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1. ELHIC

WA, FRIEHEASEE T VIEASENE O 4 72
RAZ BV THREOM LickE S EHIRL T\ 5. A%
BREASEBET ML, FERAGHERKEDO 7L RLa—
NRADSHEEAEETH D, 2OZNSEFZPICED HLA]
HETH B WHFEDFEL, FOHEAME LT, 77
7 NF v ZAOFH [8] MR X R 7 TOFH [20]
BEIFLN5.

— CHAIEEEASBE T A 5 DEEAGFROID H
LIZBU 28263 2D FEELTED, £0—>D
WHEEDOHEFRE O X 2R LIz b o F s h 3 [6].
HAFEBEASEETNCE T 2B EOEMREINCE L
TR L L TR 72 < REDHE -> TW3 [15).
Kassner & [6] % Ettinger[3] DL TIEFH /IR B A S ik
EFADEEREBETICCRAZEINE =2 V2 FHIL
TWBATRESED RIB X LT WS DI L, Talmor & [19]
DR TIIEEBD THHFRETH 3 Z &5 & H/IFH T

SEETADGERIEL TV AREED RN,

Z ZTOARMETIE, ZhoDEREZELEDEVWEEEL,
BEDEEHEASBETNVOMNCELE S X %50
ZHR R B EERORIE (3 i) & FRAGIIFIEA T BES
FORE (4 ) THZ Z T, H¥FEHEASHEET L
BB EEOHEBIIBNT, 1. BEABROEIE T,
2. ETNDARTRX—=RBERLEE T — 28 ORI EL
B2 20200 THE L. ThsDBEh 5MEEE1TS
kb, RREBFOMEK T 25N L T—
HUHAZRELTEY, SERHMEAIRERE T ILORF
KRR EXZET e EZONS.
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AWTEEBET VRIS 2 Z 2 TEIEN, BRI HR
EZEELTED, 2T X - TSEFROR AN HE
N%ERT GLUE RV F~v—7 21 R XERREENZAT
SQUAD XY F < —7 [12] & & CHRED A FICERBA L TW
% [2]. BHIFBHEASEET VIIEANCKED 7L
KRLI—NRATEBETNEFET2ERFE e, BHHOD
RAZ DTN ED—RATRRAZHDET LR EET
2774 Fa—= v 7O BRBEOEE Lo THIHEA
%[2. Lal, HH¥FEEASHEEIAE I 7 AV F a—
SV, ANWEIRTZ e CcHWOH N E2E2 T
v Y77 4 > (Prompting) & WS FEDBEEINTE
D, Jiang 5 [5] % Shin & [16] 1Z HEIIC B MERE 2 S REM
7Fa > 7 (prompt) EFERT 2 FELRERZELTWS.

2.1 BERFBEASEETINOHBDOFIA

Petroni & [10] 1&, HH(¥EFEASEE T A0 HEAH
PHBELEL T2EDAEMEEXRA I 2T 74
Fa—=VIRLTHRITIZZ S, BRABMSHR LS
AP FICBOTER LTV Z e 2L L. HHi
THEASIEETANOHIZ, KEDF~NLRLa—R2
DOEERTRETH D, 2 OFTMBID H LD AIRETH S &
WOREAD D, 777 b F =y 2 [8] RE R [20], F
W7 — Ry P OWE (1] kL R R R THFDHEA
TW3.

2.2 FRIFBEAEEZETIICEIIZBEDER
Kassner 5 [6] % Ettinger[3], Ribeiro & [13] IZHREEE
W BN TEELREEDHBIIONWT, EEOEVHEA
SN Z RO T APEER IR L TRV EWND
FHEZIEHL T3, Kassner 5% Ettinger [373EDD
BRIGEX R Z2BVT, BEICEEELHALLRE L
TVWARWHTHIEEFRASHEE T VBT 2 HhPZ
LRWEREFRF LK. £/, Ribeiro HIIETEE &
NEIZBWTT XA MEXR, BASIEHRE R 7,



BIRUEF MRS
IPSJ SIG Technical Report

LR AT DIEREDVED 2 HREFA L 7.

