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Abstract

In recent years, large language models (LLMs) have demonstrated remarkable
performance across a wide range of natural language processing tasks, including
natural language understanding and generation. In general, the application of
LLMs follows a two-stage procedure consisting of pre-training on large-scale cor-
pora and subsequent fine-tuning to adapt the model to specific downstream tasks.
Along with this progress, parameter-efficient fine-tuning methods have been pro-
posed, enabling the adaptation of LLMs to downstream tasks even in environments
with limited computational resources, thereby further facilitating the practical
use of LLMs. Nevertheless, a fundamental challenge remains, as fine-tuning typ-
ically requires a large amount of labeled data. In supervised fine-tuning, each
downstream task demands a labeled dataset of sufficient quantity and quality,
the construction of which incurs substantial human and time costs. This issue is
particularly pronounced in highly specialized domains such as medicine, law, and
finance, where large-scale public datasets are sparse and annotation often requires
expert involvement, making data collection itself a major bottleneck.

Against this backdrop, self-generated data-based approaches, in which LLMs
generate training data for their own learning, have recently attracted increas-
ing attention. Previous studies, including Self-Instruct, have shown that using
pseudo-labeled data generated by the model itself can improve the performance of
a downstream task without relying on human annotation. However, much of the
existing work has primarily focused on the design of data generation processes,
while comparatively little attention has been paid to how individual generated
samples should be evaluated and selected after generation, or how different se-
lection strategies influence the performance of downstream tasks. In particular,
systematic investigations comparing the effects of data quality assessment and fil-
tering methods for self-generated data across multiple downstream tasks remain
limited.

The goal of this study is to clarify under what conditions fine-tuning with self-
generated labeled data produced by LLMs is effective, as well as to identify its
inherent limitations. In particular, we focus on the quality assessment and selec-
tion of generated samples after data generation, and systematically analyze how
different filtering strategies, such as generation probability filtering and LLM-as-
a-judge filtering, affect both the quality of training data and the downstream task
performance of LLMs.

The proposed method consists of three stages: (1) generation of labeled sam-
ples, (2) filtering of self-generated samples, and (3) fine-tuning using the filtered
samples. First, the LLM is prompted with a natural language description of the
target downstream task, and generates pseudo-labeled samples that satisfy the the



task-specific requirement of a pair of an input and output. To ensure the diversity
of generated samples, different keywords are provided in the prompts, instructing
the model to generate samples related to each keyword.

Next, confidence-based filtering strategies are applied to remove samples con-
taining incorrect labels, semantic inconsistencies, or redundant information. De-
pending on characteristics of the task, three types of filtering methods are em-
ployed: (1) similarity filtering, which evaluates the semantic correspondence be-
tween two texts within a sample, (2) generation probability filtering, which relies
on the output’s generation probability predicted by the LLM, and (3) LLM-as-
a-judge filtering, in which the LLM itself assesses the validity of each sample
with respect to the task definition. These methods evaluate sample quality from
complementary perspectives, including semantic consistency, textual fluency, and
relevance to the task.

Finally, the filtered self-generated data are used to fine-tune the LLM using
LoRA. By adopting this parameter-efficient fine-tuning approach, our method en-
ables effective adaptation to downstream tasks under limited computational re-
sources. The proposed framework is applicable to a wide range of downstream
tasks, including both classification and generation tasks.

To evaluate the effectiveness of the proposed method, experiments on multi-
ple downstream tasks, including both classification and generation tasks, were
conducted. Specifically, three classification tasks were considered, namely Recog-
nizing Textual Entailment, Sentiment Analysis, and Natural Language Inference
in a legal-domain. In addition, a text generation from structured data, called End-
to-End Natural Language Generation (E2E NLG), was considered as a generation
task. A zero-shot inference with a pre-trained LLM was used as the baseline, and
compared with inference using LLMs fine-tuned on self-generated labeled data,
i.e., our proposed methods. For the latter, we evaluated fine-tuning without filter-
ing and fine-tuning with three filtering strategies: similarity filtering, generation
probability filtering, and LLM-as-a-judge filtering. Across all tasks, the same
LLM (Llama-3) was used consistently for sample generation, quality evaluation,
and fine-tuning.

Experimental results showed that fine-tuning with self-generated data consis-
tently improved the performance over the baseline across all tasks. Moreover,
in many cases, applying filtering to self-generated samples further enhanced the
performance of the downstream tasks. For example, in the Sentiment Analysis
task, the accuracy of the pre-trained model was 0.54. The accuracy was increased
to 0.82 by fine-tuning the LLM using the self-generated labeled dataset without
filtering, and further improved to 0.91 when LLM-as-a-judge filtering was applied.
For the generation task, the proposed method achieved an improvement of 0.036



in BERTScore F1 over the baseline.

A comparison of filtering strategies revealed that LLM-as-a-judge filtering was
the most effective for tasks with relatively explicit input-output correspondences,
such as Sentiment Analysis and E2E NLG. In contrast, for tasks requiring sentence-
level reasoning or domain-specific knowledge, including Recognizing Textual En-
tailment and legal-domain NLI, similarity-based filtering yielded better perfor-
mance, while the effectiveness of LLM-as-a-judge filtering and generation probabil-
ity filtering was limited. These results indicated that the quality of self-generated
data has a substantial impact on the performance of downstream tasks, and that
the optimal filtering strategy is highly dependent on the characteristics of the task.
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F1E [FL®HIC

1.1 B=

T, KK SEEE 7L (Large Language Models; LLMs) 1%, HASEHFE
R B AREBNH X Z 7 1B WTERLEEZRLTWS. —ik
2, ERBETLOMAR, KEDOTFAa—R2AEHAWEFFEY, FiiF
BEAETNLVERED FRARAZICHIGESE D7 74 VY F a—=2 7D _BRED»
LRI NS, FATFEIC K> TERINZNHNZREENMEZ, TRXAZIC
WU CTIERST 2720120, 774 Fa—=V I DBARAIRTH 3 AL bk
INTW3.

— /T, IEFEDLIM I T X=X BDIFFITREL, 1RO TN RTF X —&KFH
WMCEk2 774 v F2a—=V 7 I3EEEHROBARD OEHNTRWEENZ V. Z
DB LT, LoRA (Low-Rank Adaptation) [11] Z1Z U & 3 % Parameter
Efficient Fine-Tuning (PEFT) & PFEHIN 2 FENRREIN, ETLVEREEHT
52K, TRERIZNORBHLHEISOHAIREL 72 o 72 [17, 31]. PEFTICZXD
FHEBEFES XV HHEOHIFNIIRZ {EMEN, LLM ZHW RiRa X 27 EHiE
DFEHMIIREIMELTWS.

L L, stEMEOMENINEIN-—TTT, 774 VFa—=VT71Z
BlF 27N E T —=XADIKEFE L WO REWLRBEIIMRA L LTHREIATWS.
—MIZ, 77 AV Fa—=v 3 HEIHDFEHE LTITbMW 570, NRXRRY
TR TABEBOEMER I NN ET —ZPRELIRDE. ZOXIRT—KD
M, 2R - AR X R 23w, FEEH LD R X RERE Y 72 5T 3
[12]. i, BEFESCESRE, FHREVoTEHMEOE W R X4 2BV TIE, KX
NTVWBEKHB L SN E T -y PDBRENTWBEIFTRL, 7/ 77—
Y a YMERICEMROBEGO AR TH S, ZD/2D, THREDTNNFE T —
XeHET 22 BRPNEETH D, HRe LTLLM oMfRez +ois| E HiE iz
WIRIDSE T TWA. LLM 2 RRZ A ZICHIEEE 272D 7\t EF— 2%
WNZHEIR S 2 000%, AR L TEHERMTHETDH 5.



1.2 HHB

ARIFFETIE, TN ETFT—XROREEI Z P BEWVE WD FREISLS 3 729,
LLM BHBIZRNRERAZ DTN Z T =2 24038, ZOHCERT —X % H
WCLIM%Z 774 Y Fa—=v 7357 70—FIZEHT 5. LLM I3HF¥Y
WX o TERRERBACHREENZNE L TWE eEZLNED, ZH6 DA
ARIIAT LD PR A7 ICEEGEHTRERE TR STV 3 DI Tld .

AL TIX, LLM PHFFEEIC L > TER LTV AHERE, FRAZ R 71206
U7z TATI-HHRT ) E WO BIRIREA TS EH L, ZhzdE 7 -2 LT
AT 2 WO MHAZ AT 2. Tbb, LLM HEIZEEMN R 7 oL f) &
F—REERIBTZ 22T, NFICE37 /77— arRLIKLLM 2 NiiX A
ZWZELIES 2 HIET.

AHRDOHINE, ZTOX5BREACERT —RIZH DI T 74 v Fa—=V I,
DX BEMHRTHEMIKHAEL, XD LIRBREFOOLEHLNICT
528 ThHsd. BRI, BROBATHEUHEZZ 7 20R1e LT, HOAEK
T—REeHWET7 74 0 Fa—=0 I KB HRERLZFEHE L, X X7 DHES
BT — X DREDRFEHNRICE X 2 E 2 ERT 5.

1.3 AFRXDFEN

KX DOMBIILL D@D TH B, 2BTIE, A YRV F77>aryFa—=r
RHECERT — 22 WY, o NICHCHEEN D b 223 2B 2 BET L %
B, BHEMRORGER E AT OMED T ZIMICT 5. 3ETIE, 7L
X T XBFEELRY, H50VIEED TREMN IR ZEEL, HOAERT —X
DERE « 74NR) VT - ZEP LR IZBERFEOVHA LT 5. 4FETII,
BEDOTMAE R NG e LIiHEERZ@E LT T, 740X ) 7 %2ELHET
DPIREFEOENMEICOVTHEEL, BEZITS. RIS, SETIE, AFKDF
LD SHRDOBEIZONTIHENS,



F28 FEHERAZE

ARETIX, AFFRICBEES 28T 2L, HEAEKT — X 2RV R’iZ
A7 BT A ENIN R B S 5. R, KB EEEET L (LLM) 28w
T, 20U ETFT—XDIE R P 2R T2FRE LT, ETLVEER T —
R LB ITHOW S FEDL A ST, 218iB80WT, £ AN
Y arFa—= v BRUOGHRT —XERICET 2 REM ML EE T 5. it
WT 228iTlE, HEAEMMD D ¥EBLUBEHCF 2 —= v 7 WZH L FEERHAN
T 5. 23HITIX, ERT—RICEEZND ) 4 XRLWBELILBETNANREICE X %
HEICOWTHEM ST 5. WRIC, ThoDEITHRERE X, RAMFEORE L N7
B 2T 5.

21 AVANSOSOIVFa—=- T eERT—RER

HE, SN ET—2DaX 2R LOOKHEESFEET LV (LLM) OF
MR A7 BISHREE ED 572012, ETAVEHEN T —XEERL THFEICHWS
EDIERIITORTWVWS., B (L YA I 27> a>yFa—=>7 (Instruction
Tuning) | IZBWVWTIE, AFCTESII a0 - AT —XIEKFETICET
NEENZ G EHMTFEPFHIATWS. ZOHITIE, RERZHFEE LT Self-
Instruct ZHMZ, BT — X ERO—KN 7 L — 2V =7 EEHN 7 7Fa—F
WCOWTHEHET 3.

Self-Instruct Self-Instruct &, HOAERSI NS T — X &2 H W TR SEE
E7L (LLM) ZHRIHED ETANL EH I 2REN R IV -7 -0 TH
% 27). HERDA VAT 7 ayFa—=r 7T, AFCERING 6
BERTEZHWD DR —RTH o703, ZOINEIZIZZKBEANNaAANZEL,
M DZREMIC BRI D o 7=, Self-Instruct 13 Z DI L, LLM BHE I
4 (instruction) , AJ1, HAOZAEMRXE2 Z T, KE»OZHLA VX MT
r2avFa—VIDldDT =Rty MEMET L RICRBYED .
Self-Instruct 2B} 2T — XAEMDOEFEIX, LTDO L5 g b L TREA
TZ%. ¥7, "o MES {p}, AL LT, LLM gp XD mB LS



WIS 2 AHART 2R L, GRT—ZEE Dy, ZHET 5.

Dsyn - Ugﬁ(pz) (2]-)

ZZT, go \EHAPFEEAD LLM 2R L, #7700 Y7 b p L TEB D@
S BV TNV EBERT .

AR NTERT —&I2IZ, BEEY Y IARREYRERDTF— 2 hEdEn 2
AJEEMEDY D B 728D, Self-Instruct TIE—ED 7 4 VRV ¥ T Z S, Z DL
e, I () WL TRER2 T s(o,y) ZEME L, FREDRIE © %
Wi7eTbDODAZIRHT 2 Er LTREN .

Dsitered = {(2,y) | s(z,y) > 7}. (2.2)

ZZT, s(xy) WEARNZYUSLEGESVREICEADKIEETDHS. 7404
VY73 FEE LTRMEEZRZEIARRY Y ILVOBREZHINE LTS,

Self-Instruct &, #IHEAD S — R/ oBta L, RER, 1 ¥ XA &X 2 AL,
7 — ZE R KBTS 77— VR Iy TRIOEE 7L — 2V —2THDY, Z
DO—HDTAUX LLM ZHWEEHRT — X ER A T4 ORIy LTHE
fRrensg. EZEIC, Self-Instruct & GPT-3 @A L7=5E8TlX, 87—
ABEHWEFETHoTH, EROFELFAREOHREEROET A ZEETE
52 EMRINTVWAS,

—7 T, Self-Instruct IZBITF B 74XV 7%, FICEERESCEANZNE
HERICERDIYTHNTED, 740X Y IHEEDFE VNI RRA X7 HEEICY
DX B ER G2 201200 TIE, RRINZRMREEZITOATHZRWV. KR, &£
BT — R DB R & NI Z A 71280 2R _E e o BRI 0B S 9
INTWVARW.

