M
17T S5 IR St B a2 M R SRR B2 1) To A 25 R 5

Rt AEEAFY TAER S ZEoTikan T :

(1) Aby 78 2 Je- oy i P ) R OBORE BE TR B IR AR 2R o 10T SRR BE RN TR 5 7 AR AT
fmZEM) B, PR 2 ESENS : FEARZEm, FIH SRR EE R EE L3
PR ASTE, BT AL, TE A RS ER R 2R e/ 2, Ed
BAMEAR S MR BURFR R . 2R 5 R ERRRA TR A, A AL G AN I 22 5

(2) Wit & T 2 RRHRL B R P I R R AR B . RIAE G VA L RN
SEMs B LT Z5 R r RBR , £ th 2 e p I ERe U S L g - 1 JcHE SEMs 1546
P _E A TR AR B SRR TS R e R, SRR A A ORT B N R R 5
RGBS PRI, By LLMSs G A7 Ui ik 0 ) Rl iR s Al %
XS B— SEMs H S BRAZR IR MRS 1

(3) TE=MhrER IR 55, Dual-Know 7EERf#Y FI1 {HiEPs F1Y
RENTEAETE . I T R A R D e s2 3 gE— 2P UEH] , Dual-Know £
KBTI 5 P A ER PR e IO ERER B, I T Bk nysn S

4.2  Dual-Know #EZR

AT — AT 2 AR IR R R o bR A8t [ HE A Dual-Know,  S1EfE
Tt LLMs fEJehr%eg 5 T AR ERA I 5 B IE . Rk i il SRR B 42
JagiiR, @R . ZRIEARER, FH51AZ B i i mHR S gk
HLA L AR i L -5 R T SR O T H 5% 3 )

TR I = AMZ OB R (1) T 15 ORI B 4 Jay R A s B
TEPRE SORMUUREAR R R SRR, 7 SRR A R 5 (2) M 2 R =)
FRATRAE ML, XS SEMSs [ 2 MBS B Ui T 5 )2 1 AR S X
VA, A BAEAR ) BRI 5 (3) ORLEE AR BB, 542 )m-Ja s AUZ 2
AR RAE AR T, SEIA I IE, AT B2 T AR B A5 R ) m] S A A
M. BERHEZEANE4-1.
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) @ Oo O Step;ﬁﬁﬁ When the scenario is about a
‘ "’O ) O documentary praised for its balance, the — —
VY sentiment is POSITIVE (3). :
U O @ | # Task: News classification ..
1) A5 : —>
ol B RR - A ..For negative, look for harsh language :O\ Global Knowledge: When the
U’_> SATAN and criticism; for neutral, find balanced — ¥ scenario is about ...
U A KA opinions; for positive, ...
TR rre ] AL Text: <Example 1>
v Insight: ..."snappy", "volatile"

and "richly rewarded" indicate a

" To determine the sentiment of a given text, ... lively and enjoyable
| 'the balanced mix of positive adjectives like X —» experience...
— i "snappy" and "richly rewarded" without a @

Text: <Example 2>

Insight: ..."May puzzle his most

| | ardent fans" suggests a
i ,.."snappy", "volatile" and "richly rewarded" o 33

i dominant positive tone.
A B E @ To determine the sentiment of a given text @ i
l » 1 I

N : : . — — — — —— = | !challenge or confusion...
! indicate a lively and enjoyable experience, ! |
BA _leading to a positive sentiment. || Text: <Test>
: Answer:
|

To determine the sentiment of a given
— @ —» text,..The phrase "May puzzle hismost |
oo (2 ardent fans" suggests a challenge or
confusion... Step 2. 411

¥ 4-1 Dual-Know [ & HHELE
Fig. 4-1 The Framework of Dual-Know

42.1 HEFBEWNEZBIRER

A RSN E T 2R L, AR TR E G Gl XHE CERR A
T A RRE AR AT 2RSS, R4S R ES RE A g S AR . — T, TR INEEAHE
Fevzs TR HR AR 22 I BB E AR S ok B — 2k, A BT B AR SRR A s iR
N EEE | KRt LA RS S5 — T, AR R4 R R ] A SRR TR AR e S
BB IE 2+, MR LLMs PR 68 17

(1) ¥ LB B

BURTIS 5 Sl S BB E TSRO D o R x, e
SEE LR R € RY, SO d WAL, BT A A
H— (Y, 6 K — means BrEAFCRIA N kA

C=(C), —agmin Y [ — @)
(Y j=1hec;

Hrr, py e RYFTRE j AT, |- || HRKIKEE SR . @01 H R 2L,
W SOHE REAR R4 2 R C;, T g M ZRAE % e v SR A,

@) 2T

XFENE C, RSO u; BRI m MRS EE T8£S, =
FOR L DA S S % TSR AT O L H

Sj=arg _min Y [l -3 (4-2)

