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1 FL®IC

HR S dEH#E R (Natural Language Inference, NLI),
721k, EEBEBREH (Recognizing Textual Entail-
ment, RTE) [1] & &, EASERME HINE L&
AZD1DTHD. ZOXAY T, HiEX T HK
WX H BRI 520602 HEHET 5. TFE, &
BRERREIIBWT=a—I 2y N7 =22\
FIE (2, 3] WERITAZ I NTES D, ETNLOFY -
FEAfi 02 1%, SNLI [4] ¥ MultiNLI [5] &\ o7z, 77
U RY =2 T & o TR E 7z KRB & B 6R
RiT— Xy MPHVWLNTWS., LL, Zho
@T Ky MIFTHR AR X DM T 2 FEH T — X

IZEDHRLSTH, XD AZFEIEFLZLIZE-
TR=ATA VEEENC ERZEERBESNTL
£S5, LVWHMENERHINTWS 6,7, 8. 7z,
SNLI X MultiNLI id @A L&, HIREE, &M
Lotz BMROTFA MIBND SRS
EMEL CWEWI EBEMINTSD 9], —a—
“_j}b/gﬁﬁg{%mbu%:&T}bb) EEEEJP*%@ﬁEE§®%%%$
HTETWwahIZAETIER .

—T, HERBIRICH O SEBGRAHT -2y
F&UT, FraCaS [10] B’ 5. ZOT—Xtv M
B FHEDF — LI o TG - HEINTHE DY, I8
f”b‘i’ﬁ MR ER > TS, UL, sERAGRIIHER

BARBRA B HERICHIRET N T WS, £, T—X
ﬁﬁ&m#zmﬁﬁ?%b Za—JNVETNDER
TR UTHWS Z LIFREI TV,

LR FE R AR PG 2 o R 2 R MR DT *
AN SRR T — X2y N EMET 72012
E, FBELSEY WY ONEELEL TS, £O
=D, VIRV =Y UL BEEIINETH D,
E7z, SiBFEDPKREOETFA M T OHHL
1‘%@@3‘6 EHLHENTIERN. £ I TARIFETIE

RO —DOTH B monotomclty WZEHLT, £
7%7& EHRLAE & ARG 12 B 1) 2 A EBIRER T — &
y b EHBEET D FRERE TS, EMELET—
Ry ]‘ %f EEHED = 2 — I IV EEEGRREET IV
DEET—2IEMT B &, —HOHR ﬁ%%%%
monotonicity DHEFRIZ T 2 & BRI ORI
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WTEBIZIESENRA EUEZ. 72, EEROMEMN
%ﬂitiﬁ%’c R WHERBIRIZDOWTH, FOHH
LOL\T *ﬁ'%ﬁiﬁf’ 73~5‘5 *%gibf’A%ﬁ%f'ﬁuzu\u
F—=Xt v MIREFHITRERIERNTAMET % P&
Thb.

2 FATHRR

AERHEER D T — 2y N & HEIMEERT 5 Tk e L
T, Bowman 5 [11] IZfdi#7s AN TS 55D SUEMANIZ
HEOWTEITZEOHRX LB XDRT & HE)
T 2 FEEZRE L. Geiger 5 [9] ZZDFEE
FIRIET, BRSFEOXIEHRANIZHE O WTHEELL
(multiple quantification) % & & Ai$HE 3 & AR D <
T HENVER T 2 FEERE L. ITIZ Geiger 5
DOFFEIZL> THBER SN, LERLEEGAGE
BAGRDIEANL S B XA T DHil % 77T

T: Not every ugly dwarf does not licks some rifle
H: Every ugly dwarf does not tediously licks
no Canadian rifle