DataGen DataGen (¥, LLM ZFHWTZErOGMmERTF AT —&XE v b
ZHBERT 270D —NR 7L -2V =20 TH5 [13]. T —2ERITBW
TLIRLITHREE 5, AT —XDOZME, fil#EnTgerE, BEENE, BXU0WmE
DO—EBME Vo R LT, afEITHLE 2 Z e 2HRNE LTW5.

DataGen TlX, BT A FHEERES 2 — N/ —THNTOF zv 71
WMrEBATEZT, AT —2D0MEHIE L o002 ZIRT 5. 251,
I — FR— X DIFREFEPCRRILREAE K (Retrieval-Augmented Generation; RAG)
PHAEDLDEZ Z T, ERENT T RURTEBNED FiENS X 0EEE2H
PRI BEEEIDTRHASINTWVWS., ZUTE D, Z—FDIEE L MR 242 kit
L7min B R AR T — X 2 ZWITER T X 2 RUCKHED D 5.

KR EBRAE LT, SEREY 2 —LERT — 2 00Enh FicES5T 3
TEDWIRINTED, BT —RERYF v — RSP T — ZILRARICEHT



X B AREMEDI R E I N T WS, ZD AT DataGen X, Self-Instruct @ & 95 FFE
EROIERT —XERICEE ST, RRAZIFRERERT —ZER T L — LT —
72 LTO—ibZ Bis L2 e MERF o 5.

—75C, DataGen I3E 2 LT D X5 I CEWERENT — &R kel - Al
20 LWOIERT O RZDHDICERZYTTED, AREIhT—&nEK
P72 FRAZ R 7128 W T EOREWLREN EICHF ST 50, H25WITEREKED T —
LSRRI E Al DE WD IR A R 71205 2 LLM OMREIC Y D & 5 Rz Er 5
ZBPITDOWNWT, XA 7RI ThA TV,

Response Tuning Response Tuning (&, ERDIERF 2 —=> ZIZBWTHE
¥ XN T & 7= instruction conditioning (MFZRENMIF) ZIHRINICH WS, €7
NDISETHZEDD DEFENRE T 27 70 —FThH 5 [7]. ERFIETIE, M
DX EIEXLDXICEFRZ MM LTEZ % Z & TETIVOH i ZEH) % il
TEHZEDP—RITH o7z, ZAUIX L Response Tuning TlE, ancHzlRE
L7ZIREETIRE T X A MDA RFEE T2 Z 8T, IEZMO 5 % BRI
95.

KEFFERP S, ZDEIBRFEHRECBVWTD, ARty LT
N ERIBREDRENRESLAAENR N2 GENDH 2 Z LR TE D, FHil
FEBE A LLM TR R G RERGED B v b H 2EEMEL I NI E T i %
WIERNCHER LT W A R[N RB I N T WS, ZDAT Response Tuning &
instruction-response X7 X3 LHMEL LIBEWT 74 Y F a—=V 7O )R
PRSIt LTNEBEMNI N 3.

—73 7T, Response Tuning DX TIEFEIZISE T M DFEE etk oRBBE S D
B2 OHEmAMTHONTED, BEAERSINLELDY > TLDMEZED XS
VR < RS ARE D, B BEWVIIERT — X DEEEDRED MRZ R 7RI
DESBHELGZ 2 Vo e mIZDWVTE, RRIARMENII R ATV,

REInstruct REInstruct 1%, KFEZ I VR LTFAFa—2A%ZiERe L
T, mmERERIE T -2 2 HENICHET 2 FETH 5 9. AFETIE, %
TINNAVRLTFAMOHDS, FRT—RXE LTEHTH2EZ N D E
Pa—VRAT4v 22 koTGEIRT 3. RIC, BIRXAZTFZ ML THS
XBIUOWNET 2 INEXLZERT 5. S HINEOHBRLUEHZITS 22T, M
HDEW instruction-response X7 R T 5.

FERTE, TAPBDI—FT—XRERBDEMT -2 Z2lHAEDOETEEL
FETAD, FA—F Y —ZADFHERY F—2712BWT, BFEOIHERF 2 —=
YIFEEABREOMREZ RS ZEPMEINATVS. ZATEKD, ILRL
T = REMBINIEH T2 2T, AFICXZRBERIERT —2INEEZITHLT
&Y, —EKEDNREX R 7 HREZ N T = 2 AR RS N,

REInstruct ORI, HEHO LLM IZ X o TR L IBE*® HHICKEAEK T



ZFRFELIRELRD, SNAURLDTFAINT—XZODEANE LT, 2212
WTES % & R 7 GG B e n 2 i - R T 2 RICH 5. BRaNE, BE
FOXERYRD S, ZIUIMNIET 5 instruction-input-output D7 —& %
BT 58T, HlBABRERIHNST 20TIERL, TT7TF A MIEIWIHER
T—REMETE. ZOEHIL, BT —XDEREZHET XX MRET 5
Z T, A EMERIERT — ZADHINIEE LRWGESR, FIHAGRER T —
RIEDFFE R XA VDT F R MIRONZIREICEBVTD, HEBIEEEDESW
BT — R EANT X % 528 REInstruct OF[HTH 5.

—77 T, REInstruct [ 3FEIWCERT — R T 0L X 2D b DDORFHTHERZY
TTEBY, EREBEOT R LTED XS B HEES T 4 L2 ) v FFEE
HHINED, FZNODERVWH NRAZXIZHRBICED X S REEL 5 2 5
WZOWTIE, R FBMGEEII T O TV,

F&H ZTIETHNALEMRE, WIhd I ET—ZDIEEI R 23
WEWSHIREEM LoD, LLM Otz m ExE2 2 ZHIE LT,
LLM HER I NVIR LT — R 2lme L7 — XA - AEFEEZ RS L T0 5.
Self-Instruct 1%, HOAEKRT —XZHOWIERTF 2 —= 2V 7 OERINFIEE LT,
BT —XDATEWEE Y ay MEBEZERATRETH % Z & /R L7z. DataGen
Z, TOMNEREIYE, FFEDRRAVIZBEINILWERT — X EMDOH—IIK
FHRAIZIERT 2 2 T, X RAZMMNRT — 2 EROAJEEZ R LTV, %
7z, Response Tuning %° REInstruct 1%, aiacFer —XERDOEREZHET 5
ZrT, i ET—RIMKFE LR VWEERC IR LT —XOEMEH WS
BRI D, GRT—XZ2HOWIEEOR AR EZIRRLTWS.

L2L, TRHDMEDZLIE, BT —&% TEDXSITERT B W
IEMRFIEDOHRFHCERZENTED, ARRIZEONLMMLDY > I D
& O I FLAECHEM - ERITARE D, FLZOEVHIRAATZHREICED LS X
B H5Z2 501200 TIE, IRV EEEBMEED T iciThbh TwiRwn., EEE,
Self-Instruct % REInstruct I2BWTH 7 4 LR ) Y FIIERLBMRER Y LTE
AZNTVEHDOD, ZOFHITFIREREREPLHERNZYEOMRICHE E - T
B, ERERCERN—ENRY, BRAIAMEICESS 74 0E2 Y ¥V THREED
EWOWD, TRAZ A7 MHRRICE 2 2 8 2 I i 2 AR TV R,

AT, ULoRZEE R, 6T —XDERAEZDDDTIERL, EK
BV TIER - T4 VR T WS BRED»S, BEFEEMT T 5351
MBS BNS. RS, RO TRREZ A Z IR LT, ERHERS LLM I X 3 E
RIFHIi 72 & e Wo 2[f—D 7 4 V&) Y R EEEAL, ol ¥EET7—&
DB RIRE X 71205 % LLM OMHREIC S 2 2 528 %2 B 6023 % RITRHH
DD 5,



2.2 Bo#BEMHLEE - -B2Fa—=7

T, LLM O FI2BWT, INIUfETF—XORERINE IR boFEX L
Wo il R T RIC, EFVHEMER L 27— XNl 2 25 7 — X & LT
EATAHCHMD D EEBLIVCECTF 2 — =V P FERFHEZED TWS, &
NoDOFEEZ, IERHED S5 2 5N B BT XNVIKERES, EFARHEGAE
L7102 DG - FHEFEEEFEN2D & LTHEE T — X OB RPCHAEE
AT MR B 5.

AR THS HCERT —RICE DL T 74 v Fa—=0 b, ZOLSKH
CF 2 —= Y 7 OVWMA L BEICEEL TWE D, B TERZOY > TLey
D X D IZFH - FEHIT 220 WS RICERZY T TVWAE AT, BFMRCITER
BN RO, REITIE, BB - BOE 2 WO BRI CMBIL, =
NENDE OERE (CERL, FHM, 3ER, HEE) KERZEVTVY S0 2B
% Z 2T, RFFEOMEDT ZHMEICT 5.

MEBRBICED<BZIIE Yeo HiF, LLM »H AR L= FHlFERICEOWT
HOZ N BRI EE 275 B 7 L — 2 v =2 28R L TWw 5 [29].
ARFETE, AHOSHETLRCAFEINNVZHWT, 7 AVH B ONEES
M (reference-free consistency) %igfEe L CTREEEOEHWY Y L2 L, B
FHRICHWS., 20 X5 xEOENEEICK D, THEELRTFHCBRD 28500
INOFEZIHIL 0D, RO EESC— BN ZM L2 TE 5.
AHEEERTIE, LS = a v ORI 2 IS0 3 5 PEREIR N DRI 23
HINTBD, UMM ET—EZBPEFELRWIR MBI % LLM iI2X 5 HC
WEOAMMEE RTEKE  LTHESIT NS,

—JT, ZOMERIIBITEZH Y IIERNE, FIZETARIROREESHICHED L
H—DfHiiAEITKFE LT D, B 2EHERES 7 4 V2 ¥ g% Heig
L7720 iThiTnin, AR, ZoS2IERL, BEARY v 7t
T BB DER|FUEE R X R 7 M HLE § 2 fUCHT R Z Ko,

BOXERDDRAD Song S, LLM @ HCOKWERE N =B - Hatiy#l
RO OINT M TH S 25 RSETIX, T ML A2HNERKE, Zhuc
T ZHOMKAER 27 & DOIEEE% [generation-verification gap) ¥ L TEFEL, Z
DX vy IHCOLEDKEICEFRT 2AREMEZRLTWE. X 51Z, 7V
REHAEBHE Vo 1 ERHD, HEWENL— TOREESRCPCRFHEICE D X 5128
BIZhETNTZILT, HOF 2 —= 2 ZDEMNHERE T 2 MR R
WTHiEm L TWa. ZD X2 R9ME, BEAEK - BEFHMEIE D { HEFIE
et 3 5 LT, MERHRIEH 25X 2 THETH 5.

—7, BOeEDOAERKFMESIINCERZBENTED, ARSI N lHisDH >
TN YD KD RIEAETERNTRNED, FLZDEVD FREX R 7 HREICE DIE



ERET 201200 T, EERNZEREITORLTHARL.

NEpEETAE LOBREEE  Ji 51F, LLM »AMREET 72 LT BRI 2 S -
BEHCTE R0 OVWTIRE L TWa [14]. BRI, ETADTF AL
DOHEMEHAZE L THEOHEX vy 2L, Zofime B U4 -
FEETOMMEAZIREZEL TVE. HOAEKE H O Z A O 72 el Er 7z
HOdE L - 7P REINTE Y, ik LREICET 2 B Ol 2 R
THTERMPRKEWV. —HT, ERINLFEY Y ILVOREERS, 7L
SERERIE DB VHEREIC 5 2 2Bz OWTIE, FElAR DM ThA TV,

Fr®H AREITHN LML, 7 VEBAERL G NEEHTZ v,
TN E T — 2IKFERE T =T LOMRER L2 X 2 BEHE fid b 48 - HEF 2 —
VT ORSAEIIRLTWS. IS DR, AOAERK, HOFME, BH¥Y
YWVWIHINL—TFTOEMEERTETHEBEL TWE, Z0ZLITHCHEDRITS
B ICERZEVWTW S,

— 5T, HEAERIN =YY e o kS REUETHUT - 3#F3 20, £/
BEHITFIEDB VDR IIEZ R 7 ORI Y ORERET 20OV TIX, XAV
Wi 22 LEBOE T i Th T ouRwn. AR, ZofIERHL, HEFa—=
VID—REREZEL LTOY Y I T4 VR Y IPFRICKICERL, BHOTR
MRAZIZBWTEDHELRRINIOM T2 ZHNE T 5.

2.3 BRT—2D/AXADTE

BT —RERWEEX, 70U E T —XDOIEa R M EHR LoD, LLM
D RME A7 WREZ R EXE 3 FEE LTALHWSATWS., — /T, T —
22X, MoV, FERBERB, DHORD e wokzkkia s/ A XBHNET S
AREMED D D, ZHoBNET A O—BLIERECIEEMEICE 2 2 BIZOWTIXE
EHRRA DN ETH 5.

METIE, BT —RICE&EN3 A AR EDTRELEIHT LD —HICIERER
TEEIERITHOIF TR, LI X > TP MERE D Aot ot 12
FHELEZ e dEIhTWS. REITIE, AT —XD /4 X, LM, S8
EWVo RS, ETNVEBRANDOHEL SN U IRERO R EME ST 5. 2
NOOHRZELE T, AMEPEHT 2 THEERY > IVDER]) PR TH
HENMETS.

AVANZ 23V Fa—Zo0IlBT3 /A AOLEFM  Alajrami 5%, A
VRANI I TarvFa—=rIHWLNE T —RICERN ) 4 X5 L, #
DB RRANFHE L TW 5 [6]. BIRRICIE, A by 77— FOHIFRSEENED



ANFZ e Vo RENRINZ ZDMAT -2 2HVT I 74 Vv Fa—=
Z1T\, MMLU, BBH, GSMSK 7% & DFHERY F<— 27128 2 MHaEE (LT
FLTW3., ZORR, —ELHTTR, /A X2E80mB T — X TCHEE LT
T, 7V =T —=2DAEEHWEGEER%E, 2502l EDMEE

MY ZeRHEIRTWS. ORI, ERT—XIZEENE /A4 XH, &3
Ly EZHET 2ERTIER L, EFLOMHEEES AN —Rt 2 (e 3 2 7]
BEMED D2 Z e BRBLTW3.

