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Self-supervised Graph Contrastive Learning for Video Question Answering
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Abstract: As a cross-modal understanding task, video question answering (VideoQA) requires the interaction of semantic information with
different modalities to generate answers to questions given a video and the questions associated with it. In recent years, graph neural
networks (GNNs) have made remarkable progress in VideoQA tasks due to their powerful capabilities in cross-modal information fusion
and inference. However, most existing GNN approaches fail to improve the performance of VideoQA models due to their inherent
deficiencies of overfitting or over-smoothing, as well as weak robustness and generalization. In view of the effectiveness and robustness of
self-supervised contrastive learning methods in pre-training techniques, this study proposes a self-supervised graph contrastive learning
framework GMC based on the idea of graph data augmentation in VideoQA tasks. The framework uses two independent data augmentation

operations for nodes and edges to generate dissimilar subsamples and improves the consistency between predicted graph data distributions

« FEEIH  BHELEIE 2030-<H AN LR BE T KT H (2020AAA0106200); [H 5 [ SRR 34 (62036012, U21B2044, 62102415,
62072286, 61721004); 2 V1. 525 25 TF IR (2022RCOAB02); CCE-HF B i B Sk 2 4 (20210004)
AR S ER Rl TN R AR I 2 B2 T 506 R Y i R T W R0 . LSRR . WEVG B . HAT IR, BAREEdy.
W BN T 2022-04-18; B LT T1): 2022-05-29; SR BT [H]: 2022-08-24; jos 7E4& HE R H]: 2022-09-20
CNKI %% ¥ 2 I 18] 2023-03-17

“FEEAFIFSEIT  http:/ Wwww. jos. org. cn


mailto:junyu.gao@nlpr.ia.ac.cn
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
mailto:junyu.gao@nlpr.ia.ac.cn
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
http://www.jos.org.cn/1000-9825/6775.htm
mailto:jos@iscas.ac.cn
https://doi.org/10.13328/j.cnki.jos.006775
http://www.jos.org.cn

2084 HAFFIR 2023 FF 34 5% 5 A

of the original samples and augmented subsamples for higher accuracy and robustness of the VideoQA models. The effectiveness of the
proposed framework is verified by experimental comparisons with existing state-of-the-art VideoQA models and different GMC variants on
the public dataset for VideoQA tasks.

Key words: graph contrastive learning; video question answering; graph data augmentation; pre-training
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BRI EE (W N, FERFEA R 2 O X, & FR T 5 RS R DA 11 P A A8 SR N IRFAIE B BEDF R A9, X P i
ANRFAE 1) 38 (x| VR R e i) PRI IR 700 0, ABHRHERE 2 SN A, Ay 3R siny Sny 2 WA — A0 5 1% SERCE, BEAL
MASK A sl A B B 51 B D 18 56 . 0] TR ARG 18] g, e gl A BB TR (— S PJZE GCN)
BEAT 5 S0 T, A Bt T 1 ) B HE 1 2 (node) L (edge) AT Y 448 o B2 4

(1) 15 %3 (Node-dropping)

TEVNZRBY B, 3 TN N i, Node-dropping Ji 225 LA — & MR BEAL 2% 3750 A B IR i DL B TR 2 4
5 5. A0 BEALA A MASK RAE 75— L6795 1, RIBEALRE X b FEL87 06 B RRHE & 0.

A&l g PREANTY Riny € N W R — JCHERS (MASK) A &, & AU 8 I S7 LR FEAS 2, IS HCH 6 (1A
B H) 4341 (Bernoulli distribution):

&; ~ Bernoulli(1 - 6) 3)

Hor, 6 4 & (I 0 RS, ie(1,2,...,N).

