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*£2 ZiEABES MC-QA) LR (%)

Model Text Rep
EVQA BERT-FT 42.46 46.34 45.82 44.24
STVQA BERT-FT 44.76 49.26 55.86 47.94
Co-Mem BERT-FT 4522 49.07 55.34 48.04
HCRN BERT-FT 4591 49.26 53.67 48.20
HME BERT-FT 46.18 48.20 58.30 48.72
HGA BERT-FT 46.14 50.68 59.33 49.66
GMC(MCQC) BERT-FT 47.99 50.81 58.69 50.46

(2) FIBE ) AT 55 5250 43 AT

ASEEGH GMC(OE) #54R H layer 1 _Edge-dropping il layer 2 Node-dropping #3145 5 1%, Ho b #E il ik
#* sk M

% 3 RES T 1 NExT-QA HoH8 4 (10 7 i =X il B AF 45 b 7 [RIRE 200 75 Bk 2 S AR ARLE 29 B8 B g 46 AR, v

Gy AN RAE R L 1) R I e R, R e ) T AR B 2 5 bR A IR AR A

JZ, TR RARLE 4 R Co-Mem A Q1A AR, {H2 UATT #5840 55 (1 W9 B I 3 2 I AL IR
SO B AT T AR IS PP R ALE R T 5 R I R 47 6L, A5 B A BUEE = T Co-Mem. HGA #5704 11 22 106 s T i
) B AT 25 T BB AR MR I, IR 7040 I T J T B 2 B T 485 11 O AR 1 P A A0 1] 254 45 v 1R A 28 1k A
.

*K 3 FFBEUHBATS (OB-QA) s 45 4

Model Text Rep
Co-Mem GloVe 10.75 14.06 40.91 18.07
UATT GloVe 11.80 15.22 45.17 19.83
EVQA GloVe 12.82 16.18 45.64 20.71
HGA GloVe 13.60 15.77 45.12 20.86
GMC(OE) GloVe 14.21 16.90 46.40 21.77

FH &5CH AT LU 21, ASSCHH 1) GMC(OR) AR AE A7 2 8 () 7 1o i i 3 13 3] 1 SE HE R 46 T, g A s &
AU AFABLEE 23 B0 Tt . GMC HEZE RN~ 5 T L0 - 18 5 R e ) PR R AT 0 e i . 4t v 77 Y
HZ Ak RE 1, T — 77 I8 Sk 3 15 ) L2 S B 58 2K R B30 A5 18 8 7 A 5 TR AR PR 000 - A A — 5, 3T T 03 )
E R AR e
34 HEZWRER S

AT A T4 ) R PR B G g VR R T A, AN L ST B R R A, U A R
PREL, LIALEE GMC H MASK AFEHO AR AU e THI DTk, I H6H B2 v (0 B30 48 5 7 25 b ) B A sl I 45 i
HEAT LGB AT ) IS S o b s R S B Ok R R S B ARSI T i e £

(1) 2 L= ) B AT-55 5250 43 4T

HHT HGA BEEUHEFREERL th 9 2 GCON 4, FeAr 13a b B FH AN [ (9 B 1 o 2 & 07 =X, JR3E 715 MASK 5%
Herd Node-dropping 5 Edge-dropping A= , DL SRAR I 1) S R 1 . T 3 6] LSRG, 7E 2 1 (T4 BERT-FT
TR AT EAHEL T GloVe RUATE I, ik — 30 st b A 31 # 4 F BERT-FT.

S A5 RN 4 PR, 5B 1 SIS T BIREER E0R JTIAE W 2 GON RIS R 4145, Fof MASK 40+
IR B2 layer | SR ISR 987 VE, “+ )G 38R layer 2 K IEUR 3955 7%, None R/ AXHZE GCN i
Hedf i, R R JERE A, TT LA #: Edge(0.1) + Node(0.1) £ 4l MASK B i, BNt tp )28 1 2
GCN %5l Edge-dropping, & 2 /2 GCN ¥ ill Node-dropping, IS5 £ A1 i HE ot 2R Y 0.1, KA B &



2094 HAFFIR 2023 FF 34 5% 5 A

RER % B 49.66% $2 T3 T 50.18%. 734k, Hidhs W7 24 S B E b 26 1 /2 GON 1% A\ B 8 64T Node-
dropping 5% Edge-dropping £ 1E R, RURATE & B, X 0] GE A& i B B o i ofn 5 5545 B E %, {115 GCN HERESR
BRSO 2 B BRI AL AR 20 [R5 i PRI e A7 T B, [ st AN T e Pl T 45 X R e i Vs e
SAHRTH I 9 5 13z AL R i e

R4 AFLLE BRI R B HGA B8 1SR 451 (MC-QA) (%)

MASK Text Rep ACCc ACCr ACCp ACC
None+None GloVe 35.71 38.40 55.60 39.67
None+None BERT-FT 46.14 50.68 59.33 49.66

