2L.3-J-9-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

777 KV —

N kBB

A =

R 7 &ﬂyb@%%

Monotonicity Dataset Creation on Crowdsourcing
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Large crowdsourced datasets are widely used for training and evaluating neural models on recognizing textual
entailment (RTE). However, it is still unclear whether neural models can capture logical inferences, including
monotonicity reasoning, for which no large naturalistic dataset has yet been developed. To investigate this issue,
we introduce a method of creating a dataset for monotonicity reasoning by crowdsourcing and report the result
of the first run. The error analysis indicates that workers tend to provide different answers from what logical
entailment defines, for some downward monotonicity reasonings involving pragmatic reasoning.

1. LIS
HREBRR u’EﬂZ (Recogmzmg Textual Entailment, RTE)
[Dagan 13] & BIFESC T PMEF H D5 ﬂﬂ%’i’é\t’hlrﬁ‘

%ﬁ?ﬂ#ﬂi?‘é%ﬂ%ﬁmf%b AV a—RIZLDZERERE
BEOEBUZMIT T, SHOOTEHEHELREMTH S, EFE. H

REFEMIUZBWTIE, 7 IV RV =Y U7 2FEMRL TAM
Wiz S GRS D A L THIBC 2 5 & 5 (075 7, B
RRBOWRIZBWTEHNTIERL, 77T RY =T
& o TAF TR S 0 KRB 2 & RBIRER T — 2 & v
b [Bowman 15, Williams 18] 225, —a—J)b4xy T —72
EHOVTXDOR ﬂﬁ?’&ﬁ"ﬂb\ EEE T A BRI R < T
% [Devlin 18, Wang 18] 2NEFIZIFE I TS, L2 L,
799 RV =V ZIC Lo TSN T — Xk y MIIdE(
R, AL, R e o Tz, GBI IR D FHR &
?6Tﬁ§ﬁfﬂ§i®?~ﬂﬁ§’é\iﬂ'€b\@b\ z K7b§?aﬁ‘ﬁéih'€b\
% [Geiger 18], ZD7z&, = a— J )V EEBERAMRE T H
INSOTF—Rky l\fﬁbu HEEOERZFEHTETWEDM0

IZEBETIER W,

Z 2T (B 19) 1 BRERRICB W TP ED 51
TWaHFHEGRICER LT, %%ﬁiéﬁhfim¥éﬁt
j{@ %’%%%@K% <‘iVC iuﬁ”’ﬁuﬂﬂ@T ﬂ't’/l\%:ﬁ
FEBRET L TFEERRELZ, ZOFETEH=2—-FIVEEH
BRRBETNVOFEBR IR DT — Xy MOBHERRETH 5,
UL, ZOFETIE, EiniEine LTiEZYTtcd, A
W@H%%&% tbfiTﬁ%&W#Wbﬂé ENDH
% Bl Z X, IROBID & 5 72 downward monotone D HEFfi

EBMITIE. ATEREERHRE STV [Geurts 05],

(1) T: I saw a dog

= H: I saw a dog or a small red cat with green eyes
Z DOHEFIE, BB EERFEOBEERICB W TIIZ L MR T
BB, NI H P ofkdH % bﬁ_/J\é”&iﬁ:b\?mffﬁ
ETDLVIRHELR D D L FiAaAA, FEHGMIIC aabtm\
Z%%?éo :0):]:55:\ —B%EIJ\_DEUJHHEEOD ﬂ* 3’5\1“(2
W HEim e . FEMAERIIIC HE I ARIDSE U\ & HIlrs 2 HE
éﬁ”:&ig—\:'\”‘y TH D R é’n\E'Bg{-ﬁmu’ék:ET}b(Daﬂﬂﬁf ZZ D
X vy ThFETIHEND D,

A7 o> LA MEGm & % O BRI 7 — X & v b & LTI, Fra-
CaS [Cooper 94] * GLUE diagnostic dataset [Wang 18] %%
Hb, LHrL, WTFhoF—&tv b HiiEmOMEIZ 80
. 56 e IEFEICDR ] FEEROE SHA B EHRNLFEDE
SR L EMFEOBINIR SN T WS, EROBEBIIIIN
5D —=IZRS T, FEREREL to RE, BREO
B Y, Ba R 2= nFEZ oMb, ZTOXDREHRRE

