o

aup

FALER 2 30 RR S Fam IR (20244E3 1)

BEIER LT NLI 7— R Z BWHENE LIBEDHIAH DR
Vebh 5| SRR R R 2

P BR AR

> HE BRFR BRI AR

{sato.soma.y7,tsukagoshi.hayato.r2}@s.mail.nagoya-u.ac. jp
{sasano, takedasu}@i.nagoya-u.ac. jp

e

Ta—X ROKBBEEET LV (LLM) ZBA S
BUEOZ L DX ZAZIZBVWTEWEREEZ/RLT
BH., HEDHIAALERICEWTD PromptEOL [1] ¥
WS 7 a—&FKRETILD Semantic Textual Similarity
(STS) ZRAZ IZBWTHEMEREZERL T, L
5 L. PromptEOL 28 mWHREZ RT DIE. AFT
MR X 7z BHAR S REHERR (Natural Language Inference:
NLI) 7 — &+t v b ZHWT fine-tuning L 72355 TH
D, AFTHREZNLLT—22MHLEVWEED
STS DEREIE 6 R A > PREERWEL 2> T2,
ARFFRTIE LM ZHWTNLI 7 =&t v M &2 HE)
AL L. PromptEOL @ fine-tuing IZH|H 3 % Z & T,
N7 LRREIC BT 2 XKHDIAALE K D &SR L%
Higd. STS & X7 Tl L 7z45 R, AF TR
NI KPR T =21y P RAHLROEREZBWY
T 8221 WS BEFFEZ LR 2 e Z =R L 72,

1 IXCHIC

XHDAAIIMBELEREBEARRE R Z DX
Z7WZHHTEZ o, KR EIhTW3,
Friz, BRi¥EIEASEEE 7V % fine-tuning 3 %
e TXHDABLEENRT 2 FENZIREZ
NTW3, HlziE, =rya—XZR20EFLEHV
72d ® & LT, NLI 57T BERT [2] % fine-tuning
3 % SentenceBERT [3]. & X % T BERT %
fine-tuning 3~ % DefSent [4], FfFRZZE1Z X D BERT
% fine-tuning 3~ % SimCSE [5]. 702 ¥ 7 b R—2XD
X DIAAFHEIC LD EHNR N =2 VHEDIAAD
NA 7 Z%HD BR <L PromptBERT [6], =Y 3 —X& -
TA—RZDETNEHWES DL LT, NLI 7 —
XLy FBXUOQAT =Xy NE2HWTTS[7] %
fine-tuning 3~ % Sentence-T5 [8] FEIZEIT HN 5,

FE, Ta—FHRDLLM IZED K FiEN
HADNRNYF—T XA TEHWEREZEZRL TWL
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%, XHDAAERICOWTSH, Ta—&XFHDLLM
TANAf s xzva—Re LTHAL, AR ERK
T3 SGPT [9] . —DDHFEDAICEREYTS
IR Z& 7270 > 7 b R— 2D FIETHDHIA
AT % PromptEOL [1] HEWREINTED,
PromptEOL IZAFTCHEI N7 — 2 2 FH T 25
FEWZBWT, BFSTH o & EW STS OMRER
ML TWS, LAL, AFTHESNLNLI T—X
ty FEFAHLRVWES, 2k DRKE JRVIERE
IZe¥EoTW53B,

A TE LM ZAMHLTNL 7 =&t v
FEEHEBIMEL, MELALNLI T —XtEy b2
PromptEOL O fine-tuning (ZF|H T2 Z ¥ T, AFT
MERELIT—X2AHLROVEREIBWTS &WE
HEZ FOXHDIAAE T IV OMEREY HIE S, AW
TRETZ2 7L -7 —7OBEEZH 1IRT, ¥
3. Wikipedia 2> S L723 L, 20D EET
BN, ENEFETHXEERT 2 L5707
MEZhAZNERA L, NLI 7 —X+t v % HEIAERK
T2, W T, HBAERENZNLI T—Xty b2
FA T PromptEOL @ fine-tuning % f7\>, fine-tuning
BADETNEHNTSHEDAALZERT 5,