\.7}%50)?&“1 , 1DODEX 7LV =12 LTIV
WZAEBRMEDEER %2 Y Tk, X7 2HEERKT
E). FD7H, FEOFIO K S IZHER X OREEEMRE S X8
XIZEEEE N, ETFFAMNIHBE L DR, SRR
FENRED 572 B UIEK T E R\, F72, Geiger 5D
FETIE BN — Tuzlé:@ EEERIIE-TE ST,
Bowman & O FIETIXEEEBDBUEIZIES T W5
%iﬁﬁffﬁczom’cm BEF D& B BERRHE T — &
Ty MIH LT, W ORORESOV—)V [12, 13] ®ib
FEIHAEIE [14) ITHDWTEER D AN Z & &2 K E
b AN EFESE 2 W CREREZ ANZA 52 LT, G
R E M S MEZ YT FEPREI N TS, L
MU, INSDOFETIE, MRHEEECHRERE & OBIRIC
DWTIEHBRELTWARWL., Lo T, SRkARGEREA
k& AEEREG 2 K O mEHERR O T — X v b2 BB
FTBFERFEFEELRN. LU, FOLIRT—X
v l\f)‘fﬂl’wi —a— 7}1/:[—:-7‘)1/7)!@5)&:”1”0)?@"&
%P ET B OIIIMAB BT D D &0 D IR 22 R
WIZH LT, —DDZIRRATEILVFTE S,
FTDEI TRy NEHEMET L0121, E
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THFA DN O JRFEOFEE L HEENE, £ U THEROM
HieZERLUTT —REeWMETLIHEDHS.

db =2
3 B=

monotonicity IZFED AN Z KOS HERTH D, &=
{b+72 € DRI HFFD monotonicity DPEE IZHD W
TXHDFEE ANFEA XL, E@XZ@&E%%
MDD WS HEGRTH B [15, 16]). polarity I
monotonicity DMEEIZE U THRET 2 XHDFED M
E’C%V) +73ﬁ’€°?§7}’bfb\éiﬁm, Z Dk % IR

I EMORBUZESHZI TS, tOXEEE %Mﬁ&
DALD. ¥z, - BNEINTVWBEEEIE, ZTO5E
HRIIZ T ORBUCE SR TH, TOXE AR
FRAER D LD, B B FKILA upward monotone TdH 2
(HHBRERIZH 5 @Eﬁ T EMNELUTET) &iE, 20
B & THBLRIZ FED polarity ZH#ERFT 2 20D
KThb. ;‘@C:, 3553:51/%73§ downward monotone T
b5 (HERIZD B 0)1% 125 LUTERY) &
DRI & HBRIZ FED polarity %fiﬁxé‘ﬁ‘é r‘:
WHEKTHSB. £ f:, ﬁ) % 315 non-monotone T
» 5 &%, upward monotone, downward monotone
DVTNTHRNZ LT,

— %At 24k 71X monotonicity D e & BIHEA L,
— B {t =1L+ D monotonicity DHEEIZH U T, D
— b &b T %2 B DHEM (NP), T DH4FAPIHE
72 % ®)FA] (VP) @ polarity 2ARET 5. file LT,
Some boys are gracefully dancing & \N5> X %EEZ 5.
—ALRAL T D—DTH S some (THFAH, BFAAI
Xt U upward monotone TH 5. Z D7, (1) IR
9 K51, boy & are gracefully dancing @ polarity
WENEN 4+ &Y, Thbz BAGEICIESHR S,
EHiGEZ R <, or THRESEMBRRIZEAT S,
EWVoTEIZ &L o T, EAORBUTEESHATSH,
TEDL & EREBRMD LD,

(1)  Some [np boyst]t[ve are gracefully dancing™|t

= Some [yp people] [vp are dancing]
= Some [yp boys] [vp are gracefully dancing or singing]

WIZ, boy & are gracefully dancing % NALEEIZE
MR 5, BRIGEZINZ %, and TSN EEGIRE
BREAT DL, LWVWolZBEIZL T, FTUOREIZE
Sz B Y, 2 ITRT LT, TOXLDEEMER
WD 72K 2 5.

