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M 2-& pre-training taskE AT} Al EA Q] Al FRE o] F0] %] multi-modal
transformerS A|Qtsl A7] Q&AL 17 Y511 vt @ AHo| st o|sizL 3F
AP, BRI} B0 8 U 0 B ALEstel vlT] 0 o] Wil wee
sh&6h T AHES 251t E 5 Video-Subtitle Matching (VSM) task @} A&7 A<t

St Video-QA Matching (VQAM) taskE- ©]-835f H|t] @ o] T & Bt oyt Bt

s}

Aol dish dE= A8 & xS a2 02 pre-trainings tt. 71 F A

VQAME olete] of el 7|7} B 2S4S Beoto] WolSHe I 22 5

e A Ak A = A2 BIHE s Wl 7] o= 2AE
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(Computer vision) H0Fof| A= th3] A|ZF2] Q] A RUES TR =

oA Holu SA4olu 4 5 tE FHe AHE Zo] &85t A=

A=Y 2AlEE B Atk gl = vy 20l A F ofsfjol] digt A=
7 HE

2re] AFE BAE sebd S 9l X|ZHA, <lo]d H g B ofshsfo} 5}]

AR
HZo] REO] T3S A7 A HS A = == HHA 7= g 2

H—1

L& F11 Qtt E5] Az HHAERS o] 83 &4 Q121(Object detection) (Yilmaz et

al., 2006)1} 385 21 2](Action recognition) (Ji et al., 2012)7} & 5L ®at opr 2t

I
auk
o
1o
>,
N

FAH 9 oo] AHE W= 9Ha 54 9] text-to-video retrieval (J. Xu
et al., 2016), video captioning (Krishna et al., 2017)1} Z-2 t}oFst AL 2 A S
9014 W= A B s 47 % shfolet,

71 Z 4] e 292 H(Video Question Answering, VideoQA) F4|+= H|t] @
2e] W47} Peis Aol 21 ofe o] MEa  ARel Lo L
T4, ¥]E) @ ghe] A7 HHe glo] HHE Fatste] o|sistAA BaHe 22

Sagsholof o] who] WA o] 222 AT 9k o BAIS S| Es] 9
2o @ AJLEL (D. Xu et al., 2017; Jang et al., 2017; Gao et al., 2018; Choi et

rly

=

rr

R

H—1

=
A=

]
)

al., 2020) LSTM 7]512] @1 | (Encoder)-t] & ¢] (Decoder) G- Z & AFE-6H= AL H
2 ALtk v)t] @ T ol 4] convolutional neural networks (CNNs)S ©]-8-5f]

visual feature 5 F=0F1 2F9F 12 = IH|d o2 HESE Sof Z} feature s



LSTM 21 HE A% & 34 F= late fusion HHH 1} T featureS &2 o] LSTM

A E AX|= early fusion Alo] A olct. e} o] LSTM A H 9] -8
A A2 dole] Bl 2 Sl miEol1l £2 dsS oA, HY
o] o]z} Aojz| 1 FHe] wigto] Fota e H-of 7] o1& (long-term de-

pendency)& 37 157 Ea}] o] 71 Aole] v e 2o A D5}
otk A 274 o 't © AelSw BAE 913 o]
Jang et al., 2017; Lei et al., 2018)> 18 n|qto] Z-o Zlo]& 717 H|tj @ o7
FAE YA Aol eo] @7 5= A H]H ¢ o] Zol7h A7) wEe] § HlH &
29 o] AT 7he] B M o 2A4S nelsA] ot MGGEAT, 2 2o T
501 €141 (Choi et al., 202000 A= 1— 103 0] o] H]H] & 2ET} o) AR
o sk Q7] W] 47129l o2} o Ho] Bl
F5t o] A7t B AL of e ©Ale] 228 A Aok 5}
T 24 o ole gt o2 djdsh] $ia AEg o) umals A
(Zeng et al., 2017; Gao et al., 2018)7} It} &2 w2 g o= H|t] Q ¢l2-S LSTM
o2 A3t featurer} A E 0] QL LSTMO 2 17 A ojote] ofel A 7]
Mg olge] Bl YRS AMeln tmalS Yuo]E st o]} 7L ur
Juo|ES HHEsle] Hd o Qo r Ry AR} Pd oja] Wo] 22 o=
12 9 4 9} SFARE LSTM 7]4be] 917t 2 A1gal7] thito] Aeojo] Baish
w= golulA] Fa 7Lt 71 Zole] H]H & 2 o] A Wek(global context)

oA AEL o]afsl ] Eatrh §A7} EAfT
B =80 4E o9} 22 wlt]e 2 o] 3] o2 BAS shAstHA of

e dosH wAE At F8 v8& TPV Al AlsA x2S 7RI A

—_1

AlE (K.-M. Kim et al., 2017,

Flr —lN‘

=

oh

=
2.2 HE] 2 (Multi-modal) transformer 4+ %2} tf % SH<5(Contrastive learning)-<
0]-25F A 2.-& pre-training taskS A| 3ttt H2 UutA © 2 who| AL&61= LSTM
AL AT Al Al A 9] Al S FLxE o] Fo]Z] multi-modal transformerE- #|



otgttt. A HA] ©A 9] cross-modal transformerof| A= H]t] @ | A3} dfjvd 2}at

li‘

= A A local contextS 7}A]= HE] T embeddingS THE L
o5kS- sirt. I WA TA 2l temporal transformero]| A= gt H|T] @ S o] RE B
o] e T Slof Tl local E]|RY embeddingE-2 SR TAA A7) o&EA
7} A= global context featureS ¥-=tt. 12|17 npx]et ghAof| A ThA] HH cross-