SCC), |S|=m =%
Hodr |- 113 FoRBRIREEES, by A x; i X FoRm & . RELTES, FH
FOKZ LLMs A il g4 R gniH .
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B 3 BT RRM AR RE
1 HA: TOAREERSE D = {x )L, , B RIEAE, Bk, RETER D m,
FERBIR Perusier
Hith: 2RHRES Koa = {kglobal}
MEFEA x; TR S & by = E(x))
s LA [E) H = {h}Y,
XFH AT K-means ¥, FEIRER C={C;}_, Xl w; o i RS ER
R
for j=1tokdo
M C; ik 5wy SeBEIE ) m DA AR T 4E S
s prompt; = P augier (S))
kgtova = LLM(prompt;) > 4 RV I
10: Koiobal < Kgioba U {kglobal}
11: end for

12: return Kyjopa > & [l SERERY 4 SR MR A

e »® 2D

XTGP, b REARTES,, BEFEAR Pouwer (LEG6-3) R
HII2 7, BR3h LLMs % A5 B A B 4oin:

)

global — LLM (chluster<Sj)) 4-3)

R WA

422 BETFEEEHBIRENRLERR

HHET SEMs [ i A2 BURERAIR, 255 52 8 H A Bmir g sgm, w]
RE-FEAE LLMs 2B Jlai A 2 s i R BRI, BRI 52 J5 SEE R CR . AR —
W, AT —FhE T 2R RN AE . %A | AR IS
HmEREHLG | 5 LLMs il 4 55 A TR ) R 3R sk .

(1) i3t ft - 26 A

95 58 Toh B HRSE D = {x L, fE kg, E /N % AR R S8 SEM 1Y)
BRI, AERCE PGSR . SEM W iR midh P(ylx), XTAEERA
x; € D, HAFHMEII IR FR R

Y/ =sort_desc (P(y|x;)), yeY 4-4)

Horr, k FORTMZEHIEL, sort_desc(-) FnLZEBIMRR M m EIMEHEFHOBAE, ¥ o
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bRt Y = 01", %“)%ﬁfﬁﬁf%?ﬁﬂ%ﬁM?ﬂ ERREE A
SRR RS ARE, WE pOy" x) > pOi” x) 24 ALY m < n.
PEICTIZAG I R B e S, AR EL T I L% A R AL . %
HLAHE S SEMs 1) T AR 254 7 b XA F A, R) s AU 97 A HE 9% 3R rh a8
RN LA SIS
w2 EERIR X, 12 Y] AR A x, é’ﬁ/ M3, %mfﬁa&%ﬁi SUA R FF = L2
Prae = (O YWy st Ha i v S ) Mtk A iR AR
¥ (M 46-3) BRah LLMs #4740 32 R4 .

TESE A W G XA @ SE UG, N T RIS 2 AT A, 75 A S A O % v B A
Y REIE S w4 . % AR AT DA S SR T T T 1Y) 78 Y

A LAET L3 SEMs fil LLMs 7E 55 A F S LT, SEMs A1 LLMs £
BRI A (BEAEAS) 3RIUNEE, TEA5 A i B A B e A4S (R
) BRI, B, AR EE R BUE K SRR AS . X T ROREA, ik
fi - B ELA b5k s 0P TR, g (i feoF ok H 47 RS [R]85 R B 45
3 (kA mEr A, 4 Acc@t &7 SEMs 44 top —t TRMEFAF , BHEEY K FH&
o> 1145 Acc@2 > aAcc@1 aF, i@ i F 3% 585 4R 1F £ 3 B AR 4Tt

pr= {60 (4-5)

0<m<n<t—1

=2 (3) =r-1) (4-6)

W18 op — 2 WM, GRVERPECRT N [P =2, AR S L
{011, 05 )

(2) I 2

ERER AT PO A5 FERERE (3" S B v ) — AN
W Ko A AR SR BT RS0 K. (ED B, KR M
LLMs [yBEIR A, S2RFHEETT 2 00 0 5 2 AT

FLARSEI , AR BRI, B A LLMs J5 A2 Ok
IAOU RN

Kin) = LLM (Purgae 01" 51" ) (47

Hrp, Wagee AFRO-3TE SHCHHR ANEAMN, K WIF A THEAS x; 1Ak

K; = {k(m,n> VO™ ) € Pim} e
(3) Z i3k
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ST RIAIIIE A K HEAT AR

4y T Y LLMs BES 1) 5 L LM v 4.2 LAV At
FPRYSR 13805 3 BRI 4 R R ko B TS K= (KL, k0
P AN, BT B TS LS, R A P, (%
EEAR BTN . FIE LLM ST HOR BB g i SO S 224
HEFRAE ), LT HL A W IR RIEREE , 60t 45 EL I TR 0 0
A IR K