W 7 B A S IR RS ) 5 BT . [ HERD AR 3, 13 BIR BN RFIEHEBE X, BN, = & x,, FoPx, RN FEX 1
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AT )
PSR 4% (1) A 38 J7 X A 38 (1), 483k Node-dropping 4 5, P4 (1AL 4% A AR
H”=X= {SiXi},lil
{ﬁ(zm = r(AHYQ") @
(2) 14 % 5t (Edge-dropping)
fEZRid R, Edge-dropping 7522 UL IR AR BEA LI R4 N\ 3. S bria SR o, e R L I 4 1] 468
P A TP EE AN AEF IR IR EE, P ENIAEEL, € MR (dropping rate). 1IN AL B A 1 5 1 &1
ARPEAIPE A TR R N
A=A-Agop (5)
HH, Agrop PTEVERAR 0 HH A6 18132 E Hh EE AN 7038 BEATLAL I R 1 5 BT ) 3 1) R .
LA 2% 2808 Edge-dropping ALREE, B (1) 7321 9 25 )44 3 A AR I R
AH? =X = {x;}¥,
{ﬁ(lm - r(AH?Q")
Edge-dropping [FI R A% FEAER T & G BN TE TREA, B9 T % N B EGE I BEHLIE R 2 R 60, fetg
A RN GRIN ME R 25 (LU, BT EME T — 870 B BRI A, 76— EFE LR T GON L 1)
AT FLHE ) MASK BT DLAE b — Tty By P13 AR 19 24 T I R AR 9™ 78 SHE W, “B06T BR A% AR I b R (S ABE 2B 0k
AW P R ) 7S A PR R P B, Dl NS TR0 S e KR 0 4, S BT T ) B0 B R AE AR BT R R AE R,
MG TE B 0B BRI AE 5 FR R 0050 1A S At 330 1 JABE, ORIk o ey £ A 40 R0 e o A 'Y,
O S 1 T AT A0 PR A AR 38 SR A VY, S A A AR AR A S o 2 A% 40 e AR AIE, 1 B) T P AIE GON i
ST IR AU
2.3 BEEEXEEFES)
TEREANIZRBT B, Je e it ] g B N MASK Bk, i T Node-dropping #1 Edge-dropping J7 V%) 4 B R
e, T IE AR = AR AN [ P, DR vy LA 5 ) BRETE R X R AT RE R A SRR AR e 5331
SUIECESIREIMAE THER

©)

{ P(a|v, Q) = fi)redict(x, Aa G)) )

Pav,q) = foreaia(X. A, 0)
Hrh, @ WEALA G IMSEL Py P e [0, 110 535l SR JEURE AR 37 A A BIT 0000 11925 28 50

TE SRS e ] 25 0 2830 ok 5040 TR R 245 JE AT A58 2% PR B Lo s ssup 00 /IMARSE B MR BF 25 2] Fefi 136 mse X T
X LEAR PR BT Losseon » FELAE IR A XN — 8 3 TA 4.

FATIR FH ALK 45 B8 24 (relative-entropy loss) A it bh 2% 2] 453 ) B 4X (contrastive loss), B KL % (Kullback-
Leibler divergence, KLD), JHEAT I B 45 4 T -2 [R] FRD6S Bl KL 505 A PR A M 260 2 T 22 Sl AR K R 2 3 o,
PRSI, KL SRS,

SXof 3 3 i LRI Ji P PR P00 255 S, AT 145 B A R A A AR, ANk NS Z ) T 7 PR e e 70, & Lk
Sk U N EAC I

Losscon = Dxr(P|[P) ®)
HP, D RIB) = 3 Polog 5.
xeX
AL AE AR B, T IRIH FE 28 2K (8) P B SR RT3 2k, AR fty J5 45 5k B K
Loss = Lossgyp + AL0SScon )]

Hoh, A PR R K R 2 40 (hyper-parameter), A € (0,1). Lossg, KR 2.4 TP E AT N2,

© HEE
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2.4 FENIZ SR

TERIYN G, JoAiT5E SN2 UK BB (supervised loss) Q1T

X2 S, BN Sinpu = (v, ), candidate answers) " 8085 K MEIESF 5, AR5 K U5 7745 21
L[y L TI0N 16) 8 Palv, q) (B K AR5 22 1 53 K. A SCE I S5/ FSOR B5E 4 B 5 (hinge loss) K I 22 (4%,
BIEEAN IR BT A bR 508 A J50 S Ay PR 5 ] 2 T (13580 Bon 5 4