—_

flo

modal transformerS 2-&5}o] global context’}of| 4] A2 FHE 511 Htol A H]
He Sy} 2o ou| Al AE 2 & 4 I E BARI 2 T3 E
pre-training 5}7] 93+ B © 2 Video-Subtitle Matching (VSM)Z}F A&7 A|QFeH
Video-QA Matching (VQAM)-2 AF-8-6}9q pre-training taskS 2153ttt VSMof A=
Zpato] o @ H]t] @ S0 figal= 2] o] i3t global alignment$} H|T] @ 23 1
ofl 4 o1 A17F Thel] $17]3k31 9= 2]o] thHlocal alignmente]] chs] SH&5hEiA)
0199} o 7he] A7 Q) AR WAL AL 531 s olA Lol
a9 ule] 9 0] H80] o] 1]
™ 2] multi-modal transformer= 42 E31= H|T] @ Ty} 2 0]Q}o] ofell A 7| H-&
#g9) 2 elo] el s
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2.1 A|Z} A 9]-2HF(Visual Question Answering)

Answering, VQA) (Antol et al., 2015)+= 19 2.12
S el Bt o7t EAISHAL 11 A ojof At g2 AASHAY B 7HR o o
Ao RS Tl Ao, Age] Azt dlolg BT thyjofsht
A ool HES] 588 Wrpeh] Ast A2 Agsiet. oA Azt el gt

BAE Ao 45517] Q54+ &4 214]1(Object detection) (Redmon et al.,

My
.,
o,
E
<
2
~
>
S,
o,
(o]
2

2016), 35 <1 AI(Action recognition) (Ji et al., 2012)7} -2 =2 4= 9] ZH o] 5
ot opu gt 2] 4] 7|9t =2 (Knowledge-based reasoning) (Socher et al., 2013), A2

ZZ(Commonsense reasoning) (Davis & Marcus, 2015) 51} Z-o| ZFHoj| A4 o] B3+

u) o] Aol eHe Feo] HlojEl S o] 8ato] A O| TS St A (Tapaswi
et al, 2016)0] 1, THE ShLb A|ZHAQl HHo| 2juts} 28 olo] P} 27}d

H)H] @ of 28 o] HlolEjol A o] SEe sk A (Lei et al., 2018)0] .
Fate] A7 19 215} 2& H]T] @ o] e o] 87 2] S xH(Video Question
Answering, VideoQA) ]}t @t B]T].¢ Hlo]E1 S o] 8¢ H o ST HlolH]
25 A7 AR B ohe} Qo] FRE o] A BE7] fEd] o8 ZrlHow

2] 9js A2t7} Qo] Arv} SeE WelnY wAL styols FAT o

m>~l



o W ng EAL ol §te] Wolo] g Age FEsk: Byo] Wastch 59
L

doleE 77| Wz 21

AT B2 A9 Aol &7 -85k =82 Ql(Multi-modal) FEj = o] F
olitt. HE|RE HlolH e et FHi(Modality)o] JH=Z o] FojH FA A =
do] FE = dolHE Kottt dlE 501 o|u|A| A2 (Sequence), Bl AE 2}
(Subtitle), 12} 11 7 Hlo|E 2 & 9= 2= HH L Ho|E7} AUt o] A
d ofe FEiQl diole EAS iAo g s55] 97 e HERY ok

e R glo]y F 5hel HH 2 o]
B @A 7 st A=A e 54 A7 B4 (Ngiam et al., 2011) 5

shitoltt.

(Multi-modal learning)©] 2t Stct. ThaFsH

Z&719] HE] 2 4 (multimodal fusion)-2 early fusion LSTM (Snoek et al.,
2005)3} late fusion LSTM (Lazaridou et al., 2015)0.2 LSTMQ] & oL} &9
Aol A 2t 2] g HlEf(Vector)E 5t L concatenatesto] Fot-2 4235}
ol AL & R EE AME RS HET T F2 5= HArt 2

attention2 ©|-&5F HE|RY F4 (Hori et al., 2017; Zadeh et al., 2018) &
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NLP HoFo]| A wo] AR E| 11 9)= Transformer 725 ©|-&5F HE| e 54 (Tsai
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etal., 2019; Li et al., 2020) 2} o] #|¢F=] QI T} Transformer L35 0] 85t HE| B
o

T2 F 9 alignment glo] HE| R H|o|HE &-§5}o] 7|EL
=

2.3 A7) Ak S5 (Self-supervised Learning)

Z}7] A &= S5 (Self-supervised Learning)< H] 2| & 5}

7

(Unsupervised learning)
o] dF o= Fo]&(Label)o] gl HlolEE 7| 2 9t Sh5o|H 7] AAR 5
% dlolElo] thgt st-e Salsl
517 93-2(Unlabeld) T8} d]o] B & -8 2] 5145417]%= A © 2, multi-layered

rr
oL
i)
filo
i)
s
k)
>
>J
P
rid
=
o
=
£,
E.
=
o
rlo
v}
=
o

perceptron(MLP)o]| 4| weight®} biasE

i
BN
N,
i?_l‘;
>
N
rlr
ol
rE
lo
Kl
>
=
i
%2,
g
o
i

E54 of2] 7]9] hidden layer= 88202 SHAZ 4 Q). A7 A & SH5o
A= AF-82F7} pretext task2h= pre-training2 9J5H | 28 EA| S A ol5lH A
AR A Al Jot HRE H[ ol A
==, Al S0 oJu|]of 2= (Distortion

(Rotation) (Gidaris et al., 2018)2 F+= Z 3}
X
o

9] pretext task-5©] A<t

rlo
—l>

) (Dosovitskiy et al., 2015)0]L} 3]4

ZA3} 7+ pseudo labeling B (Vincent et

al., 2010)0]4} autoencoderE AF-gofo] £AE o|u| x| & 29 (Zhang et al., 2016)
Al 717t Colorizationsh= B4 (Pathak et al., 2016; Zhang et al., 2017) ©°] It}

