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D$ »XQı(Video Question Answering) 8⌧î D$X ‹� �Ù@ ∏

¥ �Ù| t©XÏ ‰XΩ–⌧X ‰ë\ �ƒ| ®¸�<\ tt` ⇠ àî •

%D îlXî ¸⌧\, x⌅ ⇠�X µi⌧ ¿•D �8| ` xı¿• –t⌅∏

| …�X0– ®¸�x ¸⌧t‰. X¿Ã ¿ú á D⌅X D$ »XQı �(

lî Á@ 8tX D$ tΩ–⌧ »X Qı<\ ƒâ⇠»‰. Á@ 8tX D

$ –Ã D»| 8‡ ı°\ D$X »XQıD ⌅t⌧î •0Xt1 (long-

term dependency)¸ í@ ⇠�X î` •%D ¨©XÏ t∞t|\‰. 0|⌧ ¯

l–⌧î ı°X‡ 4 D$ tΩ ¥X •0 Xt1 8⌧| t∞Xt⌧ ¥$¥

»XQı8⌧|⌅\î`•%D•¡‹§0⌅tƒ5�lp|�ƒ»\¥@

®Ï(Multi-modal) transformer lp@ �p Yµ(Contrastive learning)D t©\

»\¥ pre-training task| ⌧H\‰. 8 ËƒX ƒ5 lp\ tË¥ƒ multi-modal

transformer| ⌧Ht •0 Xt1D xT)X‡ D$ •t– �\ tt%D •

¡‹§p, »8¸ �(t í@ D$ \⌅D ¨©XÏ D$X ⌅⇠�x Â}D

YµX‡�ıDî`\‰.⇣\Video-Subtitle Matching (VSM) task@»må⌧H

\ Video-QA Matching (VQAM) task| t©t D$X \⌅ –Ã D»| ı°\

»8– �t �ıD ‡| ⇠ àƒ] ®¸�<\ pre-trainingD \‰. ¯ ⌘ ⌧H\

VQAM@»X@X¥PX0ï¸�pYµD\©XÏ»XQıD⌅\î`•

%D •¡‹®‰. ⌧H⌧ ⌅¥ ⌅�ÑÃlX …�| ⌅t $ �¿ ¥$¿ Ëƒ|

�ƒ \m ‹|» »XQı pt0Kx DramaQA pt0KD t©XÏ ‰ÿXÏ

¯∞¸¥$¥⇠�X»XQı–⌧ã@∞¸|ÙxÉDUxX‡,¯®xDµ

t®¸�xD$\⌅DYµ`⇠à‰îÉD0t®x‰¸XDP@ ablation
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⌧ 1•⌧`

x⌅@‰XΩ–⌧‰xt¨@åµXpò¡8ë©X0⌅XÏ‹��x�

Ù@hÿ∏¥,å¨, �,⌧§–ÒX‰ë\�Ù|\©\‰.tò¸$ò†X

ÙË0 D⌅(Computer vision) Ñ|–⌧î Ë⌧à ‹��x �ÙÃD ‰Ëî 8⌧

–⌧ ó¥ò L1tò 8ê Ò ‰x �‹X �Ùƒ ⇡t \©XÏ ¿�L¿ Ä0

ò‰»X 8⌧‰D ‰Ë‡ à‰. ¯⌘–⌧ƒ D$–⌧ •t tt– �\ lî

‰XΩ¸D∑\ı⌅–⌧�Tò¨tDµtt|0�⌅⌧⇠pò¨å⇣î<¥

⌅X‹ı⌅�x�ƒ|�E`⇠àî‹��,∏¥��Ù|®Pttt|X0

L8–®xX•%Dx⌅Xx¿¸�D®¨`⇠àƒ]⌧⌅‹§îp–pƒ

¿D ¸‡ à‰. πà ‹� �ÙÃD t©\ <¥ x›(Object detection) (Yilmaz et

al., 2006)¸âŸx›(Action recognition) (Ji et al., 2012)¸⇡@l–ÃD»|

D$X‹��Ù✏∏¥�Ù|®P\©`⇠àî text-to-video retrieval (J. Xu

et al., 2016), video captioning (Krishna et al., 2017)¸⇡@‰ë\l\⌧⌅X‡

à¥⌧⇠‹‹Dî\l⌘Xòt‰.

¯⌘D$»XQı(Video Question Answering, VideoQA)8⌧îD$t

ΩX ¥©¸ �(⌧ »X| Ù‡ ÏÏ ⌧X  ›¿ ⌘ »8– Lfiî ıD ‡tî

¸⌧\,D$HX‹��Ù@∏¥�Ù|µiXÏttXt⌧ı°\î`ƒ

⇠âXÏ|X0L8–⌅¨¥$¿D™‡à‰.t8⌧|t∞X0⌅t¿�L

¿X Œ@ l‰@ (D. Xu et al., 2017; Jang et al., 2017; Gao et al., 2018; Choi et

al., 2020) LSTM0⇠XxTT(Encoder)-TT(Decoder)lp|¨©Xî⌘¸ï

DD›tT‰.D$⌅�Ñ–⌧ convolutional neural networks (CNNs)|t©t

visual feature| îúX‡ ê… Ö%D Ã‹ Ñ†)<\ ¿X\ ƒ– � feature|
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LSTMxTT|p\ƒi–¸î late fusion)ï¸P feature|i\ƒ– LSTM

xTT| pXî early fusion )›t �\�t‰. ¯Ïò t LSTM ƒÙX ⌧X

‡Ω›@ Á@ 8tX D$ tΩ–⌧ ®¸�t‡ ã@ 1•D Ùt¿Ã, D$

X 8t� 8¥¿‡ •tX ¿Xt ¶D¿î Ω∞–î •0 Xt1(long-term de-

pendency)D lå ‡$X¿ ªX0 L8– 4 8tX D$ tΩ–⌧î ��X¿

J‰.¿�L¿XD$»XQı8⌧|⌅\pt0K‰ (K.-M. Kim et al., 2017;

Jang et al., 2017; Lei et al., 2018)@ 1Ñ ¯ÃX Á@ 8t| �ƒ D$ tΩ<\

l1⇠»pò»XQı–îl⇠î‰⌧D$X8t�ÁX0L8–\D$

tΩ¥X•t⌅X•0�xXt1D‡$X¿JDƒ⌧.X¿Ã,\¸–⌧\

⌧pt0K (Choi et al., 2020)–⌧î 1�10Ñ8tXD$tΩ‰¸¥$¥»8

DÏhX‡à0L8–•0�xXt1¸Tà¥ı°\î`•%Dîl\‰.

⇣\»Xê¥�ı°XpòÏÏËƒXî`Dp–|XîΩ∞D$»XQ

ı 8⌧î T ¥$Ãƒ‰. t| t∞X0 ⌅\ ‹ƒ\ xÄ T®¨| ¨©\ l

(Zeng et al., 2017; Gao et al., 2018)�à‰.xÄT®¨–îD$Ö%D LSTM

<\ xT)\ feature� �•⇠¥ à‡, LSTM<\ xT)⌧ »X@X ¥PX 0

ïD t©t �( �Ù| Ä…X‡ T®¨| ≈pt∏ t�‰. t¸ ⇡@ T®¨

≈pt∏| ⇠ıXÏ D$ Ö%<\Ä0 »8¸ �(⌧ ÏÏ àX î`D Xî

®¸|º⇠à‰.X¿Ã LSTM0⇠XxTT|¨©X0L8–»XXı°\

X¯|®PÙD¥¿ªXpò48tXD$tΩX⌅¥Â}(global context)

–⌧»8DttX¿ª\‰î\ƒ�t¨\‰.