—HT, /AZXDPERLANTTTORBREVIREZINTED, LR
EIRDEIRIIZ YR X X 7 EEME YO X 5 IZFHM - R E2ITOVTIE,
BAIAATFmIIITON TRV, RIFKRIE, ZORIREHL, BEAERT —X
IEEND ) AXRERBRD 7 4 NEY X oTHIEIT 27 Ta—F28k5.

BRT—2DZFRMEC—MIL Xiao BIE, A VAT arFa—=VIITE
B EEEOREICN L, 7T — 22RO 27D DIERILTFIETH 5 SFTMix
ZRREL TS 28], ZOFETE, T —2H R 293 > I L2 umiE s
% Mixup #EZEAL, SRNAZBEMESZHWTET V2 E S E 5. Mixup
BRI, AR T — & o0 2 SR S 2 IR 2 5, EEEEY > TAAD
WS 2 LoD, MEBEEY I o—Bbikiezm X 5. Mixup
EEXRATREINS !

T=Ar;+ (1 — Ao (2.3)

ZZT, N IMMEEATHD, 7—E0MOFEELZ@ELE TrANR M RYEZE
T 5.

SFTMix 1%, AT —X DZHMEZ BEMINCHT 2 Z e MK X7 OERE
M ECHFET 22 Z2RLTWED, ARSIl 42DH > 7o B %HRE
WEEAM - RIS ARHHAREE L TRV, SRR L, AR, ERko Y
Y INEFENT B350 5 T — X WHE & REDBIRE 98T § % 5T Xiao 5 DS
ZHTETEDDTH 5.

—MEA VA NZ023>0Fa—=>% (GLAN) IZH3ZEMEIE  Generalized
Instruction Tuning (GLAN) &, RR{EINFERESE 2R LT, [L#ZRTE
WhlbmuT — X 2R T 2HMAZIRE LA TH S [16]. GLAN X, >
I NRAFETRPE IR AR R @ U T, FREOERCHFE T — 2t v bADIKTE
PMZIDS, ZHEpOUEN M BREZHMET LI ZHIELTWVWS. 20O
£ O BRERMEAIH OGN, BT DRV TRIRE X 7120 U TLE L7z 1HhE
R OORELERNTH 2 EZSNTWVWS. —/HT, GLAN IZBW\WTH, 4
SN BT — X DMEZ MK R 7 ERE & BhEA U CEEIC o #r 5 2 il Al
FREWTDH 5.

ZHUTRL, AR, ZD X5 RKEE - 2RRGRAENT — XERZHTRE L
DD, EWBROY Y FENE WS BIED S, GRT — & O S E il 2 EERAT I
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T3 2 RIS 5 5.

X AHTIE, BRT—XITEENS ) L XRZHED, TFLO—RALIERE
BXOTEEMNICEZ 2B 2 0 LR 2@l L7z, Alajrami & OB, /
A ZPRT UDMREE T Z2HBL 2R ST, £k > T3 brEz m L X8
B2 ERLTWS. £/, SFTMix ® GLAN O X 5 %258, AT —&X D
ZREM R BIRNCKGET S 2 2 e WEE L EBICHES T3 HEEE RE L T\ 5.
—HT, TRNHDOHFEDEZLIX, /4 XREHME 152 2011 OFKGHTER
FEWTED, EREOY I LEED XD BREMETIE - BREITRNED, /-
ZDEWH FIREZ A7 RIS ORREFET 201200 TIE, RRIZ B
ATbR TR, KIFRE, ZoRIERL, BEERT —XIIHT 57 4
NEY Y IFEOENEEBO FREZ A ZICBWTHEKT 3 22T, 8RF—X
DEVE L N OBREHLNICT 22 ZHBE 5.

2.4 KD

P EDOBEMRE, AT —2SHCERT -2 WS 22T, I
T = ZAANDRF KR L DD, LLM OMWRER EZ X 228427 7o —F 2R L
TW3., NSO TIX, BT —RERFIEORG, HOKEL— T OMHE,
BBV A XPBRRENEEICE Z D EDO IR Y, TNFNE 388 h
5FEDENEIRET I N T WS, — 5T, ZL oM%K, HiEREZzodb0%
FHIBE LTBY, AREINEH Y e D LS hEETENT 20, $%
DEANTTFED BN R R A 7RI ORERET 21200V TIE, XA 7H
Wir 2 LS s i STz, FRZ, ETLVEEPER LT —X DA%
FHWBEEICBWT, 740XV 75 2 X 7R & OBRZ KRR AT
L= SN Tn 3.

ZAUTHL, KRG, ETVEEPER LT NN ETFT—2DAEH VS
W ERE L, AR FEA - 28 OB 2RI BEL 72 HAD T, H
CERY Y TNDT7 4 VR ¥ TFIENRNRRX AT HEREICE 2 % 528% FEERIIC
MEES 5. DX R I BIOERE R 2 ELEBO RRE R 7123t L TEH%
T5Z28T, BT —2DME L FEMRE OBFRZHO 2T 5.
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FIEFE IEERF

AR T, LLMIZX > TRRERAZ DTN &F—2E2ERXE, ZDH
CAERT—ZZ2RICLIM 2774 0 Fa—=v 73328 T, M ETF—
REHWTIZ LLM 2 FRA R ZICHIC X2 FEERET 5. AETIE, 20
BEFEOFMZRNRS. 7, 3.1 HICTBWTERFEORMRGZ RS, 3.2 i
TIEFHMHICHWS RIRZ A ZIZOWTEHHT 5. 3.3 f#iTl, g3 L
DR ITERRAR S, 34 HITIE, 74 0EY) Y ZFECOWNWTHRT 2. 3.5 fHi
T, BohECERT — 2 EHWET 74 v F a—= 0 TDOHIEIZOWTR
N3%. 36T, 774V Fa—=V I B ToETNVE FRZAZANHEHAT %
FIEIZOWTHR S,

3.1 =

AFEE, D5 TFRERAZICLIM Z2HEESED L E, ZOMAEZRATZ DIV
FEF—ZPELIFELRY, HE2WVWEITLPHOEFDOAEFET Z L WIEHETR
T, LLM 2HCAER LT —ZZ2HWTCLLIM 27 7 A4 Y Fa—=v 735, §it
KD Instruction Tuning X H L #E (self-training) 1Z&ED FEE, HIEED
ANFCER N TN & F =L EmERERT — X OFELRHTEE LTW»
B ENZ L, IREFER BN LEE RN N icB T 2 U bHRE - ZEME DR
il Cld . ZAUTR L, RFEREX T N & 7 — X DR - 3E 72 5 I
HEESR L /2o "\ & F—X 2V LLM O 7 74 Y Fa—=V 7 ®EBELT,
HOEKRT —XDOMEE FIRZ A 205 % LLM OMHRE e ORRE 9T 5.

REFEOWMEZX 3113, AFEIE, (DLLMIZX 2 I EH Y L
DERK, (2) BCERY > T T7 4R 7 (3) BEERY ¥ vz vz
IIMD7 74 Fa—=rr, O3IEBETHBEINS. LLMITX S 7L &
Y INDAER] TE, FAZOERIIE>TLLMIZNLT ey X 25X,
AT HBHRT7EZERTZ. THCERT > TADT7 4 VR V7] T, A AHE
P LLM 12 & % HOFMCE D K FEIEEHWT, XA 271203 2 Z 4N RN
CHIW SN2 VBT S THEERY Y IV EHWEZLLM D7 7 4 &~
Fa—=7) T, 74120 ITHROBCERY Y IV EHWTLLM 27 7
A oFa—=r T 5 RAFERZ, DEIXRIZBIUEREZ R 7 DWW d 5
YLTEBD, XRAVERPEARSEICI> TR TEZHEEZEELTWS. %
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YT IVER
Q

0JO) fffffjﬂ [
[ Zav 7t }—»t I l—» YT ZaNgIYT }

LLM
77PAVFa—=vy

3.1: {eRTROME

72, LLM D3RS K o THZRX R 7 \CEE T 25 % » 3 BRERFLTWS
e ERAIRE T 5.

3.2 TFRARRY

HAZHEUHICB T 2 FiRa 2 271%, MOEROBIE» S, A3t LT
B2 7 "V PRI 20827, ANWNCESWTHHERD T XX M 24
S BERE R ICKRNENS. £z, MREETEHT—XROWHEIZIGLT, =a2—
AFHERLE 2 —RED—H N XA VENMRE LAEZRA T, EREPERREH
FIATEE T 2 RFE P XA Y Z2RNRE LR AT H I HTES. LLM
2 TRME R ANHIGSE B FEORMEE, ZhoDRR2Z2 XA 7EARL N XA
YIZBOWT—HRICEOLS 2 L3RS R, R, BOAERT -4 2HAVW3558, £
DEMEZE X7 OWESH G, BXENX A4 VR ORISR AKFET 2
AJREMED D 5.

Z ZTAIME TR, REBEFEDRILOCTIRE X 2 IZHEATRETH % D22 MGk
578, XAV, HiRDOEE, BIURNXA VORRIZEHMDOTNRE R T 22Xt
R LM 2175, BRRNCIE, — XA YO0 & L TEEBGRR
% (Recognizing Textual Entailment; RTE) 38 X VIEHT (Sentiment Analysis;
SA), B R XA VBT E XA £ L THEHEFEEZNRE L HASiEHR
(Contract Natural Language Inference; ContractNLI) ZXfH& 5. ZHO 51
Z, ERER 7 & L THEILT =205 7 %X b 24K T % End-to-End Natural
Language Generation (E2E NLG) ZXHR& 35, ZOAH4D0DXAZIE, 7
RRAZCHERRATZ DTG edIz, ~BEXA VBIUEMRX A V%
MELTEBD, BEFEOBEMMEZMAET 212H72D, AR TRXRAZOHT
DREWR T —ZAART 4 TH B eMBEMNTOND. LIFTIE, FFREXAZD
REB X PRI OWTIEICEH T 5.
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3.2.1 SEBRREH

SRR (Recognizing Textual Entailment; RTE) 1%, Aifg (premise) &
@ (hypothesis) 205722 XN G52 b7z =, RGO FTHED & G E )
NEDPEPZHET 20HRXAITH 5.

AXZZE, RTE Fx L ¥ [10] ZiEERE L, ZO% GLUE XY F~<—7 [20]
WHBHHAEIRTWS., A TIX, 15~ entailment F 7213 non-entailment
THa _fEmEHe LTS, BRI, #i#ED TA man is playing a guitar.) , 1R
A TA person is performing music.) T» 356, IREFUIHETIED 5 HARIZED
N30, BT UL entailment £725. —77, Hi$EDS TA man is playing a
quitar.] , REAS TA man is cooking dinner.] T 3IGE, Hiied HIZEPILL
W7z, non-entailment ¥ PIESI NS,

RTE # 271X, XEOEKEREZ EMHICHEZ 2HmEE N 20 EE 5728, &
TV ERMEEE X OGN —EE 27T 2 MRA X7 e LTAL HwWsRT
W5,

3.2.2 RRIEDH

IETHT (Sentiment Analysis; SA) 1%, 5 X 6727 F 2 + 3R 3G IR
ZHIEST 20 E X7 THY, BASHEUWHICE T 2 RENLZ X HEBED—D
Thd. AR TIE, XHEENRRIEZRT LA ZHIET 2 (07 FHE &
H3%. B2, T This movie was absolutely wonderful.1 ¥\ 5 S H E K74 5
Ete7=® positive ¥ 3FEINS. —FT, [ The plot was boring and predictable. |
WV B TENBEEERLTED, negative EHIEZINS.

IE ML, Pang HICL o THLEIL Y o — %2R e LizMEnEZ R 72 LT
RRfbxn [22], 20k, ZHET—Xty P BIURETHEIED LN T
7z, RWSECTHW A 3EX, Stanford Sentiment Treebank 1232 < SST-2 & X 2
[24] 123G 5. SST-2 1Z GLUE Ry F~—72 [26] I AT TWVW3.

IE DT 2 2 20%, A o0 e oxtisBE@RA g BEETH D, 2 D
DX EDRERICEE S 2HERRm 2 LB LiR\Ww—7 T, RBElY - RV RIGRI %
IEFEICHE R B2RESIDRD &N 5. 2D, HEERT — X2 H W HBEE
L THRES 208 2 0 2 MEE S 2 B BIR FRA R Z e LTHLTWS.

3.2.3 THNNETZNRE LIcBASEHER

ContractNLI (%, FEHXEZNGRE LLEHMF X 4 O AASEHG (Natural
Language Inference; NLI) XX 27 TH 5. HASHEMRZ A 71F, —fRIC, A
(premise) &AREE (hypothesis) OfZATI & L, IRFDHIHE L DENCE D X 5 72
KRR Z RO ZHET 2 A X7 L LTER LS 5. BURIFNZIE, (REA3HT
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1820 5 RINE NN B35 8% entailment, Bt FET 258 % contradiction,
WU DY LRWIEE % neutral &5 2 —fEREPHVSNS. ContractNLI
%, ZOBEARSEHEROVAZIZNECFIFHL L TEH L2X X2 TH D, A
T e LTEHIXFEDLR (premise) &, FRINBICBE T 213 (hypothesis) 23
Bzohd., 7MKL, IREEDZHICEDNED & RINTE NN S D, HE
Db FJET 20, HE2VEXERIC TR REBRPFEELBEVWLEHEL, £
F I entailment, contradiction, neutral D\WNT DI TET 5.