—J7T, HAIFEFEATHET VBV TEE 2 HF
L7ZHZ 320 RRA XN TED, Talmor 5 [19] ik
Masked Language Model (MLM) 23 not DEHEZIEL L F
WF22272—EOMRETHRIZZZRRALL. ¥
7z, Warstadt & [22] & NPIs(S/EMMEEE) L3N 56
ErHETZ2REDDH BIHH (ever 2 E) 12D 2 XED
NENELE 2 EOMWRTHETE 5 Z e 2/RL, Al
YHRBEASHET VBT 2HEICET 2 HFEDOFEZ R
L7z, KRR Z D & 5 BEHFIIFRC B W TIFIES 2 KR
FMOERZEERL, BHIFYEEASHETNCBI SR
EDOHMREEN T E L 5 X 284 2H->TVWB VI HT
WIS OMERD D 5.

3. FRMFZHXELLLBVEEICEITSEE
DER

AEBTIIEERAREZLEL LRVEECBT 2BED
BEPHINCEZ 2HBZTRLTDIT, R1DES5RT
R 7 DT RN FEFRAGEI O & 2 W% Wikipedia % H
WTHELFERL:. T 2 THEA X Storks 5121
W (18] TN EE 3 2 IR S e 3 WAL (DBpedia 72 &)
ZIELTED, FBROSENRZRED D 2R3 BRI R A
(WordNet 72 &) 2 XFIL T\ 3. *IARGZER % Kassner 5%
Ettinger DEH# & LT % &, Kassner 5% Ettinger D5
BRI 2 f# < e DICEE DB RBITIN A TE T /T HFAM
BEERTE2HDTHo72DIINL, AEBRTIIZNTE
LBRVWEREICLTH 270, MPICHRIFEBRASEET
ADBEEDERETZZDDEFMRTND LW ENH
»H35. BARINZIE, Kassner 5 DFEERTIX ‘Barack Obama
was born in [MASK].” & ‘Barack Obama was not born in
IMASK].” O FHIOENE R TV, ZoficTEEs
BN E BT 3 7 DITIFE T VN THEAFR O & B E
DEREMAEDEZHEND D, ML EEDEMBREN
ZHRZZeTERV. £z, Talmor & [19] DEE L Lt
B3 2L not’ ZFRT 2 XA TREVWED, ETLD
FHNZH LT ‘not’ 23XMRE LTED K 5 R r X
DPZHROLND LV EVDD 5.

3.1 REBRRTE
palentc e N

Z DFEEIZ Talmor & DFEFHZSHEIZLTE D, Talmor
5DEBRTHHL Tz ‘Tt was [MASK] fast, it was really
slow.” @ X 5 %%, ‘not’ % & T ‘Tt is not fast. In short,
it is [MASK].” & not Z & £\ ‘It is fast. In short, it is
[MASK]." IZEE L, <A Z &N 2 0w R 2

*1 R 112BWT Earth ¥ Mars AN TH 2 &\ 5 AREH L
o TL 2HPIBFET 543, 2D &5 LA L TIdFEHE
WD —TRTH B EZX 5.
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XXk oT ‘not’ OFMALNCE R 2EZRE L 7.
ZIZTT Y7L — P XOEHIZE LTI Jiang & [5] D
IR DD B, REBRTEIAFTT VI — R ERK
L7z, ZODBUTHERDI (‘it is not [MASK].") H3RIDL (“it is
fast.”) LA CABICR S X 5 B THlZ T 2 7-DICEiENR
HIFICEDWT ‘In short,” ¥ WHFBAIZFHA L. 7z,
Talmor & [19] DFEERTIE, ConceptNet[17], WordNet[4],
Google Books Corpus &, FHFFE, XTI % HIFSEE
WCEoT7 402U Y7 UL TWizds, Kassner 523
FWT Wz Negated LAMA IZB W TIENFEFED 2N 0D,
HIBSEE D700 S O WRICL T /e®d, AT
MEFE LR VHEE (R 2 22R) SREEFECE LT
BARITL, Wikipedia 2° & HEIE I HERZ I L 7.
ELaliVape