¯ |8–⌧î t@ ⇡@ D$ tΩ ¥X •0 Xt1 8⌧| t∞Xt⌧ ¥

$¥ »XQı 8⌧| ⌅\ î` •%D •¡‹§0 ⌅t ƒ5� lp| �ƒ »

\¥ @®Ï(Multi-modal) transformer lp@ �p Yµ(Contrastive learning)D

t©\»\¥ pre-training task|⌧H\‰.<�|⇠�<\Œt¨©Xî LSTM

ƒÙXxTT�‡8ËƒXƒ5lp\tË¥ƒ multi-modal transformer|⌧

2



H\‰. ´ à¯ ËƒX cross-modal transformer–⌧î D$ ⌅�Ñ¸ t˘ ê…

D Ö%<\ �D µi‹⌧ local context| �¿î @®Ï embeddingD Ã‹î

Ì`D\‰.Pà¯Ëƒx temporal transformer–⌧î\D$tΩX®‡D

$ ⌅�Ñ– �t local @®Ï embedding‰D Xò\ i–⌧ •0 Xt1D

�¿î global context feature| ªî‰. ¯¨‡ »¿… Ëƒ– ‰‹ \à cross-

modal transformer|�©XÏ global context¡–⌧⌧\�Ù|¸‡�D⌅¥D

$ tΩ¸ ê…⌅X X¯�x �,D ` ⇠ àƒ] Ù•\‰. ¯ ⌅�ÑÃl|

pre-training X0 ⌅\ )ï<\ Video-Subtitle Matching (VSM)¸ »må ⌧H\

Video-QA Matching (VQAM)D¨©XÏ pre-training task|ƒâ\‰. VSM–⌧î

ê…t¥§D$tΩ–t˘Xî¿–�\ global alignment@D$tΩ¥

–⌧¥ê‹⌅�–⌅XX‡àî¿–�\ local alignment–�tYµXt⌧D

$@ê…⌅X‹⌅�x�,Dfi∞¸îÌ`DX‡Yµ¸�–⌧»XQı–

Dî\D$XÄÑt¥x¿îút¥îpÌ`D\‰.⌧H\VQAM–⌧î

<�multi-modal transformer\ª@µi⌧D$\⌅¸»X@X¥PX0ïD

�©t »X– t˘Xî ıD î`Xî @®Ï \⌅D ª‡, xT)⌧ »XQı

�–�t�ıxΩ∞ıDî`\@®Ï\⌅¸X ¨ƒ�lƒ],⇠�\$

ıxΩ∞–@®Ï\⌅¸X ¨ƒ�ëƒ]�pYµDƒâXÏ»XQıX

8⌧| ⌅\ î` •%D •¡‹®‰. ¯ ⌅�ÑÃl| µt ò( representationX

1•D…�X0⌅t$�¿¥$¿Ëƒ|�ƒ\m‹|»»XQıpt0K

x DramaQA|¨©XÏ…�|ƒâXp,0t®x‰¸XDP|µt¯®¸|

ùÖ\‰.

3



⌧ 2•�(l

2.1 ‹�»XQı(Visual Question Answering)

∏¥|0⇠<\\‹��Ù|ttXîÉ@x⌅⇠�Xµi⌧¿•D�8

|`xı¿•–t⌅∏–å⌘î\•%t‰.‹�»XQı8⌧(Visual Question

Answering, VQA) (Antol et al., 2015)î ¯º 2.1¸ ⇡t t¯¿ò �¡t àD L

t˘¡i–fiî»X�t¨X‡¯»X–��\ıD›1Xpòá�¿Xı

¿  ›¿–⌧ �ıD ‡tî ë≈<\, ‰XΩX ‹�¸ ∏¥| ®P ‰⌅|Xî

xı¿• –t⌅∏X •%D …�X0 ⌅\ ¸⌧\ �iX‰. t ‹� »XQı

8⌧| 1ı�<\ ⇠âX0 ⌅t⌧î <¥ x›(Object detection) (Redmon et al.,

2016),âŸx›(Action recognition) (Ji et al., 2012)¸⇡@í@⇠�X•ttt

–ÃD»|¿›0⇠î`(Knowledge-based reasoning) (Socher et al., 2013),¡›

î`(Commonsense reasoning) (Davis & Marcus, 2015)Ò¸⇡t•t–⌧Xı°

\î`•%tîl⌧‰.

‹� »XQı lî pt0X ÖX– 0| lå P �¿ �‹\ ò⌅¥⌧ ƒ

â⌧‰.Xòî»X–�\�ıD�!X0⌅tı⌅�x�Ù�—⌘⌧Ë|t

¯¿–»8tÏh⌧�‹Xpt0|t©XÏ»XQıD⇠âXîÉ (Tapaswi

et al., 2016)t‡, ‰x Xòî ‹⌅�x �Ù– ê…¸ ⇡@ ∏¥ �Ù� î�⌧

D$@ ⇡@ �‹X pt0–⌧ »X QıD ⇠âXî É (Lei et al., 2018)t‰.

ƒêX l| ¯º 2.1¸ ⇡@ D$ pt0| t©\ »XQı(Video Question

Answering, VideoQA) ¸⌧|‡ \‰. D$ pt0| t©\ »XQı@ pt0

\Ä0‹��Ù–ÃD»|∏¥�Ùƒ⇡t⌧ı⇠0L8–t|î��<\

‰Ë0 ⌅t ‹�¸ ∏¥ �Ù� µi⌧ @®Ï \⌅D YµXî ¸�¸ Yµ

4



⌧@®Ï\⌅Dt©XÏ»X–fiî�ıDî`Xî¸�tDîX‰.πà

t¯¿@î Ï¨ ‹ı⌅� �Ù| Ù‡ àî �‹® pt0| ‰Ë0 L8– l‡

ı°\®xD¨©Xå⌧‰.

2.2 @®ÏYµ(Multi-modal Learning)

x⌅X Ωÿ@ ÏÏ ⇣�t hÿ ë©Xî ıi�x(Multi-modal) �‹\ tË

¥ƒ‰. @®Ï pt0Ä ‰ë\ �‹(Modality)X �Ù\ tË¥8 µƒ� π

1t lÑ⇠î pt0| ;\‰. �| ‰¥ t¯¿ ‹�§(Sequence), M§∏ ê…

(Subtitle),¯¨‡L1pt0‰\hÿl1⇠¥àîD$pt0�à‰.tò

¸ ‰ë\ �‹X pt0 π’D ®¸�<\ YµX0 ⌅\ )ïD @®Ï Yµ

(Multi-modal learning)t|‡\‰.‰ë\@®Ïpt0⌘XòxD$pt

0î⌅¨�•\⌧Xåƒâ⇠‡àîxı¿•l¸⌧ (Ngiam et al., 2011)⌘

Xòt‰.

xı¿•–⌧ @®Ï Yµ<\ ¿⇠ (–t �0 ‰x ‰ë\ �‹X pt

0KD \©Xî É@ pt0– �\ �Ù…D ù�‹§‡ ®xX 1•D ítî

Ì`D \‰. ¯Ïò ⌧\ ‰x ®Ï¨| ∞iXî É@ ‰⌧\ ‰ë\ °L¸

®Ï¨⌅X ©Ã\ xt ¥$¿D ™‡ à‰. ¯ò⌧ \¸–î @®Ï YµD

⌅t‰ë\�‹Xpt0|µi(fusion)Xî)ït⌘î\¸⌧\ê¨°å⇠

»‰.

