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8510 2HIXE ot A MAstH = 2717t S7t6tHA QISK|s 7[Hte| D|C|of 2EIX A% 3 HY 7|0 et 7 1
0 25| ZIe|1 ot 200fM= OjTjo] 2EX FZ abgo| M8 7hst 2SXls 7|8te] |Cjo] HE 7|£0 et i
120 Cisto] Am=Ct
[. M2 B uidlolg] #4 B th2d 20219 frFE 75
A e g e 23] F RE 47 AdE R v
A2, 21% B4 7]&0] we nyoe] Zelxe| g o 148%, 176%7F S7HE 30,59 W, 122 5103 8=
3 ol Yol Wt vro] 2zl sazba AL
A ZA ek, ool ke 4 e Fu A g C1%R PIHO) 282 S0k wel 7] Sove o
AEA Q] Zel = A2} oo Zejofolg], MCNMuli  oF o1 A T84 A 2A AL glon, 53,
Channel Network)#} 2+-& |29 A2} S4sie) = 2e 920l st dEsta Ashe A9l 244
W= 23 w3 249 271sta g skee] emn & VT FR= ARASY] T8 HAAE FRdetgl
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+ Video Classification

+ Shot Boundary Detection

« General Event Boundary Detection
« Shot Boundary Detection

+ Object Detection

« Object Tracking

e

2~

&3l A
AWHL FE

= Adstale
| Fgelnt A7
Hoh2), 23
=3 AFH vl A 7]‘?}91
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Boundary Detection)Z} oJHIlE
Event Boundary Detection)o] A58
of £33t

shAse, o AAE BAsHE A4 43 B
i 7)40lnt, o2 So] WAt} v clo] 28 2o
T e Zgste FA oA Al Aol T AbF
AT 2L NIRRT mE e A R
A7 S5 QA EARE Qe T, 54 A

0
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HafioF sh= 497t Sl71% stk ofo}h 2
7§ AAE 7102 A Ae] A7 HE
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e

(Video Classification)$} #]t] @ 1 EHH E 7o g &
FE Tt AT & A
F7H Y2 Y= 5 9l

WA, HYe BRE 9 dolHAS WHe o3t
2}, 20169 Google Researchol e 7]&9] 9l 50
g AIZE, 8ERk 7) o] ik B Q. Elo]E Al “Youtube-
8M’Z I E3FATHAL (¥ 2) & Youtube-8M H]o]H
Ale] o A15 vheRdth. Youtube-8M& 3,80071 ] FA1 S
Zh= vt T 2yl tef whz AltE eH e
o} 7 57 HRE AFt. Youtube-8ME A A 74

F(Action Classification) =

E£4 ARE Z43) vt) L o]l (Video Understanding)

o el OE Holel 4 3 Stz BEm o, o
F Youwbe M vlolel & B4 thop Yol 5
Ashiet

20183 F. Mao 5& GCN(Graph Convolutional
Network) Fejo] FH, o|dlEW & ¢ 58S Fo
HHQ 27 S Algtet Artdl. (2% 3) 2 F. Mao &
o] Alekgt W o] AA Zy IS Uehict. (2™ 3)
oA ] ‘Frame Level Graph Modeling” 533} zto] 7|
A5 189 vt A Y A7} 3 9ATE Ao
ohUeks 2S¢ AR 7120 F2 AHEH ISTM(Long:
Short Term Memory), GRU(Gated Recurrent Unit)2}
2 AAGUEN T} obd 2YZ B9 GONS 24

<J8 2> Youtube-8M GlO[E{AIS] ‘Blaf FHE| 2] GjA]

250t 0|C|of X283 25
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As¥ njcjof 2EI= HEY 7|s e o

ol
ot

Shot Segmentation Frame Level Graph Modeling
e e e l i e S i '
F 1 F |\hm wise C 1
1 |(4)n\<>l||l ion NN :
- ! LI
] o -
| L] p
1 1 —
| ] | 1
= : Ar : : propagate o1
] 1
! 1 —_—
T — ! -
1 ! : 1
L I :
1 1
w | !
: 1 : P 1
L B |1 shot wise -
— 1 — 1 pooling :
I —
1 1
! \(t]
- — i
1 Yy 1
_______________ i g gy |

Higher Level Graph Modeling Video Classification

i

<Jgl

[]l'LI

stgict. oA " ArE
d, A9 28 (Shot Segmentation)&
AL v wate] A= (Edge-Node) Hej 2 F&a}
a1, =& goA e AE-FA (Convolution) QA 1
g = Galol A 2] Hit F(Average Pooling) S 53 3
o2 AA vve g axtd HH7EA|

< AAIE Aol it A2zt of

o= AR &

AZH 0

aV)