ContractNLI 7 —&+t v b [15] 1%, Koreeda & Manning & X o TIRRE I N7z
T—=Xty b THY, EEOZEWFITETENIFRHEENGEE LT, HBIREN, &
5, MR, PISNBUER EWCRET 2R R T 5. ZORT, ik FXA4 vOBEAR
Sroftam X A7 LIFER D, ERNRBESLEZNRE ORI A T, XE2KD
WG PHIESRU 2 B A 2RI 10 5. Bl Z1X, ZEEHIC [ The service
provider may terminate the agreement with 30 days notice.] ¥\ 5 SRHEDEF
NTWBIGE, [ The service provider can immediately terminate the contract at
any time.] W IORENE, R EF I RSN BRI OSSR FIET 570,
contradiction L HIEEIN5. ZTDXH1Z, ContractNLI TiX, BH/RANCE R XN
TSeHlf 2 IEMEICIE R, 202l d a2l 2 1kd o s.

ZRILF I —RICLERIR L, SRR ERERT, SR EE S
. 2D, ANTFZ N HN T OLOMIGEGRIST LTI RL, B
AT — RICEDS L FHITBVWTIE, Bl E N 7 NV DZ 4 ER—E D MERE
WRELSFETHLEZONS. ZOXRZZ, BHCERT -2 MW7 74>
Fa—=VIPHEMEXAL VIZBWTEOREEET 2002 G L7z D, Z DR
REMGEL/eD T2 2L QEERTF —ARAXT 4 725, SWVRIIUE, FXA Y
WHRHE L 72 0 A R 712005 2 R B FEO G % 51 3 2 72912 ContractNLI
EXRER Y & UTERT 3.

3.2.4 1BE&ET—2D5DTFXNER

End-to-End Natural Language Generation (E2E NLG) &, #hEfb X0 7-EK
#B1 (Meaning Representation; MR) ZAJ1& LT, XT3 HRSEX EERK
TREMER I THZ. ANIEE-HOREGL LTHEA6Hh, ETVEEGR5
NBEREBIEBIRKMULETXFA MR NT2 28 0RDEND. REXRY
&, TR LERRY, BWOPAHERDTF A MTH 2 KICKREND 5.

Novikova 5% E2E NLG Challenge & PHIN 2 X X7 28R L, ZD/DITT —
Xty MR AL TVS 21]. ZOXRRZTEERLVAR NI VERENR Y
L7 BREBHD» & DX ERZHS. XX, name[The Eagle], food[French],
arealcity centre] &\ I EKRKRHADNEG X 6 N7257E, “The Eagle is a French
restaurant located in the city centre.” DX 5 R EEWKT 5 Z e WHIFF I 5.
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AR TIE, BHCERT—X2HWET 74 Y Fa—= v IFEDN, 2EEXA
73T, HIPBARSHELTH ZEMZZA7I1I2BWTHAEINHEEES 25
EIGES 572, E2E NLG ZaHiixtR e UTHRAT 5. Fig, ERZ R 71280
T, HOAERT — 2 OMEDHE X ORGSR IERD MM ICERSE ST 37
o, BEFEOWHESB X OLEMEZFHMAST 2 L TEERF —RAXT 1 215,

3.3 IRNIGEETHUTILOER

AREITIX, FRARZEIZ LLM BEIZ T N &S P2 ERSE 5 FiE
WOWTIHENS. BRIz K 512, KRR TIE, FRZAZIET 2 AF I
M EF = ZPFELRY, HEZWVIEFMDTRON TV AR ZET 5. LLM
WKL TRAZEFREERIERESE 22 22T, BUNE I ETF—X%2H
IR T 5.

HARENZEY Y I, AheZzhucihind 3 ERE S (5L F 721348
X) ORI, BED 7 ANR) T BLUE T 74 v Fa—= v ZITHOLR
5. B INEROERGHIZER A7 THBETH 20, 2RA7DER (5%,
AR REAAL VOEWZIIGLET, Yary P hEtBIOCHNERZED 5. M
T, EFREAZIZOWT, BEARRERBIZR LR OHHT 5.

3.3.1 RTE #RVDY>TILER

RADEREF—V— R 252, F—v— NcBE L EEBRNPKILT 201
RENRHDORT BERXES zero-shot DT> P 2 LLMICE X%, Jurr
MZF—U—=F 252250320 TN 2ERT 57D TH 5. Wikipedia D
HT 3V F—7—FE L, Research, Library science 72 & 727 @D A 7 3V
EHHLTF—Y—FUVRMERERLZ. F—7—FO—fHEMIRA1ITRT.

FarFreERESNE Y L0 R 321TRT. {{keyword}} IZIXF —
T—RE1OMD L. R LY 7T entailment D TNV ENET S, —
77, non-entailment @ Z I DWTIE, LLM I & o TER X N7zHiE & K%
T VR LHAEDESD Z 8 TIERT 5.

3.3.2 SA ZRUVDYTIVERK

RIBOM R A DEREF—V— 252, Z20F—7— FICEHET 22 LM
o RVDERERERTEZ2 Iy T v 2 525, BIESMRRAZIZOWTSH 0
> 7 bl zero-shot £ 5 5.

https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories
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(Fa>7h)

RTE task requires to recognize, given two text fragments, whether the meaning of
one text is entailed (can be inferred) from the other text. Give 1 example of textl
containing the word '{{keyword}}’ in this task. Text 1 and Text 2 must be at least
20 words and must be natural sentences.

textl:

(& Rfl: keyword=“Research”)
”"New research suggests that the key to a sustainable future lies in reducing our
carbon footprint.” text2: ”Studies have shown that reducing carbon footprint can

lead to a more sustainable future.”

X 3.2: a7 b e A pls > 7Bl (RTE)

F—7U—F& LTHHEDY ¥ > L (Action, Historical 7 £)? & 7 XX b (camera
angle, function 72 &)} DAEOEZ 52 5. PHINAZFEFNIBWT, Iy LD
B, HBBEWVET AR FDAEFXF—TV— R L TEXRGE, £EREINEH VT
NDERMEB XTI RBY P INVBEHR T2 e PR#CHo2. 22T, K
MAETIEIINS —ODEREFHAEDOEZHDEF—TV— R LTHWS. Vv
VLT AR VEIZEREFR 30 58 THD, 30 x 58 = 1740 @D F—7 — K
BPHEZTH IV EBERTS. Dv e 7 ARTZ bO—BE2F8k A21TRT.

Ty RSN IO K 3.3 1R T. T ORNIR L AERHSIT
5.2 72 % —v — Fi& lHistorical_function] T» %73, Historical IXMED P ¥ >
)b, function [ FMED 7 AT N TH 5.

(Fa>r7h)

SST2 task requires to classify the sentiment of a given text as positive or neg-
ative. Give 1 example of a text containing the word ‘{{keyword}}’ with (posi-
tive—negative) sentiment. The text must be at least 20 words and must be a
natural sentence.

text:

(ERfl: keyword=“Historical function”)
I was completely swept up in the cinematic experience of ”Schindler’s List” as a
historical drama that masterfully humanizes the atrocities of the Holocaust.

4 3.3: Far 7 b eAERY > I (SA)

’https://en.wikipedia.org/wiki/List_of_genres#Film_and_television_genres
3https://nofilmschool.com/braveheart-theyll-never-take-our-freedom
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3.3.3 ContractNLI 2 X7 DY > FILER

RAVDERF—V— V252, ZNE HHR), KK, NV 2ERT 57
oy 7 rELLMIZEZ%. 7027 Fd oneshot & L, ERIRD Z LD
192952%. =7 —Fr  LTRTE %2727 2[EU K Wikipedia DA 73V %1%
w3, 72721, RTE AR 7 THW:F—7—F U X M 27 HTH > 7=Dixdt
L, ContractNLI R R 7 TIEZDS5H 7 VX LIGERLZ A8 HOF— T — R %
w3, RTE X fEDFEX R 7 THZDIINT L, ContractNLI 3575H2 7 2 EH
3THEXNF I IANERRAXT TH S (entailment, contradiction, neutral). $2
RFFETREF—V—FReRHEI IADENFNLOMICH LT Y IV EERT S
73, ContractNLI # 2 713 RTE # 227 X D dZ L DY ¥ IV ERDRITHNLE
Ths. LarL, FELULZEETIE LLM 12X 233 v PVAERICE T 2 5 E R
MWREL, RTHOF—V—F2TZ2MH5 R DORHEZEST 2. LLM D7 »
AV F a—= Y IR BERIERBE B9 > VR L DD, EFEH
FNCHED 2 7=, T2 F—7— REE 478 RS L 7=,

Tuy e ERINY Y ILOlEK 3.41TRT.

(Zar7h)

ContractNLI task requires to determine the relationship between a premise and a
hypothesis. Give 1 example of premise containing the word ’{{keyword}}” where
the hypothesis is {{label}} to the premise. Premise and hypothesis must be at least
20 words and must be natural sentences. Format: premise: [text] hypothesis: [text]
label: {{label}}.

Example:

premise: {{premise}}

hypothesis: {{hypothesis}}

label: {{label}}

Now generate a new example:

(& Rfl: keyword=“Oceanography”, label=%“1" (neutral))

premise: ”Oceanography”, as a science, is an interdisciplinary field of study that
deals with the physical and biological aspects of the Earth’s ocean and its interac-
tions with the atmosphere and the sea floor.

hypothesis: Oceanography is a branch of geology.

label: 1

M 3.4: Far 7 Y Y F B (ContractNLI)

‘https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories
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3.3.4 E2E NLG 2X7DY>FILER

MR DEOREZ LA NS VORBBEDER TS Z, MR &, TRUIEZTENE T
DEMBLMMEE KM LT FRAMEERT 2 X5 LLM I RS 5. £z, F—
7 — F & LTH % (Tokyo, London 72 &) # 52, ZOHEHHDL A M7 v DH% >~
TEERT 3. BT, EEMNHEE 193 2EOEE Y 2 b, KEO FEET
(NO_ AR, #8255 - SHEEEERT)S, ISO 3166-1 o — FIEHET B X E1
HFRBE DR DO EHE—ES 0 HHEUS L, 192 HOETHZ Y XA P 2HE L. #ilit
D—EEIFR AZIWTRT. Tur 7 bR Y I OF K 3.5 1R

34 ERHOTINDTILRIT

LLM IC ko THOAERINY > FCE, FLDME D RENKK RS,
X HWRIENEDEL LT ERY Y AR EENAA RN DH 5. 20 s DKM
By IV ZDEFHEICHWEGE, 7740 F2a—=VI7ROET LD
B TZ5 SR IIANND 2. I TAMIETIE, HOERY > L OEHEE
PEMEL, BEENMENCHINZY Y IALEBRNTE2 7402 72T,

AHFRICBIF B EFHE X, ERINIAT- HART YR AT DEFRICHH
5L TEYTHBARENEZIET. [EMES NUMTEE LR WSEERTIX, Z0EHE
FERERETHMEST 2 Z L IXREETH 272, SUEDIAA L W o A5 AR LLM @
WNEE R 72 ¥ % W OGRS EHE 3 5.

BARANCIE, (1) AP 2DODXTHSRXRAIZIZBII Y TVEKDFE DR
fili, (2) HATDERMIERIZK 2 7~ LLHTI 7 F X - DFH, (3) R LIZET L
HEIZX 2 AN-HH_7 Off, 3 EED 7 4 v& ) ¥ FFEZHWS.

R, Zhs 3 ED7 4 L&Y ¥V FFEIIOVWT, ZAZNDFHEfEES X
QA EZ NIRRT 5.

3.41 HBLUEZ«qNLZV>VT

RTE X X 7% NLI & X 7T, #ie L RitOEERIIBEHRZ DS DT NIVERHK
Lo TWA 728, MEDOERIELEXERY > 7V OEHEE %5 i3 2 EE
RIEREY 0 5.

RTE Z A Z712BWT, IEET XD entailment D5GE, Rife & IRGIEERM
WHESBEHE L TWARELRDH L. Lo T, EMEN-HiteE ARG 7 OFELLE
MNEL RWIEE, BRI L TV WATREMEDS B T L, KRS

Shttps://www.un.org/en/about-us/member-states
Shttps://worldpopulationreview.com/world-cities
"https://www.iso.org/iso-3166-country-codes.html
8https://www.gsi.go.jp/KOKUJYOHO/SEKAI/sekai_syuto.htm
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(Za>r7h)

You are generating E2E NLG training data (Meaning Representation — Text).
H#H## Task

Given a Meaning Representation (MR) with restaurant/venue attributes, generate
a natural text description.

#+## Keyword to incorporate

" {{city}}”

### MR Fields (use ALL of these fields):

- name: Restaurant/venue name (MUST include ”{{city}}” in the name, e.g.,
"{{city}} Cafe”, "The {{city}} Restaurant”)

- eatType: One of [restaurant, coffee shop, pub]

- food: One of [Japanese, Chinese, English, French, Italian, Fast food, Indian]

- priceRange: One of [cheap, moderate, high, less than £20, £20-25, more than £
30]

- customerRating: One of [1 out of 5, 3 out of 5, 5 out of 5, low, average, high]|

- area: One of [city centre, riverside]

- familyFriendly: One of [yes, no]

- near: A nearby landmark (e.g., "Burger King”, "the train station”, "the city
park”)

#4## OUTPUT Requirements:

- Write exactly ONE paragraph (2-3 sentences, 30-50 words).

- Mention ALL fields from the MR naturally.

- Do NOT add any information not in the MR.

- Do NOT use bullet points or lists.

- Write fluent, natural English.

### Output Format (STRICTLY follow this format):

77 ’7 9

"name”: ”.. eatType”: 7...”, "food”: ”...”, "priceRange”: ”...”,”

customerRat-
ing”: 7.7 ”area 7.7, ?familyFriendly”: ”...”, "near”: ”...” }

text [Your natural text description here]

Generate exactly one example now. Output ONLY the json and text blocks, nothing

else.