�=0X @®Ï Ë⌅(multimodal fusion)@ early fusion LSTM (Snoek et al.,

2005)¸ late fusion LSTM (Lazaridou et al., 2015)<\ LSTMX Ö%tò ú% Ë

ƒ–⌧ � ®Ï¨ °0(Vector)| TXpò concatenateXÏ µiD ⇠âX�‡,

tÏ\)›@Ë|®Ï¨|¨©àDLÙ‰Tã@1•DÙ�‰.\¸–î

attentionD t©\ @®Ï Ë⌅ (Hori et al., 2017; Zadeh et al., 2018) )ïtò

NLPÑ|–⌧Œt¨©⇠‡àî Transformerlp|t©\@®ÏË⌅ (Tsai

5



et al., 2019; Li et al., 2020))ït⌧H⇠»‰. Transformerlp|t©\@®Ï

Ë⌅@ƒƒX alignment∆t@®Ïpt0|\©XÏ0tX LSTMD0⇠<

\ \ )›X \ƒ�X pt0X •0�x(Long-term) Xt1D ‡$X¿ ªàX

\ƒ|˘ı`⇠à‰î•⇣tà¿Ã,�©…pt0@ƒ≠ú∞…DDî\

Xî⇣tË⇣tà‰.

2.3 ê0¿ƒYµ(Self-supervised Learning)

ê0¿ƒYµ(Self-supervised Learning)@D¿ƒYµ(Unsupervised learning)

X |Ö<\ �t(Label)t ∆î pt0| 0⇠<\ \ Yµtp ê0 §§\ Y

µpt0–�\YµD⇠âXî)›D–\‰.¨⌅»((Pre-training)@|®¡

⇠¿J@(Unlabeld)�©…pt0\®xD¯¨Yµ‹§îÉ<\, multi-layered

perceptron(MLP)–⌧ weight@ bias|ò�0T‹§î)ï<\⌧H⇠»‰.t|

µt⌧ ÏÏ ⌧X hidden layerƒ ®(�<\ »(‹¨ ⇠ à‰. ê0¿ƒ Yµ–

⌧î¨©ê� pretext task|î pre-trainingD⌅\»\¥8⌧|�XXp�ıƒ

¨©ê� ¡⌘ �t¸å ⌧‰. ÙË0 D⌅–⌧î Œ@ ⇠X pretext task‰t ⌧H

⇠»îp, �| ‰¥ t¯¿– \·(Distortion) (Dosovitskiy et al., 2015)tò å⌅

(Rotation) (Gidaris et al., 2018)D ¸î É¸ ⇡@ pseudo labeling )ï (Vincent et

al., 2010)tò autoencoder| ¨©XÏ ê¡⌧ t¯¿| ı– (Zhang et al., 2016)

‹§pò ColorizationXî)ï (Pathak et al., 2016; Zhang et al., 2017)‰tà‰.

xı¿•®x\XÏ� pretext task|YµXåXÏpt0–�tí@⇠�

<\ tt| í| ⇠ àåX‡, ®xD pre-training\ ƒ– \Ö�<\ Ï1X‡ê

Xî8⌧x downstream task\⌅tYµ(Transfer learning)DXîÉtê0¿ƒ

YµX uÏ ⌧Pt‰. ê0 ¿ƒ Yµ@ BERT (Devlin et al., 2018) ⇡@ language

modelingtò generative model–⌧ ê¸ ¨©⇠»îp, ⌅¨î ÙË0 D⌅(Com-

puter vision)tò L1 x›(Speech recognition), \ÙÒ§(Robotics) Ò ‰ë\ Ñ

6



|–⌧ƒ¨©⇠‡à‰.X¿Ã\¸ê0¿ƒYµlî�pYµ0⇠XYµ

®x (He et al., 2020; Chen et al., 2020)Dt©XÏ0t)›‰Ù‰¥ú1•D

ª‡¿ƒYµ®x¸X©(|⌅t‡à‰.

2.4 �pYµ(Contrastive Learning)

�p Yµ(Contrastive learning) (Carreira-Perpinan & Hinton, 2005)@ pt0X

π’ \⌅D ®(�<\ îút¥î Yµ )ï<\ \¸ ‰ë\ Ñ|X 8‡ Ï›

(Machine learning)✏%Ï›(Deep learning)l–⌧¨©⇠‡à‰.�p\⌅Y

µX ¸î ©\î ⌅¨X pt0@ ‰mt ⇠î pt0X π’ °0| �]ƒ],

⌅¨X pt0@ ‰x pt0– �t⌧î π’ °0� @¥¿ƒ] YµXî ÉD

X¯\‰. �| ‰¥ ¯º 2.2ò¸ anchor@ ⇡@ t¯¿|‡ ›�⇠î t¯¿|

positive example,‰xt¯¿|‡›�⇠ît¯¿| negative examplet|‡Xê.

Convolutional neural networks(CNNs) (Krizhevsky et al., 2012)@⇡@‰Qh⇠\

t¯¿X feature| îú\ ƒ metric functionD �Xt⌧ feature‰⌅X  ¨ƒ|

!�XÏ positive example pairX  ¨ƒî lƒ], negative example pairî  ¨

ƒî ëƒ] Yµ‹§î )ït �p Yµt‰. Contrastive lossî › (2.1)¸ ⇡t

softmaxX log loss›<\\⌅`⇠à‰.

Lq = � log
exp (q · k+/⌧)P
K

i=0 exp (q · ki/⌧)
(2.1)
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¯º 2.1: Video QA�‹
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¯º 2.2: Contrastive learningYµ�‹
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⌧ 3•)ï`

¯ •–⌧î <� D$ »XQı(Video Question Answering, VideoQA) ¸⌧

| t∞X0 ⌅\ ⌅⇠�x ¸�D l¥�<\ �XX‡, t| ®¸�<\ t∞X

0⌅t¯|8–⌧⌧H\⌅�ÑÃlX�®»¸ pre-training task,¯¨‡ fine-

tuningYµ¸�¸ implementation details–�tê8à$Ö\‰.

3.1 8⌧�X

D$ »XQı pt0K–⌧ (Lei et al., 2018; Choi et al., 2020) Ö%@ ‰L

¸ ⇡‰: (1) »X Q; (2) »X– t˘Xî D$ tΩ V = {vt}Nv

t=1 (Nvî D$

tΩX ⌅�Ñ ⇠); (3) D$X ¿Ñ§Ï⌅– t˘Xî ê… S = {st}Ns

t=1 (Nsî

D$ê…X8•⇠); (4) 5⌧X�ıƒÙ {ai}5i=1 2 A (Aî�ıı⌅).

t $ �¿X pt0| Ö%<\ �D ®x P✓D YµX‡, ¯ ∞¸<\ »8

– �\ �ı âD >î Ét ¯ D$ »XQı 8⌧X ©\t‰. tî ‰LX ›

(3.1)¸⇡t\⌅`⇠à‰.

â = argmax
a2A

P✓(a | Q, V, S) (3.1)

3.2 ®xlp

¯|8–⌧⌧HXî®x@D$XÖ%‰DxT)t¸î embedding mod-

ule, ‰x P D$ Ö%D XòX µi⌧ \⌅<\ ò¿¥¸å Xî multi-modal

transformer,¯¨‡µi⌧@®Ï\⌅¸»8Dt©XÏ�ıD î`⇠à

î\⌅DªåXî¥PX0⇠X reasoning moduleX�8�¿®»\tË¥8

à‰.®xX⌅⇠�xlpî¯º 3.1¸⇡‰.
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3.2.1 Embedding Module

D$ ê…¸ »XQı ⇡@ M§∏ \⌅@ pre-trained BERT (Devlin et al.,

2018)®xD¨©XÏ embedding\‰.<�\»X–Ïh⌧ê…X8•‰D®

D WordPieces (Wu et al., 2016)| t©t tokenize\ ƒ � token– �\ Ñ†)D

ªî‰.¯¨‡úƒ positional embedding¸hÿ layer normalizationDp–⌧ text

embedding Tst = {tkst}
Nt

k=1 2 RNt⇥h (Ntîê…8•‰–⌧ token⌧⇠, hî hidden

¨tà)Dªî‰.