EX 4 AL JREAR). 2 A x; B IZR 50 iR B4 K, B3f4ein @ SUAi#H R R
K & B M) A9 4% e So iR

) IMm (wjudge(x,-,K,- KY) )) (4-9)

local » Velobal
Hdb | Wi HRG6-3F S IBFEIT AR

BRI W4
42.3 £F-BABRINHLE FIRHEIE

TEPRBT B, 20 RS X, 3 SORLRE R PR SE RS REHE R . L it
SRy AR PR UEFS AR A A — B LY, R R =) B R0 SR A LA S0 A AR R A
fik, TR AME R R

(1) &R AR R

BT A R AR SCUCEC o Gl S AR ERHREAS x; U N T S
hie SRIGVVSE b SITAREITCL { o) BARTZAHMIE , B E Sl 4pis:

" k hi W;
j* = argmax
=t Al llll

B R 2 A UL A P 4 R R A A B A R R K)o KT B A 5 1 SR
U0, TR (AT L R 4

) R %

S BIREE, ABFICHES R RTAIR . x5 AR RS D
e AT RE AR SR -

(4-10)

W _  hih
Ll )

hi R hy 53 0 B AR S o e UL B 1) kN REAR AR AR A £ -

sim

Vx; € D. 4-11)

N; = {Xl €D)| rankl(simgi)) < k} (4-12)
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i 4 T 2 Bk B AR AR AR

1 HA: TOAREEAREE D = {x )Y, €FMEA SEM, Kl FE /A LLM, E{5EE

H
: #ﬁiﬂj: }%%B%H‘LH%Q Kioca = {kl((l;)cal}ﬁvzl
. for B EAR x; € D do

W N

4:

s MR ERR R P = (0 )

6 if P(»”|x;) < T then

7 sy R P = {0 "), 0,
8: else

9: f)l_ext — {f)ibase}

10: end if

1 WA AIRAE K < 0

12 for AMEEAMLEX (" ,3") € P do
13 IR Pargae 0" 1")

14: A JSAE A Ky = LLM (Wargue)

15: K; < K; U{kinn }

16: end for

170 KRR A, R x a0 es
18 FRERFT Wi (v Kook

10 ARIUR IR ki = LLM (Wjuge)
20: Kiocal ¢ Kioeat U{k{L}

21: end for

22: return K,

PR R P(ylx,), 458 5 e ) v = (0

(1)

k—1
7yi ( :

yoes Y

)

> A NEREAS IR 1

yz(m) ) }0§m<n<t

BLIUAT R REARH A A5 Ky = (KL
SEBRREAR IR AR B
(3) XKL BEHEREHL )

}x[EN

o Hoep, KD Ak R, R

K42 a5 R R 1 25 AU -4 &, B LLMs WEAT25 AR

K

i = LLM (e (i, kit

R RE AR ANS B
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Sk 5 2R Rl e RO BE N T HERE
A BORE D =[x, BERLIES ()
2 Kl HERREEIRAES (9
3. for B PMFEAS x; € D do

VS B < E ()

»

hl
A argmax Tl T
6: global — éﬁﬂlﬂﬁ?(J*) > @?5%‘5 ]* *ﬁﬂ\éﬂ@é}%ﬂﬁ:{
7. for B MFEA x; € D do
8: sim'? il
’ l (172 |- 172 |
9: end for

10: N; + ranki(szm, )<k
T R L) Sy > SRR R AR SR
20 9 LM (P kb Kioea) ) & M2 S RIS LLMs HE
P R A

¥ 9 FEAESFERIZE RS (9Y,
14: end for

15: return {9}V > 3 5] A AEAS ) HERR S SR

13:

(O8]

43 G545

ARFEWFES T Dual-Know FEA[RIG R T HYRIG L, FF7ERFEIZEA T =

AR A 4
(1) SBA TR AR L, Dual-Know FERE ARV TS I HA 4
(U

(2) Dual-Know FEAN [FFCE T 1) & Q] 7
(3) Dual-Know HE 42 145 T BEASHR 1) 4/ F 5 5 kAR B2 T 2

43.1 EWigE

(D) Fdlde . WM S

TERARSEE BT, % )E )] PubmedQA FEAHMN AR, ST IELL S35 i =
A FMEEREE: TREC, PubmedQA Fl SST-5.