(ERH: city=“Tokyo”)

7”7name77 ’7 9999 Tokyo Sushi Bar7777 , 279 eatType”” 999 restaurant” 9 , 999 food”” :
999 Japanese77 9 9999 pI‘lCGRange” N, N 77high77 9 2999 CustomerRatlng” . NN 5 Out Of 577 b ,
979 area?? 77 2 Clty Centreﬂ 77 NN famllyFrlendly” Y. NN no?? ” , 279 near?? 77 7 the train Sta,—

tion”” }

Tokyo Sushi Bar is a high-end restaurant located in the heart of the city centre,
offering exquisite Japanese cuisine. With a 5-star rating, it is a popular spot for
foodies who want to indulge in premium sushi. However, it’s not family-friendly, so
it’s best suited for a night out with friends.

3.5: a7+ e AMY ¥ 7Bl (E2E NLG)
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BUE o LRDH > FUERNT S, —F, non-entailment DLGEITIX, Rt
IRFADSERINCHAL L TWS Z e B2 Wiz, FHUMENRIE o U EDY > 1%
FRov3 5.

—77, ContractNLI & 27 TlX, T2 entailment, contradiction,neutral @
“METERINTVWS., ZOXRRAZTIX, BRI, entailment TIXEWE
BRIVERILLEE, contradiction TIXERWELIE, neutral TIXHIEE OFRLE %/~ 3
FRHBEEZONS. ZIT, entailment IZOWTIIEELIEDBIE 3, LLNDY
> T NV%E, contradiction IZDWTIIIALUEDRME B, LLEDY > T v%, neutral
WZDOWTIEBMEDS Bs LIRS L IE By BULE (72720 Bs < Ba) DY ¥ IRV
B274NR)YTEITI. FRROT74NRY) Y ZBVT, BE o & 81X, 7
NOVIFIZ IR D 20% DY ¥ TADBRINE NS X5 ITRET 5.

HiHE & IRELDIEBE L, Zhzhe Ry FPARBUSEIRL, 2 DOXRT M D3
YA VEELETHI S, XORTZ PARBICOWTIE, RRA 7 OFRHEICIG U TR 3
KEZHWS. RTE 2R 7T, — KX A4 VOB EZNRE LTED,
HEEDOEL D B EOBEERNEGRE KT 3 e E 2 5N b7, TF-IDF %
HAE T HHENRY MLVERHATS. —7, ContractNLI X X7 TlX, EEHEE
FEDOEXD»OIAWBRRIHCET VWIZANZ L GENb 70, RENLRHEED—
BCIIERNBERZEYNCIZ s n. 2078, Sentence Transformer [1] %
FAWTX 2 iR AT 5.

BB, TOFELET 4 V&Y 22X, ARG O ERKI BRI ER S
LT3 RTE B XU Contract NLI IZDOA@EH L, SA #2275 XN E2E NLG X
A ZIIEEH L 72w,

3.4.2 HWEXRTIsILZIDT

LLM IC ko THOCAER I NY ¥ P BWT, ElERIERVT F X M,
XiERN D 5 VIFERINICAERTH 256, 70 M THERATEZR T ERD
I L TWBIBENZ V. Lo T, LLMICk-oTEHEINSTF X b4
BHERIX, T VHBDRZDTFRA M2 OREARPOZYTHZ YL T
WENERITIEEEARTIENTES. ZOWEICHSE, AMFETRERENT
XX POERIERZY Y INVOEHEEZHMET 2 REE LTHWS.

BRI, REBDIWWRT XL, ERINTTFA s ITHEENLFHFED
REFEFHMER O ZEHEER a7 LTERT 5.

1 N
Score(s) = N ; Priv(w; | context) (3.1)
2T, Poam &Y IAEBICH WS LLM BEIZ X > THEE XN B REFEDT
HHERTHD, NIZTFRA D s ITETN2HEHERT. HEMREROFEEZE AV
28T, XEDEWMIXZHWEREMLTWS.
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CORATHHEME T, ALV TIVERFEL, ERREDY > T IR T
5. BET, % 2KoBLZ 1800 3EOY Y AN INE LS, ZRY
HITRRERANCERE L 7=, BARRIZIX, RTE TlX 0.85, SA TiX 0.7, ContractNLI
Tl 0.7, E2E NLG TlZ 0.85 & L7=.

CDERMERT 4 NEZ) X, FUEZ 4 V2 ) 73R D, XX U[HEH
HORFNRIFEL WD, TRTOXAZICHBE L CHEHAAEETDH 3.

3.4.3 LLMFHM&EZ s IILRZVU>T

HOAERI N2 Y IVOEBEEZFHMAS 272912, %> v z4Em L7 LLM
HEICZDY Y INDOEZYNEITHE X, ZOEEENMEWY Y T LEZRNT 3.
O LLM 2 X 2 HOdHiiic oL 74 v &) > 7% TLLM §Hii7 4 v &) > 27
EER. RFETE, ERTFATIOMGICARIZDODDTIERL, ENRY
YINMZBIF B AT HITDBEBZRI RRAE AT OB EZ L TWEhE S %
LLM IZFHii X & 5.

LLM 1%, XA 7 EFRS AHIIEOERENICRERICEE § 2 513k 2 NERIL L L
THREFELTEBY, o VAR Fl— 0D AE & CHEREE IO W, £
BAERNZ A7 O E R L TWE0EHHTE 2 2 IRET 5. ZOREI
Fox LLM HEIC X 25HfiE, XX Z7EEHOB SO~ IV OEHEE = H]
IR LTHRET 2 EZ N 5.

LLM #Hifi 7 4 v 21%, X R Z e WZiHiilkzR L ery Py 252, &
BT OZYS MR 5 BiE (1-5) TRMiix® 2. ARFZETIX, 78Ny RER2k
WERRET VR HWT WS 720, FHifE s € {1,2,3,4,5} IS 28ME T —2
> DAERNEER 2 P W 5.

BH TN 1T LT, HADEHDAEICBIT 280l b —2 > s DHER p(s | z)
ZERHEL, RDEWVERERZROBUEZ LY~ TV OFHiEE U THHT 5.
MBI RO XS wcER b 3.

§ = arg 861{13%5}19(5 | z) (3.2)

TANR) Y ITEMEFZ 4 DD RMARZ TRTTH@E L, §>3 D7
DAEEEHEHL, §<2 0¥ IR T 3.

B RZA BT AEEETHTGH e > 7 N K 3.61TRT. RR T DEFRR, 77
R R ERR A7 & TRHMEAME DA R 203, BEARNKRIERIEZ 4 DD X
A7 TRECTH 5.

B2 VDAL FHMliEFR—® LLM TIT5 Z 22k b, ARk oREZZM 0
G e BE U HETY Y TNV ERETE 2 APAFEORHMTHS. £
7z, ERHER 7 4 V2 ) O IREICEBIEARS Z5HES 2 DIcxf L, LLM FHifi
7 42 Y I AR TIBGROZ Y ERHIRI TR R S 2 TR TH 5. F
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72, FIRA A VI ZDFHEFEMEL T a o S NE 25 28T, 7HEXRT <4
AR A7 DWTIUCHHE L CEAREETH 5.

22



Rate the quality of this RTE example on a scale of 1-5, where 1 is very poor
and 5 is excellent.

Consider the clarity of the premise-hypothesis relationship, logical consistency,
and overall quality.

Premise: 7 {{text1}}”

Hypothesis: ”{{text2}}”

Label: {{label}}

Rating:

(a) RTE

Rate the quality of this SST2 example on a scale of 1-5, where 1 is very poor
and 5 is excellent.

Consider the clarity of sentiment expression, naturalness of language, and overall
quality.

Text: ”{{text}}”

Label: {{label}}

Rating:

(b) SA

Rate the quality of this ContractNLI example on a scale of 1-5, where 1 is very
poor and 5 is excellent.

Consider the clarity of the premise-hypothesis relationship, logical consistency,
and overall quality.

Premise: ”{{premise}}”

Hypothesis: ”{{hypothesis}}”

Label: {{label}}

Rating:

(¢) ContractNLI

Rate the quality of this E2E NLG example on a scale of 1-5, where 1 is very
poor and 5 is excellent.

Consider whether the generated text accurately represents all the information in
the meaning representation, the fluency and naturalness of the text, and overall
quality.

Meaning Representation: {{mr}}

Generated Text: ”{{text}}”

Rating:

(d) E2E NLG

3.6: (BHEMERHIE 7 0 > 7 b
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3.5 77AVFa—=>F

TA4NR) Y ITHEDOHCER T N ETF— 2% HWT, LoRA (Low-Rank
Adaptation) [11] 12X 2774 ¥ F2—=V7%1T75. LoRA &, FHAIFEHEA
LLM Q2R T XA —=REHEHT B ek, BEATIERS > 7175 CalL, %
DT RA=RDAEEET 5T, stEMB L FEHOLELZWALT 5FHET
H3. AT, BEOTFREZAZITH L THE—O¥ERE THIEERZ1TS
WBDH 572, FHIHEH T 25 EEOMRENZNIZEEL BRVRE RN TH L
ELOHEBEDEWE D AREL LoRA ZHH L 7.

3.6 TFTRHRARIADIER

LLM D774 YFa—=vT%, ZNEHWTINREZAZ 2. ZDRIZE
zero-shot D70 Y X 2HWS., X ZA7D 70y 72X 3.7~X3.10 ITRT.
DERZZ1CBWTH, T2 LLM 35S Tz AEmEoERE T
NTH5. LEDoT, HEEXRAZIZBWT, B~ ke d 28E s —27 >~
DEMMER p(y | x) ZHW, argmax, p(y | z) 1K D &S @WEMERZ F-OR(HE
PYHIZANLE LTS 3.

The purpose of the RTE task is identifying the relation between a premise and
a hypothesis is "entailment” or "not entailment”. If the relation between the
premise and the hypothesis is ”entailment”, the answer is 0. Else, if the relation
between the premise and the hypothesis is "not entailment”, the answer is 1.
Now, the premise "{text1}” and the hypothesis ”{text2}” are entered. Which
is the answer, 0 or 1:

3.7: RTE & A7 D 7ua > 7}

The purpose of the SST2 task is to classify the sentiment of a given text as
positive or negative. If the sentiment is positive, the answer is 1. If the sentiment
is negative, the answer is 0. Now, the text ”{text}” is entered. Which is the
answer, 0 or 1:

38: SAXZRI7DTar S
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The purpose of the ContractNLI task is to classify the relationship between a
premise and a hypothesis as ”entailment”, "neutral”, or ”contradiction”. If the
premise entails the hypothesis, the answer is 0. If the premise is neutral to
the hypothesis, the answer is 1. If the premise contradicts the hypothesis, the
answer is 2. Now, the premise ”{premise}” and the hypothesis ” {hypothesis}”
are entered. Which is the answer, 0, 1, or 2:

3.9: ContractNLI X7 D7 a7k

Generate a natural language description for the following restaurant/venue at-
tributes.

#4## Attributes:
{mr}

#4# Description:

3.10: E2ENLG #2270 7Sua > 7+
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BAE  FH

AETE, ERLZEC 7 U E T — 2 2HOWREFEOEMNZ, H
DRMARAZICBI2EBRZELTIHMEST 2. 3 4.1 HiTlE, 227128
THERREL LT, HHETL, FENE, HliteE, 8LUOHRFEZRT.
i 4.2 Hind 4.5 HiTIE, DEXAIVBIVERRA 7 EZELETMEARAZIC
OWT, ARDOERBRFRE L HBREREL, ZNLNOBEILEREITS. Rk
IZ 4.6 fiClE, EFMRAZOEREREZ, 741X ) Y ITFEOEMEICD
WTEET 5.

4.1 EERETE

AEICUE, IREFEOFHIICH W EBRREICOWTHRS . KFFETHS 5
RTORMRRAZ BT 2R EL LT, HHETN, 774V Fa—=v 0%
fF, FHEfEREE X A TR E RS,

FAETIL BRIBAR7ZE 512, FREAR I 2R 7-oDRM 7223 LLM 2 LT
Llama-3.2-3B-Instruct [20] ZfH 3 5. AAKETIE, LLM 2 FRZ X703 5
TERBIEENZE T2 L 2R §570, HIC/ VAN I aryFa—
=V IHEI Tz Instruct IRET LV EZRHT 5. RETIUEH 3B I X —X%
B3 %. BERFIETE, AL LLM 2 ’RZ X270 > FA4ER e LLM 3 7 4
VR AT DY TADEEFHmC V5.

T7AFa—V0F%E BRCHBAR K51, RIFFETIE, LoRA[11] ZHWT
774 Fa—=VT%179. LoORA DIV 0% 8§, RTr—VV 7770 X—%
32, Fay 77w bER% 0.05 IZRE L7z, BHINFEDEX Transformer 1285
Query projection (q_proj) # & f Value projection (v_proj) ® 2 & L. Z
NHDOEIET 7TV a YEEOEENCEEES T 2729, MRERXZADHEIBIZ
BOWTHERNDPOLE LA EDPARETH S EZ NS, FERIT1x10™, =
Ry 78BIE 50, Ny FHAXE8IIHRE L. £/, HCAERT —XITX %%
BESD, 7=V =X v ¥y 7 %@l L7z, BERfERICIE train_loss &
v, ZifE (patience) % 10, f/heiEE (min_delta) % 0.001 & L7z.
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BDNA =85 X—X 1%, RTE, SA, ContractNLI, E2E NLG O3 XTD K
B2 ZBWTHEICHW .