K-1
Losst,, = Z max(0, 1+ p = p) (10)
m=1
K-1
Lossfu,J = Zmax(O, 1+pn—p" an
m=1
K-1
1
Lossup= 5 > Imax(0. 1+ pjy = p")+ max(0, 1+ 5~ )] (12)
m=1

Forb, JEURE AT 45 50 Palv,q) = {ply, p"}, SSREEA 1T 45 5Kk Palv.q) = 1py. '), P~ Pl (1<m<K—1) 47
TR A 5B A FP AN IERRIE IR 95 2), p7s 7 73 INAROR JSUREAS S M st BEAS P I E B T (1145 20

St IR ) AT 55, AT I — A2k 3 AR Softmax R EURVEAL Tl e IR RAE AL, T & R 1013
I3, J AR FEAS A R 7 SREL AR SO I dre /M AT S PR (cross-entropy loss) SRR, RIREAS I ZRE B K1)
bR BREOE SCA Ji A B A8 51t P 2 18] P -1 429 58 SO K

J
Lossiy, = —Zaj~logpj (13)
=
~ J
Losssy, = —Zaj'logﬁj (14)
j=1
1<
Lossgyp = ) Z(aj-logpj+aj-logﬁj) (15)
=

o, SR AT 4 5 5 Plalv, @) = (pl1 < j < J) , AR A BT 45 5 o Balv,g) = Byl < j < J}. a=1laj1 <
J < TV AR R PIY S R
FERT YN RGT AR BEAT DA U, AT TAN NS IR A AT B 1 5, oy SRR AR 1) FIN &5 SR AT 31 5 2%t 20 A
Py 7€ X UIF:
Peyu =P (16)
ARSI BRI 2% 1 RS B ST HESE GMC UITZRITRE Sk 1 s,

B3 1. GMC.

N MINEBYE g = (N,E), B34, MASK BT SAL MR e, &;
i BRI BUE S S

L. WA 25

2. for T— MK Bt do

3. R g N MASK BEE, BEAUIN BRI 5 R0l

4. A RREE g RO AR PE A L RRIEHRE X

5. NI S A A R o 43 T N B SR B ER, S = P P
6. ML (12) BAI (15) THE BB 2% S UK BB Los ssup

7. AR (8) TN L2 S B K MR EUE Losscon
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8. AR (9) WAL K R £l DU R B S 4L
9. end

3 SR

31 SIRHIEE

AR NEXT-QA $edha 4 PIWE A Sei Bodhn 4. NExT-QA Fod f2 2 — AN LU H A3 it AR A 4 32 1
RUATE ) 25 5040 4, BRI T R A4 VidORY, MU 75 oL s 4 JLEEBLEE, JAMES) . Y
A AR, Horp 2 A & EdR MR8 . 5 34 132 M- R 24 (video-qa pair), MAZE A0 4 996 S 4HLI-
) s T ) 2 Rt PN ZR SRt 75 37 523 MR- I 200, DIARAR AL 35 5 343 AWM 200, I LA R i) it
(casual questions). ¥ 1)@ (temporal questions) FlH#iid ¥E 4] @ (descriptive questions) 4351 (5t 48%. 29% F
23%, WIZREE/B0AE AR EE 2530 40 LU g 7:1:2. 3R 1 7R T NEXT-QA il 4 i HAR S I 4t it

%1 NExT-QA Hi4E %14y

Task Videos Questions
asks
Train Val Test Total Train Val Test Total
Multi-choi A 4132 4 4 4 2
ulti-choice Q 3870 570 1000 5 440 3413 996 8 56 769
Open-ended QA 37523 5343 9178 52044

32 BHIRE

(1) PEASHEN

Xt T 2 3% 1R B AT 45, AR SCR F d5 KA B MR 4K (hinge loss) SRR AXASIARY, S8 T A58 704 [ma] 25 i) 0 (A 20 5 71
Iy LR PPAL LR IE fE:

M
[1 - ﬂz[a,- # p,-]) (7
i=1

Hrh, 0, RIRIMZXHIEEE, M RN BEIRDN, a RN IEFE R, p s TN Z. W11 R — N4, 4
P BSOS HR R B 1, Sz 2 0, RIS FI0MI 2 22 15 TR A 25 2 56 Al IR IS HERA 26 55T 1, A 2k 0.