WALHETRKIE R A ACC 5 F1-Score WiFii 43 24845, 43 AT B2 iy B {4
T R 7 55 24 S ] ) 3 A

TERBY I E I, SEMs #43, TREC. PubmedQA FI SST-5 iR JH WL 5
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S3TAORRE—3 . LLMs #43, BT 535 % Qwen FEHERIAT 55 i BE R M REFE AR 1K
T GLM-4 il LLaMA-3 , [K 1 A< 55 523545 R 0 PR RE TE LI Qwen2.5-7B-Instruct!
PATE— D4R G0 HAERRASUR
(2) X 4k
AW E AT DRI LV, 4 = /n g 1G58 5 v DA —Fh BT
WIHEASEGSRIPE 7, PARGEITAL Dual-Know A 201 -
* Few-shot: %}y {E5T SEMs 2E W SIFRAS , #1304 20 R, Al sy
WES IRz e, HF Ay B oeE ) e, M RORGIR, 5l
T LLMs 5¢ BUHEHAT55
* Few-shot+Conf: 7£ Few-shot [{JJEhli I, % E A5 BEALHI AR EE 35 h A A
I EREEEAE R . O EEOR LLMSs ZESE THES, R ByEAL T 2
WEAERERE, MM — SR THERMERE .
¢ Few-shot+CoT: 7t Few-shot HEZLELAl [ 5] A 44 BEALA] , 25055 LLMs
BT B S . ELABOR A A S e A R, AR R R4
PR, P RAESE, DARRTHERAY AT fRebE
* Panda: %7 VA5 T SEMs A AT bRy E G 82 A AR, 38 K/ M AL ]
PUHI SIS FN R E . SEMs 37 A4 iU A2, LLMs D8 i 4070
BEAT WLARA L, SR EE TR 2R B AH & DL AR HEA T I A
(3) gtz i
SRR SE IR 5 SR ) ] S B ST FE R AT ASBIFAE SR AN o SR -
o [EEREHLANT, & LLMs PREZERECH 0, koA B AR i iy BI04
BT
o A TGRS R R NS, BE T paraphrase-MiniLM-L6-v2? A: J 3074
), SR R IEARRUE BT AR RUAR B EUR Bl R, DMRIER A S
— 85 AT
o P TR SORBIECER SR RBIESEN 2, RIEA LSRR, BEAE
PR IR IE R, ST A R Y LLMs AbBEEE T T30 R i
3.

4.3.2 FFLLSCIO R 4T

TEFABCE T, Dual-Know fEFTAAE55 Fas SR BL L (0 57 0 AR HE R fE . B
PRE R I R4-1,

"https://huggingface.co/Quwen/Qwen2.5-7B-Instruct

Ihttps://huggingface.co/sentence-transformers/paraphrase-MinilLM-L6-v2
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41 AR LLMs fEA R 78 5 Ada S v e LB

Table 4-1 Cross-Dataset Performance Comparison of Large Language Models under Different

Methods
" N Trec SST-5 Prosocial Dialog
i) DAR7A
ACC FI1-Score ACC FI-Score ACC Fl-Score
SEM None 0.9660 09395 0.5344 0.5262 0.5130 0.4591

Few-shot 0.8120 0.8298 0.5566 0.5269 0.4060  0.3736

Few-shot+Conf 0.8080 0.8231 0.5484 0.5303 0.4193  0.3859

GLM-4-9B-Chat Few-shot+CoT 0.7780 0.8097 0.5204 0.4756 0.3853  0.3655
Panda 0.8560 0.8635 0.5367 0.5110 0.4060  0.3897

Dual-Know  0.8720  0.8834 0.5738 0.5460 0.4293  0.3902

Few-shot 0.5460 0.5248 0.4371 04185 0.3773 0.3288

Few-shot+Conf 0.5620 0.5180 0.4606 0.4333 0.3720 0.2819

Qwen2.5-7B-Instruct Few-shot+CoT 0.5400 0.5693 0.4529 04146 0.3600 0.3467
Panda 0.8020 0.8115 0.5145 0.4907 0.4247 0.4012

Dual-Know  0.8340 0.8542 0.5421 0.5120 0.4387 0.4013

Few-shot 0.6540 0.6647 0.3928 0.3865 0.3407 0.3201

Few-shot+Conf 0.6320 0.6284 0.4213 0.4145 0.3380 0.3184

Meta-LLaMA-3-8B-Instruct Few-shot+CoT 0.6800 0.6609 0.4593 0.4515 0.3040 0.3016
Panda 0.7240 0.7288 0.4647 0.4585 0.3607  0.3390

Dual-Know  0.7520 0.7345 0.4919 0.4940 0.3767 0.3501

TEVA R E R sc, BA PR Ig5R kmiG BE 4k . DA TREC %%
A MBI, GLM-4 Fl LLaMA-3 55| N EAG BE B eUB 48t 5, BAlRIUA
FEECB, UL Al SEMs FRA8 e EE A HEBESE 9IS | 3 T By, MEDARR e $E Tt
PHROR o WA LA, Panda 22145 & SEMs i rss S 2 s, 5IA
HPERFIIR DAMEHE LLMs 324k, ABAEAN [T 45 AL AL G B S AT FEAE BB I )

