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E%??ﬁ i (Natural Language Inference, NLI), %
723, Eg{%munﬁh (Recognizing Textual Entailment,
MEH] &, EHERIC X 5 HRSEEHEEO TSI ﬁ
FHXAZD1IDTHY, GAONZTFANT HH
K3 H Dsa I N2 05 a2 BEPHIET 5 X AT
%%, 4, SNLI [2] % MultiNLL [3] £\orz, 25
T RY =YV X B KRB RTE 7— 22y S OF
BIZMAEW, =a—F 2y b7 =2 2HAWZFiE 4, 5
75‘{35% I TWA,. LA L, SNLI* MultiNLI

TIMEER 2V CIEME FHITE 5731 T ADREEN
5awotmiﬁh%éMTBbﬂxz&,—; %
RTE ETNNE OFEE RS FEOHERITT U TN

HEEZAT 2O IHITR. fiimcB ) 2 Li:EE
%%T*ﬁ%ﬁ& LT, #EEmDOMRME (systematicity) [9]
Db 5. HEmOERMEL X, AMOBINZET S 2D
DHERTH D AR Y a =X L& diiEHHE E RO
MNP EEFNEETH Y, He OBAAREMTHN
X, ZhoDflAaBbEIZODWTHHERAEETH S &
WO RHMOMEEZ/RT.

AL TIE, BELHERHARLD—DTH S mono-
tonicity [10] 12 %24 TT, =2—F )V RTE €7
WIS HEERDERRMEZ T Z SN TVE NI DWTHITT
%. monotonicity &I, XODFKEDMME ( LHE
HLABULLETAEREL.T]) OAHMIZAEDETHE
E % BRAIZ EALS U X NALORBUZE E#Z 72
X, bEDOXEDEFHEBEBRVKLY SHERBIRTH
5. X@%Wi@@@i BT EDE @%@@E

WE-oTEES. fﬂt LT, (1) & (2) CEMMOE
ﬁ@f‘l’“%%@”'&é 7=IZiE, ET VL (1)some 7)”:75%’\
B2oEll7FThsZ Z (i) every M F &R DO &EALT
THbdZ L, (iii)dog A animal D FAFETH B Z L,
kbok,@ﬁ® SRR E DA G D &2 R RHY

IZRATWIRBREDNDS.

(1) T: Some [dogs™] ran yesterday
H: Some animals ran yesterday S&
(2) T: Every [animal~] ran yesterday
H: Every dog ran yesterday &%

EQA Bﬁﬁ’* H%Aiﬁfﬂ( ) AR kDT, FEEICIEHE

e D 0, GRELIZ 22 R D /S X — IR A
e 5%6.
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(3) T: Ewvery [cat which chased every [dog™]] ran

H: Every cat which chased every animal ran S8
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AT, FEHIZETIVIZREEZ A2 -V - BE
RN R — VAR BIE L TEF L ONALMERE % 2143 2
7212, CFG OERMAID S #HEmT — X % H B
LT, HEREL-HRT X TETLVEEEL, #F
g 5FELRET 5. RBEFIEDY — A — N
FHAP RN TAETETH S.

3.1 HERT—YDEBEE

Wi T — X 2L T L7202, £7, HRABHEUO
BHEE (DA, X ER) d, 8hT0%EE Q,
CFG OAERHA G Iz > T, FHEXDES G 24E
K 5. AT, B158EE 25T ELERED
BALT 4 T Q' ={some, at least three, more than
three, a few} &8 15 EH 25T FAERDOE
1b¥ 4 T3 QY ={no, at most three, less than three,
few} % Q DEHREE Uz, RETFIETHEMEEL 2
T —R2DEER 1ITRT. #lE LT, QDESE some
EERHAIS —» QN IVILEBRINGEI 1 DX
Some dogs ran &, G? DHEFELB.

RIZ, FEREEBIOES L OMEEOEEE GdQ Iz
HMHT5Z8T, AR XDRT 2EHEZL TS
£4 D?7L EHEET S

DI = {(T.H) |T € G A LWUT) = H)}. (1)

I T, gEmipfre 3k, XhOMKE DR E B E
72BN U CRRIIZ A E 723 FAORBIZT S Z
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Some dogs ran = Some animals ran PWEK I N 5.
ZDEDIT, BT VIR FOME & FEEERIC
Ko THEMIZIRET 2. MAT, AT —REREE
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* 2: GlhRBRIEDOHI.