T TF IR R BT 5%, AS SR B /M AE SIS R X (cross-entropy loss) SRALARETY, Jfi@ 1T 5 Wu-Palmer
HULLEE 23 5 (WUPS)T R AFAL AR A i 850 5 10 J5 B, (L TR vl R0 e g0y BB R 400 ) A1 132 % v A
A

WUPS T8 3) 3 #5028 257 19 21 R Al R AU AR AE, [ B 222 WordNet!™™ v (16 ) SCis] R i 2 2] 22 ) ¥ A
BLEE . 0 FAG % 5 58 5 AR 2 58 R B ARMBLEE /N T 60 0 I BREL, DU B 25 S R4 23 O 0. B 45 5 Il JLAE O, T )
TR g, BATMIE RN P={p1, P2y---» Dur} MEMIE RN A={a,, as,..., ayk, WUPS B1AI (18) Wl HH5H 3
Z AN RIARABLEE 73 4

1
ACCMC = @ Z
t

q€Q;

1
WUPS (P A) = — min max WUP (p,a),| |max WUP ((a, p);x 100 (18)
0] 2 {l;l ok ra.] | peb p}

9€0: aeA
i, WUP(p, a) & F5 A P AN S0 70 7 5 5328 H e VS PI P  E (depth) KT SEe0 A1 12 1) Wu-Palmer AfI{5L
&, fF 5 RiEma =L (19) fros:
WUP (p,a) =2xdepth(lcs) [ (depth(p) + depth(r)) (19)
o, les RN py r KARBGRL . T A I A HEAH 56 #198] (least common ancestor of the words). ‘23K, 41 R H
AN B TR SCRE B, eI S A P L= I AL i e B 2 IR B 2, AT SRAS 52 i 1K) wUPS.
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(2) TGS

SCUGIE T PyTorch ¥R BE 24 S HESE, SR FH BLAT (1 WRATL ) 24578 HG AU Sy 51 100 4% LA S B RIATE- SC AR G i 2%
PEBUSAA . BRI, JEAEEERZ R THA 2, T EER 2, AP GMC HEZE Hf A
AT R PO B T 9%, T R T DA D — 3 P SR TG 4%k N AT AT 5 PR i) 24 5 b AR TR R ) 4 A
AR Adam optimizer! ALK H bR R 5L, HI4R1E22 3130 0.000 1, batch K/NEE Ky 64, 3% 2 ) BT 55154
UKLy 50, TP BAT 455N 100, T SC 37 NEXT-QA Hdi e ) FHEAT. X5 T GMC HE4L, 6%
e 2 ) A 45 P MASK BT SR I HE R &0 & BIHR 0.1, T TR ) 24T 4% vh H MASK BEER5 SR
IFEMAE S &1 & 73 MIHL0.1 F10.3, XiF Lb 2% SR HLA: 2% o 2501118768 2 4 A 7 22 3 o il AT 45 P L 5, 6 TR I )
EAT S5 8.

3.3 S55i#ts ARt

h T UM AR ST TR HE R 1 BT B2 S RE AR GMC 1A ke, AT 120 BT AR T 22 Wi L M B A2 A 1 A A )
BRI E AT TIAEE T AN IR 1R ) 285 A FOAR B 41 B AR

EVQA 570 P st FF B~ LSTM ¥ 2% 43 531546 1 80 F (0 J7 45 S ) RS BTt A 7 4 i, 4% i K ) R 3 s IR AT
TR NG RS FRIER R, FH T ARRD (8 28, REAL vp oA A, 5 AT 4R R A .