5_EiRJrEM G, Dual-Know AIFE =8 LLMs _FIAT 5 e e Gi5eh R
Flhn, 7£ GLM-4 I, Dual-Know 7£ Trec /£45 1 Hf5 T 0.8720 [#] ACC, B =T
Panda (0.8560) 5 Few-shot V% (0.8120) ; ¥ Prosocial Dialog {145 I, H ACC
5% 04293, #H4% T Panda 5 Few-shot ¥4 2y 2.3 N 73 mB4&E T A E
H A Qwen2.5 5 LLaMA-3 |, XM Dual-Know JIr 4 H i) ¥ Al HEBRAIL i H A
PR E 1) LLMs ZER sl 2 B0, oA R arrd Pk S Ia R e )

Dual-Know 2 It PARETE 2 BB FIT 55 P e SE U0 S 3R 0, G HAE T X
HARAE R S BN REERTT. WIS 2 Ak, 5l APkl
Dual-Know (252 T HITR A HERAPE 5 SRl A Bt o Xl s B 28 5 1 AL JE SR s ol
HAETH AT 55 75 S B sl 8 XS 22 S, (IR BEAS PR IR A T =) U1 2 P A 3L
e
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42 AT SEMs 1Y% J77A1E TREC B4 FHYTERELLEL
Table 4-2 Performance Comparison of Various Methods Using Different SEMs under TREC Dataset

FEA I ACC  Fl1-Score ‘ p | FE ACC F1-Score
Ernie None 0.9640 0.9384 ‘ Bi-LSTM None 0.8500 0.8594
Few-shot 0.8140 0.8406 Few-shot 0.7660  0.8004
Few-shot+Conf 0.8180 0.8315 Few-shot+Conf 0.7720  0.7969
GLM-4-9B-Chat Few-shot+CoT 0.7980 0.8314 | GLM-4-9B-Chat Few-shot+CoT 0.7620  0.8065
Panda 0.8580 0.8642 Panda 0.8120 0.8234
Dual-Know 0.8600 0.8710 Dual-Know 0.8360 0.8427

433 BBMXEESH

(1) SEMs 1E#¢

ShEIE CCDC Jryife 2 Fp SEM FLE &b, #9 N[ SEMs (177 k. hg
s, AT IH(E ] Ernie-2.0-Base-En DA} E:F GloVe [ & [ Bi-LSTM FiZ A
B Al SEM, DARFEA I B RER L2 7

FA-2)% R THE TREC H#fadE b, 4 SEM [LE N AR LM PERE L. 45
%M, Dual-Know 52 SEMs ZRAVIR 20 , IR AORFrER I, UE] T A kg
W I T

(2) KR P

F ¥4l Dual-Know FEAN R R A TSN, AR5 T HAER RSN
100% &4 45/ N5 15% W PEREAE L, BB S 3E = AN B4 ik 3R 4
W, MREGRILE 4-2.

1) Dual-Know figfl B 4FI& LA Al A R AR . MEEAR AT, Dual-Know 1
WERPR I IR AN TSR E k2 b, RIS AR . DA 15% K& B
“}9, Dual-Know 7£ =Mdia s b HERH 22580 s B4y et 2 M E 40 A, i
RIS AEAR IR A R 251 T, Dual-Know ARFLHALA A4S 2R SEBE 5 AR B kAL
WAHIR PR TR S TERE, 7o (AR B R A v 5 RIS

2) Dual-Know 7EAN [l kG AU A PERE I Sl SR/ Red-3 R T &8R4
AR R R PEREG T, BIE FIESR. HERR Ty 25 A S i RZE(E SO .
Horb, P HERR AR S TR R PE R KT, TR SR 25 A R ZE L 43 Sl g
N TR R AT T &I E BB 0. SETn e vl PAE i, Dual-Know
TE Trec 11 SST-5 Z e v 73 HIHUE T 0.0132 A1 0.0003 /Ny 2=, iXUiH] Dual-
Know FETAIXI A 15% %] 100% iX— )iz yu Bl R R B AZ AT, BES PRI fa
H—3uteremh . R, sRZEEIRREERE, NeRFER/NE RO &R
REMT, Dual-Know BYVERES SN AL TRARAKF-, HERIIL T HAW L ITE, )
Wi Dual-Know BA RS SN
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43 RRHBSEE P RYSTITRAE