2 PromptEOL

PromptEOL {37 2 — X R D KPR S FEE T MITA
N30y Fr2TRT 2 THDEWED
IABEENT 2FETH 5, X1 NEOHEDIAAL
RTRT X512, This sentence: "[text]" means
in one word: " O [text] ZHHDIAAZ LK L 72\
WZEHE L. Tin one word: "] DEZDMDIAAE,
ANXDMDABE LTHWS, 7a—XFZRDKRH
B EEE 7 VI REGE TR & X 7 CHATHI S 7z
ETNTHDD, ANXE 1 HFETEWRAS X
S BRHFEMDAA TS E S XS ATET RS
52T, XYHDAATRERTEIENTE S,

SimCSE O #fifid b #EFFKE. NLI 7 —&t v b
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Generate one sentence that logically entails

" [999QuEERSIERAICHp  in the form ofa Answer: "The 1999

i (1999 Queensland Cup statement beginning with "Answer: ' Queensland Cup was

| Thiscycleis continuing s Amver! reld

: = (" Generate one sentence that logically = = !

! . contradicts "[999IQUEeRSIANAICHD" in the Answer: "2000 Premier

. 648720 People form of a statement beginning with League"

"Answer: " . Answer: " o o
T S Ay T P L= LLM HllﬁEéj'Uf_X‘TFETZ) '
(Wikipediah» & ffi ) gk LB (F) BEILCE) - PR/

EROZSDT a7 b

PromptEOL

Fine-tuning

ﬁ —I— I:(>[nosmve [negatlve] ERX
:z‘fé‘j(%

aEx
e A —

I have a dog |:> [ This sentence : “I have a dog.” means in one word : |:> ﬁ |:>

SCHLIA ,.‘

AJI3C A=A N
1
THRZEELZLIM W2 Z 2T, X b et
R DIAAETNESZ Z L AEEL %, K1

D FRT LI, NLI T =&ty b2 HW5E
A+ PromptEOL 3 & EBIRIC D 2 X DEDIA LD
DE, FEBRICH 2 XDMDIAADEE 125 K5
I\ LLM % fine-tuning L 7z_L"C. fine-tuning 2 LLM
ZHWTUEDIALZERT 5, NLI T —XE v b
% FW T fine-tuning 2175 Z & T, STS X A7 IZH
WT6RA Y MEERVWRI T ZENT 2 I LR
HEINTWVS (1],

3 NLIF—%4tvy FOBEIERK

AW TIE LLM & W THBIAR L7z NLI 7 —
& % A\ T PromptEOL % fine-tuning 3% Z & T, A
FOHEINLKBEZ T -2y s 2FHET
2. EHERE S DIABERET VEERT 52 L
ZHWE T 5, RETIEIANRIZEIT S NLI 7—&
DAERRTFNEICOWTEHT 3,

31 B{FEONLF—42tv b+

NLI 7 — &t v bid, #ifE X (premise) & IR Ft
X (hypothesis) 2° 572 2 X DR 77X L, &
(entailment), 37 (neutral). 7 J& (contradiction) D>
TNDPDIRADBNEINT XLy b TH 5B,
ANFTHEINLAENLRNLL T2ty b L
“C Stanford NLI (SNLI) [10] 2 — % A%, Multi-Genre
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HEIA K L 7z NLI 7 — & % W 7= Bl 7e LSO DA A DO R O

NLI (MNLI) =2 —>%Z [11], Cross-Lingual NLI (XNLI)
=N [12] 3D H., FHZH 579,000, 433,000,
112,500 D XX 7 THK XL TW 3, SimCSE %
PromptEOL %% SNLI 22— 8238 X {f MNLI 22—/ % X
ZHWTWA7RE, NLI 7T—&+t v MIZ O
DIAAERE T MCBNTHH IR T WS, AT
Tld. SNLI 2 —,82 ¥ MNLI 2 — X ZHE LT
T—2ERMATArZ L. UETEZDT—2D
ZEANFENLIT—XEy bR,

3.2 NLIF—2X0OB8EMK

AR 7252 A D7 a7 kD {premise}
DEITICEIRL LLMICANT T2 28T, 2hzh
HIESTMIE T 2 B8R PEXEERT %, 2D
BE. TAnswer: ") iIZfenWCTHi & hiz, X ') %

TOXFINZERL E AI2T,
SEXERBIOYT

Generate one sentence that logically entails
"{premise}" in the form of a statement
beginning with "Answer:". Answer: "
FEXERBIOVT

Generate  one sentence that logically
contradicts "{premise}" in the form of a

statement beginning with "Answer:". Answer:
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few-shot ¥ H ZHH T 2 HEE. AFNLI 7—X
Yy POV DOHLrDXRTEZIOH L, EdhD
7uy 7 hOEICHlE LTMA, 88X FEX
BT %o Bl ZIE, 1-shot DFIFEX. HEXDR
7 ¥ LC, “Fun for adults and children.”, “Fun for both
adults and children.” 23 2450 71 > 7 M &
PO XS5127% %,

SEXERBZ7OY 7 (1-shot)
Generate one sentence that logically entails

"Fun for adults and children." in the form of

a statement beginning with "Answer:". Answer:
"Fun for both adults and children."