D$\⌅@ ImageNetpt0K (Deng et al., 2009)<\ pre-trained⌧ ResNet-

101 (He et al., 2016)¸ Kinetics pt0K (Kay et al., 2017)<\ pre-trained ⌧ I3D

(Carreira & Zisserman, 2017)|¨©XÏªƒ]l1\‰.»X–t˘XîD$

tΩD Ö%<\ ResNet¸ I3D–⌧ ª@ feature‰D concatenate \ ƒ fully con-

nected layer|µXÏM§∏Ñ†)¸⇡@(–<\,�t layer normalizationD

t�‰.â, video embedder|µtª@ visual embedding@ V
emb
st

2 RNO⇥h¸⇡t

\⌅ ⇠à‰. (NOî»8–t˘Xî⌅�Ñ⌧⇠)

Embedding moduleD pXt ∞¸�<\ ê…(S)¸ »X(Q), Qı(A)– �\

text embedding¸ video frame embedding(V)Dªî‰.

3.2.2 Multi-modal Transformer

Multi-modal transformer–⌧î⌧\‰x�‹Xpt0|XòX@®Ï\

⌅<\ ò¿¥î É –Ã D»| hierarchical transformer lp\ D$@ ⇡@ ‹

ƒÙ pt0X 8⌧⇣x long-term dependency modelingD t∞Xî Ì`D \‰.

Multi-modal transformerî P ÖXX transformer| t©t 8 ËƒX ƒ5 lp\

l1X�‡,⌅⇠�xl1@¯º 3.2¸⇡‰.

<� ´ à¯ Ëƒx cross-modal transformer (Tan & Bansal, 2019)î D$

tΩ–⌧X D$ ⌅�Ñ‰¸ ê…‰D local context �⇣–⌧ �,‹⌧ M§∏

12



¯º 3.2: Multi-modal Transformer

token¸D$⌅�ÑDi1XîxTTt‰. Cross-modal transformerî�Ö%

– �t bi-directional cross-modal attention layer, self-attention layer, ¯¨‡ feed

forward layer\ l1⌧ transformer| NLà stack\ multi-layer transformer lp\

tË¥8à‰.¯∞¸\ video frame¸ subtitle token–�\ feature|ªD⇠à‰.

V
cross

st
,W

cross

st
= fcross(V

emb

st
, Tst) (3.2)

Pà¯Ëƒ–⌧î temporal transformer|p\‰. Temporal transformerîD

$tΩX®‡‹⌅�–⌧ cross-modal feature|i1h<\hD$X⌅¥�x

Â}(global context)D tt` ⇠ àî \⌅D ªî Ét ©\t‰. Temporal trans-

formerî (Vaswani et al., 2017)–⌧⌧H⌧0¯ transformer®xX encoderlp|

�¿‡ à‰. Temporal transformerX ∞¸<\ contexutalized ⌧ video embedding

¸ text embedding|ªD⇠à‰.

V
temp = ftemp(V

cross
, 0) (3.3)
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W
temp = ftemp(0,W

cross) (3.4)

»¿…<\Pà¯Ëƒ–⌧ª@ video embedding¸ text embedding V
temp

,W
temp

– cross-modal transformer|‰‹�©XÏ global context–⌧X�ÙPX¸�,

D fi∞�‰. Cross-modal transformerX ∞¸\ ò( P feature ⌘– text feature

W̃ 2 RNt⇥h|\Ö multi-modal representation<\¨©\‰.

3.2.3 Attention-based Reasoning Network

¥PX0⇠X reasoning module–⌧î»X@D$⌅X�⌘\�ƒ|¥©

DxT)X‡,»XX�ı–�L¥�‹\ representationDmapping‹⌧¸îÉ

t©�t‰.¯ò⌧»X@�(⌧ multi-modal representationÄÑ–T—⌘‹§

0⌅XÏ multi-modal transformer–⌧ª@ video-subtitle\⌅°0 W̃ 2 RNts⇥h

@ video-question\⌅°0 Q̃ 2 RNtq⇥h ⌅X�ƒ– attentionD�©XÏ�ıD

î`Xî @®Ï \⌅D ªî‰. t| ⌅t <� P \⌅ °0X dot-product@

softmaxh⇠|µt attention distributionDƒ∞\‰.

e
t = score(W̃ , Q̃) = W

t
Q (3.5)

↵
t = softmax(et) 2 RNts⇥Ntq (3.6)

¯‰L attention value|ƒ∞t⌧\Ö�x attention\⌅ H
attDªî‰.

W
att = ↵tQ̃ (3.7)

H
att = W

att
WQ 2 RNts⇥h (3.8)
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3.3 ¨⌅»((Pre-training) Task

¯|8–⌧î^–⌧⌧H\®xD®¸�<\YµX0⌅t⌧P�¿ pre-

training task|�©\‰.�®»–�\$Ö@‰L¸⇡‰.

3.3.1 Video-Subtitle Matching Task

Video-Subtitle Matching (VSM)@⇡@‹⌅�–t˘XîD$@ê…D‰

m‹¥<\h @®Ï ⌅X ‹⌅�x �,D •$XÏ multi-modal encoderX 1

•D •¡‹§‡, »XQıD ⌅t »X@ �(⌧ •tD >D¥îp ®¸�x Ì

`D`⇠àîYµ)ït‰. VSM@ (Li et al., 2020)X)›D0| pre-training

\‰.

¯ task–⌧îD$Ö%X local alignment@ global alignment|Yµ\‰. Lo-

cal alignment–⌧îD$¥–⌧ê…tt˘⇠îÄÑX‹ë¸]ÄÑX⌅�

ÑD�!Xƒ]YµX‡, global alignment–⌧îD$–⌧úd<\ÿ�\ê

…t,xD$tΩ–‰m⇠ƒ]Yµ\‰.Ö%@D$tΩ–⌧úd<\

ÿ�⌧ê…8• sq,⌅¥D$tΩ v,¯¨‡ÿ�⌧ê…8•D⌧x\ò8¿

D$ ê… 8• sqt‰. D$ tΩ¸ ÿ�⌧ ê…D �� embedding module¸

multi-modal transformer|p–ª@∞¸î‰L› (3.10)@⇡‰.

V
all = ftrans(V

emb
, 0) 2 RNv⇥h (3.9)

Wsq = ftrans(0,W
emb

sq
) (3.10)

subtitle feature Wsq–îî��<\ (Lei et al., 2020)–⌧¨©\ self-attention layer,

linear layer@ layer normalization\tË¥ƒ query encoder|¨©XÏ\Ö�<\

query vector q 2 Rh|ªî‰.

Local alignment–⌧î query vector q@ video feature V
allX dot product\ �

frame»‰X local matching score|l\‰. Matching score–P⌧XYµ�•\
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1D convolution filter@ softmax layer| �©XÏ ‹ë ⌅�Ñ¸ ] ⌅�Ñ– �\

U`°0 pstart, pend 2 RNv|l`⇠à‰.¯¨‡ cross-entropy loss|t©XÏ

‰LX› (3.11)¸⇡tYµXÏê…–t˘XîD$tΩX‹ë¸]ÄÑX

⌅�ÑD�!\‰.