Q1B B2 5pol T pretext taskE SH55HA) 5Fo] Hlolele] tha] & 42

O 2 olof|& =Y &4 A5, RE-E pre-training$t $of| X|£# 0 2 S A};

5= 4|21 downstream task 2 21 0] SF<5(Transfer learning)-2 5= 70| 27| A &

Sh59] A 7fg ottt 217 A& S5 BERT (Devlin et al., 2018) -2 language

modeling©] 1} generative modelof| A At AF&-E| Q=H, F A= 578 H|7(Com-

puter vision)o|t} A 21 A](Speech recognition), & H E] ~(Robotics) 5 THFsH &2



SFoll AL AFEEIT Sl SHAI 22 A7) A e A7 T S 7] sk
22 (He et al., 2020; Chen et al., 2020)=2 ©]-8-5}0] 7]& B4 SRt} Hojt A 52
QA% o wAte] AR ol 9]

2.4 X st&(Contrastive Learning)

tf % S}H<5(Contrastive learning) (Carreira-Perpinan & Hinton, 2005)-& ©j|o] ] <]
54 3de agdos FEUe ofs WHHo =R FT ot 2ok M4l 2y
(Machine learning) @  2]1J(Deep learning) Ao A AR &3 QIch = B¢
59 78 F3= A9 Hlolg et mjA o] H= HlolH o] EA WHE M E
AA 9] ol 2}t th-E HlolE o] oA+ 54 WE 7t oA & Sh5dhe=
olu|sttt. o2 o] 13 2.2 % anchor®} 7 o] x]aty AzHE]= o]u

positive example, Tt} o]u] x| 2}t 11 A Z} &)= o] 1] Z] & negative example©] 2} 1 5}AF.
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Convolutional neural networks(CNNs) (Krizhevsky et al., 2012)Q} Z-& ofj3 k=2
o|u] 2] 9] featureS 3%+ & metric function2 A QJGA] feature 5712 SAIE S
ZA5}o] positive example pair®] AL L=, negative example pair= -F-Af
T g 2 55| 7| H o] )X sh5o]t). Contrastive loss= Al (2.1)1}F Z4o]

softmax 2] log loss 2] © &2 T AT 4~ it

exp (q - k4 /1)
2.1
K exp (q- ko/7) @D



Video clip

Scripts

QA

Haeyoung1
Disgust
Look at/Back on

Haeyong2
‘ Happiness
Look at/Back on

No, No, not you. Pretty Oh Haeyoung.
Since there were two Oh Haeyoungs in one class, she was the Pretty Oh Haeyoung
| was the ...

Hey, Regular Oh Haeyoung. Isn't it your turn? Erase the board!

Q. Why is Haeyoung1 holding a whiteboard eraser?

. Haeyoung1 is holding a whiteboard eraser to pass to Haeyoung2.
Haeyoung1 is holding a whiteboard eraser to throw it.

Haeyoung1 is holding a whiteboard eraser to play with it.
Haeyoung1 is holding a whiteboard eraser to buy it.

Haeyoung1 is holding a whiteboard eraser to clean whiteboard.

SENSINEN

713 2.1: Video QA 9| A]



anchor positive

!

anchor negative

!

Encoder Encoder

!

CIITT] CITTT]

|

CITTT] CITTT]

1% 2.2: Contrastive learning SH<5 o A]



A3 EHE

2 Zol M= WA HT) @ A 2]-2-tH(Video Question Answering, VideoQA) T}A|
= s2s) 19 NS e TARCE Belela, 0% ANHoE et
7] 16l 1 o 4] A2kek el 9120] 2t BT} pre-training task, L&) 3 fine-
tuning St ¥4 7} implementation detailsof] T3] ZpA| 5] A H ghet.

3.1 &A%

H|t] @ A ol&ct glo|g|Alof| A (Lei et al., 2018; Choi et al., 2020) Y432 t}&

T 2k (1) 2] Q: (2) Aolo] gt vt e 2V = {v} (N HH 2

23] =Y 4); 3) Hlt) 2.9 B AR me] sfobs Au S = {5}, (Vo
HT] 9. Apate] B 5 (4) SO A FH {a;}], € A (A= F7D.

o] Y| 742 9] dlo|8ls ¢g o ol mdl Ppg Sty 1 ARER AR

of 3t A 4 ZH o] £ ulr e Wolgw B4 o] Bielct. ol the el 4

Q>

= argmaxPy(a | Q,V,S) (3.1)
acA

2 120 A Aotk RS Bt @ 9] 9252 9175 572 embedding mod-
2 5] 59 Td o7 YEH 7] 5= multi-modal

transformer, 12|17 E3tH HE| g 137 ARG o] &sto] AH-S 82354 Q)
o]

L A7 5= o]elA 7|59 reasoning module] Z X712 RER o]Fo| A
2
jm |

10
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3.2.1 Embedding Module

Mtle Auta ele 2o HaE §

2018) 2 dl-& A8-6}o] embedding SHr}. TH A

< pre-trained BERT (Devlin et al.,

Aolol mee Aute] BYES

rob ek

H

O

=
o} WordPieces (Wu et al., 2016)= ©|-8-3f] tokenizedt & Z} tokeno] T oF YH|H-S
A=t} 71831 W $ positional embedding™} $H7| layer normalization2 7 & A] text
embedding Ty, = {tF }N, € RN*h (N, = 2paf B=0] A token 7]4=, h= hidden
ES RIS

H|t] @ E -2 ImageNet 5| 0] EJAll (Deng et al., 2009) © 2 pre-trained ¥l ResNet-
101 (He et al., 2016)7%} Kinetics H|o]E]Al (Kay et al., 2017) ©. & pre-trained H 13D

(Carreira & Zisserman, 2017)E ARg-5F0] @5 G/ Shet. A oo sfgst= BT 2

iy

22 2 0 2 ResNet} [3DoJ| A AL feature5-2 concatenate $t 5 fully con-

nected layerE §5t0] I AE JH|P T Z-2 249l 0 & TG 5] layer normalization2

N

Sf|l=t}. =, video embedderE E-5f] ¥-2 visual embedding-& Vemb € RNoxhg} 7¥o]

F

TAE & ok (Noe Aol sigshe Z A i)

H

Embedding module-2 AX|H At o7 2uk(S)1} A o(Q), SH(A)of it

text embedding} video frame embedding(V)-& Hd+=rtt.

