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Natural Language Inference

Given a premise, is a hypothesis true, false or neither?

3 Semantic Theory [Katz, 1972]
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Natural Language Inference

Stanford NLI [Bowman et al., 2015]
~0.5m instances

MultiNLI [Williams et al., 2018]
~0.4m instances
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MultiNLI leaderboard results from paperswithcode.com [March 2022]
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"Cat” Instances

Contradiction Contradiction

RoBERTa-Large [Liu et al. 2019]

Trained on SN vulint | State-of-the-art NLP models still succumb to spurious biases in data
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Annotation Artifacts in NLI [G*., Swayamdipta*, L., S., B., S., NAACL 2018]
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Model Training Dynamics

0 Dataset Cartogrs:-lﬁhy [Swayamdipta et al., EMNLP 2020]
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Dataset Cartography [Swayamdipta et al., EMNLP 2020}
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Might introduce
heuristics leading to
annotation artifacts

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Can be easily
modified for

diverse generations

[Schick & Schutze, 2021; Meng et al. 2022; West et al., 2021; Lee et
al., 2021; Bartolo et al., 2021]

R e ————

G-DAUG: Generative Data Augmentation for Commonsense Reasoning
0.5 Y. M., F., Swayamdipta, L., W., B., C., D EMNLP-findings, 2020]
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Also see
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MultiNLI-RoBERTa Data Map
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But if it's at all possible, plan your visit for the spring, autumn, or even the "

winter, when the big sightseeing destinations are far less crowded.

Implication: This destination is most crowded in the summer.
nearest

5 percent of the routes operating at a loss. - neighbors to

Implication: 95 percent of routes are operating at either profit or break-even.

seed example

30 About 10 percent of households did not

plication: Roughly ninety percent of households did this thing. J

5 percent probability that each part will be defect free. seed ambiguous example

from MultiNLI - RoBERTa

0.5

Implication: Each part has a 95 percent chance of having a defect.

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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0 5 percent of the routes operating at a loss.
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Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

But if it's at all possible, plan your visit for the spring, autumn, or even the "

winter, when the big sightseeing destinations are far less crowded.

Implication: This destination is most crowded in the summer.
nearest

- neighbors to

Implication: 95 percent of routes are operating at either profit or break-even. seed example

30 About 10 percent of households did not

Iwhly ninety percent of households did this thing. J

5 percent probability that each part will be defect free.

seed ambiguous example
from MultiNLI - RoBERTa

0.5 Implication: Each part has a 95 percent chance of having a defect.

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

But if it's at all possible, plan your visit for the spring, autumn, or even the "

winter, when the big sightseeing destinations are far less crowded.

Implication: This destination is most crowded in the summer.
nearest

5 percent of the routes operating at a loss. - neighbors to

Implication: 95 percent of routes are operating at either profit or break-even. seed example

30 About 10 percent of households did not

Iwhly ninety percent of households did this thing. J

5 percent probability that each part will be defect free.

seed ambiguous example
from MultiNLI - RoBERTa

Implication: Each part has a 95 percent chance of having a defect.

1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]




The Devil’s in the Data

MultiNLI-RoBERTa Data Map

1.0 Ve
y \'\v/V\v
‘.Vo'v "!v.' \‘;, W
KA A AT L
NRMASAABNIATACEZ A G 7 S
\vv\&' S AARASALMZES RGOV 7 e
vy Vil \\v" -V(V/V'V/V AN NS S

A MAK
vv\v ‘-"‘”\ ’7’\; yoo /‘v Y v" V\v' ke N A\X A‘A

7 XA ANNSAER 7 S/ INL /\A AN
{A0N X4 Pl /,’?'/'7‘ VWYY AT AN, IEE QA A A,
\\ R (A V/.w w/v% \v\v vy:-v\ AA,/ A.‘ulAlAn‘ A=A N 'A =\ ,A,A A,