A Y mh . MALFEMER AP kv X —
hitomi.yanaka@riken.jp

EWMANR =V DON) T =V a v EHERERT 5720121, 7
TR =T REDANFIZLBMEFEIRDONS, L
U, HMRTIERWS T7 KV —> v F DI D RO
BEHGT DI LIE RO X vy THEET D L AB TR
<, PEENBDHID DBHMAL R A0 2 FET DHEND B,

AFETIE, BRABKRROKA L 7 I RY =V v &
ABEDHLEDL I LT, ETFFA NS BFMEROTIIH T — X
v b ERNST L TFEERRET S, BRITIE Combinatory
Categorial Grammar (CCG) [Steedman 00] (23D < #iaEf#
Fric ko THIFHERDBID D RELZRE L. ZTDOREZ L DFf
MRS R I TIIRY =V VT RATBEET S LT,
HAFHERRASER D ST D SRR ATHE S L ARFISL D R T % ) A
BT 5, BB, BEUET—Z2y MIWERMHATRER B R
TARTETETH 5.

2. i%ﬁ?ﬁ%ﬂbﬁ

HFAHEER IFE DB S R T < ?ﬁ‘rﬁlff) . FREAIE & AEE
%LO)%E\E‘J&@%#/ (EL 70, HELEEHRD—DOTH
5, ZOH#FmE, EEP—BLRLFR Z@i@ﬁﬁ%’)ﬁégﬁﬁ
WEDWT X OFEEBERIIZ EAH U <X RO RBICE
SR, DX EDERBBIPED LD WS HEGRT
%% [Benthem 83, Icard 14], LAIORBINDESHZIZ, H
BLRB & FEEIZ ADRBUCES IR 5, BHRIZHRL,
or THRESNFEN MBI ZMA D, &V o 7 #IEIC & - CTHlHE

T b, FRIZ, FULORBFANDESHAIE, FEERIZ RO
KEUTESHA S, BHiRBZMNA S, and THSEA Hefi

WEMAS, LWVoEICL>THRETH B,

polarity t&, HFIEIZIS U TIRE I NS, SRERFLIOME SR
FIZBA2METH D, +AMEINTVWEEHE. TOREE
LRI IZ ERLORIUZE S A TH, O L OMIZEEBIR
MDD, 72, | DG INTVWEEEIE TORKHEE
RENZ T ORBUCE EHZ TH, 7LD L DI EZEBGED
[ AIAVASN

» % KBNS upward monotone T 5 (FHBIFRIZ H 5 RKILD
Bz 47 25 LTRT) &, %@ﬁfﬁtlﬁﬁg@k%éi‘%
BiD polarity Z#fERFT 2 L WHIEKTH 5, WiiZ, HHREN
downward monotone T®H % (Iﬁﬁg% HBHRELOMIT “—7 %
5. UTHRT) ik, TORH L HBERIZH 2 KILD polarity
ERIZEIELLWIEKRTH S,

— b B AL I F R e G & B AN E S, — bR T D
BTG U T, £ D —BibE b T DIH & %2 5 £ 4] (NP)
L@y (VP) @ polarity BRET B, flE LT, Every
spectator buys a movie ticket £ \D X% EFEXTHAKD,
every (&, JHIZ & 2434126 U Tlk downward monotone
THH, FFHIZHK U TIX upward monotone TH 5, Z
D7z, (2) 1IZ/RT KD, spectator @ polarity 1% | & 7%
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a ticket "

. ticket ‘N5 NPt N
:np/n in . N
a smectator ¥ s - T
every spectator buys a ticket e"f’U . spectator } l})uys . a' t]l\(;l;?E
snp/n in : s\np/np :np :N — NP N y NPT 5 NPt 5 S : N
s a ti T
every spectator buys a ticket every spectator ! buys a ticket
1np s s\np :NP? NPt o9

<
every spectator buys a ticket

i S

1: Every spectator buys a ticket

D, TH% FAHORBICEEMA TH IO L HREEFRN
KOO, F£72. buys a movie ticket @ polarity & 1 & 72
0. ERORBUTEESHZ TH, JLOXEEEBHBRIED LD,