Llocal = �E(log (pstart [ystart]) + log (ped [yed])) (3.11)

Global alignment–⌧î query vector q@ video feature V allXT¨x ¨ƒ(Co-

sine similarity)| max-poolingXÏ ‰LX ›¸ ⇡t global matching score Sglobal

|l\‰:

Sglobal (sq,v) = max

✓
Vall

kVallk
q

kqk

◆
(3.12)

¯ ƒ hinge loss| �©\ YµD ⌅XÏ positive@ negative video-query pair

| l1\‰. Positive pair (sq,v)– �t⌧ vò sq| ⇡@ mini-batchX ‰x ÿ�\

�¥XÏ P ⌧X negative pair (sq,v̂), (ŝq,v)| Ã‰¥�‰. â, global alignmentX

training loss@ VSMX\Ö lossî› (3.13)@⇡‰.

Lh

�
Spos , Sneg

�
= max

�
0, � + Sneg � Spos

�

Lglobal = �ED

⇥
Lh

�
Sglobal (sq,v) , Sglobal (ŝq,v)

�

+Lh

�
Sglobal (sq,v) , Sglobal (sq, v̂)

�⇤

LV SM = �1Llocal + �2Lglobal

(3.13)

⌅›–⌧ �îmargint‡, �1,�2îXt|�|¯0(hyper-parameter)t‰.�✓@

⌧⌧�\ 0.1, 1e�2, 8\$�X�‰.
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3.3.2 Video-QA Matching Task

¯ l–⌧î ⌧H\ ®xX î` •% •¡D ⌅XÏ �p YµD ¨©Xî

Video-QA matching (VQAM) task|î»\¥ pre-training task|⌧H\‰. VQAM

@ section 3.2.3–⌧ ª@ »XQıD î`\ D$ \⌅D ‰⌧ »XQı¸ ⇡D

¿î )•<\ YµXÏ reasoning moduleX î` •%D •¡‹⌧¸î taskt‰.

VQAM–⌧î anchor@ positive sample, negative sampleDl1XÏ�pYµ<\

ƒâ\‰. Yµ �¡t ⇠î anchorî multi-modal transformer| µt ª@ D$

tΩ¸ ê…X multi-modal feature@ D$ tΩ¸ »XX multi-modal feature|

attention based reasoning network|µt»X–�\ıDî`Xî@®Ïî`

\⌅Hi\¨©\‰. positive sample@t˘D$•t¥–⌧»X@�ıDhÿ

embedding module¸ multi-modal transformer\xT)\ feature zpos |¨©\‰.

Negative sample@ t˘ D$ •t ¥–⌧ »X@ $ıD hÿ xT)\ feature

zneg 9@t˘D$•ttDÃÛ–⌧X»X@$ıDxT)\ feature zneg|

¨©X�‰.

zpos = ftrans(V
emb

, Qi2⌦Acorr
emb)

zneg = ftrans(V
emb

, Qi2⌦Aincorr
emb)

= ftrans(V
emb

, Qi/2⌦Aincorr
emb)

(3.14)

t˘D$•ttDÃÛ–⌧X»XQıD negative sample\hÿ¨©\t 

î negative sampleX⌧⇠|ò$�pYµ|T®(�<\X0⌅ht‰.Yµ–

¨©⇠îÿ�Xl1@ positive sample 1⌧– negative sample N � 1⌧\tË¥8

à‡, D$X scenet  Ω∞ »\¥ ÿ�‰\ �å ⌧‰. Yµ@ xT)⌧

positive QA pair zpos@ @®Ï î` \⌅ HiX similarity| lƒ], negative QA

pair zneg¸ HiX similarityî ë@ ✓D �¿ƒ] Yµ‹®‰. 0|⌧ Video-QA

matching task–⌧X contrastive lossî‰LX› (3.15)@⇡‰.
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LV QM =
X

i2I
`i = �

X

i2I
log

exp
�
sim

�
Hi, zpos

�
/⌧

�
P

N

k=1 [k 6=pos] exp (sim (Hi, zk) /⌧)
(3.15)

@ indicator function, N@ sampleX ⌅¥ ⌧⇠, ⌧î temperature parameter, cosine

similarity function sim(A,B) = A
T
B/kAkkBkt‰.

3.4 D$»XQıYµ(Fine-tuning)

P Video-Subtitle matching (VSM) task@ Video-QA matching (VQAM) task|

pre-training\ƒD$»XQı¸⌧|⇠âX0⌅\YµD⌅t fine-tuningD

t¸î ¸�t DîX‰. Fine-tuningD ⌅\ ¸�@ ¯º 3.3¸ ⇡‰. D$ tΩ

(V)¸ ê…(S), ¯¨‡ D$ tΩ(V)¸ »XQı(QA)D multi-modal transformer

X Ö%<\ #¥ ��– �t⌧ µi⌧ \⌅D ª@ ƒ, ¥PX 0⇠X reasoning

network| µt QA-aware global representationD Ã‡‰. ¯ ƒ\ multi-layer per-

ceptron(MLP)¸ softmax layer| p–⌧ probability score pans| ª¥ �ıD fiú

⇠àƒ]Yµ‹®‰.YµX©�h⇠î‰L› (3.16)¸⇡‰. (yiî ià¯»8X

�ıxq§, Nqî»8X⌧⇠)

Lans = � 1

Nq

NqX

i=1

logp(i)
ans [yi] (3.16)

3.5 Implementation Details

¯ ®x@ Ñ†)D ª0 ⌅t �˘ 1 ⌅�ÑD Ö%�‡, »X– �\ ı¿D

\Ö∞¸<\ú%\‰. ImageNetpt0K (Deng et al., 2009)<\ pre-trained⌧

ResNet-101 (He et al., 2016)D ¨©XÏ 1024(–X appearance feature| ª‡,

Kinetics pt0K (Kay et al., 2017)<\ pre-trained ⌧ I3D(Carreira & Zisserman,
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¯º 3.3:®xX fine-tuninglp

2017)| ¨©XÏ 1024(–X motion feature| ªî‰. \Ö�<\ P visual fea-

ture| fully connected layer|p– 768(––⌧ concatenatet¸¥XòX feature

| ª@ ƒ layer normalizationD �©\‰. ∏¥ �Ù Ö%(Text input)– �t⌧î

WordPieces (Wu et al., 2016)\8•‰D tokenize\ƒ pre-trained⌧ Bert (Devlin et

al., 2018)|t©XÏ 768(–X feature|ª@ƒ layer normalizationD�©\‰.