Vi . X
AR e AGR MEERAR R KR 7T R N
IR WG A At D
0.8 LA AN vﬂ.‘;quA .‘a‘}V/AA\ e 252 ‘/A\'A N AR Ty
: w vv: W(v(;v 5" "’VI/ ‘\v/v AAVA‘_\A“/A /‘Av/A“A A“A)‘ b 2“ 270
V\ i VV' \V/WQWA‘V Av/é 4"" AA LY A\qA\AA A‘{IMA-V 0)‘ N T,
YV Ay R
v,V \’v"“l'A \"AVA‘A\ A "A* e”t NAAY
v Yy e A'A’/VAV‘)V’ ‘AM\QQ’IA.\ v;m’ AR :
Yy JRAY 20l 2a%0e” 4,208 NS ’@(\ :
' vV, VA A“ A‘ AA Y 'AA’(_A /A’V A’>‘A’ "\//(’AA;Q \ l
RIS W TV PP IR APRIRR IR,
Ya @A ’AA % “’A»\’A\‘ v, ?3'5?., J——
0.6 v ot RSN R BT pmrtF
° A A V-“ N + y ®. 5 "* 4
SIS s‘ao,n « G0, .A#g// % 0

‘VA‘(‘ “VACH)u =P (200

VA/AV‘AV“ ’A\ “

confidence
[ |
ﬁ:t
I3
n4
%
S
' LY
‘-*
-
%}
5

0.4 v X

e 0.9
0.2 eSO N6 o X%
»

0.0 ®

0.1 0.2 0.3

variability

0.4

0.5

GPT-3

14

Swabha Swayamdipta | ACL | 5/23/2022

Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

But if it's at all possible, plan your visit for the spring, autumn, or even the "

winter, when the big sightseeing destinations are far less crowded.

Implication: This destination is most crowded in the summer.
nearest

5 percent of the routes operating at a loss. - neighbors to

Implication: 95 percent of routes are operating at either profit or break-even. seed example

30 About 10 percent of households did not

Iwhly ninety percent of households did this thing. J

5 percent probability that each part will be defect free.

seed ambiguous example
from MultiNLI - RoBERTa

Implication: Each part has a 95 percent chance of having a defect.

1 percent of the seats were vacant. y
Implication: 99 percent of the seats were occupied.

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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MultiNLI-RoBERTa Data Map
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S wat, ¢ apt ML a e E l eaf T Implication: 95 percent ot routes are operating at either profit or break-even. seed example
© 04 oL % SRR ey, STOEE gy ke SN e e f
® x + L R N2 W "‘-wlg’-(ﬁ’;'*il—.lli.. i ' P -
N R Ve R i e L R
< g ol "0 Sax
x¥ v, n l"’x ﬁ"—x" 18)(.". - N u m o
| X ol X ol Nall [ WO 1ot | u 3OAb 10 t fh h |d dd
% @ s6odx 0 B %, 4" X xS W out percent or housenolas did not
~e 9 X 3%XX RA T X B
° .'@. ° :..):‘. .ixﬁ‘ é’i‘&xx X ;:( .‘x. ’::.‘x Xxl}{):":x
et U & Ty, % W BB lication: Roughly ni f households did this thi
0.2 CoSe Bl o xux xx S F X A Ication: Rougnly ninety percent ot housenolds did tnhis thing. J
Y

x
_ 0 5 x
o® SanaitEue, xo ¥ty X XX x '
@ 08 SN0 o x x
08 9.0V a0%® ¢ g X
® 0g0¢gat? 08
o JS0s"e OTOEN: o
S0 % ¥ :

oo | 5 percent probability that each part will be defect free. seed ambiguous example

0.0 0.1 0.2 0.3 04 0.5 Implication: Each part has a 95 percent chance of having a defect. from MultiNLI - RoBERTa

variability
D
¢ (9]
G PT'3 O¢a—0n \
o ° J

g L 1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

About 1,000 people are diagnosed with chronic myeloid leukemia each year.
Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia, each yvear. . . . : :
S Rt 1ag W 1 HHYEILIE ISTRGLEL S Liu., Swayamdipta, Smith and Choi, ArXiV 2022]

14




The Devil's in the Data Swabha Swayamdipta | ACL | 5/23/2022

MultiNLI-RoBERTa Data Map

1.0 Wrpn o Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

(MRALBRANA AAC K LU ANV VORI
A O AAS IRAN BN RN e LT g XN

DRI AR AN A A AN ED R YR} f it ” bl | 1SI f h ] h
v Vygivhavtve s YRy S A AT A AL A A Butifit's ata POossiole, plan your VISIt TOr the spr Ing, autumn, or even the )
MLHOA LM TSIV AT TN e T YN po T
0.8 TS '

e A e } winter, when the big sightseeing destinations are far less crowded.

