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REREB IS ORI D Z e BIR Lz,
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DIERDBEZ ENTVWERWS AT AR L T,
REDZ L DBETHET S I 2R LT,

2 BIEHSE

Slack & [6] ¥ v — >, FERFE. HILTHIO 3 D
DRAZIZBWTHGEEIZ & D3 % TalkToModel
EIRRE L. 2 —H1E TalkToModel & T D iAH,
T—XDOEHE, 77—, NEEREOSIR L EiR
HEDHHAD s ODH T IV ICELTHEET 22 &
MTES, ThoDhTFITVICHEELENGEET S
X217/ 7 —XIZHRT 5 Z & T, TalkToModel
2 G 5 7T — X Z2ER L TW5, —FT.
HTITVIEA VAR 22— T — RIZHEINTIHRE X
N=DTIERL, EEODPEBINCERL TV,
ZD7H, BHEATHEET 2 ARIE L ITERD,
ANEBEBICHE L T2 AT ADRFFICH I
WA[BEMED D 5, X512, Al X7 A DMED
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HIg TR 12 R D, AT a0 N OERIC
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JEoTWADTEETT ) FBRIe 253, NEwvy
BIERR Y 25, THBHD T RLIE few-shot 2285 D
BRI W WA, & R T A DRIRAES & BEFHM 3
B7=-DICHWS,

D7 T—a MEETIE 39 BTk L Cikim
F—REINEL, ZDS5B. 10 % few-shot D7z
HDTa T ke LT, 29 [%FHIC W2,
1 DD LTI T 8.9 Hih, AT 3 Fid.
RET BHEFEOHEMPIMMTONT VR, TNILDR
e 72 Meewv HEREGG) © 7 XLoRUE
FHii 7 — X ICBWTZERZ, 34,35,14 Th - 7z,

32 YRATL

EEIZH WS 2 A 7 AL zero-shot. few-shot
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HADEBA Please select the label whether the premise and

hypothesis are entailment, contradiction, or neutral.

=6 Premise: A woman in black pants is looking at her
cellphone. Hypothesis: a woman is looking at her
phone Label: entailment

E e Discussion: Humanl: It is entailment, because a
woman is looking at her phone in both sentences.
Human2: Is the phone in the hypothesis is
necessarily a cellphone? It could be a landline
phone. Humanl: People rarely look at a landline
phone, that's why I think it is the same cellphone.
Human2: I think it is also true that it is better to
consider the general cases. Otherwise, it would be
neutral in many cases. Humanl: I think so too. So it
is entailment, right?

R Premise: A woman in a teal apron prepares a meal at
a restaurant. Hypothesis: A woman prepare a lunch in
restaurant Label:

B2 FHED 1 FHoko 7y 7 M,

AT X X7 B BHNTMZ THEB D Z i
By s NEoikimnzhzhrnr 7 e LTH
ZAbN%, ZNHDT 0 YT MIHT THRE 20
BEEAE L, AN LTV AT LICE 252 LT
MEITY, ThFEho a7 oflEK 2 123w
L7z, 7a 7 Micfibh 2 HHNZ few-shot il &
few-shot FHf|+ikim CHBTH D, £ TORETH
—DbDERMEHT 2, EOTRAT LRI —R%
BT 2B 37O RV, BAIFEEEASHETT L
¥ LT GPT-3 [3] (text-davinci-003") % Fi\ 2,
3.3 P AT LODFEmEENDFES E
AT LDEMIENZ B LTV 2 2MN5 Tz
DI, HENEHIE & AFFHIZ TV, £ AT 4%
g3 5, HEIRHME T, fER L Z2ikam T — & D
BFREEDIEMR T NV L 722 D72 S0 D
7T —YarEHws, IEEINOLORMP L T
LIRWIHA XD BIRW e 22 FHFEZ2 > AT A0
AR LT UL AT LEREREESELYL
HmmEITAS e Hik¥ s, 22T, Rl 253%
MERBRDIBOVAERIINT AT LADFIFDOL
EzEREL, RT3, #moLEEZHAET 2
B, AJJOME L MR E 72 2w DT £ T ol
FL. NRFEECET 2 LELZFET S, Z DR
I D Label IZIZMZLTW3E 20D I RNLV%5
A5, BIZWR #imD 2 BHOEFEIWNRDBE
“Premise: A nun is taking a picture outside. Hypothesis:
A nun is taking a selfie. Label: neutral or entailment
Discussion: Humanl: I think it is entailment, because the
nun is taking a picture, so it might be a selfie. Human2:
Since it is outside, it is conceivable that the nun is taking
some scenery.” D3[EE Y L TH X 60, KFED D
LEDFRIND,