Node(0.1)+None BERT-FT 46.30 49.07 58.30 49.06

Edge(0.1)+None BERT-FT 46.22 50.31 59.46 49.60
Edge(0.1)+Node(0.2) BERT-FT 46.87 49.81 58.69 49.66
Edge(0.2)+Node(0.2) BERT-FT 46.68 50.37 58.30 49.68
Node(0.1)+Node(0.1) BERT-FT 46.87 50.50 58.30 49.82
Edge(0.1)+Node(0.3) BERT-FT 47.14 50.37 58.56 49.96
Node(0.1)+Edge(0.1) BERT-FT 46.57 51.49 58.69 50.04
Edge(0.1)+Edge(0.1) BERT-FT 47.41 50.19 58.94 50.10
Edge(0.1)+Node(0.1) BERT-FT 47.95 49.88 58.30 50.18

N HE— 25 GO A7 ST 8 3 R REE BE RS R, BT b d (1 RO B 484 o, 3 2o 9819 454 2 R 0~ A
SEA MBI RS EESE . 38 5 s T A AN ) B ey 3 19 B PR b 2 50 PR i) 25 A 20 6 51 555
ISR EE R, 2 A0 5 I, RENSAT25CHR TR IR 1] 2 i Al ) R Aff 2.

K5 AR IEE TSR (MC-QA)

2 Text Rep ACCc (%) ACCr (%) ACCp (%) ACC (%)

0 BERT-FT 47.95 49.88 58.30 50.18
0.5 BERT-FT 46.68 50.06 59.46 4976

1 BERT-FT 46.14 50.81 58.82 49.62

3 BERT-FT 47.37 50.37 58.30 50.04

5 BERT-FT 47.99 50.81 58.69 50.46

7 BERT-FT 46.53 49.69 58.17 49.36

8 BERT-FT 47.49 49.57 61.13 50.28

(2) FFIBA ) B AT 55 5256 0 A

ARSI e 22 0 2 e) B AT 55 vh R I 1K) AR AT AL B B i B A 55, (HE Y (R R I IEAS & R GF, 38
T SR HADAS [F] (R B 88 5 41 & 0 2K, FE3E 24 R MASK #kH Node-dropping 5 Edge-dropping M e &.
I LRSS, 75 2 AT 45 1 GloVe Ik N 7 i2i4H%E T- BERT-FT &R B 4F, #Odt— 20 Se 40 th AR SC 3 i B8 A
GloVe.

2 6 JEoR T B 58 T VA TR ) AT 55 1O R AR, wTBAFE 2 Edge(0.1) + Node(0.3) 4145 i) MASK ik
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% 2 J& GCN 5} Node-dropping, LI 17 sd AL IIHERME R & & 200, 1A10.3, K TP ) B4 55 T A e 56
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RN W, AT IR I T e DR DR e L) T T 2% 1] I 4 508 22 T A ) DR AR PR ARG ORI B g, T G IR R
e RS NG CEPS SRS EN ipa i i

[FIAE, ASHIT 58t A T T8 1) 250 95 5O 460 K R B P -1 e 2 50 A OB, RS0 i) 25 A 28 ek /s ) 1P e
A, 3 T ReoR T AN R EAE A IR T A MBS D6 B >0 AR A ) A 2 A 22 3 5 ) AT 55 TP RSB A5 2R, Ak
8 I, REME AT T MY [m] 5 ) 5L 0 VA R
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R 6 AL R B ORTE HGA B8 E¥15258 455 (OE-QA)

MASK Text Rep WUPS WUPSy WUPSp WUPS
None+None GloVe 13.60 15.77 45.12 20.86
Node(0.1)+None GloVe 14.49 15.77 44.03 21.07
Edge(0.2)+Node(0.2) GloVe 14.26 16.34 44.12 21.15
Node(0.1)+Edge(0.1) GloVe 14.04 16.07 45.23 21.19
Edge(0.1)+Node(0.2) GloVe 13.96 16.81 44,58 21.24
Node(0.1)+Node(0.1) GloVe 14.23 16.36 44.75 21.27
Edge(0.1)+Node(0.1) GloVe 14.17 16.13 45.28 21.28
Edge(0.1)+Edge(0.1) GloVe 14.27 16.21 4521 21.34
Edge(0.1)+None GloVe 14.33 16.04 45.26 21.37
Edge(0.1)+Node(0.3) GloVe 13.78 16.63 46.06 21.41

X7 R R F 9L R (OF-QA)