3.2.2 Multi-modal Transformer

Multi-modal transformerof| A= A 2 T2 e o] H|o|E & sl HE Y &
do 2 el = A Bl o}y gt hierarchical transformer L% 2 H|t] @ 9} ZHS 4]
A dlole 2] 242l long-term dependency modeling& S| 25}= &2 St}
Multi-modal transformer= 5 £33 2] transformerS ©]|-8-5f] A @A Q] A= X2
FAel o, ANl 4. 19 327} ek

Mz A HA A QI cross-modal transformer (Tan & Bansal, 2019)= H|t] 2

S BT e T Y5 AHES local context TH oA FHAA HAE

12



Visual Feature ~ Text Feature = —
vy T T
Nx Nx ( \

™| Add & Norm
Feed Feed Crossmodal
Forward Forward Transformer
— Add & Norm | |
Multi-Head T I
Self Self Attention empora
Attention| |Attention Transformer
O— | |
Crossmodal
FC Transformer

]

Visual Embedding Text Embedding Input Embedding x; ; Visual Embedding Text Embedding

\

a) Crossmodal Transformer b) Temporal Transformer c) Multimodal Transformer

719 3.2: Multi-modal Transformer

—
Ll

token} H|T] @ Y-S A St= 217 o]t} Cross-modal transformer+= 2+ ¢ &
of th3f| bi-directional cross-modal attention layer, self-attention layer, 12|17 feed
forward layer= S1AJ % transformerE Ny ¥ stack3t multi-layer transformer J-32 5

o]Z o] lt}. 11 A3FE video frame} subtitle tokeno]] th gt feature S ¥-& 4~ STt

‘/Stiross’ Wsctross — fcross(‘/setmb; Tst) (32)

= A A of| 4= temporal transformerE- 7] 21 t}. Temporal transformer+ H]| T}

lo

S99 LE AZF o) A] cross-modal feature S g0 24 H|T] @ 9] XA A Q]
w2} (global context) S o] = Y+ EH-E = A o] B Fo|t}. Temporal trans-
former+— (Vaswani et al., 2017)°]| A4 A|<t= 7] transformer =& 2] encoder +X &
7}Z] 21 Qlt}. Temporal transformer®] Z =2 contexutalized ¥ video embedding

7} text embedding & 92 5 AU

Vtemp — ftemp(VCTOSS, O) (33)
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Wtemp — ftemp(07 Wcross) (34)

nlzjuto 2 = HA Ao A A& video embedding™} text embedding Ve W temp
ol cross-modal transformerE- THA| 2]-85}0] global contexto]| A1) A B w gt} A&
S 9t} Cross-modal transformer®] 212 L2 5T feature 59 text feature

W e RNexh2 22 multi-modal representation.© & AF-2-3Fc}.

3.2.3 Attention-based Reasoning Network

o€l A 7|99 reasoning moduleo]| A= 2 0]} H|t] @ 7te] WA BA S Y&
S A7 Y51, Ao)o] Ao 717h-2 FEf £ representation-2- mapping A AT+ A
o] 2 o|t}t. 1A A ole}t WA X multi-modal representation F-32-0f| o 3 FA]7]
7] $J5Fo] multi-modal transformeroﬂlxi A2 video-subtitle T HE] W ¢ RNVt xh
&} video-question E& WE] Q € RNta*h 7ko] 34| o] attentionS A-g5to] HF-S
FEohe HHEY HFS Jeth olF 98 WA £ EF ¥E ] dot-products}

3f| attention distribution-& A AFgtct,

&
5
o
o
5
i
of

et = score(W, Q) =W'Q (3.5)
ol = softmaz(et) € RVt=*Ntq (3.6)

71 t}L attention value= A4 A 2]ZEA <] attention BH HY-& A

|
*

Wt = 0,Q (3.7

Hatt — WattWQ c RNts xh (38)
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3171 1514 % 714 pre-

3.3.1 Video-Subtitle Matching Task

Video-Subtitle Matching (VSM)-& & A 7tfj o] afjdal= v o] @ 9} Apak-2 o
Q7020 DR 7ke] A7HA) ADS Aelshe] multi-modal encodero] 4
2 AT, LASTE o) elot B BT Fohir] BT} o

=
S o 4 9l ShE HEF ot VSM-2 (Li et al., 2020)2] HFA]-& w}} pre-training

H tasko]| A= H]| Y] @ & 9] local alignment®?} global alignmentE- SH<5$Hct. L
cal alignmentoll 4 1]c] & o] 4 Zjto] el Rie] Az} & Rre) ng
A= o535 oF<55taL, global alignmentof| A= H|H| 2o A g o =

]
T

q

=
oo] gut2 H|t) 0 2o A HEE satt YL v FPIA AP oz
REY 2 B s, A HES 29 v, 19 1 A4S At 2RS4 o)e e A
W]t 9 Abu} B s 0]ck. HH 2 23w S 21ahe 47} embedding moduleh