(2) Some [np boyst]t[vp are gracefully dancing™]t

% Some [yp tall boys] [vp are very gracefully dancing]
#  Some [yp schoolboys| [vp are dancing and singing]

no 7% £ DEERBIAF 4], BEEA)IZW U down-
ward monotone TH 5. TD7H, (3)ITmTLIIZ
boy, are gracefully dancing @ polarity i — £ 720,
FARLDRBUZE S R 72 I T D X & B REBIRA K
DiH, FMNORBUCESEZ - ITOXEER
BIRAIER D 3727 < 72 5.
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(3) No [np boys~]d[vp are gracefully dancing=]

= No [np tall boys] [vp are gracefully dancing]

=+ No [np people] [vp are dancing]
MR - RIS 72 downward monotone T Ho, &
iE - %ﬁ‘ﬁﬁ@l 3 — T WIT W BEED polarity 1% (4) 12
AT LT SITREET 5.

(4) If [there are no [yp boyst]|[vp gracefully dancing*]|]{,
[the event might be canceled]?t

= If [there are no [vp people] [vp dancing]],
[the event might be canceled]

ZD &SIz, FED polarity 1Z/ELERBED monotonicity
OWEIZIUTKIET B2 Z B 5720, ikt
PO IEEIZEED polarity Z5HE T 2 MHEDH 5.

4 T—Htv NDHEE
4.1 FHI—/R

AWIFETIE, #idh - BRI EHRO L FFHa— A
T® % Parallel Meaning Bank (PMB) [17] ZH\W\T
BRI T — Xy N2 HEMEE ST 5. PMB 2 H
WBHIHIE 3 M 5. —DIiTld, PMBIZIEAREE - Ik
fEFTIBERAMT I NTE D, s DFE#REZHWTH)
RWZT—REy FEHBBETELZLTHDE. B
REIZNE, PMBIZMEINTWBEZEX 21X, mono-
tonicity (25D < kAL - FALORBAND HRLE E
ZAEBRBZT B, F£72, PMB IZiE Combinatory Cat-
egorial Grammar (CCG) [18] (25D < KEFEARATHE R
EERBIR X 7 [19] M5 TEH Y, monotonicity
& polarity DRFEICELD. ZDHDMHIE, PMB
BRRA Y v VDX SRR I NTE D, FhHE -
WXz Z R X EBEATVWS ZETHD. =DHD
B, PMB ®—# (Gold - Silver) & A\FTHidE -
BRMNIEEAG 5 I NT VWS 720, HEIEEI N
T—Xty hOFEEEIEL TSNS L THD. £
EFETIHBERLHRO T — 2P EEIhTLES Z
&< 728, Gold - Silver DEXD 5%, 5 h—2
VEAEMN SR BRI 6 5 4 TR R E U,

4.2 REFE

3 fiTik X7z & 512, monotonicity D H i % & >
TR EBETL-HI2E, EEHPHF D mono-
tonicity OMEHE & HFEMEIZE DV T XHDED
polarity Z¥E L, WYNIZFER%Z LA - FRLDOREL
WEEMAIBEND L. T I TREFETEE
3, PMB IZ& % X% & monotonicity @ #f i 2 B
L 5EKREF 2 IXEMERKL (and, or) 25
XA BWHRK R 712 HWTRET 5. il LT
We have consumed all the natural resources & \»
IXUTIFTHD LD IZERRER X 7 EEnTnw3

We have consumed all the natural resources
PRO NOW EXT AND DEF CON

LAND (all, every, each, and), DIS (some, several, or), NEG
(no, neither), DEF (both), and QUV (many, few) &Xf4 & U7z,

All Rights Reserved.

Copyright(C) 2019 The Association for Natural Language Processing.



K1 HBELEZT—ZEYy bW

¥R VTVWAEXXIEZPMBIZHBEXTH 5.