FHET—2ty b RBEFEOFEERD D, MRTRER T DRFHAXY F<—
77 —%ty he@HT 5. RTE G X X7 IZOWTIE GLUE XY F<—
27 D RTE[4], SST-2[5] 7—%+t v I, ContractNLI & X 712D\ Tl ContractNLI
T—&%tv b [2], E2E NLG X X 7122\ Tl& E2E Challenge Dataset [3] Z 41
ZFHHWS. RIFETIE, FRERZ DTN E T =R TERWIRNZ
BEL, T —2BLUNY) T =2 a7 —=RIMEHES, 7AMT—XDA
ZHOWTHHEIZITS. KFHlir—&xty bV IV ERA1ITRT. £, &
Pl 7 — Xty MZBIFZ IRV DY v IV ZDEIERR 42 I1TRT. 7
B, E2ENLG BEKE R TH L0, T NVIFELRV.

£ 4.1 FHET—&22y POV TN

Dataset #Test Samples
RTE [4] 3,000
SST-2 [5] 1,821
ContractNLI [2] 1,991
E2E NLG [3] 1,847

£ 4.2 fHMliT—&%t v FD I RALGH

Task Label Count  Ratio
RTE entailment 1500  50.0%
not_entailment 1500 50.0%
SST2 positive 911 50.0%
negative 910 50.0%
ContractNLI  Contradiction 903  45.4%
Neutral 878 44.1%
Entailment 210 10.5%

FHEIEIE SEMfEEIE PIRAR R Z WO U THRET 5. THEX X7 TIEEITEME
ZHWV, FOVGMICRD BEET 2 2 X7 (BARRIZIE ContractNLI Z X 27) 12
DWVWTIX, &7 7 R %EL LGl § % 72912 macro F1 2a7 =HfH 5 5.

B AR A7 12OV TIE, BRASEEROF I —ENI AW SN 2 8 B O HE)
PR W 5. AL T, n-gram 123D K RN —RE LM 2158 L,
BERELMEICE SO WS Z T, BRI Lo
ZHNCFHS 5.
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n-gram (230 { FHfifEE LT, Corpus BLEU [23], ROUGE-L F1 [18], &
O METEOR [8] Zf\%. BLEU &, £ B D n-gram O—BERIZHED
X XEARKTBY 2HEER - ARGVE R G 216 TH 5. £/, ROUGE-L
X, mEHEES%] (Longest Common Subsequence; LCS) 1ZFEDWTAERM X &
S DRI —BEZRE T 2 TH 5. METEOR X, n-gram —FUh
Z, BB ENILEER TS Z 2T, BLEU X b R K E— G
ZITOHETH 5.

—77, EBREPELUEICED  FHiifERE & LT, BERTScore F1 [30] ZHW 5.
BERTScore &, HR2AEHEASEETNVOXRMDIAAZEFHWT, £ SR
XD =7 UEOEKRMEMEZFE T 26ETHH, RENZHEEDO—BUTK
FELRVWEKRL LT ORI AIREIC S 5. ABFFETIX, BERTScore DFefTHSE
TIAS HOWHNTWBREIZHEY, RoBERTa-large [19] ZHAEHFEASEET
e LTHERLT.

ERRAR A2 THP E2E NLG X A7 TlX, F—DOREKRNENPERD R 2RE
TEHINFZ78, n-gram IZED {HEED A TIIAERMSE % 170 1 FHli T = 72
WIEENRHBEEZONS. ZD0, AR T, REN—REZH S n-gram
WCHEOLIEE Y, BEHRNZYEE2IEZ 2 BEHELME IR IEEE AT 2 2
T, AR cFRRICEEHTS 5.

ERFE ERTIMERTEZ GO TUTOFEREHE T 5.

e Baseline (zero-shot): 7 7 4 ¥ F 2 —=> 7 %2707, HAIFEEAKM
BAZEEE T VI zeroshot 70 T2 H5EZXTRMRER D ZffhE 238 E.

e FT w/o Filtering: EF VAP ER LT NANETFT—XE2ZDFFH
WCT7 74 v Fa—=V I RITOFE ERYF I Ts7 40080
JIEATOIRW.

e FT w/ Similarity Filtering: £ L 7% > VI LELME 7 4 121
VIORBEHALEE, 774 vFa—=r I BITSFIE

e FT w/ Probability Filtering: “EfER 7 1 L&) » IZHEOWTHAAE
Y INREFERNL, 774 0Fa—=r 72T FE

e FT w/ LLM-based Filtering: LLM #Hi7 «+ L2V > 72 HWTHCOA
Y TNRER LT, 774V Fa—= %17 FA

T7 A4 Fa—=VI2T0T, BAIFEEBAETNVEZDEEHWS zero-shot
iz N—2A74 35, ZUmz, BEERT —X2HWT 774 v Fa—
SV RTIEBFIRICONT, 740X I RITbRWESYL, HEUET 4
NRY VD, NIRRT 4 V&Y 7, LLM #Hli7 4 L&) > 7 %2EH L1358
Z R T 5.
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4.2 ,%'\351’7‘:',..\.:5‘555’ y 8/

LLM iIZ X o THERENEEBREHRA R 70V IVBB LUK 7 4 L&Y
VI FEEABROY Y SN ERASITIRT. R43 LD, HHITEZ 740D~
TFEICE T, REINAEFZI N TVEBDBER D e nhb. %7, H
BEZ 420 7T, MOFEEHERNTEIDZLL DY Y IADRNIHTHY
5. ZNHDEWVWD, FNREARZDOZEMRBICED XS REERZE Z 20200
TIX, Bid3 2 MR RIS OV LS ERT

# 4.3 RTEZRZIZBITB2 7 4020 ¥ THikOY >~ TV

#Samples
7 4 R VIR 1,454
Similarity Filtering 1,162

Probability Filtering 1,242
LLM-based Filtering 1,277

#* 4412, SGEBFREH (RTE) BT 5= 7 4 Vg 6 NIREFED
ERERT. £/, M412BI2HEERY Y ILVOEEER a7 (Rifd kG
DFELE) Onfik, K42 ERMERT 4 L2 ) 72823 HEERY > 7L
DIEEER a7 (ERER) Onfiz, K43 LLMFHii7 4 L2V > 27281
ZEHEZaY (LLM X 25Hiiza7) onfizZzhzivns. EUEICXL?
7 4R 7T, entailment DY TADAT 4 VR ¥ T RITV, T 4K
) TR T =20 Y TV EIER L TW5 79, 4.1 1X entailiment ®
P INDABDTHEEIZ>TVS.

% 4.4: RTE & 2 2712817 3 iHllifs R

FiE Accuracy
Baseline (zero-shot) 0.4693
FT w/o Filtering 0.5235

FT w/ Similarity Filtering 0.5632
FT w/ Probability Filtering | 0.5307
FT w/ LLM-based Filtering | 0.4908

RAADSTND XD, R—RAF 4 > ThHs zero-shot #ime LKL T, HD
AR LT EYF Y TV WT T 74 Y Fa—= U P 2iTo758, 74L

2V Y 7ERATORBROWEE (FT w/o Filtering) T IEfEZERDY0.469 705 0.524 N\ &
M ELTWws. ZoORRE, ik A7 ICBET 256 % LLM BHE» 55| 2H L,
FhedEr—2e LTHEAHT 2 AMROEARNL 7 Fu—F23, RTE X X7
WXL TH—EDEMEZR O ZRLTWVWS.
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[ Discarded
- Kept
== Threshold (0.171)

0.0 0.2 0.4 0.6 0.8 1.0
Similarity

B 4.1 BREZ 4 &) Y 7K B EHERa 7 D01 (RTE XX 7)

500 1 1 Discarded
. Kept
== Threshold (0.850)
400
300 4
o
€
=
&
2004
100
0 T T T T T
0.0 0.2 0.4 0.6 1.0
Probability

B 4.2: FERFERT7 4 V2 BT AEHEER 27 D0 (RTE 22 727)
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== Threshold
[ Discar ded
. Kept

1200 +

1000 +

800 4

8 600

400 q

Quality Rating

X 4.3: LLM §Hifi 7 4 L2 ) > 7 BI 2 EEER 27 D9 (RTE X 2 727)

TANR) Y TFEOBRBWVNIEHT 2, HUEZ4LEY 7R L5
BiTR D EWIEMER (0.563) 255072, RTE X 227 TlZ, entailment 7 XL23
EENTH Y TTBVT, Bt e IROERNESENEETH 5720, W
HOFLENE WY Y FILEEFTZ e, TULEED RARERL I OFRE
WEMZEWE2EZ oS, K4 1IRTHELUESE RS &, FELED 0 »
51 FTOY Y IABHBINGEIFELET 2 Zebhrd. 2HOY >V IV ZER
NFTBEND T4 VR Y TORGITLIA, BME 0.171 IROY » I 2kR
HLTWE., ZOZehs, HEUET 4 L2 V2%, BERRISSTENY > 7
NESERIZTHT 2D DTIERVWDDOD, EHICEHTRWY Y 7L eI
RETZZET, R LTETLVOREMERENR ELUAREESRB XN 5.

—7F, ERHERT 4 VRV TERWEGES, 7402 ) 7R LOREL
NTRERMRER EIZR 5N b o 72, ARERIZ T ICXORBITESE T L DE
LR T2 RS 246ETHD, XHOEKERZD D DL EEIMGT 2d D
TR WD, RTE ZRAZIZBWTIIRNRPIBREN TH > AlgeEdrH 5. ZD
R, K42TRTEBIERTHDP O DMWRT X 5. 2L DY ¥ IV EMERTEE
WEARLTWEZ 26, ARERSY Y IABOENERZ oIS Tw
BWZ DRI NS.

F/2, LLM I K2 HOFHEZH W=7 4 &) ¥ 7 TlX, [EfRBR—2 7 A
VERREEICEED, o7 4 &) U IFEL R THWE MR TE Lo
7z. RTE TIX, MWL &EBRCOEERNZaTHRIcE S {HEims kDo 3729,
B INVEREFE—DET M XS HAFMGTLE, 7NV 041 % 21l
TERPoHENL D 2. ZoMEAE, K 4.312R3 LLM #HfiZ 2 75 b
HATwW3., 2L OB Y 7P LM K& > TEFEENEWV (4 DILE) FHlixh
TEY, KFMY > IARDEDFELBEN D, FA—ET UK 2 HIET
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lCIXERE D > TV EMRINGRANTE RN L RE XN S.

MEXD, RTE ZRAZI2BWTIX, BOAER T —2Z2HWk 774 v Fa—=
YIEKIEMTHE2DDD, ZOMWREM LEDOEEWIET 4 V&Y ¥ FFIEICH
BET Doz, FHZ, ZRRAZICRHLL - EHEEREE W7 41
R IRERTHH, XEOEKREBRPARE 725 RTE TlX, FLUEICHESL
T ARV TDHRGEL TV .

4.3 RBOWRRRAY

LLM 12 & o TEBRINZBIETHT (SA) ZRRAZ DY Y TAVEB LUK T 4 V&R
VY FEEABOY Y IR RASITRT. £45 5D, SA XZA7ITBWT,
BT 27 4020 Y TFRICE o TEREMNIRR SN O IO RKRE R
252D, FHZ, LLM Mo 74 v &Y 7Tk, oFiEe bt
RTCEL DYV Y TADBRHNZINT VS, RIZ, 2 OD7 4 VXY ¥ TFEDE N
M7 74 VFa—=7%D LLM OMRIZH 6 THEBITOWTEET 5.

F 45 SARRZIZBIFB T 4R U ITRHiIEDY Y T

#Samples
NN 3,480
Probability Filtering 3,108
LLM-based Filtering 2,243

F 4612 SA RRZIZBIBR—RAT A Vs NIRBFIEOFHMGRE R 2R
F7o, K44 TEBER7 4 VR ) Y ERH LEEER 2 7 Th 2 EMIERD
S, K45 LLMFHi7 4 V&2 VU Y 2B 2EHE R a7 (LLM 12 X 37F
fixa7) Dotz 2N EIURT.

& 4.6: I (SA) XA 7128 2 FHiER

FiE Accuracy
Baseline (zero-shot) 0.5356
FT w/o Filtering 0.8234

FT w/ Probability Filtering | 0.6881
FT w/ LLM-based Filtering | 0.9071

F46%2AhDBY, N—RXF7A4 2 THb zero-shot Ham & b LT, HoAEK L=
SRANEY Y TIVERCET 74 v Fa—=U 2, 7408 V7 RITDRW
A THIEMRN 0.536 225 0.823 N KEL M ELTWS. ZO/ERIK, EED
Mo X 512 A1 e i 2 v OxfGERDS LB & X 712 B W T, LLM
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[ Discarded
E Kept
== Threshold (0.700)

600 1

500 4

400 q

Count

2004

T T T
0.0 0.2 0.4
Probability

4.4: FRIER T 4 NV EZ ) BT 3 EBERXa 7O (SA XA 7)

T
: == Threshold
1 [ Discarded
2000 4 : Kept
1
1
1
1
1
1500 H
1
- 1
c 1
2 1
o 1
1000 4 1
1
1
1
1
1
500 :
1
1
1
1
1
o 1

Quality Rating

4.5: LLM §Hii 7 4 L2 V) ¥ 2B 2 EEER 27 D0 (SA RA D)
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HE»SER LRI NN ET—XEHWET 74V F a2 —=V I NRA
A7 DHREA LICKELFE T2 2RLTWVWA.

TANEY) Y TFEOENMIFEHT S, LLM fHfiic k2 7 42V > 7%
HLZSE RS EVIEMRE (0.907) BiEoNTz. SA XX 7T, AREN
XAORFE DRGNS 2 EYNCEB L TWAL I 2 T3 Z L AEETHD,
Z OHIMNI L DOTRGHESRRERN R L D &, X2MEROERAFTICED < i
BMTHB., ZDD, RATZBEHCH L8R 58 Y SO % G s
5 LLM R—=ZD7 4 VR ¥ IPRRICIRINHEREL - EZ o5, ZDZ
21X, K451 TFHER 2 79 MIcBWT, Sl & (KFHfio Y > 7 L H3HAkES
DEELTWB 2 e BELTED, LLM I X 3 HEFHTiD SA ZXZ7ICBWTH
e > TVERFEE Y U THREST 2 Z 8 2EMIFTW5. £/, R451TRLTE
9212, LLM §Hii 7 4 V&) ¥ 7ROy > TNVEPMDSEAE X D Vv e
B, 7A4NR) XYY TIVEEDA LD SA ZZX 2712055 LLM O
BEM LD FEL2E R EZ 5N 5.