7}
multi-modal transformerE 7 A 42 Ai}= t}-& 2] (3.10)9} &t
Vall — ftrans(vemba O) c RNUXh (39)

W, = firans(0, W) (3.10)

subtitle feature W ofl= 5714 S =2 (Lei et al., 2020)°]| 4] A}-8-2t self-attention layer,
linear layer?} layer normalization= ©] 50 2] query encoderE AF-8510] 2] £ 0 2
query vector ¢ € R"2 A=

Local alignmento]| 4= query vector ¢} video feature V9] dot productz Zt

frame"}t}2] local matching score S —-SFct. Matching scoreo]] T 7l 9] st 715G

15



1D convolution filter®} softmax layerES 2-85fo] A|Z2F my| o} E Z| o] digt
S5 WH paart, Pend € RS T 4= Utk 18] 3 cross-entropy lossE 0]-8-51
9 A 3.1} o] ots55fo] 2ate] sfjgoh= vt @ =3 o] A2t £ F7 9]
of| &3t

1=

Gl

filo
B[}
ol

Liocal = _E(log (pstart [ystart]) + IOg (ped [yed])> (3.11)

Global alignment©]| 4= query vector g2} video feature V4 9] 5 A}l §-A}F (Co-
sine similarity)E max-poolingsto] tF2-2] A3} Zro] global matching score Syiopai
g Tk

Vall q
Selobal (8¢, V) = max (——) (3.12)
g NG

71 % hinge lossE 2835t SH5-2 9]5}o] positive?} negative video-query pair
= /3 3t}. Positive pair (sq,0)°] 54 vt s, 5 -2 mini-batch®] T2 HE
thAste] T 70 9] negative pair (sq4,0), (Sq,0)E THEO]FT}. =, global alignment]
training loss2} VSM 9] X loss+= 4] (3.13)9} Ztt.

Lh, (Spos ) Sneg) = max (07 0 + Sneg — Spos )
Leiobal = —Ep [Ln (Setobar (¢, V) , Sgrobal (8¢5V))

+£h (Sglobal (Sqa V) 7Sglobal (Sq7 ‘A’))}

(3.13)

Lyvsv = M Liocal + A2 Lgiobal
] Aol A §+= margino]| 11, A\, Ap+= Sto] o] mhefu| Ef (hyper-parameter)©] o Z}F 312
AT 0.1, le™2, 82 A5}t

16



3.3.2 Video-QA Matching Task

2 AToAE ARk REl] 2 58 PAS Sloto] thx sl Al
Video-QA matching (VQAM) task2t= A 2-& pre-training taskE A|tStct. VQAM

& section 3.2.3914 €2 Aol-gHS FE HH FAS A A o3 Zot

)

L o 2 145510 reasoning module®] 2 582 FAAAFL wmsko|th

VQAMOJ| A= anchor®} positive sample, negative sample= -4 5}o] T F S50 &2

r
o
S

t}. 8h5 tiAto] &+ anchori= multi-modal transformers 5l 4-2 H|T] @

|
At
i)

ZHaFo] multi-modal feature?} B]T] @ S} 21 9] 9] multi-modal feature S
attention based reasoning networkE £5f A o]of| ¢t S FEol= HE| LG &
S H; 2 ARttt positive sample> S H] Y 2 T Wiof A A o) o = oA
embedding module¥} multi-modal transformer= {15 T3t feature z,0s & AT
Negative sampleZ ol H|H] @ ' o] 4] Aojet @ b7 /IF TS feature
tneg T B T 2 o] oo q o] 2ojot 2 T feature ey S
A} gotoict

Zpos = ferans (V™ Qiea Acorr™™)

“neg = ftrans (Vemb7 QiEQAincorremb> (3 14)

= ftrans (Vemb’ QiQfQAincorr emb)
35 ¥1E] & o] obid 2ol A ] L] SH-E negative sample 2 77 ALET ol &

= negative sample 2] 7|45 58] |2 sh5E5 U] 982 02 517] Y§to|th

_lsl‘a rO‘
ol @
2

it

=

AR &)= A 0] JLA.0 positive sample 17]©f] negative sample N — 17| 2 o] &
UL, HH 2.9] sceneo] HHE 79 A= MESE HHAA Hrt ohs2 Q13
positive QA pair zp,s 2t HE| G 2 T d H,; 9| similarity S5 I &5, negative QA
pair zpe ¥t H; 9] similarity= 2h2 e 7IA =5 st5A1ZITh m2tA Video-QA
matching task ]| 4] ©] contrastive loss+—= TF-2-9] A1 (3.15)2} &t}
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exp (sim (H;, Zpos) /T
ngM:Z@:_ZlogZN " (sim ( P )H ) (3.15)
icl icl k=1 L[k+pos] exp (sim (H;, zy) /T)

1-& indicator function, N2 sample®] A ]| 7|4>, 7+= temperature parameter, cosine

similarity function sim(A, B) = AT B/||A|||| B||°]tt

34 H]Q A|$F S (Fine-tuning)

= Video-Subtitle matching (VSM) task?} Video-QA matching (VQAM) task&
pre-training ¢+ = H|t] @ Zo]2tt WA E £3Y5H7| Y5t SH5-2 5] fine-tuning&
5= 7o) = Q3ltt. Fine-tuningS <5t #4218 3.337} 2t} H|g @ =
(V)@ 2pek(S), 2817 Hg 2 SH (V)3 A 9-3H(QA)E multi-modal transformer
o] g o2 Yol Ztztof tioljA FHH BEH-S Hd2 5, ofdlA 7|9ES] reasoning
networkE 53] QA-aware global representationg TH=t}. 71 &2 multi-layer per-

ol

ftlo
M

ceptron(MLP)¥} softmax layerS 7] % A] probability score pg,s= Do A

=
% QEE S AT 815 0] B A G4 Thg A (.16)7H k. (i A L)