& A ’A', AT " V.
v v &7 “A Y St v‘,\;v_\t‘,‘_;f{!vé AN IS
v vy W AN G SIS RS S O A
v vree SRS MO s atia ik g
v § .0, Nl AT 4N 7, AR RNARL: ]
v, JUukad@ ALY )% A -
vov T Al MRS GTOR ISR A3 2

BN SRS R T | Implication: This destination is most crowded in the summer.

AT QAA oA LIS GAVG Ay AN A ). e
Thiy (G0 G S OROSTSN N e SN | earest
0.6 AN AGESS SHae, SO SN B Cn it D
DTN, QAN ICARR R T S XY SR A ey

e O R R e L 0, 5 percent of the routes operating at a loss. }- neighbo rs to

+ +4m - wi ) B O+ BN o~
@, & . TE ehpmgE, Bt L £ g it L
4 f;+J B N ; t++§ .""'T‘.:{'. *i ﬁ’".l fr..‘*’i#,','h‘.,. FC MR
+ m + [ | "l)*’ t I.’.‘-{- 'fl..'+ '_r*.h#'.—_‘-{-' ..:{:.I{'r_ AT.J £ +

o ot i s, e Sy Implication: 95 percent of routes are operating at either profit or break-even. seed example

4

confidence
ﬁ:t

LIRS 30 About 10 percent of households did not

0.2 R A e lication: Roughly ninety percent of households did this thing. J

X
_ 0 5 x
o JHoaitthleYy xe Wiy X T x '
@ @0%® %Oy < x x
08 9.0V a0%® ¢ g X
® 0g0¢gat? 08

0 J32i"e O O0P: o
S0 % ¥ :

0.0 5 percent probability that each part will be defect free. seed ambiguous example
0.0 0.1 0.2 0.3 04 0.5 Implication: Each part has a 95 percent chance of having a defect. from MultiNLI - RoBERTa

variability

D
[
GPT3 ¢, ="
o ° \ v

g L 1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

About 1,000 people are diagnosed with chronic myeloid leukemia each year.
Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
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MultiNLI-RoBERTa Data Map

| Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

3 " EAKA AN Y AR\
7 fadi ANA 778N KO R A RZ AL 7S AN IR
MR ORI DO R AL vy VYT
MM A NEDAS S AT o R R SN AR
VAL AR ALY AN R R 7T YT R

o R Ly VYT | But if it's at all possible, plan your visit for the spring, autumn, or even the 3

Ay
‘VV » A\ A M WA AA
NV ooV VoY v/, Yy A VAB iat W ad & /s AN AA (AeA Q Ay e
0.8 Wl SR Ve i Ay A SR AR AL LA A A e aatd
w Y i /. \,‘(v.v?.‘,‘/,_";xlv— \V/v }AA\_\'A‘A’ /N \‘\//A'/"IA‘_A*"A"\'A\: A\?_A‘A /\ __aasi e
A X AASAVIN 28" PN TN (N .—:‘:A‘-,; RINTY & S/ R i;v“’ AN 7 a okl
v 77 \ /25 vV ’_"‘A\v‘vt . _“,A\,‘.,A.-\_I}/ A\!]A‘ V’v‘\-p~ , NG N g
‘_vv"v-’ \VA‘( .‘V.VAVIA\’ .“.AV"/"\A\A“'VA"‘AAﬁ' A\S)u = ‘(_’ T
A Y LN : A .l‘v/’/« . L5 AV‘Q ’A’,‘A.
v ;'V ;{‘[“KA'-‘éA"G(‘AW‘A\VVA‘“’A"“\’? VA0 0 a Y /A Ve &
AA T AT R VAR TN UGN ANG, @ - 00X
v vy W e BRI ISR ST 2 4
Yy TV ST LRI e B Y
v v, N alub ALV 4040 SA® AV 4OV A0
v 4 VAVATAAL S @ O/ NNAENIENRRN, 1
v Ve WD ’AV'Q;'AQQA\ SN

winter, when the big sightseeing destinations are far less crowded.