—F, ERHERT 4 VR VT ERWEGES, 7402 YT EITORVIRE
CLHANRTERESNME R Uz, ARERIZE T AN YZL T NLE ENE T ER -
THERLTWE0ERTIEETH 575, LLM X zero shot TH > FLE4RMKL T
Wa7zd, BHTLBIELV TN L TEWERNEI D Y Tons L IXRS R
W, K44 IR TERERS M ER S, 2L OV Y IV EEREBICES L
TEBY, Y ILEOENERZ THIASD I ENTETVRVWEEZILNS.
ZD, SA RAZIZBWTIE, ARERD X5 2 EBERELID D, XAV
B R EEEHMES 2 LLM §Hii 7 4 VR Y ¥ ZFFREOHTREMTH 5.

DEXDY, BIEDMARZ1CBWTIE, BEERT -2 A7 74 v F 2 —
U IWEMTHD, FIT LLM BEIZ & 3 X 2 78I OFHii % W=7 4 1 &
VY IRNRER FICKRELSFE TR e 0h oz, ZOMRIE, KAWL CHRA
L7-BHOAER - B2 WS A, AT e o5 IEEI (RSB 72 70 FEH &2
AZWZBWT, BWVEIGEENZFROZ e 2R L TWV5.

4.4 FRRXAALAVOBASEHERIRY

LLM 12 X o THE X7z ContractNLI 227 D% ¥ FTABB I OE 7 4 L&
VY FEEABROY Y TN RATIORT. 4T XD, 741X Tk
WEoTRREINZEBOERY > PVBICKREREDH D Z e o b. FBUE
TANRY) Y TBIOERER7 4 VR ) 7T, 74080 THiE AT
—ERDY Y TIADBRH SN TNE DI L, LLM-based Filtering T, 1ZI¥£
TOV Y TURRFEINTVWE. ORI, BT 4NVE) Y ITFEIEELT
W2 EHEE) OFEENRELD, Y P NVEFOR L XICHEVDDH S Z L ER
LTWa. BT, ZhoD 7402 Y I7FEDEVD, LLM ORI
EDEIICRMENEIDEFLLIELET 5.
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£ 4.7: ContractNLI R A 71283 7 4 VXY ¥ THiEOY >~ TV

#Samples
7 4 R ¥ IH 1,434
Similarity Filtering 1,145

Probability Filtering 1,032
LLM-based Filtering 1,422

#24.812, ContractNLI # R 71281} 2GR 2 RS, R421TRLA XD,
f#if L7z ContractNLI D7 2 b F—&+t v b 2] IZIE T NADHICKERRD
HoB7D, FHlIfEE L U CIXIEMRZTI TR, 77 ABDONT Y A%2EE LT
macro F1 227 AL TW5. %7z, K4.6~X4.8Z entailment, contradiction,
neutral D ZNENDNE Y 7 A=K OHAENRY > U LT, BEE Y 1L
2 7 THEBINEEER 27 (FiR e IREEOBELE) o0z RT. 61,
M 4.9 IHERIER 7 4 V2D BT EEER a7 (ERIER) ooz, K
410 LLM G 7 4 L2V > B 2EHER 27 (LLM I X 27Hfiza7)
D% TN EIURT.

7 4.8: ContractNLI & & 7 D §ffifE 5

Acc. macro F1
Baseline 0.4385 0.2125
FT 7 4 V&Y ¥ 7Hi 0.3651 0.2422

FT Similarity Filtering 0.3134 0.2734
FT Probability Filtering | 0.2983 0.2577
FT LLM-based Filtering | 0.4134 0.2376
Acc. JIEfEZE, macro F1 X7 I A NG ZE R LI~/ v g F1 2a7 2K 7.

3, X448 %A L, KN METE LT, HEER LTt EH > T
PHW/E7 74 0 Fa—=r2&D, R=XF7 4 e B L T macro F1 13w
THNOREICBVWTHH ELTWS., ZOHRIE, EfR XA UOvLF T T
AL WVWHOHGEDEHNRZAZIZENWTS, HOCERT —EZ DB —ED NRKX R 7 i
IOEIREFROZEZRLTWAS.

— T, ERRIIOVTE, 7740 Fa—oV 7RI RT2RED RSN,
FHMEFERRIC Ko TFREDOBEBEDPRESERIM R RoT. 20 & 52Tl
ContractNLI 1281} 2 ZXARNGEICEKT 2 e EZ o b, [ERRIIZEIRY
7 ADTHIMEREICR S HE I N D 720, DEIRS 7 ADMEEA L2323 L b IE#E
ROYEE LTRMEARN., 207280, KX ZAZIZBWTIE, macro F1 12320
CFHMEDF DY, T NVOFEENRMEREZ HUNCFHEIiL TWb &R 5.

TA4NRY Y TFEOBEBNIEET S, FEUET7 4 LR ) 7R L5
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40 { [ Discarded
. Kept
== Threshold (0.641)
35 4
30 1
254
"
c
5
3 204
154
10 4
5
0 = 5 ] }
0.0 0.2 0.4 0.6 0.8 1.0

Similarity

4.6: FEEZ 4 &) 72X BEHEER 27 D1 (ContractNLI % X 27,
entailment 7 7 &)

[ Discarded
. Kept

254 == Threshold (0.800)

20+

Count
H
G

10 4

T
0.0 0.2 0.4 0.6 0.8 1.0
Similarity

4.7 BUPEZ 4 V2 Y U X BEEER a7 D4 (ContractNLI & R 2,
contradiction 7 7 &)
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[ Discarded
. Kept

== Lower (0.159)
== Upper (0.841)
Center (0.5)

254

Count

0.0 0.2 0.4 0.6 0.8 1.0
Similarity

4.8: FEE 7 4 V&) 72 X2 EHEER 27 D01 (ContractNLI % X 27,
neutral 7 7 X)

[ Discarded
. Kept
== Threshold (0.700)

2004

175 +

150 +

125 4

Count

100

754

50 4

254

T T T t
0.0 0.2 0.4 0.6
Probability

4.9: ERIER 7 4 L2 Y 2 7B B EHER 27 D (ContractNLI & X
7)
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== Threshold
[ Discar ded
. Kept

1400 +

1200 4

1000 +

= 8004

600 1

400 q

2004

Quality Rating

4.10: LLM FHii7 4+ L2V ¥ 7B 25FE R 3 7 D1 (ContractNLI &
27

HlZi/ D EW macro F1 (0.273) 2386072, ContractNLI T, HitE & ARG DR
JEEARDEERISRIHICE D  IREB 2> D BH/RIN 2 B AT T 2 728, Wi D
BIRE ISR RSN Z 5 > TV E T 5 2 e as, FEICE NN 7T RENE
MDD, RFFETHWEELE 7 LR Y 270, itk KO IRFEFRE 0 5E
PIEICESWTH Y IR RNT 2D TH D, HERBEIGRIERL T 2RI
BENREFED. ZORRIE, HE R XA BT 2 HRSEMREZ X7 TlE, B
12 ARG D BRI BIRDSEHETH 2 Z 2 H, HOAERY » 710 fE D X
DB o TWB I ERBLTWS., IO\, K4.6~X4.81RF
HLESRIZBOWT, NV RZOMORENELRZ Z e PO EMITINS.
Entailment 7 X)L Cld 0.7 YU EOEWEMEEBICY > TABEH L TWBE—7,
Neutral 7 ~XJWIHEEOEMERICIA 7 LTED, Contradiction 7LD
AtE Neutral 2[R T, 3 L <X Entailment ¥ Neutral OB Z£5o.
D XD RDHEDENZ, FiHE RO BERIBEROBEI N T T IRE S
NV EBICEE L TWA IR RLTED, HEUEICESLS 740K Y VY 7H
HEERBARDBERR IR Y > TV RINCERIF T E TV A AREME 2 R LT\ 5.
—7 T, LLM FHliic & 2 7 4 v &2V > 270%, IEfRROHE TR E W EZE R
L7285 DD, macro F1 OWEFRER TH -7, ZHZ, IWH LLM »EHE
KA DB ERESS, MIbhEE - RRBEEr iz ahd, DIk 7 A1
B 2% I DZE TSNS LY TR o AREE R RLTWS, §
bbb, B RX A BV TIX, LLM I & 2 HOFHbA, ©3 L X R27IZE
U7-EHEEREEY L THREEL 2 WEEDH 5. K4.10 12" F LLM #Hii R a 74>
fMzRse, ZLAEDY Y TNVOFHIEIRD 4 THY, > P EOERNZERED
TR ONTVRWZ R h 5. UED»S, LLM iHifiicksd 740D >
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7%, ContractNLI @ & 5 REFI R X A4 2BV TIIE 2 ERIFEE Y L CTHHE
LIZKWEEZRS.

T/, ARERICEXZ 74020 2 TlE, IEfER - macro F1 ¥ ITKERK
BiEIR ook, ZOMBITERERIEVY > TAB0NT LR R 7
WERBREBRY Y TINTHE 3B NI e 2RmET 5. £72, K4.9I1TRT4
RHER D TIX, Z2L OV Y IV EHEREBICERLTEY, EldERICED
{74 NRY) Y TPY > IIEOFRMEDZEE TR T E TV WATEEME DS
»5.

MU LEo#ERD S, ContractNLI D K5 RHEFARX A VDo LF 75X - £
R 27128V TIE, HCERT —XICEB 774 v Fa—= 0 E—EDFR
ZROBDD, ZOMRIIMO R EHE R (RTE ZR 7, SA XA 7)) &
LERTIRERNTHEEEZRS. T, NHANREEEEL D B, XX ZEHF DR
MHEERLUILEME 7 4 V2 ) Y IPEMTHD, XA ADFEIGIZIE, X
D R A KI5 > TIVERIDPE T H 5 Z e IR ENTL.

4.5 TEANERZXRY

LLM iIZ ko TAER &N E2E NLG XA Z DY Y IABMBIUEZE 74 L&Y v
FFREHERABROY Y TNV R A9ITRT. K49 XD, E2ENLG 2 X 7IZBW
T, BRER T 4 NZ ) IBEXONLIM §fHli7 4 L&Y Y Z7OWT 2@ L
72Hmad, 74N0R) YIHIE RTINS Y TABIFIFEAE RN L
Mam5. £z, 74020 Y TFEEMTREINZ Y > TR ERZREITR
LT, RFEWRBVWTIE, WITNOFED HEAERY ¥ IO KERD 28812
HWTWwa., 740X Y TRBROY Y ILVEIZIZE AL ENRRVEIRWE, DI
DEBETIX, 20D T A NERY) Y IFENRFRXZAZHREICE D X 5 Br 52
ZEFHELLLONT 5.

7 4.9: E2E NLG X R ZIZBITB 7 4 AE D) U THiEOY > T

#Samples
ENIZ ONA 1,972
Probability Filtering 1,965
LLM-based Filtering 1,958

#4102, E2E NLG X 27128} B R— AT 4 7% 5 MR E T LD F RS
BERT. T2, KA1 IERERT 4 L2 Y Y B3 EHEEZ a7 TH
BAERMERD %, K 41212 LLM §Hii7 4 v &) Y BT 2EHERA T
(LLM 2 X %R 2 7) Oofi%k Z N EIURT.

T3, RNRMERE LT, BEER LI \UfFES Y ILEfniz7 74~
Fa—=V kD, IRTOFHEFEZEICBNT, X—2F 4 > TH? zero-shot
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# 4.10

- E2E NLG & 2 7 O FHfifhE

BLEU ROUGE-L METEOR BERTScore

Baseline 0.0458 0.2138 0.4045 0.8768
FT 7 4 V&V ¥ JHj 0.0874 0.2949 0.4693 0.9116
FT Probability Filtering  0.0881 0.2914 0.4712 0.9116
FT LLM-based Filtering 0.0910 0.2990 0.4743 0.9126

[ Discarded

. Kept

800 { == Threshold (0.850)
0:0 0.‘2 0.‘4 orobabilty 0:6

411 BRHER T 4 VR ) Y IZBI B EEER a7 O (E2E NLG X R 7)

2000 1
1750 4
1500 +

1250 +

Count

750 4

500 4

4.12: LLM
7)

1000 A

Quality Rating

40

=
|

Threshold
Discarded
Kept

A7 4 V&) BT BEFER 2T D (E2E NLG £ X



Hegmo SHRED M EL TV Z e MR TE 5. ZofRIE, EREA X780
T3, LLM BEDPER L 8MEM T — X ZHW5 28T, FiE AT ANDHFHIG
MAJRETHZ L ZRLTWV3.

FHMEHEREICAH 3 % £, BLEU % ROUGE-L Wo 2K E—BIcHKD BT
X, e U THERERWZRa 718 % > TW\Wb—45 T, BERTScore IXE\WEE
RLTWS. ZHUX, ETADERLIZXDAT MR & HEERCH X OH TIE—K
LBEWEGEETYH, BERNAEL LTEEMULTWE Z 2R L TW5. E2E NLG
D LI, AT 2ZYBRNIDZRITFET 2 XA 27I2BVWTIE, ERN
B % B C© & 21RO B E T VEREZ BEUNC KL TWB e EZ 61 5.