Lans = —~ Zlog Pl (il (3.16)

3.5 Implementation Details

2 52E2 dHdS &7] Yol 29 1zl A=, Ao bt g
FZ Av-E2 Z235tt} ImageNet H©]EJAl (Deng et al., 2009) 2 2 pre-trained F
ResNet-101 (He et al., 2016)2 AF&5}o] 102421 2] appearance feature S €l

u

Kinetics H|o]|E{Al (Kay et al., 2017) .2 pre-trained ¥ I13D(Carreira & Zisserman,

18



Embedding Module

fp—
Text
Embedder

Subtitle (S)

T | mbens
o __ﬁ Embedder
Video clip (V)
Text
Embedder

QA A J

Hatt

Multi-modal | (SR ¢
Reasoning —> — | MP IS —— Dans
Transformer X Network g

NN

719 3.3: 24 9] fine-tuning F+3

2017)5 AF8-SF] 1024219 2] motion featureS A=t} X|ZE2AH 07 = visual fea-
ture S fully connected layerS 74 7682} o] 4] concatenate Sj5-¢] 5}1}2] feature
£ ¥.2 35 Jayer normalization& Z]-&35tt} 1o HH Q)& (Text input)o] tfsfA=
WordPieces (Wu et al., 2016) 2 ZA5-2- tokenize St 5 pre-trained % Bert (Devlin et
al., 2018) & ©o|-85}o] 76821 9] feature S LS < layer normalization-2 -85},

H 242 Pytorch (Paszke et al., 2019)2 & =] ) © ™, L E-S pre-training S}7]
9)5to] AdamW optimizer (Loshchilov & Hutter, 2017)°]] 10~% Z}<] learning rate2}
10723k2] weight decayS AF&35tct 18] 17 W 5 fine-tuningS ¢]5] AdamW opti-
mizere] 5e~42] learning rateQ} 1e %32 weight decayE A}-8-6}o] h53tch VSM
9] margin¢l 6= 0.10.2, A\, \o= Z+2+ 1e72, 82 A A5t} Constrastive learning S
912t QA F-2 NOo & BA|&H 3002 & 47 sto] skttt A A ollA shte]
mini-batch size+= 4,epoch-2 20, Z12] 1! transformer layer N;-& 302 dX3tc}, &2
oA AR 1 9]9] sho]w| u}tn|E (Hyper-parameter)= 3 3.1°] 72| &]o]
Qltt.
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stolw mhetule | A3k
Overall Mini-batch size 4
Epoch 20
Optimizer AdamW
Pre-training Learning rate le
Weight decay le~2
o 0.1
A1 le—2
A2 8
N (# of QA Pair) 300
Optimizer AdamW
Fine-tuning Learning rate 5e~4
Weight decay le~*
Ny, 3

20
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4.1 dlo]g FA
4.1.1 DramaQA

2 =EollAE HY e HO] §H(VideoQA) 249 B7HE 915l DramaQA H
o]E]Al (Choi et al., 2020)= AF8-5F3Th DramaQA Ho|EJ Al gh=f Eefmel ” F
235G oA HolHE FH ol F 18709 oflm] Aol A F 20.5417ke] Aol g 713l
23,928709] HlH @ 2o g FAE o] Qlh ZF HlHQ P2 it dol&
AW HH Q@ Tl 23 ZQl o AR, U 7H7] o8& HA R 74
17,9837 0] Eefmto] thgt A o] S5 ookl Qlvt. st HE, 12| HtE
Q3 o] dlolE AL ZF2F 11, 118709} 3, 41271, 3,4537] 2 th-o]A it} E3t o]
t|o]E] A2 A7 bounding box} & E59] FF Y A4, o] 50| tagging F
2 5ol thel 22t 54 annotationg 0] g% o] Q.

DramaQA t|o] B4l 9] A o] -Z & -2 o] 2]2-9] & & memory capacity®} logi-
cal complexity 7|50 whe} ] 7F2] 2l 2 Upset}. Memory capacity+= 4 o] o] @5}

7] §1ol B3 HT 2 9] @ 5= ol & ofu|ehH, H|H 9] Aol7t A& 74
of thet HH-S 917t FE(Reasoning)0] o2 Y2 A| Hrh. T2z & Ho]gAlE
memory capacityE 7|Ft O & HT] @ S 9| FRof whet gdo] el

N
-~

il

N

it

i. Level 1(Shot): H]t] 97} 102Kt} 22 70| 2 7p2 W ©+Q 72} -2 o] A]
9] shot© & o] o]zt tHE-E 9] VideoQA datasets (Lei et al., 2018; Tapaswi
et al., 2016; K.-M. Kim et al., 2017)0] o] T#| 9] o] &S 7} 7t}

ii. Level 2 (Scene): H|T] 27} A4 0] HEQlo] 1 — 108 AL o] Zdo|2 LA L]
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o] 9131, 1 HA2] shotSo] mQl Yool AFS= FAE o] Y. o] BAE
“story” BARYILE 519 AR gt RS 9] o ol e fx0] 22
Qs

o] = cA 9] o] A logical complexityS 7|50 & THA] Y] ©HA| 2 Ueth
Logical complexity= 2o @o}7] $Is] Guht B2 logical stepo] L. Q 77t
et Ao Q1 IAZE b askAL g oA o
7t 45 ol g o] oItk Rt 271 A7 & HH @ W) 57
125 2| bounding box 9} FF X A HE7} A ZaEE 1A HFHo=