ZLOFHEDOFEIE Y L TIIIEMER Y, Kassner 5 DEER
ZBET v 71 FRIO—ER, 27~ ORI Z
FHLTWS. EER2E, PR EICE-oTEDLS
WAL L7257, by 7 1 OFRPERIA
ErYE5ThRVhE I~ULNIT L. [EfROEIE %
NbDTH5. ZIT, HERZGLAIN L TI3HIH
L7 BEE OGS, FfEEZ IEMRIC L, BFRFEZ N IEMRIC
L7z, —AT, BEZEERVAINCH L CIERELIE
fRIC L, WFERE - FMEEZ AIEMRIC LTz, £/, HIODIE
FRICH RIERICH BENRVHRRIEELTHRVE IR
MPF L. F72, by 1 FHlO—HEEr, 27~
DIEFHHBETEEEZRHAT LA ETDO My 71 OTFHI
ML U722, TR TONEMHEBEDSE S5 02 %2 A THD,
EHELHMWAEPBELERL T THEZE(LIEL LR
bhd. 17U, FEHoEEzZ0sxMAT e, BF
DINRIIRHAIZ T DZEAL (fast — good 72 ¥) %% K]
LTLES L WO HRELEEL, DML NIE@H S
RBEMOAND b v 7 1 OTFROZ( e EN B Z i 5
22T, HELLZVNRNOHTIOZ DA ER NS
koL

FEECHA T 2 FRIEEFRASHEET VL LTIE Hug-
gingface @ Transformers 7 4 77 U *2iTRAIHTY
L HEAIFEEASHET VRN L. EF V0L L
TR A L HATEE RO E 2N 5 72912 BERT[2],
RoBERTa[9], ALBERT[7], GPT-2[11] Z#& L. £/,
ETNY A ZADFELFARNDT2DIZ, ZRERDET NI
DVWTAHEINTVWERTOY A X THELRL. SHIC
Warstadt & [23] DFFED S, HFiEE 7T — K EIBED
MRICHELBZ 5 WO R Z LT, Warstadt 5234
FIL TV A HA 27 — X B THATFE N7z RoBERTa 12
DNWTHHFEZITo 7.

*2 https://huggingface.co/transformers/
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R 1 BEOERBICHEABELEL LRWIEDH

AT 1Ef#
N FEFE & RO HEE It is fast. In short, it is [MASK]. fast
WL % RO HEEDETE It is fast. In short, it is not [MASK]. slow
WL T Ko7 T2 W HAEE It is Earth. In short, it is [MASK]. Earth, world, globe
NEBELR R VHEEDEE | It is Earth. In short, it is not [MASK]. | Mars, Mercury, Venus

xR 2 FHEABELEL LRVHBEICBIZEEDERBOEAR .
True, False, None & b v 7 FHIDIEMRE, REMFRE 55
THRVEIGERL TV, p 3R 7~ OIEMHEEE, %
F by FFHO—KDENEERL T3,

setting False True None p %
ALBERT-B 0.904 0.017 0.079 | 0.936 0.966
ALBERT-L 0.827 0.014 0.159 | 0.822  0.900
ALBERT-XL 0.742 0.044 0.214 | 0.736  0.798
ALBERT-XXL 0.173 0.244 0.583 | 0.359 0.496
BERT-B 0.513 0.074 0.413 | 0.759 0.717
BERT-L-WWM 0.502 0.100 0.398 | 0.614 0.758
BERT-L 0.502 0.129 0.369 | 0.674 0.753
GPT-2 0.240 0.046 0.713 | 0.748 0.858
GPT-2-L 0.099 0.070 0.831 | 0.597 0.789
GPT-2-XL 0.033 0.115 0.852 | 0.481 0.720

RoBERTa-B-1M 0.145 0.000 0.855 | 0.809 0.797
RoBERTa-B-10M 0.720 0.010 0.270 | 0.919 0.957
RoBERTa-B-100M | 0.745 0.069 0.186 | 0.851 0.852
RoBERTa-B-1B 0.669 0.101 0.230 | 0.822  0.857

RoBERTa-B 0.430 0.139 0.432 | 0.607 0.737
distilRoBERTa-B 0.478 0.130 0.391 | 0.746  0.767
RoBERTa-L 0.205 0.253 0.542 | 0.381 0.557

% 3 RoBERTa-large IZB I} 2 HEXRIC K B HEDEEEDEWN

LRE] WNFEFEZHFD | accuracy P %
ADJ True 0.368 -0.349 0.267
NOUN  False 0.194 0.850 0.717