STVQA #:75 POVH i AN XUZ LSTM S A ATUA i A ASE, g Bsf 1] - 2% i) 3 5 LR35 31 encoder 4fid b B
RS ) SR R T S AR (1 St B v ) A X

Co-Mem" "Rl HME % B2 R F 5 STVQA ZEAL I AL ATURI i) f8 4 ) 2%, {E4% 0 7 ic 42 BEER (memory
modules), A2 AW 7 SO DESMI S 1B SRFAEFAI TG 5 45 HE AT HE R,

HCRN B PO — AN DU R I 4% (CRN) Ay M2 10 43 T AR, 8 ] AR 03 i S A 2 2o A B 25 K
JEE PR B B AR EAT VA, I 7E 22 R0 G IR AT 4 2.

UATT A28 PP 7 e S AT S WL AR F 1) i B SO, 08 b 25 0 4 I FE 38 S AR ) 2554
%,

HEBRAI LI, A MBI, P HZIB S e, £ FA, TR S HNRERE R [0, 1].
TE S0 285 AR B S 22 AR IR H HEAT BAIE 5 K P38, b, BRI IR 25 B R AT B R I S50 B R AR
SIIN (R P340k . FAT TR 1) SR X TR A H AR T H (9 [R]—Fh 2 50 &, DAL Re 7 AT (R 5000 H B 50 734
HMSHA A BN S HC A (A% 2RI TE hitps://github.com/Feliciaxyao/GMC.git).

I AE T RGK, A SCH I 1] 22 326 3 10 AR 45 1055 GMC HEZR (R il 25 R0/ GMC(MC), T 1) JT 1k, il 24
214 GMC HEZE AL A R 2 B0 /E GMC(OE). [RI I ZE£ i 34 s A bR, 2656 j )2 GCN _LA# ] N-dropping J5 1%
it /F layer j _N-dropping, H:rf j=1 5 2, N W] LI Node . Edge 8% None (B A FHHHE 15 ) gk i Tk +%.

Xiao %5 N\ PURAR SC 9256 45 S K W, GloVe A BERT 71 2 34 3K 1) 2 R J8 R 1) AT 55 B F OO AT 45 b 3 %
. DR, AR SCAE JS 4L NEXT-QA B 4E L oF e sl g i, AR ) 22 1% 304145 K FH 30 J5 1¥) BERT #22 (BERT-FT)
PEMUCSCARRAE, £ 5 TFIGRAT 45K GloVe $EH S AGEE.

(1) 23k BAT S 9250 T

ASLHH, GMC(MC) #i% K H layer 1_Edge-dropping Fl layer 2 Node-dropping I 1458 5 v, H: A H#E i iR
e, 57N 0.1H10.1.

%2 BoR T SRR 2 BT S5 VI 43 5. Fot ACCen ACCr ACC) 433 R AR [ IR L i) A1
NP ) R, AR P ) B IR %, ACC R MUF . STVQA [ T3 1N T IR F)3A: 25y Y, 6 640 3K 2115 T I ]
IR 2k 2%, PEREMTEL T EVQA A T . Co-Mem. HME ™ ({1012 199 2% B % 4 20> WS K10 25 2%, HCRN
T I 1) F50 o P B LT A e PR A . AR SR K GMIC BN/ NEXT-QA B4R 11 22 1 20 ) AT 45 P S 7
B SEI 45 3R, th T oI NEE T B B 6] Bl 2% 2 O vk, 38 T 0025 il AR R v 2, 4 2 2 2 R vfe 1 26 A
49.66% T+ % 50.46%.