(2)  Ewery [ne spectator]]” [ve buys a movie ticketT]+

= Every [np female spectator] [ve buys a movie ticket|

= FEwvery |np specator] [ve buys a ticket]

downward monotone DFREUZIZ—LE/L TIZRS T, kx
WREDH D, F 112 downward monotone DMEE % FF> 3K
BHo#l%Rd,

# 1: downward monotone FZI Dl

=17 every, all, any, few, no

HERI | not, n’t, never

il deny, prohibit, avoid

E2T| absence of, lack of, prohibition

il gl scarcely, hardly, rarely, seldom

i 1 51 without, except, but

ZMH if, when, in case that, provided that, unless

Z 5 U7z downward monotone DME % & D FH A EE ]
MDA E N7 TIE, polarity D KEEDHEZ 5, Bl 21X, Ak
HiD A T —TWIZ every BN LT OHITIL, polarity H LA
TIZRT XD IIKIET 5,

3)

If [every [np spectator?]™ [vp buys a ticket)]™]™,
[that film will be sold out]™

= If [every [np person] [vp buys a ticket]],
[that film will be sold out]
= If [every [np person] [vp buys a movie ticket]],

[that film will be sold out]

ZD&HIT, XDOHEKFED polarity ZRET 5 LTI, XD
Taat i A EE A EZ R LT\ 5,

CCGZH:D HGEMTIE. XOMEEZ B & HIZHHT 2
RUT, polarity OFHEUZHE L 72 Pfla & 2> T\ 5, CCG 123
DWW polarity {1535 AT & LT, ccg2mono [Hu 18]
Nbd, X1z, TOMFHI%RT. ccg2mono T, T A
JISNTH U T COG 12D K $EEEMRIT 217\, CCG DE AR
2185, TD LT, CCG D#MFEHINE (s,n,np) & e & ¢ &Ik
EERL Y BB OR L IZEB L, every ® a 78 & DFREGE
7%H D monotonicity (+, —) &SR OB —IHO BRI
HHUT, &z %*ﬁﬁi%@ polarity (1,]) PREI NS,

3. BREF&

2 HiCIE A7z K5Iz, HFRHERRAYK D 3L DRI S L AR D X
TEZIURNY =Y THET 57010, FERhE oM
B & RGO W THTRR SR DR BLD polarity ZFHE L.
YR AR BAL - TALDRBLUZE S R TR %
Wi T 2 B H 5,

72, BEOI I NV = v iz k365 EBRAET —
K&y b OREEFE [Bowman 15, Williams 18] Tld, SEX
Bae ANTFE L L MHXEFRT S Vo7, T—I—D
\\\\\ TR EZENA T ADRELTUE S WS MEN RS 1
TW3 [Gururangan 18, Poliak 18, Tsuchiya 18], BEfZDF

*1  [Hu 18] iZft>T. t % S. e—>t%& N, (e = t) >t & NP & RY

T B CCG DEMA (F) &xnzdin b%/ — iz

<
every spectator buys a ticket "

polarity (1,]) BMI5-Eh7=K (5)

ETRHY = —ICHiR 2R U, i X e &E - TE - FE
HROBRIC DR EERT 2L VWS XA 2L TWD
UL, CORAZBETE, 7—h—2 2N ENOIERK
%ﬁ&ﬁ?é%#%%ﬁ?%fmﬁbpt# {EZENA T AN
EUBFEND—DE LTEZX NS,

Z ZCREFETIER, £7 CCG 1D < HirEfbRs I 3L
DWTHERILD polarity 2 L. upward monotone, down-
ward monotone DB % K DRI % & L HIFE L DEE L H &
AN RORIERET 5, T LT, (i) pifeChoE S 2
KEDORBZ K 0 FFEHIZRRBUTE SHA TRSCEER L TH
55X A7k, (i) (i) TTERAHEL LRI DRT DERE
BREHELTESIRAZL VWS 22D 5T RY =Y
TRADEHET BT, T—A—DIEENA T AEHE,
WO T — 2y bENMSET S, VIV Y- TDT
Z v N7 =L, figure eight % W7z, IREI T FIED
PR R R B,