TANRY) Y ITFEOBWCERT 2, LLM fHfiic k2 74 02 Y ¥ 7%
L2581, TRXTOFEEZRICB W TR S SWEREDE S /z. E2E NLG X
27T, ERXHBAT MR CE&EN2EBHE HOME BT ER LS EATWS D
EODPHBEETHD, ZDXIREXATZEMZ, FITXOTGMEZ TS 2 £
HERT7 4 V&2 ) VTR DICEHETE W, 20720, AN B HoxcrE%
ZEHEFMGST 2 LLM X— X DFHEEFHMEDS, SMERYEY ¥ ILV0ERNCE
MTholzeEZOLNS. K4.121TRF, LLM fHMlir a7 2RI 2L, LA
COY Y TINADFMRATH 4 LiroTW5, MBONEXX 7 THRaA7H 4D
B2 TNADBEZND, E2E NLG RRZDHEBY Y IARODRAa7DIX6DEN LD
INEWV. ZHUE, E2E NLG 2227 I2BWTIE, AN MR ICH$ 3242 o
ZREMEDE K, LLM 12 X 2 Z 4 A ERICE 22 2RIEL TV 5.

— T, EBHERICEZ 74X VP ERWEES, TAARY Y IHRLD
RE L L THERER RIZRERTH o 2. EREERIZ, ET LI o TER LS
TV RN AR R 2 & FHES 2 EAH D, B3 LD MR ONER BT KL
LR BERTE 2 LB, £/, K4.11 T, BRI EWEBICIE
EeY Y IAREFRLTED, ERfERICE S CIEENRY IV OF D 2%
PHICKMTETWRWE SR 5.

FA9IWTRT LI, ENERT 4 VR Y 7B X LLM §fHii7 4 v &) >
TDOWTHIZBWTS, BN NI Db o7-. L L, LLM FHf
TANRY) Y TDABRETDIEEIIBNT T 74 VF 2 —= 2 ZHDETLDOMHEE
PRI EXEE 2oz eh s, LLM X2 HEiHMEDO ARREDRBWY > 1D
EHINCH L TWb 2y, REZPETHEBEDOY VIV ERNT 5 Z &2 E2E
NLG Z A7 TEMRNTH o722 e 3bh 5.

M EDER»S, BOAENR T — 220774 v Fa—=r 20, 7HEXA
RS T, EREZRAZIZBWTHAEMNHEEES 2 Z L BER SN, FiZ, A
1 I OERPIN ISR EZEMR T 2EM A X 7 12BVW T, LLM HHIZX 5 %
2 ZFRIA DR % W2 7 4 V&Y > 7H, B ICH WS BEAERY Y L0
ANCBWT—EDEMERZR L. 2D LiE, AR THEEZL-HOAWN - 8
MBI OB AD, ZhER RFRAEREZ A Z ICHEHAARETH 2 L ZRBLTWVA.
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4.6 FRAVELEBRICEDICEE

AETIE, BEHIETIORLES NRX A7 OEBEREZRE 2, BOARY >
TN T B 7 4 VR Y TREEOEMEICONT, R ZITX 5B NEELET
5. TAILICE MR RAZIZBI LMY Y TNV ET7 4 VR ¥V THBOAERK
BEHBROY > VB EEET 5. 72, R412R413ICKEFRRAZITBIF 5
PSR 2 e S 5.

F 411 ALYV A

T AR TR
B I | FELE AREER  LLM M

RTE 1,454 1,162 1,242 1,277
SA 3,480 — 3,108 2,243
ContractNLI 1,434 1,145 1,032 1,422
E2E NLG 1,972 — 1,965 1,958

T3, 2fRztER e LT, BEERY Y IV ERWE7 v 4 Y Fa—=v T
X, PEEXRY ERER AT DRIERDT, zero-shot XN— R F A > ¥ LT
REZR M EX82 2 e RSN, ZORRIE, FRZ R 27 BT 2 @ ER
FEEA LLM ICEBENICHNELTEY, BEAER T — 252N L2774 v Fa—
=& oT, ZOHEE RRAAZIHEILEIE S Z L DA[RETH S Z & &R
BLTW53.

TA4NRY Y IFRICERT S, LLMiHiiic k2 74021 > 270%, SA XA
J7BEUY E2ENLG 2R 27 IZBVWT—EHLTEWERER ELZRLE DX
227 TE, AN oM EBERALERHETH D, Yo I rozbtE% LLM
DM LT Do 72BN D 5. T2, £4.11 o5 bOhB L1, SA XX
T LLM §Hfli7 4 L&V VN Ko TEL DY IADHIREN-—FT, &
R MREIIR b E L o TWb. —J5 T, RTE % ContractNLI @ & 512, X[H
HERPEMMNARE L E Y T2 X227 TlE, LLM fHli7 4 v &2V > 270 & 2 1HHE
WEIRENTH -T2, TNHDXRAZ T, BEAERINEY Y 7 LVEKRICE
FNZHFHR D PHFRDORIEE LLM DBIRZ BN TERhoTEZIOLNS.
$#1Z ContractNLI O & 5 BRHEFI R X 4 ¥ & 27 Tld, EHIREOBEERITETHR IR
THHD % LLM BT 3ICHCHMHTE R > 08D D 5.

ERERICHE DS 74 VR ) U 7E, Y TABETFINC K> TEREITER
IR TV, DLV Y I LORGHEZIERE L TVW2d0D, XX T ER
Wit 2 AHTBROIE L S 2 EHGFHE S 2 D TIE RV, 20729, KT SA X
AZWZBVTE, 74AVR) 7R LOFEL L THREME RS 2R ko
7. TOZehs, 774V Fa—=VITHT—XOENICBNTIEX, 7L
MRAZDERICHE L TVWEIDNEZEZERT LI EDPEETHIEZ LS.
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K 4.12: PEEA712BF 2 HERELLEL

FiE RTE | SST-2 ContractNLI
Acc Acc Acc Fl-macro
Baseline 0.4693 | 0.5356 | 0.4385 0.2125
FT 74 A&Y ¥ 7Hi 0.5235 | 0.8234 | 0.3651 | 0.2422
FT Similarity Filtering 0.5632 - 0.3134 0.2734
FT Probability Filtering | 0.5307 | 0.6881 | 0.2983 0.2577
FT LLM-based Filtering | 0.4908 | 0.9071 | 0.4134 0.2376

# 4.13: E2E NLG R A7 1281) 5 HERELLE: (F518)

FiE BLEU ROUGE-L METEOR BERTScore F1
Baseline 0.0458 0.2138 0.4045 0.8768
FT 7 4 L&Y > 7R 0.0874 0.2949 0.4693 0.9116
FT Probability Filtering | 0.0881 0.2914 0.4712 0.9116
FT LLM-based Filtering | 0.0910 0.2990 0.4743 0.9126

BLE 7 4 V2 Y U 7F, ETOXRRAZICHEHATE 2 FETERVWH DD, RTE
& 27 DIFERER ContractNLL <2710 F1 TBVWTHEbEWHERRLE. 2
U, AN I OERIIBRHIER R 7 28 AT 2 Z 2 h, HEmg 271
BWTHMTH 2 A[ReMEZ LTV 5.

DERR T L ERR A7 BT 5, R TR - F2ERR A2 TH 5 E2E
NLG IZBWTIE, LLM ICEB3EHRR—ZAD 7 4 V&R »7H, B DR
HIFELLE % 53 %2 BERTScore DA FICHFH 53 2 AR XN, —F, 7
R ZAZIZBWTIE, BRI ZCWREMBR T 4 NE) V IFENERD, B—0D
FEBRETDRRAZIZ—RRICENTH 2 LIRS EBHL IR 5 Tz,

MEXY, BEAERT—XICE2 774 Fa—=v 7%, BEROTRREAY
WKL T—EDEMEERLIE—AT, TOMROREIRLBEN R T 4 LR~
TFHEFERA 7 OWEIKFET 2 Z e HL IR 5 7z,
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EHE HbHDOIC

AETIX, AEDOFLDH L SHOBEITONWTHRRS.

5.1 FXMAEDOFE®H

AT, TR EFT—ZBPFELRY, D20V TREN RN T
WBWT, KB EEET L (LLM) 2PHEEK L2 7 N &3 2 7z v
72774 v Fa—= TOEMMEERIEL 2. FC, BEAERT—XIW3T 37 4
NEY) Y ITFRCERL, HEOTFREAZIIBWT, 74 VRV 7EGEDE
WS RIRAZ R 71203 2T VDOHREICE X 28R ZEERNC T L7z, R
T, Vo VAR - 3> &R - =7 V88 O BB %2 BRI 7 BE L
THHHAERRAST 2 22T, HEART —ZDOHEE 774 Y F 2 —=VTHD
EFILDOMWREL OBIREEZ L /-,

KEHER?S, HOER T —Z2HWET7 74 Y Fa—=v 2%, JHEERY
BIUOEREZ R 7 DRIERHT, zero-shot X—2A 7 A > & L T—EDMRER
LR FT e PRI NT. ZOMRIE, FHFEEEA LLM B RiRX X7
WCREHE S AR BN LT D, HEAERT —XENLEFEICL->T
LLM O RRZ R 7 % ez m EX B 202 RE L2 D THo T2, —F
T, 74NRY Y TFREOMBIZZR A ICHIMBKIFLTEBD, B—D 74 1&2) v
ITMWETDRAZIZBWT—EBLTEMNTHS EERORVWI LN 5
7z, FRZ, A1 H1OMIGRERA LI BAfE 72 % 2 7 TlX, LLM 1T & % EKH
ZUMFHIICE D 7 4 VR ) Y I DEVNCHRRES 5 — 77, EHERRC S M AR
BPHEET XA T, ZOMBIIBENTH 7.

AW, BOER T —RE2HAWE7 74 v Fa—=7I2BWT, 741X
VYO FEL R AR OBIGRE RN L - RICERL D 5. AR THE
SNFHIRX, 70U & F— XIKIE L W R AR R 7 #IL RO L
TSELRH2EMEREETZ2D0THD, SBROHCFEBIUHLF 2 —=V
TWGEDHEMBE L 15 Z e I NS,

—77, RFEIX WL O DHIFIBFET 5. £3, FHlER S N7 Fii&
A7BIXV LLM IZESWTUITORTED, FoNHENETDOX X< LLM
W—HRALATRETH 2 LIRS 2w, F72, BOAER T —RICHTE2 74 02) >
JFEFEL LT, HLE, AR, LLM 3l 2 W o 72 R B Al 2 5k SR L
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TED, XbEELRHRIVESIERAEHGR e OS2 B3 2 MHAZ
BFENTOVRV., 51T, AFETIEIEHOERT — X DA E HWEZEEREICE
HEYMTTEDY, PEODAFTFT—X L OHHRFHED D REITOWTIIBF L
TV,

5.2 SERORE

SHOFEL LT, $F7 402 ¥ 7HED BEILE X OHEIGHEERA 5T
BB, ZRZOWERERT —ZODMIGEL T, EROERY > T Lo E
PR AL DY S, HEVEBINCYIDER2LT, KDEELET—
SERDAREC R L EZAOND. £, HIFPXA VXA 7ZBWTIE, S
HI#P N —N— 2ROBFERMARAATE 7 4 N2 Y ¥ P FEOBADHLTH 5.
o2, HEAENRT — R e NF7— X 2 BIERICHAGDE 2FERER, HA
R - O — 7R RN 3 A RE S, [ OERT — 2ok
DL MRE R ZHEICDOEfGEZRD 2 L THELZTAETH 5.
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T &A BET—4H

A.1 RTE * ContractNLI ¥ X7D*—"J—F

RTE X A7 CEHLZF—V—F (Wikipedia DH T IV ) O—H%EFR A1
WCRT. F72, ContractNLI X 27 CFHL7=¥F—vV— R, RTEXZAZ 2R
F—U—FYXroFhrsB L THEHALTWAS.

Z A.1: RTE * ContractNLI Z A7 CHEHL/zF—7 — FO—I

Research Mountains Empires Statistics Scientists
Encyclopedias  Oceans Agriculture Logic Politicians
Music Medicine Education Biology Writers
Literature Nutrition Politics Physics Philosophy
Architecture Historiography Mathematics Astronomy  Ethics
Buddhism Christianity Islam Economics  Law
Sociology Artificial intelligence Robotics Engineering

A2 SARRXIDF—I—K

SA XA THHLEMEDOY v YL 7 AR FO—HBE2RA2BIUEKAS
IZRY

R A2: SA XA TR LUMEY ¥ L

Action Adventure Animation Art Biography
Comedy Crime Documentary Drama Experimental
Fantasy Film noir Historical Horror Horror noir
Military Musical Mystery Romance  Science fiction
Steampunk Space opera Dystopian Utopian Thriller
Western Post-apocalyptic Tech noir New Wave Fantastique

A.3 E2E NLG #X7Dx%x—DJ—F—&
E2E NLG # 27 CTHEHLHHHO—EZ2 R A4I1TRT.

o0



£ A3: SA XA TR LMEDO 7 AT

shallow focus  deep focus deep space dialogue overlap  diegesis
diegetic sound non-diegetic sound post-synchronization direct sound focal length
focus front projection rear projection frontality function
process shot reestablishing shot re-framing rhetorical form rhythm
rotoscope scene screen direction segmentation sensor
sequence shot shot /reverse shot side lighting soft lighting
sound bridge  sound over sound perspective space special effects
story montage editing continuity editing match cut
jump cut dissolve fade in fade out cross-cutting
flashback flash-forward camera angle lighting theme
character dialogue pacing tension tone
visual style symbolism mise-en-scene

# A.4: E2E NLG X 2 7 T L =& i 4 0 —#B
Tokyo Bangkok Mumbai  Shanghai Dubai
London Berlin Paris Barcelona  Moscow
Cairo Nairobi Lagos Cape Town New York
Los Angeles = Mexico City Toronto Chicago Sao Paulo
Buenos Aires Rio de Janeiro Lima Sydney Melbourne
Auckland Istanbul Singapore Seoul Amsterdam
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