© HEE

FEEAESIN  httpe// www. jos. org. cn



https://github.com/Feliciaxyao/GMC.git
https://github.com/Feliciaxyao/GMC.git

BhiE 5 AT BEB st 3 AR P Ak 2093

*£2 ZiEABES MC-QA) LR (%)

Model Text Rep ACCc ACCyr ACCp ACC
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 45.22 49.07 55.34 48.04
HCRN BERT-FT 4591 4926 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(MC) BERT-FT 47.99 50.81 58.69 50.46

(2) TFIGR IR AT 45 52 56 53 #T

ASEEH GMC(OE) #5714 H layer 1 _Edge-dropping il layer 2 Node-dropping %53k 1455 5 1%, Ho b #E il ik
He. E4700.1 /103,

3 45T IE NExT-QA Hudls 4 1 T 15 1) 54T 45 b AN TRIASE 280 75 iR 20 8 AHARL 8 23 Sl i) B 5 S, o
WUPS c« WUPS7+ WUPS p 53 5 3R s RS RSAE DR ) 8 IR I 0L 08 P i) 0T 242 s 25 S8 19 v 8 3 (R AR AL
%, WUPS 3R AR 73 4. KRG Co-Mem A AZAFAG B, (H2 UATT BEA AL 55 1 PR IS 733 3 T ML
SEHEH B A T AWARUS I P AR 0 T e R (RGP &5 460 S, AAF R ZAR B /& T Co-Mem. HGA HEHI 7T 2 06 2RI %
BTG G A B PRI, X T R T T I35 R 45 119 5% 28 B0 AL AI in) 24T 45 v 1) A6 v A
L.

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

Model Text Rep WUPS ¢ WUPS WUPSp WUPS
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 &5 AT LU 21, ASCHH 1) GMC(OR) AR AE A7 2 8 () 7 1 o i i 3 13 38 1 SR HE M 46 T, g A s &
(RIAALLE £ B0 20.86 $2 7142 21.77. GMC HESR (13 ik A\ J5 T A0 -8 55 R A S by L B A T Al 1 o . 488 ey T 45578
Bz AR 1, T — 77 I8 Ik 3 15 ) L2 S BRI 58 2K R 5006 A5 18 8 7 A 5 TR AR PR 0 - A A — 5, 38T T 03 )
E R AR e
3.4 HESY RARBIS T

AT AT T4 %) R PR B 8 s VR R T LA, ASB I L ST R R B, U A R
PREL, LIALEE GMC H MASK AFEHO AR AU e THI DR, I HXH BB v (0 50 48 5 7 25 b ) B A sl IG5 i
HEAT — S R AT (7 H 0 S oF L S 36 18 15 455 2K R B0EE 25 550 A (S AR 5 0 12k e e A

(1) 2k B AT 55 5250 0 47

T HGA BB AR R i 99 2 GCON sk, JAl 1d ik 7 P AR [) 1) 50 8 i 2 2 U 5, 938 48 15 MASK A%
Herht Node-dropping 5 Edge-dropping % ey &, LAT- R e M . G0 LS, 78 20384145 BERT-FT
TR AT EAHEL T GloVe RUATE I, #dh— 30 s v A 31 84 BERT-FT.

S A5 RN 4 PR, BB 1 SRR T BIREAR E0R I AE W 2 GON RIS R 4145, T MASK 50+
IR B2 layer | SR ISR 98 7 V5, “+ )G 38R layer 2 K IEUR 3955 7%, None £/ AXHZE GCN i
Hedf o, R ER JERE A, TT LB #: Edge(0.1) + Node(0.1) £ 4l MASK B U i £, BNt b2 1 2
GCN #3/I Edge-dropping, % 2 /2 GCN ¥3lll Node-dropping, IS 15 S A HERME R . & WHL 0.1, BB i %

@ P ERBREER ARSI httpe/ www. jos. org. cn
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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
MR A IF LR 6 WA, 5 T LR SRk A ) B R L, BRAREFRECH P 5 1 2 GCN VIl Edge-dropping,
% 2 J& GCN 5} Node-dropping, LI 17 sd AL IIHERME R & & 200, 1A10.3, K TP ) B4 55 T A e 56
(RIARALLRE 3 80 Fh 20.86 H2 T+ 21 T 21.41 . R 75 DAl SRR L, A5 (4 i B LU JSURE AR AT BT ST, AFUGS EL A 51256280
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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