¯®x@ Pytorch (Paszke et al., 2019)\l⌅⇠»<p,®xD pre-trainingX0

⌅XÏ AdamW optimizer (Loshchilov & Hutter, 2017)– 10�4 ✓X learning rate@

10�2✓X weight decay| ¨©\‰. ¯¨‡ ú ƒ fine-tuningD ⌅t AdamW opti-

mizer– 5e�4X learning rate@ 1e�4✓X weight decay|¨©XÏYµ\‰. VSM

X marginx �î 0.1<\, �1,�2î�� 1e�2, 8\$�\‰. Constrastive learningD

⌅\ QA�@ N<\\‹⇠p 300<\$�XÏYµ\‰.⌅¥‰ÿ–⌧XòX

mini-batch sizeî 4,epoch@ 20, ¯¨‡ transformer layer NL@ 3<\ $�\‰. ¯

®x–⌧ ¨©⌧ ¯ xX Xt| �|¯0(Hyper-parameter)î \ 3.1– �¨⇠¥

à‰.
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Xt|�|¯0 $�✓

Overall Mini-batch size 4

Epoch 20

Optimizer AdamW

Pre-training Learning rate 1e�4

Weight decay 1e�2

� 0.1

�1 1e�2

�2 8

N (# of QA Pair) 300

Optimizer AdamW

Fine-tuning Learning rate 5e�4

Weight decay 1e�4

NL 3

\ 3.1:⌅¥®x–�\Xt|�|¯0(Hyper-parameter)$�✓
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⌧ 4•‰ÿ∞¸✏Ñ�

4.1 pt0Ö8

4.1.1 DramaQA

¯ |8–⌧î D$ »X Qı(VideoQA) 8⌧X …�| ⌅t DramaQA p

t0K (Choi et al., 2020)D ¨©X�‰. DramaQA pt0K@ \m ‹|»x ”⇣

$t�”–⌧pt0|⇠—t� 18⌧X–<å‹–⌧� 20.5‹⌅X8t|�ƒ

23, 928⌧X D$ tΩ<\ l1⇠¥ à‰. � D$ tΩ@ ‰ë\ 8t| �

¿p D$ ⌅�Ñ@ �˘ 3 ⌅�Ñ<\ l1⇠p, $ �¿ ¥$¿ Ëƒ\ l1⌧

17, 983⌧X‹|»–�\»XQıDÏhX‡à‰.Yµ¸Äù,¯¨‡…�|

⌅t t pt0K@ �� 11, 118⌧@ 3, 412⌧, 3, 453⌧\ ò⌅¥8 à‰. ⇣\ t

pt0K@‹�� bounding box¸¸îx<‰XâŸ✏⇣�,tÑt tagging⌧

�¯Ò–�\8ê⌘Ï annotation‰tÏh⇠¥à‰.

DramaQApt0KX»XQı�@¥$¿X�ƒ|memory capacity@ logi-

cal complexity0�–0|$�¿�®\ò�‰. Memory capacityî»X–ıX

0⌅tDî\D$Xîl⇠î8t|X¯Xp,D$X8t�8⇠]8⌧

–�\ı¿D⌅\î`(Reasoning)t¥$Ã¿å⌧‰.¯Ï¿\¯pt0K@

memory capacity|0⇠<\D$tΩXÖX–0|�®tò⌅»‰.

i. Level 1 (Shot): D$� 10�Ù‰Á@8t|�¿pË|tT|u�–⌧

X shot<\tË¥ƒ‰.�ÄÑX VideoQA datasets (Lei et al., 2018; Tapaswi

et al., 2016; K.-M. Kim et al., 2017)ttËƒX¥$¿D�ƒ‰.

ii. Level 2 (Scene): D$�•åX¿Ÿ∆t 1 � 10Ñ�ƒX8t\l1⇠

21



¥ à‡, 1 ËƒX shot‰t ®x |(X âŸ‰\ l1⇠¥ à‰. t Ëƒ|

”story” Ëƒ|‡ƒ Xp »8– �\ ı¿D ⌅t T ¥$¥ ⇠�X î`D

îl\‰.

t P ËƒX �®–⌧ logical complexity| 0�<\ ‰‹ $ Ëƒ\ ò�‰.

Logical complexityî »8– ıX0 ⌅t º»ò Œ@ logical stept Dî\�–

�\ É<\ x¸ �ƒ� DîXpò Á@ •t–⌧ ‰ë\ Ë⌧| >D|Xî »

X�ò,⇠]¥$¿�®tíDƒ‰.⇣\î��x‹��Ù\D$¥Ò•

x<‰X bounding box@ âŸ ✏ ⇣� �Ù� hÿ Ïh⌧‰. ¯ò⌧ \Ö�<\

‰L¸ ⇡@ $ �¿X Ëƒ\ ò⌅¥¿‡, ¯ |8–⌧î t $ �¿ Ëƒ– �t

‰x®x‰¸DPXÏ…�|ƒâ\‰.

i. Diff 1 : t ËƒX »X Qı �@ Level 1X útƒ| �¿p, Ÿ�¡<\

Ä0 ª@ XòX ¨‰D 0⇠<\ l1⇠¥ à‰. 10�X Á@ 8t| �ƒ

D$–t˘Xp,tËƒ–⌧î›�‰D⌧\Ñ¨X‡∞i‹§îx¿

�x î`D X¿ J‡ ¡⌘�<\ Ùtî ¨å¸ XòX <¥⌅X �ƒ@

⇡@ÉD>îËƒt‰.\¨‰@ subject-relationship-object@⇡@�‹X

triplets\\⌅⌧‰.�»8@ Who, Where,¯¨‡ What<\‹ë⌧‰.

ii. Diff 2 : tËƒX»XQı�@ Level 1Xútƒ|�¿p,Ÿ�¡<\Ä0

ª@ÏÏ⌧X¨‰D0⇠<\l1⇠¥à‰. 1Ñ¥X8t|�ƒD$

–t˘X‡,¨å¸ÏÏ¨å9@ÏÏ<¥@X�ƒ✏¨‰Dt©XÏ

⌅Ë\ î`D îlXî Ëƒt‰. � »8@ Who, Where, ¯¨‡ What<\

‹ë⌧‰.

iii. Diff 3: t ËƒX »X Qı �@ Level 2X útƒ| �¿p, |(X �Ù

@hÿÏÏ⌧X¡i¸âŸ‰D0⇠<\l1⇠¥à‰. Diff 2@‰tå

¡it¥ªå¿X‡àî¿ÒD�EX0⌅t‰⌘�Ù‰D∞iXÏ»
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8–�\�ıD>D|\‰. 1�3Ñ�ƒX8t|�ƒD$|¨©X‡,

ı¿X0⌅tÏÏ⌧⌅X supporting facts‰D¨©XÏ¸xıX¡it¥

ªå�»î¿,¯–0|¥ªåâŸàî¿–�t»8DXå⌧‰.�

»8@ How@ What<\‹ë⌧‰.

iv. Diff 4: tËƒX»XQı�@ Level 2Xútƒ|�¿p,»8t¡it

òâŸ–�\x¸�ƒXî`D0⇠<\l1⇠¥à‰.Ï0⌧î 1� 10

ÑX 4 8tX D$| ¨©Xå ⌧‰. t ⇠�X »8–⌧î ”Why”\ ‹

ë` ⇠ àî x¸�ƒ– �\ î`D ‰Ëå ⌧‰. x¸�ƒ î`@ x¸�

ƒ|UxXî¸�tp,¨åXâŸtò¡iX–x¸∞¸¨tX�ƒ|

î`Xî Ét¿\ ^X ËƒÙ‰ ı°X‡ ¥$¥ »8t|‡ ` ⇠ à‰.

�»8@ Why\‹ë⌧‰.

4.2 …�¿\

…�– ¨© DramaQA pt0K@ $ �¿ ¥$¿ Ëƒ\ ò⌅¥¿‡, ��

X¥$¿t¨å⇠�Xx¿⌧Ï•%D…�`⇠àƒ]l1⇠¥à‰.�…�

x…�¿\î…�»X–�\�ı`(%)\ò¿¥p,�útƒ»‰�ı`D

!�X‡ ⌅¥ »X– �\ …‡ �ı`¸ hÿ …�\‰. ECCV 2020 DramaQA

L∞¿–ò(®x‰¸|8D0⇠<\\\‡®x‰¸1•DDP\‰.