Table 4-3 Statistical Characteristics under Retrieval Ratio Experiments

AGTE S Tk FRIMERR T MR E L RORZEE ]
Few-Shot 0.7989 0.0149 0.0420
Few-Shot+Conf 0.7946 0.0158 0.0440
Trec Few-Shot+CoT 0.7800 0.0156 0.0540
Panda 0.8423 0.0145 0.0480
Dual-Know 0.8597 0.0132 0.0420
Few-Shot 0.5465 0.0066 0.0194
Few-Shot+Conf 0.5434 0.0076 0.0227
SST-5 Few-Shot+CoT 0.5060 0.0069 0.0231
Panda 0.5458 0.0067 0.0226
Dual-Know 0.5729 0.0033 0.0104
Few-Shot 0.4037 0.0053 0.0147
Few-Shot+Conf 0.0110 0.4061 0.0326
Prosocial Dialog Few-Shot+CoT 0.4040 0.0122 0.0340
Panda 0.3839 0.0107 0.0373
Dual-Know 0.4204 0.0057 0.0193

Dual-Know Z I H 9 1& FCPE AR B sh E 3 2008 T AR A5 B o6, 4
Jar AR A T SRS T AR A LR AR, XM R E AR R AR i T —
PSR R ML — P PR, (645 LLMs 7E(5 SRR i B s L A A, AR BE
SR A E BTE SR R . HAR, 0 2 B R B MR DAL i3 R IR 2R
e, (AT LLMs RERSTEANFIRE ZABET , AR EL AT SO S BRI R 375 1 R ke
W X BAOGEE TR RE SRR MR, SRR AR B R EIR Z R
T, JREBHR AR ] A — BT R R

Trec Procial Dialog

A

—e— Few-Shot
Few-Shot+Conf

—&— Few-Shot+CoT

—¥— Panda

—=— Dual-Know

—e— Few-Shot
Few-Shot+Conf

—4*— Few-Shot+CoT

~—¥— Panda

—s— Dual-Know

60% 75% 90% 100%

=4t

15% 30% 45%

15% 30% 45% 75% 90% 100%

oo
EE 5

60% 75% 90% 100%

EEfi

15% 30% 45%

Kl 4-2 GLM-4 fEA R4 b 22 LB A
Fig. 4-2 Sensitivity Analysis of GLM-4 to Retrieval Pool Ratios Across Datasets

(3) MR A=

ARSI 5 TR R AR BRSO . SRR L 43, 1
SRS L, Dual-Know SR T R MEREIL Y, EBL 0 T B8 vy
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TREC SST-5 Prosocial Dialog

4 6
wRYE

Kl 4-3  GLM-4 JEA A B Rk = Eor 2 i
Fig. 4-3 Impact Analysis of Retrieval Example Quantities on GLM-4 Across Datasets

SETESEZALRE

W A BIRCR RGN, 1258757k ) Panda FEPERE L2 B — @RI E] . iX
i 2l 32 T LLMs b A% 7o A (b i U, JUHAE R BIBE R 20T, I
ARECA—EURE BT REXS LLMs 34T, JCHARBAE SST-5 . MHHZ T,
Dual-Know TE75 B8 A W a2 P R R SR THER R, BRI IR A
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Table 5-1 Comparative Analysis of Success Rates Across Automated Report Generation
Methodologies

Spark  Kimi avg Spark  Kimi avg Spark Kimi avg Spark  Kimi avg

AutoRG 61.59 61.59 61.59 50.72 60.14 5543 6449 6449 6449 60.14 63.77 61.96

wio T H 4% 5854 5691 57.72 3984 5854 49.19 5772 6341 60.57 56.10 5935 57.72
wio THIHMHME 6098 5447 5772 47.15 5285 5000 6423 5854 6138 5772 5772 57.72
wio HE(FHEMBIE 6098 60.16 6057 49.59 60.16 5488 59.35 65.04 6220 5528 62.60 58.94
wlo WA ZIEM  53.03 60.61 5682 4394 60.61 5227 5379 62.12 5795 4924 62.12 55.68
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Fig. 5-3 Comparison of boxplots in different dimensions
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Table 5-2 Performance Variation Analysis in Ablation Studies

etk 8tk otk R

AutoRG - - -

wlo T H%% 1387 1624  [3.92 1424
wio TEMME 1387 [543  [3.11 14.24
wlo HEELBIE  11.02 1055 229 13.02
wlo WAB LM 1477 1316 16.54 16.28
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Table 5-3 Comparative Evaluation of Report Generation Methodologies Using Objective Metrics
TTR  fit{5 N self-BLEU  §ii {4 [7] selft-BLEU 497k 4%

PRI 0.4805 0.0216 0.0889 47793
AutoRG  0.6066 0.0229 0.0830 4.7889
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Table 6-1 Prompt template of the Generation Based on Error-driven Principles Module

# Instruction

Provide a robust insight from mistakes to enhance understanding of categories in
Ethical Classification.

Input: {question} Generated Category: {generated_answer} Correct Category:

{correct_answer}

# Note
HIHEJEI] | We are not focused on this one data point, but rather on the general and typical
HE I Worigin | principle. Inputs are variable, but insight is robust.