True 0.232 0.029  0.496
VERB  True 0.320 0.083 0.494

3.2 EEBRER

£ 2RETELEDANCBI 2 oEREZR LT
3. BEEZEUOANCBIZEMERERTAZ L, &M
HEM B D2 o 72 RoBERTa-large € 7 /L TIE2IKD 25.3% D
BITIELL BEEZETETWE I bhb. —HTH
ExEEZERVREDBIIZZD & S RIEMDOH S (FH#FE
RENEE) X 2% TH o7, ZORERERZ L, BEDFHA
W2 Ko THERERRMEEDOHIGD, REL EALTWSZ
s, FEDETFTNMICBVW TG EEDFEIC X - Tl
IO REERTTONTNS Z e R T X 5. ENIH
B FHO—BERICOWTHRTASZ L, BEEZELANC
BB EMELEAOMEBEND D, ERRLFEFICET LI
BUI2EEOEEDESNEHAND Z N TED. 1272
L, RoBERTa-B-1M % RoBERTa-B-10M TIX1EMER K
VWORHED ST, RWIEMHEBE RIS TE D, Bl
BASNDZCHT 2 EFLOHEREDRS Y, BERE
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LTV 2 EAEWE AN TRl 0 —E D A TXHIT
52 DL WERINFET 2 IR0 h 5.
EFLDHBEIZOWVWT#E X % L BERT, ALBERT,
RoBERTa, GPT-2 ICBWTEF ALY A XA KEL LD
WONTEMBRAHELTWEZ RS, ThALDETFIL
TRETAYA X% LR XE3 Z 212X D EEDMES1E
ATVWBZ e hibrs. ZHUE Devlin & [2] % Liu & [9]
DEBRIZBNTHD 2 12 E T A4 XDBIRINNERSHE
HEENCEZ 2By R LTW5. £/, 87— x&
DEBIZONWTEZ B Y, RoBERTa IZBWTHEF— &
BEHEPTICONTEMRENA ELTEY, &EOEMF
HEATWSEZehbhs. 2 Warstadt 5D EIRTH
DZHEAEE T X BEWPT I ko T, HHiH¥EHEAS
FEE TS RENRIERE RENREREL D BEFT 2 20
S\ —HT 5.

= 3L, GEDEED T E /2 RoBERTa-large 12
BU2EENRICEDBEEDERIEDENERL TN,
AFEBRTIEEITHEL 5 X5 2 HEMNROFHY L LTH
ROGHFAE NFBFEOHEEID LITREEIT- 7. Sl
DIERFEE A TAHDB L BERFANCB VT 37%E IELWH
NzE/Ronl-oi L, %FcB L T 23%fEEIce ¥
¥ oz, iz, ERMHBESRFRIO—BEE R THIEAF L
LB U CHIERR A O B EE A HIR TV Z & aib b
3. MBEOEENEZ 2HBIOVWTHTAS L, &
REERIE R ORRICBOTTFHO—BERY T1L.T%EETH
BDIHL, FOXMRIZENTIE 50%FE LK WFED
ARPBEDOZRBIHEL G2 5 Z LRIz,

4. ERFBOBENEEDZERICEZBHE

AFERTIE 3 HIOEBRTOMMLR G EDE R L FHESE,
HEAGROEINE IR R A7 IZBT 2 BEDERIZON
T, Kassner 5DfE L7z Negated LAMA 7—&Xt v + %
JERL72d D% FHA L THE L. Negated LAMA 7 —
Xty NIV TT 27 P LT 4 T 4 (subject entity), V
L — a v (relation), A7 =2 b7 4T 4 (object
entity) D =2 & AT 27X HDMED 7 >~ 7
L— FOERICL > TR IR TWVWS., KRR Negated
LAMA =%+t v bEAWT, FEACHET 2 b
LTOXMROERPEEDERICE R 282N L
Wk oT, FERAGHIFIEALEEDER L WO BFEHFRD
RETDOBREDEREZFHRD Z 2 HNE T 5.
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4.1 EBRHRE
T—REY

JEERD HIIE A U 2 F LD Negated LAMA 7 — Xt v
MIEFEENTORVWHEEL R OHFEICBII 2 BELH
HEIT2ZTHD, 2D7=HIT wikidata 205 SPARQL %
FWT, BRANOMHNCEIT 2 H5 e EOMEN S & D
FERIZH 20OV TOHERZ I U THRR U7z, AREER
TIER 4 D (a)(b) DX 544 Y P F 1D Negated LAMA
TRty MBI SIEEDERIIMA, FEAGHZ R
LUTANCERT 2 22T, i DICHEMFEI L E 2
AN (d)(e) B L. 7=, BEESLILICk->TE
FNMA DL L B AJNCHEESHA IR Z 21T
2N EXFIT 27012, BEEZIZLACELIER
WHIEETH % ‘really’ ICEHRL 720 (c)(f) ZHE L.
FHE A &