1) https://beta.openai.com/docs/models/gpt-3
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1 ERISNVLORME R 2HEL R HRVEED
T,

RE 722 RLE S0

zero-shot -6.72 -6.67
few-shot Z4l| -4.69 -4.81
few-shot S5+ ik -2.37 -3.21

AFFHHEClE. IRV FRIDRLR S AN 2T
LD 2 ATV, BAR 7R 7 LA RS R & SNLI
TR EERTVE T D—FERICKD,
AT LABANEEBRBHEMEITAS ZEBZRT,
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¥ Human: 245U, REIZIERD S X T L DFEGE
THDIZ N5 XD System: 5 L7z, Z
LT, YRAT a0z lEd o, NEORID
FEEED BYEIT “Let’s discuss it more.” Z A L7z, B
RENZIE, FEmz T O &AID 71 > 7 M& “Human:
Let’s discuss it more. I think neutral, because there may be
a kitchen in the barn. System: ” D X 5127%%, AR
B 7 VR TUE L CilamIOR T % . 7213
BBTERV LB S ECHRIERET T,

3.4 FREmHES DFHEiER

3 11, zero-shot, few-shot Zf|, few-shot ZFfil|+
Heam £ N ZN DRI TR 7 XL ORL & 72 5 FEEE
EROBOVHEEDOLEZ R L TWb, zero-shot &
few-shot ZEH TIIARIIC 72 2 2272 S 7200 TR
FEAEEDLRW, —H T, few-shot HH|+ikim
VAR & 72 2 FEEEDRM & 72 5 72 W FEEE & L L
TRENEV, TOZehb, ERL#ERT — X
ZEHWS T KD IEMORIL L 72 % G2 T
XR3XO5HBZenbhb, T HIZ, zero-shot &
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2 ABOBRICNT IS AT LDZH L RiFHEEHD
Rl

] 3 SNLI ¥ ANLI (R, R2,R3) OFHiiT— 2 IicBIF 3 >
7 I DHERE,

G XEm #Eambd b Haak L SNLI Rl R2 R3
zero-shot 100.0 20.0 60.0 50.0 zero-shot 49.86 4740 3890 41.17
few-shot &4 100.0 16.7 50.0 60.0 few-shot ZE43 69.16 51.30 4840 47.08
few-shot S5 +i%am  100.0  60.0 80.0 50.0 few-shot ZHH+#iw  66.83 52.40 49.20 50.25

BRI : A man looking over a bicycle's rear wheel in the
maintenance garage with various tools visible in the
background.
{®BE3Z : A man waits outside a garage.
Few-shotZ:fl
Label: Contradiction
Human: Let's discuss it more. Is not it neutral?
Because looking over a bicycle's rear wheel does not
necessarily mean he is waiting.
System: That's true. The premise and hypothesis are
neutral.
Few-shot=:fl + iR
Label: Contradiction
Human: Let's discuss it more. Is not it neutral?
Because looking over a bicycle's rear wheel does not
necessarily mean he is waiting.
System: Yes, you are right. The premise is describing
that the man is actively working while the hypothesis
is describing a passive state. Therefore, the label
should be contradiction.
Human: He is just looking over a bicycle's rear wheel,
why is he considered to be actively working?
System: Looking over a bicycle's rear wheel suggests
that he is inspecting the wheel, possibly to repair or
replace it. That is an active process, and thus is
considered as actively working.

B3 few-shot Zfi| ¥ few-shot M|+ gim D A5 %
FEmD B,

few-shot S5 & Ll LT, few-shot S| +5&am D /753
REME NI, Ham % few-shot THERNZ & Tifkam
RENZ@D 5N TE D,

213, ZEhAE L KEmRE I Eh E N i S 5
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L7=FJ& (Contradiction) MIEfETH 272, >R
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