5 Implication: This destination is most crowded in the summer.
LIRS '

Ay ZI TS IR Y IR KT WL, o " *

0.6 R AL S e 2% o
&4 +¢t '+ A0 O EAD & S UATO A T ik R 4 | .

S8 'A LFR GO S KRS SEAPIY ty N f
L S SR B Pl Tl P St 5 percent of the routes operating at a loss. neighbors to
&l b i T ol SRR LY O T
N 56“0" (i X A S L H
+ W ta hm »9dte, ek )4

By gghy W 0 ST
5P gt 4R

AT Sl Implication: 95 percent of routes are operating at either profit or break-even. seed example

confidence
[ |
o

0.4 v X gl

oy o T 30 About 10 percent of households did not

0.2 Fodonton o Ve K MR IEH ication: Roughly ninety percent of households did this thing. J

x
X5 K 1
o® .:/.,‘.‘Isl‘ 5%-'.:(’. x® ¥Ry X
@ 08 SN0 o x x
08 9.0V a0%® ¢ g X
® 0g0¢gat? 08
o IS WVOR” o
Pl PO LY ) )]
0105% %

oo | B 5 percent probability that each part will be defect free. seed ambiguous example

0.0 0.1 0.2 0.3 04 0.5 Implication: Each part has a 95 percent chance of having a defect. from MultiNLI - RoBERTa
variability

He has never smoked, and he doesn't drink.
\ Implication: He has smoked and he has drank.
O

1 percent of the seats were vacant. y
Implication: 99 percent of the seats were occupied.

%\ O
aa

About 1,000 people are diagnosed with chronic myeloid leukemia each year.
Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
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MultiNLI-RoBERTa Data Map

| Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

3 " EAKA AN Y AR\
7 fadi ANA 778N KO R A RZ AL 7S AN IR
MR ORI DO R AL vy VYT
MM A NEDAS S AT o R R SN AR
VAL AR ALY AN R R 7T YT R

o R Ly VYT | But if it's at all possible, plan your visit for the spring, autumn, or even the 3

Ay
‘VV » A\ A M WA AA
NV ooV VoY v/, Yy A VAB iat W ad & /s AN AA (AeA Q Ay e
0.8 Wl SR Ve i Ay A SR AR AL LA A A e aatd
w Y i /. \,‘(v.v?.‘,‘/,_";xlv— \V/v }AA\_\'A‘A’ /N \‘\//A'/"IA‘_A*"A"\'A\: A\?_A‘A /\ __aasi e
A X AASAVIN 28" PN TN (N .—:‘:A‘-,; RINTY & S/ R i;v“’ AN 7 a okl
v 77 \ /25 vV ’_"‘A\v‘vt . _“,A\,‘.,A.-\_I}/ A\!]A‘ V’v‘\-p~ , NG N g
‘_vv"v-’ \VA‘( .‘V.VAVIA\’ .“.AV"/"\A\A“'VA"‘AAﬁ' A\S)u = ‘(_’ T
A Y LN : A .l‘v/’/« . L5 AV‘Q ’A’,‘A.
v ;'V ;{‘[“KA'-‘éA"G(‘AW‘A\VVA‘“’A"“\’? VA0 0 a Y /A Ve &
AA T AT R VAR TN UGN ANG, @ - 00X
v vy W e BRI ISR ST 2 4
Yy TV ST LRI e B Y
v v, N alub ALV 4040 SA® AV 4OV A0
v 4 VAVATAAL S @ O/ NNAENIENRRN, 1
v Ve WD ’AV'Q;'AQQA\ SN

winter, when the big sightseeing destinations are far less crowded.