Bg MR wiRx T3S IFfi#
Up 7784 Tom asked Mary to go to the store to buy some caraway seed bread — Tom asked Mary to go to the store to buy some bread*  entailment
We have to abolish all nuclear weapons, We have to abolish all atomic bombs, X
Down 21192 because they are deadly to mankind* because they are deadly to mankind entailment
Conj 6076 If I had time, I'd travel to Europe If I had time and money, I’d travel to Europe* entailment
Disj 438 The trees are barren The trees are barren or bear only small fruit* entailment
£ 2: FHAER. O NOBTFIXEFAMNT — 2 O BUE R T.
HESE U 723 57— & (corr %) GLUE (corr %) FraCaS | SICK
FHT—2 Up Down Conj Disj All | Up Down Non Conj Disj Total | corr % | acc %
(100)  (100) (100) (100) (400) | (30)  (26) (22) (24) (22) (124) | (80) | (4927)
MNLI 34.8  -42.7 75.8 -13.9 89 | 504 -67.5 23.1 525 -6.1 17.8 42.2 55.4
MNLI+[Geiger+ 2018] 26.6 1.3 73.8 -14.0 194 | 59.6 -493 140 62.1 -188 26.3 45.7 58.2
MNLI+##E L7257 —% | 72.7 88.0 819 -7.8 43.0|67.0 298 47.9 721 -4.1 512 48.7 | 60.0
WIT, CCG ITHD S HGEMmMF R, S 'L T2 S 287 —4 MultiNLI (39 ff:), MultiNLI+£ & &
DHFR EFEMZREL, TNTNOD polarity & ik bz ELT—X & b (9] (89 Jiff), MultiNLI+AHF
ET D, B, ERBEKXZ NEG,IMP % W THER RCHELZT -2y b (42 i) © 3FEHOEY
FUHIOEMERIE L, SR E 725450 & BEh)h T—XERARKUT.
EEPEMMOA T — TR 2 BAIE, 38 ) .
TR AT & 5 12 polarity & K S 5. f‘ﬁ 7o WRELARMA T OLUE [
upwar monotone, ownwar monotone, non-
\g;chave Colns?me(? a,li Egpéhe %aitju:l rg;f;f;i;1¢ monotone, conjunction, disjunction), FraCaS(—ﬁﬁ
S polarity WIEUT, £ - WFANE N~ pagrowsyay), SICK #HT— 2 [22],
72T IN TR BHES 7L WordNet [20] £y v 5 monotonicity DK S 4 FEHD T —
VT LA TRORBCESRA, COXEEE 2pmnT, Mk%MLE. SICK 2 & 5Tl TI,
MFDRD D RHIXE LT S, b =0 FEE# sk p SRR . TR T — 2 A
EXIBGENTORCEAE, Lesk 21 M 43000 < 5 VDRI D 75 5 78, GLUE O3
WCHBEBLIAEL, B FAIORBICHESAA s fen, Matthiews HIBIRE ((~1,1] OB
5. %7z, J:fiif)?)i?fﬁ’\o)lﬁ S 2 X EHFE D E])'J HAED > 2) % ez v 7.
BRIZE->THITD. ZOEIEIZEST, UAFD LD N
IR B B IR 2 KB DR T PR T E 3. 5.2 EERER
T: We have consumed all [yp the natural resources™ || . . . . . R
H: We have consumed all [yp the mineral resources] 23 2 \ZRHliFE R 2 g, R L/‘fCT:“ X ‘{Z‘ v bz
BB, WFO LSl e ik ety a7 ARENTS LT, WIAOMT 2= BL
LT, AEMEOH LRV LAT PR TE 5 THREEAT L L. SERLE DT —22y b &
, =% . o . = R 5 . FELA
T: We have consumed all the mineral resources O)J:t:{i:g t__i’ LS th‘\ ) 75_:;@3[1 L ti%j D“O) i
H: We have consumed all the natural resources 7, %%T~ DY A RGNS CDIZE1 05T, &
WELEF—SEwy h DB LUz, 28 THIZR L& D1, ZERE
4.3 =LicT 4 ZEUiREHEER D T — X £ v M monotonicity DHEGR
\ L . . THEL 72 F— 2y h TR ici
BRI £ T, B S KB DR T A3 T 6 ! fF?iELﬂL 7 5?“% / }\'Cli:\}zjf o, Hionoﬁomilty
5 - 55 — — O)mﬁﬁﬁé?)}(jﬁ:ﬁ%bb%Lj%Eé;AA@WLCHIE?%B@CsLi
THEMEL . & 1LICHEL AT — X Ohl%RT. K RSN Gl
N N . DRMERIpozbEZ NG, ZDZ LiE, FHT—
Ef#EZ ANV D434 ld entailment /neutral = 49%/51% N s PSRN .
RO atrs) o/ peutral = 2870/ 76 ZDYARED b, FEEEEVEENIEDETHY)
’C%Oﬁ_. un%?&&ilﬁ5:|:ﬁ:yca‘90ﬁ_ *%5@[/7’:_7‘ - R3] = - - B . N
- ST . N WZFEET— R E2HRHATHIZLIZE>THEEIRET S
ADIL, BRI LIZT VX LTEAR 10045 20% ot 5 By
ST — X L, B AFEHT—2 L L HREME 2R L TWA. SICK 12 & ARz DWW
' o T, MultiNLI ®%3# 5 — X T= a2 — 7 VAR
=7 HeT FHEUEEE, SICK 0%E T — 2 T3l
5 REAL WE T ES LTI, |
o L7350 X 0 b EE R 40-50% 2 K< 25 & LY
5.1 ZEERRFBE WEEN TS 23], AEBROMES S, BERT ICH
—_— R e s LGOS ERRA 10.60% LIS, TR
YR Za—JIVEEREGRRETE T —DT = S e - — s
% BERT (2] £HI0C, 2872l kochmls TS S s ERRL TN,
RIMDKEENED D DPIZDONT, FHli %47 - 7-.
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5.3 O