B FEERMF 11

I EAER D E
Iy A DB small dogs T dogs

I3 ATEFAA OB dogs in the park T dogs
Iy ESLETABENI
ls UGB EYI |
ls HEE OB
l7 HE DB

dogs T animals

dogs which ate dinner T dogs
ran quickly C ran

ran C ran or walked

ran and barked C ran
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(c) EFE+AIERS (d) B&YEE

|I:I BERT E LSTM [ TreelSTM

1: RAIDEAL T & FEREBRDOMAG ORI BT B AR MO TR,

(4)
(5)
(6)
(7)
(8)
9)

: Some dogs ran H: Some animals ran

: Several dogs ran H: Several animals ran
: No animals ran H: No dogs ran

: Some small dogs ran H: Some dogs ran

: No dogs ran H: No small dogs ran

: Several small dogs ran  H: Several dogs ran

ZTIZTEY, QPoMEEDOEE g, LESIEED
BWHE 22, {¢} L LOMASDLETERLES
1 DHERT—RE, Q& {1} DHMAGDLETERL
WX 1 Of#HT — 2 0f%EA DI UDY Y R
Wo¥EF—% S, L LT, {¢{I} owi®Es {¢}. {1}
ERWTAERLZES 1 0T — 2 0fks Dl
TEF VAT 5. 25D ¢l o DI L
Fffz FHITENE, EFVIERMOET & iE5
BROMAEDLEIZB T HERRMEEZEE L TW5.

Wiz, BT TRTCOFEEBEBROMAGDED S
AR U T HERR T — R 2 BB T — ZIBINML T,
HMLD BALF & FBEBERDORADMAGLED S5
Wi T — X CIEfR% THIT 2 03T 5. ¢ #R< E
HER, VHEEDORAF ¢, ¢t DRT ORI EL
Q ={(d"a") | (¢ ¢") Q" xQ", ¢",q* # q} 12D
WT, Q OEHENSZDIEFDES perm(Q') 2% 2
%. #&peperm(Q)I122WT, p(i) = (¢, q) 15k
BUES 1 OWRT — 2 DEESE 2 <i <4 OHH
TERICFE T — X S, 128N 5 :

I D D D D I
Gt o

T
T
T
T
T
T

T4
Sip1 =S, UDI I o cicy) (2

BIUYET—RIET AN T =25 R<.

E7z, ETNVOPNACIEREA L DORERFE DALE X L
T EDOREEHHEDNPZ DO WTHIII T 2720, TARNT—
20% (a) Bl (10) D & D ZFE T — & & [ UGS,
TIbbEEEENRIL T 2 EU EEOMBE TITDN
7254, (b)#l (11) ® & 512 (10) OSCHFIZEIF 1 55
BANL 254, (o) #il (12) D X 512 (10) DSCHEIZ 3 78
Mo BHEFZBMUZEES, (46 13) DL >
CREREEP R T2 AL HNGEON B Tibh iz
&, O4FEHOHRT — X & SFHERMGTHET 5.

(10) T: Several small dogs ran

H: Several dogs ran S%&

(11) Tagw: Today several small dogs ran
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H,q,: Today several dogs ran &&=

(12) Tprep: Near the shore, several small dogs ran

Hprep: Near the shore, several dogs ran £33

(13) Tup;: Some tiger touched several small dogs

Hgpj: Some tiger touched several dogs 8%

EED q,1 TH |perm(Q")| D DFER%E 5 [ 3 DfF
W, EHEERCIEEREATET IV ETMET 5.
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RAND S O HLD A M % & DRI B 15 P
BEZFMT 5720, i = 1,2 Z200WTHEETF—X
,,,,, i+1} D &, FETF—AKD HRCHDIL
HHIEEGCT AN T =2 Ugeqiva, 5 D" & i T
ETNEFHT 5. HDIAAKMORE S DD EHRIZF
BTF—R T AT -2 Tz g 5. &FEEZE 51
T O, P IEAR A TE T IV 2 M 5.
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4.1 EEREZTE

LM R D E T IVIE LSTM [17], TreeLSTM [4],
BERT [5] ® 3f@¥HE L7z, LSTM I% 3 /8 LSTM % £
MU, LSTM & TreeLSTM X2 & D¥XITELIZ 200,
NI A—=ZDOEFIZIE Adam [18], HFENT bV D
I X 300 oG DEE A GloVe [19] 2 U 7.
BERT & pytorch OHAIFHEFE AT 775 V2% AW,
¥EF—RXCRITEDRXRAZIZ T 74 v Fa—=v
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Ry 7450, Fay 777 MIFEHAL R - 7=,

4.2 ZERER
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2https://github.com/huggingface/pytorch-pretrained-bert
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# 3. RHOEXIZH I 2R MEOFMFER. Dy B
B 72 FR R oD 8 FH A1 d TRESR L 7= 3w 7 — &.