Generate one sentence that logically entails
"premise" in the form of a statement beginning

with "Answer:". Answer:

4 REBR

HEER L/ NLI T —&ty b, B, #hE
FAWTAER L 723D IAA DG Z1T - 7=,

41 NLI 7F=—42+t v F D

ST{fi5 & DeBERTa V2 XXLarge & 7 /L [13] IZ
MNLI & 2 2 % %3 & 4 7= deberta-v2-xxlarge-mnli"
PHWT, HBIARLZZNLI T —X 1y FDEZFE
il 7z, BARENCIE. HEIER L7 NLI 7 —&X & v
DB EHNIZDOWT, deberta-v2-xxlarge-mnli % F
WEEE., T, FEO MM ERITV. DGR
¥ NLI 7—&tvy Mff53hlzo o —KEE
HHET2Z2Tr—&Xty NOEEFHML 72,

EKEREE Oshot BLXUFIAFENLIT—XE v |k
WOWTWE, BEBLITFEOXRT ZZENZ
T V& LT 3000 X7 3O, & 6000 X7 ELD H
L. ZNHDXRTIINLHBDEBERE D IR
ADO—HEEZEHE L=, few-shot 22 E T, X
10 i, FJ&E 10 HDEF 20 D EKR 2 Fa v 7 i
ML, 2024 1000 R 73D, & 20000 D LR
TRERL, FHA5DXR7IN L B RS R
EDITRVO—HEREM L, £/, LLM 21X
llama-2-7b-chat [14] % i\ 720 AERRTC & 75 2 B4R ST
DHEA L LT, SimCSE [5] DHEfi7 LEETHWS
7=, Wikipedia 20 5 5 > & 22 X 7z 100 H X
EHWE, ZOB, AFENLITFT—X+t v hDIHIC
FELBRBEDC =7 BB 4L ERDTOXD

1) https://huggingface.co/microsoft/
deberta-v2-xxlarge-mnli
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1 NLIF—&Xty FDOI~)L e HEEO —8E

F—&Xtw b EE FE
E #4E A% (0-shot) 0.160 0.888
H &4 AR (5-shot) 0.867 0.930
E B4 A% (10-shot) 0.909 0.935
H #2E A% (20-shot) 0.933  0.940

AFENLIFT—Ztw b 0929 0.941

AFEH L7, few-shot 22E 1Z 5-shot. 10-shot. 20-shot
D3RR —TEMLT=,

RERER —HEOHEHBRZR 1ITRT, shot
B Z 2138 —BEDM E L, 20-shot DFE. A
FENLIT—ZXty beRIFO—HEL Ko7, FiC
EEARTIZOWTIE, few-shot ZZE 12 & b KiFIC—
WENM ELTED., few-shot 2 DRI ITZIEH 1T
REWVWEF RS, ULDOHKITRD 5. 10-shot % 20-shot
PHOWTHBAERLZNLI T —Xty M3d 2E
., BmER Do TWAARENERE WL & 2
55, {8k A 1T 0-shot, 20-shot DFE T HENAEK
SNz NLL 7= 2 Dl RT,

4.2 RHiAH D

FMliAE NLIF—ZXty P EFHALTERIN
72 XA B DFHi % 1T o 720 S D IA A D FHA
¥ F 12 Semantic Textual Similarity (STS) X & 2 TfT -
722, STS R A 271%, X7 HEZ oM, £
TAZHWTIRT OEKRNZEMUEZFHEL, £
N OREAMIC X 2 FHEIE WD ZREES 5 2
LT, ETADNNOERNELEZIEL (HETE
L0EFT SRR TH S, AL TIEZ L DI
TRFFE L RIS, R T DDA B DAL SELE
 NFiHiiic X 28 LUE DA 7 < > DA AHB
FREUC & D S)OHDIAABDE 27 L 7z,

