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PRy oo TWB ., 22T, AL TIFHE
YRR D < B I £ A% 24T, Multiple Choice
TemporAl COmmon-sense (MC-TACO) [1] £S5 H
REB TR SN ERO N RS 2 iE
FED BV, R EFICN S 2 EEOEER Ex H
e L TFEDHAERITS. AR TOT Fun—F &
LT, KRERHICE T 28D a — 2 2 HhiH
W27z multi-step fine-tuning [2] [3] %2, BERT {#H
FFIZBWTHETE b — 27 12§ % Masked Language
Modeling [4] 23 5B, HT 27— 2 2ZE L
LaOHIMEE L OBRERHE L ERE2To7%. %7,
CHSDERLIEFIALDT VW TIVEEB 2TV,
H—E7 N LD RVIERDEONS Z e 2R LT

2 MC-TACO
MC-TACO 1%, FFEFRFEICEES 2 5 D DORHHE (du-

ration, temporal ordering, typical time, frequency,
stationarity) Z/EF L TE D, HRSBETRHI N
HR ORI E 2 BT 2 WE» oI 2 T —
2Ly b THZ. 5 OOREEOVT ORI
VTR I N XE e ZDXFEICHT 28/, 24
WY 22 2 RITERDFIRL, Z ORI LT
1IERIZIE yes, FIEfRIZIE no & 7T a7z D
MHEREA TV (FR1SH) .
% 1: MC-TACO Dl

S1:He layed down on the chair and pawed at her as

she ran in a circle under it.

Q1:How long did he paw at her?

A1:2 minutes [yes]

A3:90 minutes [no]

Reasoning Type:Event Duration

A2:2 days [no]
A4:7 seconds [yes]
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3.1 multi-step fine-tuning

AL TIX, MC-TACO % F W TR H 5 % 4
ETHERRRT 2 ETNEHETZH, EFLD
FEZM X572, ZEREDO 7 74 v Fa—=v
27" (multi-step fine-tuning) #175. FHHIZEEFAD
BERT # X512 LT, MC-TACO Tld72 WA
Wik CBRR DD 252 A7 BRAL, T o%H
WTEBERED 7 7 4 VF 2 —= 2 P RIT- 721812 MC-
TACO DR RV EZHWT I 7 A v Fa—=U7F 5
ZriZk b, MC-TACO BT 3 [EIEDFEER & H
f&s.
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3.2 Masked Language Modeling

AL TIE, BERT OFRFE & L THHAZIATY
% Masked Language modeling (LU F, MLM) ¥ Next
Sentence Prediction DD 0D TH 2 MLM IZBIL
T, MC-TACO O#EET — X' 2 FHWTHEBEN—27 >~
ERMET S, 2D, FHECHWS 7T —& (MC-
TACO) WHITHIG L2 E/BET VERMEL, 7L
DOHEEREIEA B2 HIE S
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multi-step fine-tuning I X 2 HEELRWET 2729,
MC-TACO DA 1BERETI 74 ¥ Fa—=r L7
ae, orF—xty bEEHLT2EETT 74 >~
Fa—=r I LEGAEREEL, MERED LI ITE
bT 205055, £72, MLMIZBWTHHT—
REZETHI L0 ERMNET 572D, MLM
2 MC-TACO DRRET — & & V72358 DR 2 K
5. BT, AT TIEE2R WL ODEHE LY
BOEVEDINT 5.

4.1 EAT—4%

AHFETIE, FEHABXUOFHEH T -2y e LT
MC-TACO ZfHH T 5. %7z, 3.1 1B} 5 1BREEH
D7 =&ty b LT, TimeBank [5], MATRES [6],
CosmosQA [7], SWAG [8] Zf# i3 2. MATRES (&
TimeBank O 7 — 2R LTHHWS. 2122
NENDT =&ty b OWEHEREZRT.

£ 2 KT —KEy FZOWVT
[T — % [k > — & [afilir —% | FR

MC-TACO - 3,783 9,442 IRE RS9 5 5k
TimeBank 1,248 - 1,003 FefyelRe i
MATRES 12,716 - 838 IRF T B ekl
CosmosQA | 25,588 3,000 7,000 —
SWAG 73,546 20,006 20,005 — B

4.2 EERETE
multi-step fine-tuning IZBI LT, »¥F X —X DFRE
ER 3R, THThDT =Xty MZOWT T
FR2E L TROBENR R o787 X =& (RN
K¥) 2fEHT 5.
72 3: multi-step fine-tuning D HEERELE

max train num learning
seqlen  batch_size train_epoch rate

MC-TACO 128 {32,16} {3,4,5} {1e-5,2e-5}
TimeBank 128 {32,16} {3,4,5} {le-5,2e-5}
MATRES 128 {32,16} {3,4,5} {1e-5,2¢-5}
TimeBank +

MATRES 128 {32,16} {3,4,5} {1le-5,2e-5}
CosmosQA 256 32 {1,3,5} {le-5,2e-5}
SWAG 256 32 {1,2,3} {1le-5,2e-5}

F72, MLM 275D NI X=X DEEER 41T
RY. MLM #£12 MC-TACO ZHWTHY, FHiid 3
BRDANRSG X — RT3 D 1ITHERKFETHEHOB D%

IMC-TACO TR T — 2RI TR WD,
254 7 AN NEL 15%TH 5.