28 TR N BERT LSTM  TreeLSTM

D, uUD; D, 100.0+0.0  100.0£0.0  100.0+0.1
D, 100.0+£0.0  99.84+0.2 99.5£0.1
D; 75.2410.0 75.4£10.8 86.4+4.1
Dy 55.0+3.7  57.7£8.7 58.6£7.8
Ds 49.9+4.4  45.844.0 48.4+3.7

D,uUD,UD3 D, 100.0+0.0  100.0£0.0  100.040.0
D, 100.0£0.0  95.1£7.8 99.6+0.0
D3 100.0£0.0  85.2£8.9 97.7£1.1
Dy 77.9+10.8 59.7£10.8 68.0£5.6
Ds 53.5£19.6  55.148.2 49.6+4.3

Mo 2ERBAROMAGLENSERLEZT—X %
BMU77Z Sy TIEZRMZIFE 100% L 720, HloE
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L= bhEOEHEZERNVEN S, UL, X 5 THF
fliL 73581, EERPF ¥ AL — bigE o7,
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<, PALMERED E W EARIB I Nz,
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TEITX U i e A BRI E TV 2 MG T 5.
SEE. AIFGED—¥RIE ISPS B ER JP18H03284 DB
KEZIF-HDTHS.

&3

(1]

2]

(3]

(4]

(5]

(6]

(7]

(8]

[9]

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

(19]

— 576 —

Ido Dagan, Dan Roth, Mark Sammons, and Fabio Mas-
simo Zanzotto. Recognizing Textual Entailment: Models
and Applications. Morgan & Claypool Publishers, 2013.

Samuel R. Bowman, Gabor Angeli, Christopher Potts,
and Christopher D. Manning. A large annotated cor-
pus for learning natural language inference. In Proc. of
EMNLP, pp. 632-642, 2015.

Adina Williams, Nikita Nangia, and Samuel Bowman.
A broad-coverage challenge corpus for sentence under-
standing through inference. In Proc. of NAACL HLT,
pp. 1112-1122, 2018.

Nam Khanh Tran and Weiwei Cheng. Multiplicative tree-
structured long short-term memory networks for seman-
tic representations. In Proc. of *SEM, pp. 276-286, 2018.

Jacob Devlin, Chang Ming-Wei, Lee Kenton, and
Toutanova Kristina. BERT: Pre-training of deep bidirec-
tional transformers for language understanding. In Proc.
of NAACL HLT, pp. 4171-4186, 2019.

Suchin Gururangan, Swabha Swayamdipta, Omer Levy,
Roy Schwartz, Samuel Bowman, and Noah A. Smith. An-
notation artifacts in natural language inference data. In
Proc. of NAACL HLT, pp. 107-112, 2018.

Adam Poliak, Jason Naradowsky, Aparajita Haldar,
Rachel Rudinger, and Benjamin Van Durme. Hypothesis
only baselines in natural language inference. In Proc. of
*SEM, pp. 180-191, 2018.

Masatoshi Tsuchiya. Performance impact caused by hid-
den bias of training data for recognizing textual entail-
ment. In Proc. of LREC, 2018.

Jerry A. Fodor and Zenon W. Pylyshyn. Connectionism
and cognitive architecture: A critical analysis. Cognition,
Vol. 28, No. 1-2, pp. 3—71, 1988.

Johan Van Benthem. Determiners and logic. Linguistics
and Philosophy, Vol. 6, No. 4, pp. 447-478, 1983.

Richard Evans, David Saxton, David Amos, Pushmeet
Kohli, and Edward Grefenstette. Can neural networks
understand logical entailment? In Proc. of ICLR, 2018.

Samuel R. Bowman, Christopher Potts, and Christo-
pher D. Manning. Recursive neural networks can learn
logical semantics. In Proc. of the 8rd Workshop on Con-
tinuous Vector Space Models and their Compositionality,
pp. 12-21, 2015.

Atticus Geiger, Ignacio Cases, Lauri Karttunen, and
Christopher Potts. Posing fair generalization tasks for
natural language inference. In Proc. of EMNLP-IJCNLP,
pp. 4484-4494, 2019.

R. Thomas McCoy, Ellie Pavlick, and Tal Linzen. Right
for the wrong reasons: Diagnosing syntactic heuristics in
natural language inference. In Proc. of ACL, pp. 3428-
3448, 2019.

Richardson Kyle, Hai Hu, S. Moss Lawrence, and Sabhar-
wal Ashish. Probing natural language inference models
through semantic fragments. In Proc. of AAAI 2020.

Hitomi Yanaka, Koji Mineshima, Daisuke Bekki, Kentaro
Inui, Satoshi Sekine, Lasha Abzianidze, and Johan Bos.
HELP: A dataset for identifying shortcomings of neural
models in monotonicity reasoning. In Proc. of *SEM, pp.
250-255, 2019.

Sepp Hochreiter and Jiirgen Schmidhuber. Long short-
term memory. Neural Comput., Vol. 9, No. 8, pp. 1735—
1780, 1997.

Diederik P. Kingma and Jimmy Ba. Adam: A method
for stochastic optimization. In Proc. of ICLR, 2015.
Jeffrey Pennington, Richard Socher, and Christopher

Manning. Glove: Global vectors for word representation.
In Proc. of EMNLP, pp. 1532-1543, 2014.

Copyright(C) 2020 The Association for Natural Language Processing.
All Rights Reserved.