3.1 HIHIRNXODOBELEBEZHRANROREEORETE

AR TIEE S, Kk - BRI HRO 2 S —S2TH
% Parallel Meaning Bank (PMB) [Abzianidze 17] @ 5 %,

5 b =2 VBB SRBWRH 6 F 4 TR O HifE X & i
L7z, PMB 3bE% Y ¥ VLOET F 2 b h SRS h,

FEHN - RESCIIZ SR XX R o T\ B 728, SRk Wi in
DT — X DENHYIRTE B,
T —h—IZEEROBE S WX B RIET 2B, MRS

’Eﬁ??ﬁfﬁ’? no one, every day tb‘ot'f ‘?4 N IA-¥ 1"
LRKBUE, FEROBSMAVHEETHLLEXO5NDE, £IT
500 T 74 TNRAY ZERU, T — 1 — MRS EAER
TETWAPS2Hhr o, BEMMAPRERERIZRE L,
o DERBFZ IR UTHRALAWI L & U,
Wi U7z 3B D E S 2 DN R 2 K 2 1ITRT,

=t 1

% 2: FEREOE S DR KRB
one, body, person, people, human,
idea, money, thing, part, time,
day, week, month, year, ages, chance, wonder

. &XTHR LT depeeg [Yoshikawa 17] %\ T CCG

%’3 < FRREMEAT 21T\, ccg2mono [Hu 18] ZHWT CCG @

BHAKRDP S XDFHELZD polarlty ZEEL. 1, | D polarity

WG XN X% EE L, ZTOHT, upward monotone @

Fﬁ@ & downward monotone DREDE &% FHHEE S 572, K

128 % downward monotone FIH % & X & FEMHIZFEE L

710 AHYIZ, upward monotone DRI % & £ 3 1485 {4,

downward monotone DRI % & L 3] 1982 DA FF 3467
2 HiEE e U CHEE L7z,

3.2 RERXIERRSY R Y

3.1 HiCEE L7 &R U, 12 | @ polarity 235X 7z
B2 KO FEMARBUTE S A TR XEERLTH 55
Z & T, HEHEERDSED DT X L ARG X DT ZINET B &
A7 &G Uz T—H—l3A VA NT IV a vl ﬁ)élﬁlﬁ{ﬂ
ESFIZUTCHET 5720, X0 EHEORHXZNET 21T

. ORDXRTVEIEFELHAET LI LAEETHB, £IT
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* 3 WL - HHER T — X Ofl

[ i X T3 1Ef#
All men have equal rights All men have equal rights to express oneself in public IEER
There is a cat on the chair There is a cat sleeping on the chair -3
upward If you heard her speak English, If you heard her speak English, JEaTE
you would take her for an American you would take her for a native American e
monotone Dogs have all the good qualities of people Dogs and cats have all the good qualities of people P
) ) ’ ) ) ) : . HEE
without at the same time possessing their weaknesses — without at the same time possessing their weaknesses
It is not tea but coffee that I want It is not tea but coffee with milk that I want FFaR
Tom hardly ever listens to music Tom hardly ever listens to rock 'n’ roll ER
You don’t like love stories You don’t like love stories and sad endings E0sS
downward il T - ==
Tom doesn’t like to eat fish Tom doesn’t like to eat fish cooked in restaurants ZF8
monotone oo T g girlfriend before I never had a girlfriend taller than me before B0
Rock climbing without proper equipment is dangerous  Rock climbing without proper equipment of security is dangerous B0

AVANT 7Y a  IZIXMEEIREZEIMU ZHl. and % or T
FESENEGREZ BN U 724, BRI 2B L -4, BEEN
12 B4 - FALOGEICE S A 72012 TN ENRR U T-, AW
TIEZRERRHICEINET 2720, 1 MH7=0$5 O®E % 5-
258 LT, 1B 3412, 100Xz 3@hDEE
MWZMEEEMRE LT, £z, KFERREZRLS 2O, 1Y
72 0 BAK 200 B LA BT Z 2T 2 EE DA E R U, K
XNERR AT DA VR T 2 — A% 21237,

partwith
sentence. Please fill inonly a i i i de fillin

---------

Sentence: tom seldom listens to music at home ..