# Output Format

Insights: <provide one robust principle from mistakes .>

# Example
Insights: <POSSIBLY_NEEDS_*> suggests a level of uncertainty, whereas
<NEEDS_*> appropriately conveys the necessity for careful consideration. Fo-

cus on the severity and immediacy of the issue.

# Instruction

Supplement or optimize the old insights from mistakes to enhance the understand-
ing of the emotion classification.

Task Input: {question} Generated Category: {generated_answer} Correct Cat-

egory: {correct_answer}

# Note
We are not focused on this one data point, but rather on the general and typical
JE DA principle. Context and question are variable, but insight is robust. Pay attention

Wopdate to the simplification of the content.

# Output Format

Insights: <provide one robust principle from mistakes .>

# Old Insight
Insights: {insight}

66



BRSNS T R A9 Ffisk A

%62 RITIRMERL S AR
Table 6-2 Reasoning Prompt Templates for each Method

# Task: Emotion classification and determine the emotion of the last sentence.
You can use an expert model to aid your judgment, and output the correct emotion
for the last sentence. The expert’s confidence represents its certainty in providing
the answer.

{DIAG}

Note: Choose from the following emotions: <VERY_NEGATIVE>, <NEGA-
TIVE>, <NEUTRAL>, <POSITIVE>, <VERY_POSITIVE> and only output the

CCDC ]
N emotion.
3
# Example
{CONTEXT}
# Test
{TEST}

# Task: Emotion classification and determine the emotion of the last sentence.

You can use an expert model to aid your judgment, and output the correct emotion

for the last sentence. The expert’s confidence represents its certainty in providing

the answer.

Note: Choose from the following emotions: <VERY_NEGATIVE>, <NEGA-

SuperICL TIVE>, <NEUTRAL>, <POSITIVE>, <VERY_POSITIVE> and only output the
L emotion.

# Example
{CONTEXT}

# Test
{TEST}

Use the prediction from the expert model as a reference to aid your judgment.
{CONTEXT}

Data:
SuperContext | {TEST}

fER
Please provide your analysis using the format below and then give your final pre-
diction: 1. Influence Degree: On a scale of 0 to 1 (in increments of 0.1), how
much did the expert’s prediction influence your judgment? 2. Critical Features:
Identify the specific word or phrase in the test case that played a pivotal role
in your prediction of emotion classification. 3. Final Prediction: Choose from
the following emotions: <VERY_NEGATIVE>, <NEGATIVE>, <NEUTRAL>,
<POSITIVE>, <VERY_POSITIVE>.

67



BRSNS T R A9 Ffisk A

£62 (8FK)

ICL
fHEH

# Task: Emotion classification and determine the emotion of the last sentence.
Note: Choose from the following emotions: <VERY_NEGATIVE>, <NEGA-
TIVE>, <NEUTRAL>, <POSITIVE>, <VERY_POSITIVE> and only output the

emotion.

# Example
{CONTEXT}

# Test
{TEST}
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Table 6-3 Prompt Templates for Generating Coarse and Fine-grained Knowledge

There is an expert who can determine the sentiment of given text and return an
integer based on { { VERY_NEGATIVE: 0, NEGATIVE: 1, NEUTRAL.: 2, POS-
ITIVE: 3, VERY_POSITIVE: 4}}.

4 Jay iR Generate a knowledge within 64 words to tell me how to classifiy the sentiment
B Wouser | accurately based on the following predictions:
{TRAIN}

Start with “When the scenario is about ... , to determine the sentiment of a given

text,”.

There is an expert who can determine the sentiment of given text and return an
integer based on { { VERY_NEGATIVE: 0, NEGATIVE: 1, NEUTRAL.: 2, POS-
ITIVE: 3, VERY_POSITIVE: 4} }. Here is the expert ’s prediction:

Text: {txt}

IR A5
Answer (0 or 1 or 2 or 3 or 4): {first}({fid})

EEE/Q lIJargue

Please generate a **brief short** knowledge within 64 words to support why the
expert prefers {first}({fid}) rather than {second}({sid}). Start with “To determine
the sentiment of a given text, we should pay attention to ...”.

Text: {txt}

Analyze which of the following insight is more accurate.
(Insight_a): {ia}

Z ki
P Wingee | (Insight_b): {ib}

Don’t be influenced by the length of insight. Don’t be fooled by false insight.