5 Implication: This destination is most crowded in the summer.
LIRS '

Ay ZI TS IR Y IR KT WL, o " *

0.6 R AL S e 2% o
&4 +¢t '+ A0 O EAD & S UATO A T ik R 4 | .

S8 'A LFR GO S KRS SEAPIY ty N f
L S SR B Pl Tl P St 5 percent of the routes operating at a loss. neighbors to
&l b i T ol SRR LY O T
N 56“0" (i X A S L H
+ W ta hm »9dte, ek )4

By gghy W 0 ST
5P gt 4R

AT Sl Implication: 95 percent of routes are operating at either profit or break-even. seed example

confidence
[ |
o

0.4 v X gl

oy o T 30 About 10 percent of households did not

0.2 Fodonton o Ve K MR IEH ication: Roughly ninety percent of households did this thing. J

x
X5 K 1
o® .:/.,‘.‘Isl‘ 5%-'.:(’. x® ¥Ry X
@ 08 SN0 o x x
08 9.0V a0%® ¢ g X
® 0g0¢gat? 08
o IS WVOR” o
Pl PO LY ) )]
0105% %

oo | B 5 percent probability that each part will be defect free. seed ambiguous example

0.0 0.1 0.2 0.3 04 0.5 Implication: Each part has a 95 percent chance of having a defect. from MultiNLI - RoBERTa
variability

He has never smoked, and he doesn't drink.
\ Implication: He has smoked and he has drank.
O

1 percent of the seats were vacant. y
Implication: 99 percent of the seats were occupied.

%\ O
aa

About 1,000 people are diagnosed with chronic myeloid leukemia each year.
Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.

14 iu., Swayamdipta, Smith and Choi, ArXiV 2022]




The Devil's in the Data Swabha Swayamdipta | ACL | 5/23/2022

MultiNLI-RoBERTa Data Map

1.0 Tvpeen Write a pair of sentences that have the same relationship as the previous examples. Examples: } Instruction

V.
NI AKX A A\
RACREI

NZEDNAL AN AL L7780
0 AAETVASAANARZAR-EEE A A FS S
\v.y\\\\"; w..-“oi-\.ﬁ-,.ﬂ'y!yf_".‘ y NAAN 70
VEWRNEY VeV Yy Vo=V av W Uy
e Y W e N W< 5 VvV AT Y i

A AL AR R BANA A 270 B AL ) AN TV IV
Y Y RN N AL b s AR kA b But if it's at all possible, plan your visit for the spring, autumn, or even the A
YWy WLV LYY yel o 2y e A AR ATACA RO AA LA VR A e
0.8 NN Ty S AT AT AN AT AR
w TR e S S IS ARG g . : h he big sigh ing destinati far | ded
VT v Sl A A A I S e T winter, when the big sightseeing destinations are tar less crowded.
h_/ = vimv At A VA AL ) o4 W PR i . 1
WAV AY ’V)A‘ " .(’/ PRGN Ay, VA” ‘0)\'. ‘A, ".
Yyv Vv VaTALY _A\y‘\i A//vA\‘g‘vAw\?\‘/{A);,‘(‘/(‘/g&\oy 4’;’(\ A | |- . . Th . d . . . d d . h
P Satiatteiieietie 3 mplication: This destination is most crowded in the summer.
Y N, S & l{’vv«“.’ J\S /"v"» 7\ %= - it
© 0.6 b1 28 36 BRSNS WAt sy | nearest
o it N AST% ST SOV ¢ g i T
= & LTy A L e e ey . .
3 AL AT AN GBIy T T f h |
g o S SR R S Ve Sy 5 percent of the routes operating at a loss. - neighbors to
. [ | % B T @y AR, L S Nl T
o= R R S e S L
= m % iR SR LA e it T B S Implicatian: : fit or break-even seed example
34 e x M mEE L e e L L B T L e ' p
© 04 O - L Lo TR e, T rella
® x e R HANX X p,"’ LTHTT ’a.l_ll = a
W mR L x BT Xogtl x ol B am Mg ge=— . n O a
x T Gl Rt TR el Y wx B @
X u [ 25/ X 3% |
Ol e T neratl
° 9 o%'ee, x;§)§¢.‘x>xx§"x" A, Sl R 2 g B P -— e RS
O @S0 IXNRAXK  XXTTR xF XmyX
® o '.’. ) ..‘. .} &8 .xcg‘x?:x xx X% m | x.x x F IV
()
1