22 | 74210 AR Yol L, & =gl A o] Y] 712 ©Aof diof

r°l‘

F A E Fofobsh 4

i. Diff 1: o] @A < A

1o
olo
f
o
rlo
—
(¢']
s
Io
T
o)
1
uf
L
)
=
o>

sQgo
1 7lto 2 Fgslof gk 1029 B Zolg 7H
o] AN ML HES A2 Belsty Al

Q1 F2L 5] 9 AYA O Hol AT sho] BAIZke] A9}

v}

o

-

rr

.|
A

]

t}. St AMAS subject-relationship-object2} 742 el 9]

o]
triplets= T E T ZF 222 Who, Where, Z12] 11 What©. & A|Z T},

ii. Diff2: o] TA4]9] 1] $5 S Level 19] o 2.8 7HA| o, FGAL0 2R E]
2 ofei o] AP ZINro. R TAEo] Qlek. 12 o] Fol& 71l Hlr &

o) HSEIL, At of o] Al B2 of ] BAlote] T B AL o] gto]
Zher 275 TA

st

1

mlo
0

o|t}. Z+ A2 Who, Where, 18] 11 What©. .2

=2
_l—

=5

S~
i

>

]741-
iii. Diff 3: o] TA|9] W] S AL Level 29] Yol =8 shxw], dle] B

ot A A= A FE s 71N e 2 g = o Q. Diff 29 th=7|

Aol o PA| Wk Qx| 52 wieksly] 918 thE AR S-S Agstel

J
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o

o] 2] £:7+9] supporting facts 5-& A1 5to] F-21:3-0] Aol
@A) eI, 1ol whet o P A WE WA o] el WS s Hek. 7}

AL Hows}t What© & A 2= T),

iv. Diff 4: o] ©|9] o] S5 -2 Level 29 o] 2.5 7| mi, o] Aol
U 5ol g A A o] 222 7o g F4Elo] gtk of 7] AL 1-10
320] 71 o] 9] HH] 2.5 AF83A Ht. o] S0 R "Why'= A]
245 4 Qe ATtEAel] et FES T ek dntg 22 Qi

£ ISk Bgolul, Aol Bolut Aol gelut Azt Aol o] PAZ

251 Aol o] BT BAIeh ojele FEoletm & 4 9t

42 HII AR

5 7}ol] AH-E DramaQA Hlo] AL 1] 717 ol BAR ol 11, 77}
o] ofelgo] Al 470] Q1A W 5 AL WAF 5w TAE ] k. o
Q1 W7} A H Hoh oo tha FEE(%) R e T, 7} ol vl HRES
Aoty AA) Aol gt W7 &7 7 Bkgick. ECCV 2020 DramaQA

Alof| Y2 RS =15 7| e 2 ¢F 41 RS9 452 vl etk

2

B[}

n=
r

4.3 AZF 37t

431 T2 Ao um

2 Aol A Alget RElS F7Fstr] 915l ECCV 202094 & & DramaQA chal-
lenge 9] /49| 571 ©He] 5 vlwotlal, I Ayt & 413} Zrt HU 7)ES
DramaQA challenge9] 7] &8 wh2 o], H7H= U] 747 of el & @7 9] 2}7ko]| 3t 3
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Models Diff 1 Diff2 Diff 3 Diff4 Overall

DramaQA (Choi et al., 2020) | 76.0 747 574  56.6 71.1
(S. Kim et al., 2020) 840 850 700 70.0 81.0
(Bebensee & Zhang, 2021) 80.6 784 685  68.7 71.2

Ours 83.1 819 733 712 79.2

£ 4.2: DramaQA dlo]E| Ao it 7|2 v]H] . Mol $ BUEhe] vl 7} A

7},

4.3.2 Ablation Study

H43E B Rdoq 4 25O 950 2 4% A1 /|AsEL Aolc
Multi-modal Transformer?} o{€ll4 7|8t reasoning networkE 57 AREol2] a1
supervised learning © 2 A1 St dot-product 212} MLP R dl o] AE HH, A4t
ARl ol oA REF 22 Fe2 Hol= Aa S HlH 9 B8-S 53]

Z3|
5] 22 2T 4=t} Multi-modal fusion B'H © 2 multi-modal encoder

A
)

th Al late fusion-2 $F LSTM (Hochreiter & Schmidhuber, 1997) RE 2 A - &
A3HOurs - MulEN)9} H| W -2 wf, -2 B[t 2of dit A °]-3-H<l Diff 137} Diff
20| M= Blu A o' F2 Adea HolA|Th HH @ scene T2 -4 Diff 337}
Diff 40]| A= long-term dependencyS [ A5}A] Eolo] £X| A2 52 HIYSS
ot 4= 9lt}. o] A= E5 £a]7} A2tst multi-modal transformer”} long-term
dependency £ BHA 0 2 S5 &2= ASOIAH. HH 2 AT HOlE atten-
tion2 ©|-8&5}2] 31 5 FH-S concatenate 5+0] MLPE ©]-85F 7 -2-of| = (Ours -

Attention), H|H Qo)A 7] 25 & AW & 7S] gATe s A & & e
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Diff 1] 4% sheho] il w3 oFth. 8427 22 S2o] WasiA v e
o A & AZFfo] e TS Fotufof SH= Diff 2, 3, 4 2 o]0 A attention
AR Ttk 2 4 shehe

=
reasoning moduleo] o] #-& Zo]of ¢ & Y A== st5HE AL 4 4 2 3th

Model Diff 1 Diff2 Diff 3 Diff4 Overall

Dot-product (Q+A) | 30.3 27.7 282 274 289
MLP (Q+A) 51,5 477 415 504 50
Ours - MulTr 573 611 481 492 544