If (Insight_a) is more accurate, answer ‘(Insight_a)’. If (Insight_b) is more accu-

rate, answer ‘(Insight_b)’.
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Table 6-4 Reasoning Prompt Templates for each Method

Output the sentiment of the given text. Choose your answer from provided list
and map your answer with following {{ VERY_NEGATIVE: 0, NEGATIVE: 1,
NEUTRAL: 2, POSITIVE: 3, VERY_POSITIVE: 4}} and return an integer as a

result. There are some information that may be helpful:

Dual-Know
i {GLOBAL}
{INSIGHTS}
{TEST}
Output the sentiment of the given text. Choose your answer from provided list
and map your answer with following {{ VERY_NEGATIVE: 0, NEGATIVE: 1,
NEUTRAL: 2, POSITIVE: 3, VERY_POSITIVE: 4}} and return an integer as a
Panda result. There are some information that may be helpful:
JER
{INSIGHTS}
{TEST}
Output the sentiment of the given text. Choose your answer from provided list
and map your answer with following {{VERY_NEGATIVE: 0, NEGATIVE: 1,
ICL 5 NEUTRAL: 2, POSITIVE: 3, VERY_POSITIVE: 4}} and return an integer as a
- result. There are some information that may be helpful:
ICL+Conf
EH
# {TRAIN}
{TEST}

Output the sentiment of the given text. Choose your answer from provided list
and map your answer with following {{ VERY_NEGATIVE: 0, NEGATIVE: 1,
NEUTRAL: 2, POSITIVE: 3, VERY_POSITIVE: 4}} and return an integer as a

result. There are some information that may be helpful:

ICL+CoT | {TRAIN}
PR
(TEST}

Think about it step by step:
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Table 6-5 Prompt of the Outline Planning and Evaluation Module
WA A “{domain} LM EARDTHE ", X FHARY “{outline}” Hibk,
e s | I = Ve 1 5 1 I o B S Vi
SORRYRL : Lol 2. 402 <L xx i
# ARAAL S5 2 A i — 40 “{domain} LM FEAR ML 1 {task_name}
.

# SEROZIEHN I RE BT i -
{task_need_data}

# A DA e i -
{model_info}
AT
Wi | # g

L AR e A it i, R T DABRAG 58 MUZ B e B n B ?
({task_need_data})

2. QUARRTT DA, B R B UMY AR AGE B RER R AT RA . (1
w, A5 BGEHEACEREU KAA(GE)

3. QRATRA, ARPBOZANERE A A SRR ALY TR, e BB

AR, GBI IUAS, SEE N (B, (5 RS DATRERE F
HofEE)
# 3R ] (A% A WA -

- CRTRA AR xx 5
- PA R LT oo ST xoodn2. T oo JEAT X0
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Table 6-6 Prompts for the Tool Invocation and Content Correction Module
#HH TS5
THRFIW . FIWAT @ SAAERF G AR TR REA, MBI T
RSERC; ARAT, WM R AE R TR, T e aiioK.

HHE K
{domain} FEA H-{title} AL E AR : {tool_List}, 1l H A RT E5E AL
)72 {tool_key} k.

#HH T H

{tools_info}

THAFM | # EDR

1 et TR B S 52 {tool_key } T 2R i) 4l el /p 7 2 H 4idle
A PARAUHIASE R, (AR TE K

2. AR IR TS B IR S AR B A, AR UL T AR SR A
ARG TR

3. eI 5 AT BRI AT, AN A R Bt ) 5

4. 3RS THA A ER, HERRE RS . 2 — 8

S HLCE
1 FRAH.

2 THAHT. WIS T ARG AR Wl BRI XIpg?
35 BT, RIS TR BE LT, R
oty

#1E%

R R — BRI 5 BSCA, WA SORR LA A, AU DL
KSR T BRI R

#155

~

{domain}{tool_key}

#lERE:
{text}

# BER

L REAINAFT {domain}{tool_key} M1K; 2. ARICHIERIEATESS, ##
AINARTRERE . 418G 3. WAERFTRERY . AZCALM /s
4 ANBRL AW AN, AN A RER IS SE AT A OB s 5. HA%
[n] - B ST
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Table 6-7 Prompts for the Report Generation and Optimization Module
#HH TS5
FFF A VR— XS {domain} {tool_key} A BIHI(F R, ENTATREHEK,
AR O P B2 H RS {domain} A1l BRIl - “{tool_key}” HEBRIIA

e

7

e Rt
{text}

4 R

LB SRR B 2. 5B EAEA (tool key), XTECE(S
BARILEER : 3. Bug, TR, 12 (ol_key) JEFHHARZ T
AU 4. DL (0ol key)” F3k, PLHEH AR ENAT

DL TR Bt {domain] GUS BRI AT (subdide) M P 7E, T R
(subtitle}, FHDFHBEPIZE, RN 65 23 £ R LI L.

ik Hit N
“{agent_1}”

BORGRIIREE: L I 1 2. B 25 3 B3
user: WA GHR

assistant: {draft}

user: {advice}
MR LRI T, PRI T MRS BTN A, AR DARTE H
CHYBEARR WU A T (o, (EERTEE . BEiR.

it

assistant:
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