D% & B L T, disjunction TIXFE L \WEEE M

i%%ﬂ@ﬁof ZIZT, ETFANRED LS M
BT, YT X2 EZTCHLBELTHELTWDD
7, SICK B OFH7— & 604 iz DWTT T —4

Miafio7z. RO &S 7%, HHXOFEITLE THIFEH
DFEN SR BD, GREBEBRIEK L7272\ 64 £ T
HE LT\,

T: He is either in London or in Paris

H: Heis in London
F7z, WD K D7, RESUTHTR ST IEBE N2 0»
NG ENTWSY, SRERAKD L6 35 4T
MELT W .
T: 1don’t want to have to keep entertaining people
H: 1don’t want to have to keep entertaining people
who don’t value my time

Z D & S HH#fEFw I disjunction, downward monotone
B TH 5. L 727 — X IT disjunction,
downward monotone DREIFH 2 5 1 FHEENT

WABDIZHEPDRDLOSTHELTWSEZ 0, ¥4
T = A DARDPGEDFRKN TR VAR D O, 5

BRSBTS,

6 BbYI
Zlifn“C I, monotomclty (DJ’E wDOMEE % W TE Rk

%%Hu%f\:%ﬁ;g#:% Iz A%Fﬁ{”f‘munﬁﬂﬁT Xy
}\ % ﬁ%ﬂ%ﬁ?é%?ﬁ%fm%bf:. WELET—X
Jc/ Ect=aba ZEIMUTETFVEEE T

, —HBDHER Iﬁ%’%% FR &, monotonicity O#tzmIZ
?5awﬁ%wﬁwﬁi BWTHER EAR Sz,
4 ElE PMB (25 - FHEHWTT—Z 2y b
R L 720, CCG DFGEMNT#ECRERER & 7'
Y= 24 WS Z LT, (TROT -2 62H
HTHETLIZLEAETHD. SBROBELLT,
SHBTHELZT—XTH, T—XOMEZRHEHRT
&, FRROKER EVHAD 2 DD HET 5.

HEE AMHZEIE JST, AIP-PRISM, JPMJCRI18ZM
DXEEZITI-HEDTHB.
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