KERRE STS 7—&tv b2 LT, Hfrifgee
[FIBE STS 2012-2016 [15, 16, 17, 18, 19]. STS-B [20].
SICKR[21] D 72D 7 =X+ v b HW/, LLM
1213 llama-2-7b [14] Z FHW. 64,000 34| NLI 7 —
X+ v b % HWT fine-tuning % 1T o 72, X E KD
batch_size 1% 256, warm_up IZFHW7= 27 v 7RI
2IRD 10%, FERIE 5e-4 ¥ L1z, EFHORIX, 5
AT v FZTEIZSTS-B DRFEL Yy MINT 2R 7
~ Y DOIEMHHBRBZEIE L. &b R a7 om0
RDE TN % BRI FHE I Wz,

2) SentBval DX R 7 % W 725 D ML 7205, AT
WFZE [1] THRESINTWS@ED, NLI T —X 1y bZHWT
fine-tuning 2175 Z & DEINIEIIHER T E LD o7, BEX
A7 % 72 A SR BR O FE AR B ISR ET B,
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K2 UEDALORGIAME & AFiHlli e DA 7 < > OIEMHHBIRE (RHNOMEIZET 100 2210725 D)

STS12 STS13 STS14 STS15 STS16 STS-B SICK-R  Avg.
Without fine-tuning
PromptEOL-Llama-2-7b 5991 7886 6874 7571 7339 7348 7126 71.62
Fine-tuning on unsupervised datasets
unsupervised-SimCSE-RoBERTa 72.86 8399 7562 84.77 81.80 8198 T1.26 78.90
PromptRoBERTa 7394 8474 7728 8499 81.74 81.88 69.50 79.15
Fine-tuning on automatically generated datasets with n-shot
PromptEOL+CSE-Llama-2-7b (n=0) 69.88 8580 78.08 81.18 81.61 82.01 72.13  78.67
PromptEOL+CSE-Llama-2-7b (n=5) 7325 87.60 81.58 8545 83.67 8452 7496 81.58
PromptEOL+CSE-Llama-2-7b (n=10) 74.32 87.66 81.88 85.79 84.04 8547 76.38 82.21
PromptEOL+CSE-Llama-2-7b (n=20) 74.12 87.74 82.14 85.25 83.99 85.51 76.05 82.11
Fine-tuning on manually annotated datasets
supervised-SimCSE-RoBERTa 7746 8727 8236 86.66 8393 86.70 81.95 83.76
PromptEOL+CSE-Llama-2-7b 7821 89.63 84.74 88.70 85.80 88.49 82.29 8541

LB K 2 EBRERANOEE L KT 5 72D,
O-shot. BEU, AF7F—&ty bZHOWAERT
3. NLI 7—%ty bOWSIEZZ 2T 3 [FEHR
L. TNWoDFPR a7 ZmiEHR A a7 & L,
few-shot £ TlX. BR 262 HWTAHER L 10
D NLL 7— &t v MR LERZNFEBRL. Zh
DR a7 B RMEIEAaT e L,

F7z. D72, fine-tuning %174 72\ llama-2-
7b N — Z D PromptEOL % F W\ 7231l & 17 o 7z, X
HIZNLI 7 =&ty b Z{#H L7\ unsupervised-
SimCSE-RoBERTa, AF NLI 7—& -+t v b THE L
7= supervised-SimCSERoBERTa, #fiZz LEE IcB W
THmEREZ #E /K L TV % PromptRoBERTa 12D\
THHEITMED R a7 5 H L Z1T - 7,

EBRER SIS XX OEBMRER 2 TR
9. O-shot T fine-tuning L 7z PromptEOL & 7 /L &
fine-tuning 17472\ PromptEOL E7 /LD A AT %
s s, FHIRa7»nB8LE 7KLV MEE L
HLTED, ERLAENLI T—&ty bRV
fine-tuning NEXMTH % Z L DERTE 5, T HIT,
0-shot & few-shot DFERZ LS % & few-shot FH
WEDAERLZNL 7 =&ty b 2HWEET L
DFID3RA Y MEESEL R 5TED, few-shot ¥
BHOHEMEDTHEETE 5o KT 10-shot IZHF 2 °F
Y2 2713 82.21 ¥ unsupervised-SimCSE-RoBERTa
%° PromptRoBERTa D REZ A5 TH D, AFT
BRI N AKEEE R T — 22y P 2AHLUROERE
BV TIREEREZ ZK L 72.
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Ko pEetwsT s, HMbHH¥FB L
PromptEOL D ¥ 2 a2 71 85.41 £, 10-shot {23
B 2a7 8221 &D, 32K Y FEWRA T T
H o7z, fine-tuning ZITHRWIEED R a 713
71.62 TH 2B DT, few-shot FF I L H HEIAEM L 7=
NLI 77— &t v b ORRIZIFFICRKREVWEF X 5,