4.3 �……�

4.3.1 ‰xl@XDP

¯l–⌧⌧H\®xD…�X0⌅t ECCV 2020–⌧Ù∞DramaQA chal-

lengeX¡⌅ 5⌧�¸X1•DDPX�‡,¯∞¸î\ 4.1¸⇡‰.…�0�@

DramaQA challengeX0�D0tp,…�î$�¿¥$¿ËƒX��–�\…
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�@⌅⇠�x∞¸\l1⌧‰.\ 4.1X∞¸|Ùt®‡útƒ–⌧‰x®x¸

DPàDL�•ã@1•DÙ�‡, Overall rate@�•í@⇠X|�¿îÉD

Ux` ⇠ à»‰. Diff 4X Ω∞ ⌧| í@ 1•x GGANG ®x¸ DPàD L 1

⇣ �ƒX (t� ò‡, Diff 3X Ω∞–î ò8¿ ‰/ ®x¸ DPt 8% t¡X

Uƒ�x1••¡DÙ�LDUx`⇠à»‰.tî¯l–⌧⌧H\®xt

¥$¥⇠�XD$»XQı8⌧|®¸�<\t∞`⇠àLDÖù\‰.

⇣\0t–D$»XQı8⌧|t∞X0⌅t⌧H\®x‰¸XDP‰

ÿƒ ƒâX�‡, ¯ ∞¸î \ 4.2@ ⇡‰. ¯ ‰ÿ@ DramaQA pt0K–⌧ test

sett ı⌧⇠¥ à¿JD validation setD 0�<\ …�X�‰. DramaQA |8t

⌧H\®x¸DPàDL¯|8–⌧⌧H\®xt¥$¥»X–⌧p1••

¡DÙ�LDUx`⇠à»‡,»,�¿\ Diff 3@ Diff 4–⌧�•ã@1•D

Ù�‰. ⌅ ∞¸–⌧ ¸©`Ã\ ⇣@ »XX ¥$¿t ,|�⇠] 1• X}Ìt

‰x\‡®x–Dtl¿J‰î⇣t‰.tÉ@¯®xt»XX¥$¿�ƒ–

lå�•D�¿J‡�x\1•Dº⇠àLD‹¨\‰.

Challenger Diff 1 Diff 2 Diff 3 Diff 4 Overall

IITDrama 76 72 55 60 71

bjorn 77 74 57 57 71

HARD KAERI 76 73 56 59 71

Sudoku 78 74 68 67 75

GGANG 81 79 64 70 77

Ours 83 82 73 71 79

\ 4.1: ECCV 2020X DramaQA challenge∞¸.
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Models Diff 1 Diff 2 Diff 3 Diff 4 Overall

DramaQA (Choi et al., 2020) 76.0 74.7 57.4 56.6 71.1

(S. Kim et al., 2020) 84.0 85.0 70.0 70.0 81.0

(Bebensee & Zhang, 2021) 80.6 78.4 68.5 68.7 77.2

Ours 83.1 81.9 73.3 71.2 79.2

\ 4.2: DramaQApt0K–�\0tD$»XQı®x‰¸XDP…�∞

¸.

4.3.2 Ablation Study

∞¨î¯•Dµt⌧H\®xX�®»X®¸@ pre-training taskX ®1

D�EX‡,Xt|�|¯0K⇧–0x∞¸ƒhÿÑ�\‰.

\ 4.3î¯®x–⌧uÏ®»X 4–0x‰ÿ∞¸|0¨tì@Ét‰.

Multi-modal Transformer@ ¥PX 0⇠ reasoning network| ®P ¨©X¿ J‡

supervised learning<\ ‰ÿ\ dot-product ∞¸@ MLP ®xX ∞¸| Ùt, ⌅⇠

�x útƒ–⌧ ®P Æ@ 1•D Ùtî ÉD µt D$X \⌅D ©Ñà Y

µX¿ªàLDUx`⇠à‰. Multi-modal fusion)ï<\ multi-modal encoder

�‡ late fusionD\ LSTM (Hochreiter & Schmidhuber, 1997)®x\‰ÿDt¯

∞¸(Ours - MulEN)@ DPàD L, Á@ D$– �\ »XQıx Diff 1¸ Diff

2–⌧î DP�<\ ã@ 1•D Ùt¿Ã, D$ scene Ë⌅\ l1⌧ Diff 3¸

Diff 4–⌧î long-term dependency|t∞X¿ªXÏã¿J@1•DÙ�LD

L ⇠ à‰. t ∞¸| µt ∞¨� ⌧H\ multi-modal transformer� long-term

dependency| ®¸�<\ \©X�LD ÖùX�‰. D$ \⌅¸ »X| atten-

tionD t©X¿ J‡ P \⌅D concatenate XÏ MLP| t©\ Ω∞–î (Ours -

Attention),D$–⌧}å>D⇠àpò\⌧XË⌧Ã<\8⌧|Ä⇠àî
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Diff 1–⌧î1•X}t�–DƒJî‰.X¿Ãî`•%tDîXpòD$

–⌧Á@‹⌅¥–Œ@Ë⌧|>D¥|Xî Diff 2, 3, 4»X–⌧î attentionD

¨©àD LÙ‰ p 1• X}D ¸ ⇠ à¥, ∞¨X ®x–⌧ ¨©\ ¥PX 0⇠

reasoning modulet¥$¥»X–Tò�òXƒ]Yµ⌧ÉDL⇠à»‰.

Model Diff 1 Diff 2 Diff 3 Diff 4 Overall

Dot-product (Q+A) 30.3 27.7 28.2 27.4 28.9

MLP (Q+A) 51.5 47.7 41.5 50.4 50

Ours - MulTr 57.3 61.1 48.1 49.2 54.4

Ours - Attention 75.3 67.2 59.0 51.4 65.4

Ours 83.1 81.9 73.3 71.2 79.2

\ 4.3:uÏModuleX 4–0x‰ÿ

\ 4.4î ®xX lpî ¯�\¿Ã pre-trainingD X¿ J‡ supervised setting

<\YµX�DL@ pre-training setting<\YµàDLX∞¸|DPXÏÙÏ

�‰. ®‡ útƒ– �t ⌅⇠�<\ 1• (t� òî É<\ ÙD, pre-training

task�î�h<\h multi-modal transformer��îD$X\⌅%✏•ttt

ƒ@î`•%D•¡‹0‰îÉDL⇠à‰.

Model Diff 1 Diff 2 Diff 3 Diff 4 Overall

w/o pre-training 73.4 72.6 62.2 59.7 67.4

Ours 83.1 81.9 73.3 71.2 79.2

\ 4.4: Pre-training 4–0x‰ÿ∞¸.

\ 4.5–⌧îƒ5lp|�¿‡àîmulti-modal transformer–⌧ƒ5⇠–0
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x�ı`D0¨X�‰. Level 1–⌧î cross-modal transformer|t©XÏ local\

feature‰DQX‡, local feature‰D LSTMXÖ%<\#¥�ƒ concatenateXî

late-fusion )ïD t©XÏ ‰ÿD X�‰. Ï0⌧î local feature‰D global con-

text\ i1‹⌧¸¥ long-term dependency| �Xå t¸î temporal transformer

| ¨©X¿ JD⌧, ¡��<\ 4 D$– �t »XQıx diff 3, 4–⌧ Œ@

1• X}t àLD ¸ ⇠ à»‡, î��<\ ⌅⇠�x D$ \⌅%t ®¥8

⌧ diff 1, 2–⌧ƒ 1•t Œt ®¥¿î ÉD L ⇠ à»‰. Level 2–⌧î cross-

modal transformer@ temporal transformer P ⌧X transformer| P 5<\ ◆D

multi-modal fusionD t� ∞¸t‰. »¿… 5– cross-modal transformer| �©

X0 ⌅¸ DPàD L, Diff 1, 2–⌧î D∑Xpò T í@ 1•t ò$¿Ã Diff

3, 4–⌧îp1•(t�òîÉ<\ÙD global context¡–⌧ cross-attentionD

t¸»D L– long-term dependency� T ®¸�<\ xT)⇠¥ \©Xî ÉD

L⇠à»‰.