rrrrrrr

2 IRBSNER R A DA VR T = — A

Gt 128 DT — H—IZEZEZ M L. upward monotone
DHFRTIEERE L 754 7179 . downward monotone D
AT ERE 56 8160 . AFF 15339 1 D ARG % ki
L7,

3.3 EEERINIVHEIRY

7 — A1 —IFEMR TR N2, IRBSERD & 5 722 EH Hdid
DRATTIE, BRI ABRLSIDMER S N T VB IEEDD
3, BRMIZAAREXTHDHEE. THZHLEREERT
DHENHHETH B, T Z TR L 2RI ARG DR T I
DWNWT, AEBBHK D LD ETIA T, X HRZID
BhaeF v rTHRA0EZHE LR,

Fo, VA —IZEBBRPE D SIonE D EEL HES
HEDITE, BEMEROEHREZ T ——ICELHREE5
BERH D, TITIFEO T (AR, FEEE. FAR)
IZDWT, ZNZRD &S HiHE 7 — 77— 28R U7z,

1. R AP ETH D ED LS RIIZBNTH, Fdw
MWPRSSTHTHE T — A

2. EEE HREDPETH -2 LTH, RV HIZETH
LLER S\ (FHENETH B E DR TIE. iR
NEL RSN 7T — A

3. FHER: SGEMIZ, H2WVIFERNICAEARTH ST — A

T, AVANTI IV a VIR, AR EEE. AEROHIE
TNTN 5T O8RE U,

BEDT ) F—va VEERERIET B0, 1 EOEEIC
DEF VI TANE WOMARL, Fzv 7T AMIFLT
SHEIDAEFAE L7 — =DM, 157 0I1Zhh o 7=
2200 M ARTEDEIZIZEL L=, 1 BH720$4 0% 5 2
BUT. 3% T7 /7 —a EEAKEL -, &EF 1237
ZDT—=H—=DZL., 15339 4DT ) T —a v EToTz,

4.
4.1

BELET—9 Y b
F—gtv hDOF

X 3ITHEEL - R T — X OHlZ R 9, downward mono-
tone D 1 DHDHID & 57 music & rock’n’roll &\~ 7= FEE:
P72 EERDE SR 721 T <L 2 DHOFID & 5 725Ehi s
KEZFFAUHI, 3 DHOHID & S 72 B6RHET %2 A U 7241,
A DOHDOHEID &S RILBERBEZFALZHE, 257D RV =Y
VIERAWD Z LK o TERRNBIEETET WS,

4.2 T )TF—>aviEROSN

7 —H—DEED—HEEEK LIRS, T/ T—YarD—H
RIFB LT 0% THBN, XRAZOHREEHR B LT3
BrEThb,

£ 4 7 —Hh—DEED—HE

—5E /%
3 A—K 40.1
2 A—# 55.7
A—E 4.2

I ROMEICE O E AN G LB/ N &,
7 — 5 —DEE U &R T AL & BN —E U R e Rz
BIoEIGERSIZRT, HEMN G LZEEBEGRI Ve T —
H—LEBDOEEN—F L 7T — X OEEIZ 2RO 22% 128
O, HEELZT— XTI AW RS HERD T — AN E £
NTWBIENREBINDG,

# 5 HEIN G LG8 BR I e B A8 edlE
upward /ff (%) downward /ff (%) &&lt /M (%)

RN 1069 (7.0) 2285 (14.9) 3354 (21.9)
2 A3 1814 (11.8) 2301 (15.0) 4115 (26.8)
1 A5 2295 (15.0) 1915 (12.5) 4210 (27.5)
A 1998 (27.8) 1652 (10.8) 3650 (37.8)

4.3 IS>—9W

DAY — 71— BOERBER T XV DRIER—B L 727 — A
5941 2 W T oM 2175, HiHtGROEEICED 2 AEI
GUREEEBBRI Ve, V—h—DEELEEB®RT N
EDRB U E G %S 6 1ITRT,

% 6:_ HEING LSRRI Ve T -0 — D% L OB
upward /ff (%) downward /{4 (%)
1069 (7.0) 2285 (14.9)
1650 (10.8) 937 (6.1)