Ours - Attention | 753 672 590 514 654

Ours 831 819 733 712 79.2

T 4.3: A4 Module ] 5of o2 A9

H 44= 4o Lx = T2 2|9t pre-training= oFA] 911 supervised setting
© = o551 lS Wl < pre-training setting © & oF5312 W o] A}HE H| W 5lof H o
=0 B dolkof tis ARtz o g /5 2to|7F Y= 2 2= Ho}, pre-training

task7} =712 2 A multi-modal transformer”} ZH= v]t] @ o] T & 2 4l A o|3f

Tol 22 58S AT AL L 4 Yt
Model Diff 1 Diff2 Diff 3 Diff4 Overall

w/o pre-training | 734 726 622  59.7 67.4

Ours 8.1 819 733 712 79.2

X 4.4: Pre-training -3-5-of k2 A3 A1}

FE 4.5 A= LXE 712 11 9)= multi-modal transformero]| 4] A& 4o o}



2 HAFE-2 7| A5}F9 ) Level 19]| 4]+ cross-modal transformerS- ©]-8-5}9] local ¢t
feature 52 k11, local feature 52 LSTM 2] 912 © 2 H0]ZF & concatenate 5=
late-fusion Y-S 0]-85}o] AA-S ol T} o] 7] 4= local feature5-2 global con-
text= A A|AF0] long-term dependency & 74517 35+ temporal transformer
Faela) erobAl, At Eos 71 vt o) tf] oIS Tl diff 3, 4014 Be
% aletol

i
S

o

o
ol
30

nJlo

23 B 4 993, Z/bH02 AvtAQl vt BAo] WolA
A diff 1,204 4350] Bo] Hoj= A oF % 9tk Level 20] 4 cross-
modal transformer®} temporal transformer 5 7] 9] transformers F S0 2 4o}
multi-modal fusionS 3f|5 Z3}to|t}. upx|2 =9 cross-modal transformerS 4-&
517] A3} v S u], Diff 1, 20| A= H]=5FAL} o] =2 A0] 1} 9 X9t Diff
3, 49| A= & A5 Z}o)7F Y= Z 0.2 H o} global context Abof| A cross-attention-=
3l91& wo] long-term dependency?} o I 02 ARGF o] Folis S

o 5+ 919iet.

Model Diff 1 Diff2 Diff 3 Diff4 Overall
Level 1 (Cross-modal Transformer) 712 709 58.3 50.2 64.5
Level 2 (Cross-modal + Temporal Transformer) | 80.6  80.5 693 654 75.7
Ours 8.1 819 733 712 79.2

I 4.5: Hierarchical Multi-modal transformer®] = S~of tt2 A1y A1},

St Video-QA Matching taskof| 4] AF&%l negative

=]
sample 2] 7f|of whE Ag Axfo|tt. UHbA o0 72 t % Sh5of A= negative sam-

[
XH
~
o
fu)
ol
>
lo
s
ol

ple9] 7j=7} WE&=, 12|31 negative sample©] hard negative?l sample Y <+== T
Z2 5F5S o 4= Qi g o] AE 53] negative sample®] 7j<E A A At

=
2510] 3145 BHHl pre-trainingo] EIFE 7421 7] Eohe AT 2 A5-S Holu,
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Z1%] 4.1: Video-QA Matching (VQAM) tasko]| A] negative sample2] 7lj5~of o2 4]

o 2

negative sample®] |55 54 AFei 4L sfutas) 50| atrltr}
olu AHRELE 7o) o] a7k P AL eI & qgith. T o)A

= negative sample®] 7|42 27 A18-510] 8t5-2 5} AMAIAL 5 pre-trainingo]

.

A 57 gk ATk 2-& A2 HolBl, negative sample®] 7145 214 A
skl Aol A2 4so] SatrlthoL, oF 150719) negative sampleS 712

A FE ol 79 SehA g AL & 4 i
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AsHEEE

modal) transformer -%¢} )% Sh<5(Contrastive learning)-2 ©|-8%F A28 pre-
training task A|FSIATE. S @129l Hle] o 7] oje] S shi A
X temporal transformer®} 102 A Ho} A1 212 A HE Y A|A HeE|l R 54
£ 97 3}5%= cross-modal transformer = ©] F-0] 71 A @A o] A& JLZ 2 o] FojZ
multi-modal transformerE- A|QF6to] #H7| o] &A]-S Q17 Y511 H|T] @ AH o tgt
o|sf &S FAFAIZTE. WA cross-modal transformerS ©]-85}o] 2L H|t] @ =7
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Abstract

Video Question Answering (VideoQA) task requires the ability to effectively under-
stand various relationships in the real-world using visual and linguistic information of
video. It is an effective task to evaluate the ability of Al agents to incorporate human-
level intelligence. However, the previous videoQA methods conducted in short-length
video clips. Question-and-answer of long complex videos as well as short-length videos
must be addressed using long-term dependency and high-level reasoning capabilities.
In this paper, we propose a novel multi-modal transformer with a hierarchical struc-
ture and pre-training task using contrastive learning to improve reasoning ability for
difficult VideoQA problems while solving the long-term dependency problem within
complex and long video clips. Proposed multi-modal transformer with a three-level
hierarchical structure to encode long-term dependencies improves the understanding
of video scenes and to learn the context of the video and to infer the correct answer by
using the video representation that is highly related to the query. In addition, the Video-
Subtle Matching (VSM) task and the newly proposed Video-QA Matching (VQAM)
task are used to effectively pre-train the correct answer to complex questions as well
as to learn the representation of the video. In particular, VQAM, newly proposed in
this paper, significantly enhances reasoning ability for question-answering by using
attention and contrast learning. For the evaluation of our framework, we conduct ex-
periments using the Korean DramaQA dataset with four difficulty levels and show the
state-of-the-art performance compared to previous methods. In addition, we demon-

strate the effectiveness of each proposed module through an ablation study.
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