Text Rep WUPS,- WUPS; WUPS), WUPS
0 Glove 13.78 16.63 46.06 2141

0.5 GloVe 14.43 16.04 44.55 21.23
1 GloVe 14.28 16.04 44.99 21.25

3 GloVe 14.46 16.33 43.63 21.14

6 GloVe 14.05 16.12 46.28 21.43

7 GloVe 14.07 16.40 45.92 21.45

8 GloVe 14.21 16.90 46.40 21.77
10 GloVe 14.51 16.12 43.02 20.97

TR PR SZEG, KT A ST TR H 00 7 o B 1 0 vk, A A A A P (R R T R 2 Ll A R 22 AT, R
8 SR R B Pk BES T, XA M THT S5z 1t T Node-dropping 1 Edge-dropping 2 I AEAEAE — & B H AME. I H.an A
551 )2 GON X BT mAT MASK B3R 3 A G 21, 33X 0] 582 i T/ B9 s (0 1R i 4R 2 25 2k 509 iSUAH i B
(32 ¥ 45 2, 17 AT 83 320 i 8 O B PR A o BT 00 IR RRAIE, L S ORI R 1, {45 T Node-dropping [958 1 55
HARAL
35 EMSHR

FEE 3 5, BT B TR A S SR JS (1) GMC B E NEXT-QA Bi4E LI seh 4 B s
Pl 1 v DKo SR 2 R IE B 58, AREL o RN 5 IE I AN T8 4 — BN TG 25 2. 6 T 20 3% 5C i 2 AF 5%
IR AT 45, A SCHR IR 18 B 2 20 U v B (R E AR TR AR e A5 B T 25 22, 1] 4 ) R MU 49 R W AR S
P2 H T VEAE TS SEARELAVIOE B B0 F R IAEE, RIS V130T 25 (0 B He PE AR 2, —Fhn] B 1k et oy =X R H
H 3@ M1 75 sCHEAT I3 5, AR S A [R] R R AT B ) 50T 1) 1 100 B2 TR P13 5 1Y) SRS, A K3 — s A b SRSk Rt
FEI7 1)

1BI&&: Why did the boy pick up one present from the group of [B1R&: What does the man do after the lady appear to punch him
them and move to the sofa? and smiles?
& R: 0. share with the girl & R: 0.1ook at him

1. approach lady sitting there 1. touch their chests

2. unwrap it 2. kick him

3. playing with toy train 3. lean forward

4. gesture something 4. sit back properly

3 NExT-QA Hidli 45 % 1% 3 1) BT 45 10 i Tl 2 56 2 461
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18)&&: How do the two man play the instrument? [B18&: How many people are posing for the photo3
&% 0. roll the handle ER: 0.two

1. tap their feet 1. five

2. strum the string 2. six

3. hit with sticks 3. thirteen

4. pat with hand 4. one

4 NExT-QA ¥ 2 ik = jn) BAF55 1 2R W s i Z2 491

i £ 4l 4

. Where did the baby put his hand as he was being pushed on the pram? 2 o . .

. How did the person move the pram? 1. What is the color of the spoo

2. Why is the yogurt pack on the table finally

3. Why does the child hold a scoop

4. What did the child do after he put the spoon in his mouth first time?
5. Does the child like the yogurt?

. What is the baby’s expression when he approached the person?
. Where is the baby lying on?

1
2
3. Why is the person pushing the baby pram?
4.
]

2L EfER HMER 18 EWER HMLER
1 in his mouth on his lap 7 red red
2 pushing it back and forth with the baby 2 child puts on it baby eat it
3 playing with the baby playing with the baby 3 eating yogurt eat food
4 smiling smiling 4 suck the spoon cat the spoon
5 pram sofa 5 yes no

5 NExXT-QA $dls 4T A r 54T 55 1) SE 5 S 41

4 B 5

ARCHEH T —FPEE T GCN 19 MASK AL b WA ] 25 45 258 1 B0 386 58 7 2. 0 BEEORFEARAS A2 11 il
K H Node-dropping HI Edge-dropping 77 VAW 20 A AT Hdmnm, A 200 7 b lA, $0n TN iz me . 2 5
R FH BRI 1K) MASK AL, T8 I g /)M A5 28 o) 3 1 H AR A 50408 T 00 43415 22 T 1 KL 808 >R s B 0 2% 11 ) W %
22, AR T B BT B B ). 7E NEXT-QA ¥ 8 1) 506 45 AR W, 1% 7 V2 RE M8 A5 A0 A5 28 T 25 2 1)
REJ7, B AW T i LG, SG58 T A 2B R B

PR ) B0 — A B AL PR P AT 55, BB B I AR B AR R 4R T 25 1), M7 2 B 1AL
T RS T Aoe 50 5 S I RLE, WA 2 s KA T 15 SIS, AR T ARSI . B 5 Ers
BEASFEAE R 77 THARCE 1 — 20 IR 2R . R T IR el B A 45 3 AR 55 28 s B PRI AR AT AR B2, Ay
FIC P IR AR T R B3 B e 0 B LT b A Sl AT ) 285 B AR P .
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