AFEERTDH 3 HOE L Rk, ZhofHiiofe L
TEHEMAND by 71 OoFHlOZELE, AET <> D
HEZFALTWS. BEHOERICBELTIE, Aty L —
¥ a v (relation) IZBIF B IEMRD T T 4 7 14 (entity) A3
FRERICE DR TV WS R z4n L, AtYL—>a
VODERDITY T 4 T A HEFEMEE Xz, X512, 3Hi
DFEBRTHO PR 272 KD CET VO BEHFEDEA D
CETNVOHANZD LT X% LR OIEEDAD SR
DFBZEDRETH 270, REBRTIIEEEE ‘Teally’
WHEH LB 02T 2 BEEROME L L TEINTHER
L7z, #ABENROETLE LTI 3HITRALETILEH
CETLENRE L.

4.2 HRER

R 6 IEEEER A7 IIBY 2 HEAROBEL T RO
—BESCEEERIEICEGZ 2WERTARLDDOTHS.
ZTARAE 7 < YDA Negated LAMA ¥ — &t v
PRI LU THAEL, £V 1L — a3 ¥ (relation) Z &I
VW o 7z ETRRDFEER->TW5. ¥, BEE
JEEX ‘really’ ZIEA L 2BNCBT 2 FHO—HE»SHH
ERFALHNCBT 2 FHO—BREZEZ L IWTEHEAEL
72bDTHY, BOARBELEZERTETNSEZLERL
TWw3. R6OTHO—BEZRTAZ L, ATHNICH
FHEBEDEEN TV R PR TFRI—HT 220D
AR RN, —ATHEEERELRTAD L, IFLA
COETNTHEEARE LOFKFTIEIBEDE BN TET
WRWDIZN L, 3 HidFEER & [k RoBERTa-large
ALBERT-xxlarge £ \V 57239 X — X DK ENET X
HIEHRD D DM TEEDERHHIK TV B IHAD T A
Wz, ZhoOfRIE, AJNCHEER#DI S TRV
HFCEBENIRKMA LD DEEDFAL L o THIIDZEIL
L7k 5 CRZ %0, EBIIANOBEMAEMI X 2HH
DZELTH D EEDER L WS B TIRAER O D v
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FBERLLTVENS 2 ERLTWS., ZOHEFHG
O BEDEREW AT Z e BHE LW &S EHAE
BRIGEICBOWTILF Ry THEROHE L W 2 W S BEE
R e —H L TE D [14], BEEWRICET 2 B EHED
FAETIECHMOE L X~ L F Ry FHEROEEL X%
XBICETWRWI LB REBLTWS.

F7z, BBBRCHEICK > THAPEM LI WELE
ELR T WXEDHIZR 5 Iz, R 5DEHIIEE
DAL > THAPRDBZEILLIZ o/ 5 DD Y L—
ParDOXETHD, FTHREIRBELLSLTho/2520D
VL—2aryDOXETHS. Z{LLPLTOVXEICOVWTH
ThBY, SHOEBRTHRE LS ZNRELFOHECE
KT 2HBEOTENEETETCWI I bbb, —8
T, BRTETOVRVLHNFRIZOVWTHRTAS L, ‘(not born
[MASK])’ % ‘not a subclass of [MASK] 7 ¥, S L7
T 7L = EFHLTWAEAZE D 2 Z e bhrb. =
XD, BEDERBIZOWTIEBIROHERFEHFASHE
ETVTIINERE 2 FFOHEER YR & Al nfRICoOn T
A[RETH D, SRIZZDONRRZDNREINT 2720 DTF
BIZOWTEZHARZDENRDH B EZ OIS,