R e e Roughly ni fh holds did this thi J
0.2 Cololed o Torx Xy NF RO wE W [On: Roughly ninety percent ot housenolads did tnis thing.
o Ja% a0t 0 WRE X x
W g L S n
® o5 eSe07008aS, ¢ o X
.'!.ﬁ‘\“g)‘(,...s o .‘o.:" °
o107 0

0.0 5 percent probability that each part will be defect free. seed ambiguous example
0.0 0.1 0.2 0.3 04 0.5 Implication: Each part has a 95 percent chance of having a defect. from MultiNLI - RoBERTa

variability

)
/\ He has never smoked, and he doesn't drink.
5 ©~©/ >

G PT_3 I - \ Implication: He has smoked and he has drank.
B
O

‘ Liltll '

Al
- Implication: 99 percent of the seats were occupied.

LLLLY
|IRRAE!

<° g 'o 1 percent of the seats were vacant.

About 1,000 people are diagnosed with chronic myeloid leukemia each year.
Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.

14 iu., Swayamdipta, Smith and Choi, ArXiV 2022]
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seed example

seed ambiguous example
from MultiNLI - RoBERTa
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lllll
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.
Gmplication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
—

\
1 1 percent of the seats were vacant.

Implication: 99 percent of the seats were occupied.

He has never smoked, and he doesn't drink.
XImplica,tion: He has smoked and he has drank.

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.

'1 -~ Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
. . —)
Instruction o C/
. o [® e
nearest neighbors to Y 3©/ <:
€ )
seed example }‘ @ °< He has never smoked, and he doesn't drink.
. g 3 Implication: He has smoked and he has drank.
seed ambiguous example il
from MultiNLI - RoBERTa GPT.3 Filter ====mmmmmmmm e e e
J 1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

Also see

(

Reframing Human-Al for Generating Free-Text Explanations
[Wiegrefte, Hessel, Swayamdipta, Riedel & Choi, NAACL 2022]

s WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.
Omplication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
—

He has never smoked, and he doesn't drink.
XImplica,tion: He has smoked and he has drank.

1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

ambiguoys

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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seed example

seed ambiguous example
from MultiNLI - RoBERTa

15

lllll

0.8

0.6

0.4
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.
Omplication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
—

He has never smoked, and he doesn't drink.
xImplica,tion: He has smoked and he has drank.

1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

ambiguous

0.2 0.4 0.6 0.8 1.0

Standard deviation of the
true class probability

variability

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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nearest neighbors to
seed example

seed ambiguous example
from MultiNLI - RoBERTa

15

lllll

0.8

0.6

0.4
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.
Omplication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
—

He has never smoked, and he doesn't drink.
xImplica,tion: He has smoked and he has drank.

1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

ambiguous

E .
A ) 1 (Dg(y | x;) — /’ti,y)z
0; = max
ey L

Standard deviation of the
maXx trae-class probability

0.2 0.4 0.6 0.8 1.0

variability

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.

A Implication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
. . —)
Instruction K CJ
. [® e
nearest neighbors to Y _:_@/ <:
« .
seed example - @ < He has never smoked, and he doesn't drink.
. g 3 Implication: He has smoked and he has drank.
seed ambiguous example N ok
from MultiNLI - RoBERTa GPT.3 Filter ====--mmmmmme e
J 1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.
0.8 i I
/
expected worst-case |
0.6 . |
ambj - . |
Juous ambiqguity |
0.4 ’ ’
02 ‘ A Ze=1 (Poo(y | X)) = fiy)" |
k? Gl — IMax
YEY E
O'00.0 0.2 0.4 0.6 0.8 ‘ 1.0

Standard deviation of the
maXx trae-class probability

\\

e

e

15 WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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nearest neighbors to
seed example

seed ambiguous example
from MultiNLI - RoBERTa

15

lllll

1.0

0.8

0.6

0.4

0.0
0.0

0.4
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lAbout 1,000 people are diagnosed with chronic myeloid leukemaia each year.
Omplication: About 9,000 people are not diagnosed with chronic myeloid leukemia each year.
—

He has never smoked, and he doesn't drink.
xImplica,tion: He has smoked and he has drank.