Model Diff 1 Diff 2 Diff 3 Diff 4 Overall

Level 1 (Cross-modal Transformer) 71.2 70.9 58.3 50.2 64.5

Level 2 (Cross-modal + Temporal Transformer) 80.6 80.5 69.3 65.4 75.7

Ours 83.1 81.9 73.3 71.2 79.2

\ 4.5: Hierarchical Multi-modal transformerX5⇠–0x‰ÿ∞¸.

¯º 4.1@ �pYµD t©\ Video-QA Matching task–⌧ ¨©⌧ negative

sampleX ⌧⇠– 0x ‰ÿ ∞¸t‰. |⇠�<\ �p Yµ–⌧î negative sam-

pleX ⌧⇠� ŒD⇠], ¯¨‡ negative samplet hard negativex sample|⇠] T

ã@ YµD ` ⇠ à‰. ¯ò⌅X ∞¸| µt negative sampleX ⌧⇠| �å ¨

©XÏYµDXt pre-trainingt®¸|�¿¿ªXîÉ¸⇡@1•DÙtp,
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¯º 4.1: Video-QA Matching (VQAM) task–⌧ negative sampleX⌧⇠–0x‰

ÿ∞¸.

negative sampleX ⌧⇠| ò$⌧ ‰ÿXt òL–î ��tå 1•t ,|�‰�

¥ê ¿⇣Ä0î pX 1•t ,|�¿ Jî ÉD Ux` ⇠ à»‰. ¯ò⌅–⌧

î negative sampleX⌧⇠|�å¨©XÏYµDXt¨‰¡t˘ pre-trainingt

⌧�\ ⇠¿ Jî É¸ ⇡@ 1•D Ùtp, negative sampleX ⌧⇠| ò$⌧ ‰ÿ

Xt òL–î ��tå 1•t ,|�‰�, } 150⌧X negative sampleD �¿î

¿⇣Ä0î1•tpX,|�¿JîÉDL⇠à‰.
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⌧ 5•∞`

D$ »XQı 8⌧î ‹� �Ù@ ∏¥ �Ù| ⇡t \©XÏ xı¿• ®

xD x⌅X x¿ ¸�D ®¨` ⇠ àƒ] ⌧⌅‹§î p– p ƒ¿D ¸‡ à¥

‰∞ ⌘î\ ¸⌧ ⌘ Xòt¿Ã, D$X 8t� 8¥¿‡ ı°\ î` •%D

îlXîΩ∞•0�xXt1‡$@î`¸�–⌧¥$¿D™‡à‰.

¯|8–⌧î0tXÁ@8tXD$tΩ–⌧X»XQıtDÃı°X

‡ 4 D$ tΩ ¥X •0 Xt1 8⌧| t∞Xt⌧ ¥$¥ »XQı 8⌧|

⌅\ î` •%D •¡‹§0 ⌅t ƒ5� lp| �ƒ »\¥ @®Ï(Multi-

modal) transformer lp@ �p Yµ(Contrastive learning)D t©\ »\¥ pre-

training task|⌧HX�‰.Á@¿Ì�xD$tΩÏÏ⌧|Xò\µi‹⌧

¸î temporal transformer@∏¥��Ù@‹���Ù|‰m‹⌧@®Ï\⌅

Dªåt¸î cross-modal transformer\tË¥ƒ8ËƒXƒ5lp\tË¥ƒ

multi-modal transformer|⌧HXÏ•0Xt1DxT)X‡D$•t–�\

tt%D •¡‹0‰. <� cross-modal transformer| t©XÏ Á@ D$ tΩ

–⌧X D$ ⌅�Ñ‰¸ ê…D local context �⇣–⌧ �,‹⌧ XòX D$

\⌅DªåX‡,¯ƒ temporal transformer|t©XÏ^⌧ª@ÏÏ‹⌅�X

cross-modal feature‰D Xò\ i– D$X ⌅¥�x Â}D tt` ⇠ àî \

⌅Dªåt¸‡»¿…<\ global context–⌧∏¥�Ù@‹��Ù|PXX‡

�,XÏ fi∞�<\h \Ö�<\ D$ \⌅D ªå ⌧‰. D$ »XQıD

⌅\ ®xD ®¸�<\ pre-training X0 ⌅t, ^⌧ multi-modal transformer–⌧

ª@D$\⌅D¨©X‡, Video-Subtitle Matching task@»må⌧H\ Video-

QA Matching task|�©h<\h»XQıD⌅\î`•%D•¡‹®‰. VSM
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task–⌧îD$Ö%Xê…¸�¡⌅X‰mDYµ‹⌧ local alignmentDªå

t¸‡,D$Xê…t‰xD$–t˘X¿Jƒ]Yµ‹⌧ global alignment

|ªåt¸¥ multi-modal transformer�T®¸�xD$\⌅DªD⇠àå

ƒ@�‰. VQAM task–⌧î multi-modal transformer–⌧ ª@ D$ \⌅¸ »

XQı⌅X�pYµDµt,D$\⌅¸»XQıX�ı⌅X ¨ƒ|lå

YµX‡ D$ \⌅¸ $ı⌅X  ¨ƒ| Æƒ] YµXÏ D$ \⌅t »X

Qı– �t �ı¸ �]å î`` ⇠ àƒ] Ã‡‰. ‰ÿ<\î $ �¿ ¥$¿

Ëƒ\lÑ⌧ DramaQApt0K–⌧…�|ƒâX�‰. ECCV 2020 DramaQA

challenge@X∞¸DP\®‡útƒ–⌧�•í@1•DÙ�<p,\‡|8

‰¸XDP\î 1� 10Ñ¨tX4D$–⌧Xı°\»XQıx Diff 3,4–⌧

�� 3%,1%t¡X(t|ÙÏ¯®xt4D$@ı°\»XQıDòt∞

`⇠à‰îÉDùÖ`⇠à»‰.⇣\ ablation study\¯®x–⌧¨©\uÏ

®»‰¸ pre-training taskX 4–0x1••¡DÙÏ ®1DÄùX�‰.

¯l–⌧î‰ë\D$‹§l@pt0K⌘–⌧D$»XQı8⌧,

DramaQA|îXòXpt0K–⌧Ã‰ÿ⇠»‰.0|⌧îƒl\îVideoQA

X‰ë\pt0K–⌧X‰ÿ¸‰x®x¸XDP�î�\Dî`Ét‡, pre-

trainingDµtYµ⌧î`–�⇣D�ƒ®xxÃ|‰ë\ Vision-language‹

§l (e.g. Video-Retrieval, Video-language inference, Video Captioning, Open-ended

VideoQA)– �t î�\ ⇠âXÏ ®xX pre-training 1•D !�` Ét‰. ¯

¨‡ ⌅¨î video-subtitle matching, video-QA matching P �¿X pre-training )

ïÃD D›XÏ ¨©X‡ à¿Ã, »8– t˘Xî D$X l⌅D >D¥pò

D$X ⌧⌧| §º ƒ ,x ⌧⌧| >åXî )ï¸ ⇡t D$X \⌅%

D �T‹¨ pre-training task| »må l1XÏ î��x YµD Xî ÉD îƒ

l)•<\P‡à‰.
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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 AI 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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