—%
A

K6DI>Hb, V—A—DREVHINEG LT L& —
LTW7zfilid, —5Hd 5 L EL < BifsOMEER T &
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7-BITH BN, EBIZBIHHERORIEIMER TE T WD DD,
7/&A 300 Rt L C I = EiT o7z, TI—& L

T, BARD & SRR R A 27 TRIKKNIZ R0 FREA
DEESWMINTE TR T =AM 3IEEENT W,

BEEICLDBEBZIDT — R ROBIE kid & child H¥%
HTHBIzDIZERBRMIE D LOT —ATH Y, BRI
RO RBDE = AT 127> TRt = 2 CIEH LT

2 BLFHEGR D EE TIZ AR,
(4) T: Tom is no longer a kid
= H: Tom is no longer a child

BRRDERLDT— R IROBIDOEFH I, B &d LHife T
@ problem % & O FEMARBUCE SR 5 XSRS NTE
BXNTARG LT H B DY, at all 1ZFFATH D, problem DI
METIER, 2D, ZOH1H ERIIZ TALORBDE Z
MAITIZm > THE O, HHEEROME & 1 XABE R,
(5) T: That should be no problem
= H: That should be no problem at all

or Z BT FERIEM : IROBIDIRFHTIE, FIHESIHD strangers
X OFHMARBUCES BRI 2 X5 BRINTERSI 2K
351'&)'(( BB, or EEHEUVEMEREIOE AL 2 fiTiR 72

D ITTEIREYIZ Lﬁ@%ﬁ«@%%@if@b TR DORELD
ES%‘E‘&K'C e, ZOuEIRRFIHROMEIZIZRoTn5

M, BETIERIEEED IEbL‘o

(6) T: Tom doesn’t trust strangers

#  H: Tom doesn’t trust acquaintances or strangers
4.4 SMEVHEER DR E
K6DSH, V—A—DRENHENE LT )L e —HL
RIN S TN DNWT, A=A 6@#5/ﬁA 300
ﬁ:%:?ﬁbﬂ'b T ERIT o 72 RER, HEBIILSESMADT —

WZIMAT, U RO XS 2N H 5 Z e nnhrotz, Thb

ti\ Bk % 223 FHERIAHERR I & - TEBUZ ARG 2 4%
FRAVHLMEGR I & o CamBlIc 2 L PHIT W2 SRR L X

BB T —ALALED,

Wi PN OBNE, B e U CIRIEERE L FHIET A 4]
THEN, V—A—DREVREREThHo1HITHD, ZDH
TlE. cucumber salad without lettuce & \\N5 RIUZ L - T,
cucumber salad with lettuce & DXFLLBE L TWS

(7)  T: A horse doesn’t eat cucumber salad

= H: A horse doesn’t eat cucumber salad

without lettuce

ZDD, HiZ TVAZARAS>TONIEAENS | L\WHEE
RIS S Z I NPT K, TNDT —H—DIEETED
HEIZE L EZOND,

e
BHEDRHR : LR DT — ATl KSSXHD everyone wearing
a blue hat BFAEDHIHE (presupposition) % H D L iR %
DOERTH 5,

(8) T: I can’t remember everyone

= H: I can’t remember everyone wearing a blue hat

Z DIFTEDHTHIZHIE XA & KGRI 1T E iz
T = —DHEEDHEIZTNREL 2D EER SN,

5. #Eim

ATk, BRAEWRHZOMA L 757 RV =Y Vv 72 lAL
bﬁé:tf%ﬁ%m®r Ry N BRI RELES 5 Tk
BIREU, BELET—X2y bEOWULER, 257K
V=V RHAWD Z & TRILWAZ — > OB OMEZ
HAOFEERECE D2 ERRIBI N, T2, AT Y 7
Hedh & BB HERIIZ ARIASE L\ & 2 & A and S
r—2RNWETEIENTER, SHBOBEL LT, HELEL
F—=REy b5 A3HTHRREZT S —2RE, FEHT—X

y h& bf*ﬁ%ﬁ( b‘/’:.J:’C %Bg{‘is‘wmn%k:‘f TJI/fJ’ IEEE(
HRZEFEEHTEL2DMIDONWT, FEHlie o2 #ED TV L,

BEE - AMZEIE JST. AIP-PRISM. JPMJCRI8ZM 0D #%

EZTHDTH S,
& HR
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