5. HHOHIC

AFETIE, BEHECBOWTENIEEEASEET L
BT B EEDOHMBICOWTHNT 2FERBR STV
RICEHL, BEOEENSHIEEHEASHEET T VE AV
TYRAZEFO =2 2 TFHT 2BoH 2 bE 52
BEMEFNDL 2T, BHFHBEASHEETADEERE
B LS5OV TERFE L. RIFETIE, FHiic
HAAE GO XREZBM LD, BLAWETLEFWT
TEDIRZFIND Z 212 & o T, BREABOELDOHE
B ETNDRT X —RZBPRHENEE T — X BOBEDE
BICHERE5 22 R L. X512, HEDHMIC
DWW THHZEDOFHEHERE TR A VI TV ARV AIZDOWVT B
AL, Hi-d5E 2R L TEEQMRIC OV T 2 ih
L7z, AWZEDFERIIBEF O T 2 HAEHIEA S5
FAEEEFROWIERICHT L—E LS Z R L TB
D, HAFEHEASEETTNCBI B EEDERICONT
X0 ERNREREEDZ DD RoT VA,

BE X

[1]  Bosselut, A., Rashkin, H., Sap, M., Malaviya, C., Celiky-
ilmaz, A. and Choi, Y.: COMET: Commonsense Trans-
formers for Automatic Knowledge Graph Construction,
Proceedings of the 57th Annual Meeting of the Associa-
tion for Computational Linguistics, Florence, Ttaly, As-
sociation for Computational Linguistics, pp. 4762-4779
(online), DOI: 10.18653/v1/P19-1470 (2019).

[2] Devlin, J., Chang, M.-W., Lee, K. and Toutanova, K.:
BERT: Pre-training of Deep Bidirectional Transformers
for Language Understanding, Proceedings of the 2019
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R 4 SEOEBICHEEAMMELE L F 2 HEDH
AN&EAT | BERAHESLE | HEEOA | SEZET | AN IEfEH
(a) v - - Barack Obama was born in [MASK]. Hawaii
(b) v v v Barack Obama was not born in [MASK]. Tokyo
(c) v v - Barack Obama was really born in [MASK]. Hawaii
() _ B _ Barack Obama was born in Hawaii. Hawaii
In short, Barack Obama was born in [MASK].
(o) _ v v Barack Obama was born in Hawaii. Tokyo
In short, Barack Obama was not born in [MASK].
Barack Obama was born in Hawaii. .
® - v - Hawaii
In short, Barack Obama was really born in [MASK].
&’ 5 TEDOEEAHIK S HE L R WRIEDH
X Y MERLTFH | [MEDOTFH | 7 Fv—1
Peter F. Martin 1941 1941 1941 [X] (not born [MASK]).
Buddy Holly Brunswick | Brunswick Brunswick [X] is not represented by music label [Y].
Howard Florey London London London [X] did not use to work in [Y].
lenticular galaxy galaxy galaxy galaxy [X] is not a subclass of [Y].
South Asia Asia Asia Asia [X] is not part of [Y].
The Scarlet Flower Russian Russian English The original language of [X] is not [Y].
Sorengo Ttalian Italian English The official language of [X] is not [Y].
Iginio Ugo Tarchetti | Italian Ttalian English [X] did not use to communicate in [Y].
Woodrow Wilson male male female Considering gender, [X] is not [Y].
Japan northern northern southern Considering location, [X] is not located in the [Y] hemisphere.

® 6 HEHMBELEL LEVHBERBI2BEDEROESLL
FHllo—HE TIEH
Hdh L | AEHDL O ARERL
ALBERT-B 0.941 0.525 0.017 0.036
ALBERT-L 0.952 0.649 -0.007 -0.046
ALBERT-XL 0.964 0.564 0.017 -0.010
ALBERT-XXL 0.757 0.556 0.215 0.031
BERT-B 0.794 0.637 -0.004 -0.011
BERT-L-WWM 0.902 0.629 0.082 0.018
BERT-L 0.898 0.628 0.027 0.019
GPT-2 0.909 0.737 0.011 -0.021
GPT-2-L 0.896 0.770 0.014 -0.014
GPT-2-X1 0.817 0.773 0.083 0.009
RoBERTa-B-1M 0.523 0.471 -0.027 -0.054
RoBERTa-B-10M 0.937 0.480 0.019 0.035
RoBERTa-B-100M 0.904 0.524 -0.000 0.013
RoBERTa-B-1B 0.760 0.617 -0.002 0.036
RoBERTa-B 0.959 0.625 0.030 -0.049
distilRoBERTa-B 0.945 0.621 -0.002 -0.041
RoBERTa-L 0.613 0.591 0.376 -0.001
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Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Lan-
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