1 percent of the seats were vacant.
Implication: 99 percent of the seats were occupied.

ya ‘
/ \
* expected worst-case |
amb:guus ambiqguity |
|

| E A N2

A 2 Doy | X) — ;)"

yeEY E

0.6 0.8 1.0

Standard deviation of the
maXx trae-class probability

=

\\

e

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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X
Instruction .
. [®
nearest neighbors to Y <*
seed example }_ 'm: "o - 1 percent of the seats were vacant.
S —— Implication: 99 percent of the seats were occupied.
seed ambiguous example ~7 o
from MultiNLI - RoBERTa GPT-3
J

” WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Instruction .
. [®
nearest neighbors to Y <*
seed example }_ 'm "o “ 1 percent of the seats were vacant.

S —— Implication: 99 percent of the seats were occupied.
seed ambiguous example ~7 o (
from MultiNLI - RoBERTa GPT-3

J
Labels?

” WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Instruction .
. [®
nearest neighbors to Y <°
seed example }_ 'm "o “ 1 percent of the seats were vacant.
S —— Implication: 99 percent of the seats were occupied.
seed ambiguous example ~7 o (
from MultiNLI - RoBERTa GPT-3
J -
Labels?

i |
Entailiment Reliable and trustworthy!

eEntatlment

” WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Worker-Al Collaborative NLI: WANLI

5# | Ten thousand reasoning

7 WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Worker-Al Collaborative NLI: WANLI

5# | Ten thousand reasoning

WaNLI Data Size

120000
i = Train B Test
20000 |

60000

30000

Total Entailment Neutral Contradiction

.7 WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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Worker-Al Collaborative NLI: WANLI

7# | Ten thousand reasoning

WaNLI Data Size

120000

o = Train B Test

20000

60000

30000

Total Entailment Neutral Contradiction

.7 WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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RoBERTa-Large models

- WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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RoBERTa-Large models

90.0

73.9

57.8

Accuracy

41.6

25.5

Diagnostics HANS QNLI WNLI

B MultiNLI ~0.4m

18

32.4

NQNLI ANLI FeverNLI WANLI

B WANLI ~0.1m

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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18

Accuracy

90.0

73.9

57.8

41.6

25.5

Diagnostics

HANS

Swabha Swayamdipta | ACL | 5/23/2022

RoBERTa-Large models

QNLI

B MultiNLI ~0.4m

WNLI

in distribution

\

(TS

41.7

32.4

NQNLI ANLI FeverNLI WANLI

\— _J—

B WANLI ~0.1m

WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]
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RoBERTa-Large models

90.0

in distribution

\

)

73.9

i s

WANLI leads to better OOD generalization, despite being 4x smaller than MultiNLI!

416 ‘ I
25.5 - ——

Diagnostics HANS QNLI WNLI NQNLI ANLI FeverNLI WANLI

57.8

Accuracy

B MultiNLI ~0.4m B WANLI ~0.1m

18 Please see paper for more com Pa rrsons WANLI [Liu., Swayamdipta, Smith and Choi, ArXiV 2022]




The Devil's in the Data Swabha Swayamdipta | ACL | 5/23/2022

A dog and cat are snuggling
up during a nap.

A dog is chasing birds on the People are reading, and the

Premise

shore ot the ocean. cat is napping on the couch.

The birds are being Dogs and cats rarely, if The cat is not reading

Hypothesis
chased by a cat.

ever, snuggle. on the couch.

" Contradiction Neuwtral Entallment

Contradiction Contradiction Contradiction
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A dog is chasing birds on the

A dog and cat are snuggling
up during a nap.

Dogs and cats rarely, if

ever, snuggle.

People are reading, and the

cat is napping on the couch.

The cat is not reading
on the couch.

Neutral Entatlment
Contradiction Contradiction
Neutral Neutral
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As a result of the disaster, the city was rebuilt and it is now one
of the most beautiful cities in the world.

WANLI Hypothesis <

WANLI Premise

| A disaster made the city better.
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As a result of the disaster, the city was rebuilt and it is now one
of the most beautiful cities in the world.

WANLI Hypothesis < .| A disaster made the city better.
Also see

z, Neuwtral ﬂ Contradictlon

[Pavlick & Kwiatkowski, 2019; Chen et al., 2020; Zhou et al., 2022: Davani et al., 2021]

WANLI Premise

Entatlment
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