5 &HOHIC

AT Ta—XRDOKFESEE T L EH
WTNLI 7 =%ty bZHBAEMR L. PromptEOL D
fine-tuning WCFIH$ 2 Z & T, HhfiZz LRECBIT
% XHDIABER D E R ICEL D #A TS, STS X
A7 " W7 FHl SRR DAE R, few-shot FZEIZ XD
HEER L7 NLI T —&tEy b EHWSZ 8T, A
FOMAINTKRBE R T —& 2y FE2RAL R
WEREIZBWT, BIFFEEKE  LE 2 MR % E
BL7ze SEROBMEL LTI TD 2 008E T 5N
%, 3. BELIMHAIANFOEEINTAHR
BT =Rty VELBE LRVWIEDLHLELDE
FEWCILHATTRETH 2 e BEZX BB D, KL TOHE
BIIREDAENR YL LTWS, FIEDSEMIRY
RERMERTOIE, FEREMNOSED NS
L7 EBRETOREND D, Tz, BREXZA T EN
R LIFEBETIE, ZHZINLIT—XtEy b2
W7z fine-tuning YA TRV E WIHFER E R o 72
2, R LM A NLL 7 — X DA b s HA]
RETHHIDH, REXAIZ ZLITH LT —4
Ty FEMAEL, X A2 L ISOEDIAADE
HEHETZAEZ LGNS,
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#F 3 0O-shot 2XFH THBEM I Nz NLI 7 — X D

i HEVER S BRF B BB E
It is a colorless liquid. & ¢ It has no color. R
FJESL : 1tis a colored liquid. Y&
He spent several months in prison. B © He was convicted of a crime and sentenced to several months in prison. 22hvA
FJES : He was released from prison yesterday. H1z
Her last public performance was in 1954. & 3C  She retired from the music industry after that year. 22RYA
FJEX © She is still actively touring and performing today. Fd]
This later became simply the Amps. B © The band’s early name, “The Amps,” was later simplified to just ‘“The Amps.’ 3z
FJESX : The Amps never became simply this. FE
|4 20-shot *#H T HEVER N7z NLL 7 — X Dl
HiEX HEIER S W SRFEX HEEE
It is a colorless liquid. BE | Liquid is colorless. 9=
FIESL : 1tis a solid. ¥ G
He spent several months in prison. &3 ¢ He was in prison. =3
JEZ © He was never in prison. X G
Her last public performance was in 1954. &3 @ She performed in 1954. a8
2P JE © She has been in hiding for the past 50 years. 2RV
This later became simply the Amps. E T ¢ A group of musicians formed a band. 2R
JE X This later became the Bamps. FE
5 SentEval DIRER R 2 71281 % [EEHR (%)
MR CR SUBJ MPQA SST TREC MRPC Avg.
Without fine-tuning
PromptEOL-Llama-2-7b 90.53 9245 9622 9124 9539 96.20 7496 91.00
Fine-tuning on unsupervised datasets
unsupervised-SimCSE-RoBERTa-large 82.74 87.87 93.66 88.22 88.58 92.00 69.68 86.11
PromptRoBERTa 83.82 88.72 93.19 90.36 88.08 90.60 76.75 87.36
Fine-tuning on automatically generated datasets with n-shot
PromptEOL+CSE-Llama-2-7b (n=0) 89.92 9245 9547 90.32 9383 94.00 7240 89.77
PromptEOL+CSE-Llama-2-7b (n=5) 89.44 92.69 9489 90.74 93.65 9436 7235 89.73
PromptEOL+CSE-Llama-2-7b (n=10)  89.21 92.80 94.80 90.87 9342 9342 72.69 89.60
PromptEOL+CSE-Llama-2-7b (n=20)  89.07 92.83 94.73 90.77 93.05 9436 73.76 89.80
Fine-tuning on manually annotated datasets
supervised-SimCSE-RoBERTa-large 77.46 87.27 8236 86.66 8393 86.70 8195 83.76
PromptEOL+CSE-Llama-2-7b 89.77 9328 9599 90.66 9520 9620 74.86 90.85
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