RS 2. MEF L HITET I bert-base-uncased,
Optimizer 121% Adam ZfEH L, FHEifEELE LTl
Exact Match (EM) & F1 2a72#HL7%. EM &
BHNINT 2R TOBERAZIELL 7UMSIT T 5 2
EORTEBMRTHD, F1 27 HAR HHRD
PRI TH 5.

# 4: MLM O FEERHE

max train num learning
seq-len batch_size train_epoch rate
128 32 3 3e-5
4.3 RERER

multi-step fine-tuning SEERFER%Z R 5 1TRT.
7 5: multi-step fine-tuning 12 X % FEERfE R

fine-tuned on EM [%] F1 [%)
MC-TACO 409 (421)  69.9 (68.2)
TimeBank — MC-TACO 413 (102)  70.3 (67.1)
MATRES — MC-TACO 39.6 (42.0)  69.2 (69.4)
TimeBank + MATRES — MC-TACO  40.2 (40.9) 70.2 (67.7)
CosmosQA — MC-TACO 42.2 (41.7) 70.4 (68.9)
SWAG — MC-TACO 43.0 (42.0) 71.7 (67.8)
Human Performance 75.8 87.1

# 51213 MC-TACO D#FHiffi 7 — & % i L 7-455R,
Kt O MICiE b DEIRZRGEE 21T R o T AR 2 5
WLTWD. EBROMRER, FHT7—%ty bick
5728135 2 H DD RIRINIZIE multi-step fine-tuning
ZiTRolel e IC X 2 KEON LRI &b
RWHE L7 o =038k 1D SWAG % 1 BREH D
T7 AV Fa—=V 7 IERALEGETHo 7. 1B,
CosmosQA ¥ SWAG X Y5 & b — ik Hikemkic
327 —%ty b THD, Zo%HEET 5 SWAG
DIEBKERT—XLy b ThHB (£25H0) .

Masked Language Modeling SEEiER%Z 3 6 12
Y.
# 6: MLM T X % EEfG R

Masking Probability [%] EM [%] F1 [%]
15 44.5 (45.2) 71.9 (72.4)
30 435 (443) 719 (71.3)
60 128 (44.6) 711 (69.9)

IhbHFE5 EFAFRIC, MC-TACO Ol — & %
R URER, RO O PS5 DEIR ARG 21T -
TAGRZ R L T 5. FEROME, ROBENRDI -
72D 1THD 15%~ A7 LEHETH o 7-.

Z 2T, Max Voting Z1TW\W7 V¥ Y 7T LET L %Z
B2, W OPDRR—VT3DODETFLEZHEHL,
MC-TACO DFHi 7 — % Z FWTEFHMii L7z, Z DHER
R TITRT.

KT TV IINETNIC L B EEHER

ETIL RNRRE=V1 | RE=22 | RE—23 | RE—2 4
MC-TACO v

TimeBank = MC-TACO v

CosmosQA — MC-TACO v v v

SWAG — MC-TACO v v v

MLM (15%) 4 v
MLM (15%) v
(random seed fH% ZHH) *2

EM [%] 45.0 45.6 44.4 44.7
F1 %) 72.9 73.2 72.0 724
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EEROFER, 7oV INEFICBIT B BE DM
batERE N ZhE, BE—ETADRLZEH
HEHHEEEH L TV Z e BRLTWS, £, Z0O%
RiZ, Zhou & [1] DFEHER (EM:42.7%, F1:69.9%)
WHARTZAZN 3%IZEREESM ELTWS.

44 EE

multi-step fine-tuning 2175 &, FEEHINRIKSZ
L OWERR T = 72, MC-TACO (RS RHME 0 #R iR % [
SRRV THBM, 1 BEEHICHENT 27Xty b
WBL TR, FEREIRREFICBE ST 27— 2ty M)
LI REBRERCE T2 T —& v b, KHC
KRR T =&ty s THHHEITHEEIRZ {dE
35 DRI NT.

%72, MLM IZ MC-TACO ZH\3 &, pre-trained
BERT €710 %2 2D XXMM T 255 LD bREED
B2 Z e PHERTE >, X 51T, multi-step fine-
tuning X D HFEENREL 22 L bR TE, R
FETHIEEZLND.
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AL TR, BARSETEHR IN-HROIEREIN R
PHRT R ZA712BWT, ZEETD I 74V Fa—
=V RITO Y, KO, FREE MLM B W TR
TFT—REEFETDZ I OMBEMALL 2. EERORGRE,
FHT 2T =&ty PRI T2EEIC L 2ERIT
H2H0D, WAL DITHEDH LRI N, X
52, MLM IZFEES LD B K2 Z e RS-,
S1%1%, Attention DT HED LA S MLM IZBW
TYRITB b= VOBV EEET 572 DFEE
2TV, XORABEDOALEZEETA2ERR AL
VHBRATFELR S NS EETMERTELZHRET 2.
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