GRU%} 22 AIAIE M ES I E &83
%S YT

=2 Youtube-8M t|o]E

%

Bhardwaj

3> Hierarchical Video Frame Sequence Representation with Deep Convolutional Graph Network2| Z2{2)

o3

AL &43to], Teacher-Student T-%2] A4 o]A
(Knowledge Distillation) H¥H2 7[d¥to 2 3 H]t]Q
B2 ubo (8 4) 9} o] AeksTHS]. Teacher-
Student F22] A4 o] 7L w]z] <58 Teacher
YEY A ta] g4stat k= Student Y| ESF7}
Teacher Y EY A9} FARE 292 el == =
WS 9T ARES AR BE 2 s 9

] Aol AlA2] AL 54 =Y
AZYste] ¢] 83 Student Y| ES] F.0] A2 1|

R
o A1 5A4S FEFHES 342 ATt o ¥

% s}59}

3} Teacher Y| E

i

TEACHER (N frames)

Fny

STUDENT (every j™ frame)

Fj Fy; Fy_

A~ backprop £ cg through STUDENT
A backprop £,,eq through STUDENT
A+ backprop £, through STUDENT

<2l 4> Efficient Video Classification Using Fewer Frames2| Zz2{2/.

BE]
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<78 5> Kinetics dataset OffA|

TEo] gt W
A "lo]E| Al & &+ Kinetics, HMDB-51, UFC 1010] 5
2 Z2-9H6-10]. 7|22 HMDB-51, UFC 101 Hl o]l
o] 27} 5170, 101719} g T it= A ofsto] thdAle]
ol Aof v]al, Kineticss 4007156 7007714 2] )
& 2zl tis 655k 7f o] <] vt Q& Al F3tH 7]
o] glo]E Al thA| 3T}, Kinetics Ho]EJ Al o]n|#]
W dlolelAlel o]m] AUl (ImageNet) 4] H|T] . o] 3}
ofellA AL Bt HlolE Al g &85 gITHIl. (T
5) & Kinetics Hlo]E| Al 9] oAl UERdTE,

Kinetic Blo[E]Al& 7|Wko 2 3k dF &7 7«2
L EdAXY(Transformer) 7]¥ke] A}A &< ub

o] AFEIL glon, A FFHE A o} 7t FA
CEdA¥H el 7]E ] NLP(Natural Language
Processing)ellA FeHo] £& Hes Uetd BdE,
AFE H A Folo A= ViT(Vision Transformer)E Al

'
1=}
Rn

ol Al &8 7hsstes Wy, A8 29 73
& B2 F shutolth33l.
¥ Bdg 7oz o Hal &4 uhel o
AFsiAd ok 2o}, WA 20223 C. Wei
AeolA Jtel dF-E nk27 (Masking) st
o] AFR-E& Handcrafted-feature 5 sfuhel
E4E dSst
HPAS AQFITH10-11]. (28 6) 9] ()& C
Weizb Al¢re W& et a8 =&dxe 9y
o] Aol AF 229W Handcrafted-featureE 2] %7}s} 1L
53] AFlHE HOGS 2845 =7 Hrlst A
2 EA2YHE F43 A7) A% 845 (Self-Supervised
Learning) Fe] <] A3 855 dAo|A 54 AFE HOG
o FARBH d&stes dhgshe Aol £2 Ase U
Blle 2 A8E S8 Sdstsitt

== 1:1 =
Kinetics B|oJE|Alol|A] C. Weiz} AlQtet g2 of2 W

2 o
ZEn 9]

EdAYE
bes o

E=0)
r\l

olrt

2 71E %
V3
HOG (Histogram of Oriented Gradients)
AL s

LR B 54

fl

L_
T

Rl vla] £ AFEE 7|53
w3l C, Feichtenhofer $<& K. Hez} Aetst

MAE(Masked Auto Encoder)& A8 7o 1=

&1t 0|o|of H28F 2%
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target feature

masked input e.g. HOG

Jawosueny
peay Jeaul|
K

(b)

<72 6> EHAEDIE 25t HIC|Q L 5 23 84, (a): C. Wei 50| Hokst 81¥i(11], (b): C. Feichtenhofer S0| A|otst BHei[13]

<72l 7> C. Feichtenhofer 50| H|okst EEi113] 0

283 sty el dish AFRCHI2-13). (2 6) 9
(b)& C. Feichtenhofer 5-o] A|ot3t vhA-S LVehTt), ]
AEE (IE 7} 22 A B2 U MAE A4 4385 5
3l Fagke] w9l A A4 olut #A'dA HeF(inductive
bias) RO TE &3t Td 85 (Representation
Learning)o| 7Fsatthe A4, 7]E MAEYA] Zxgd
527 W8] F R4S thA] Bl sl ol

ol A% HIEl U] % 25 1EEE Aol oJsl Al
A gl A8-d oAUl 7]ke] ofm]A] £ (Image
Classification) 7]&o] A AP PH AAH, EAAEH
7} 8- Kinetics Hlo]HAl 7]9e] 5 £7ES FA=
Ag) A7 A s s & 5 it

ARTHA vlelo] Bel 2 52
gl del Lolsiel, A AFR
Aol Ui F30 ol S 7] 9131 et Hlolel Aol
ARSI, oS B3 TR Sl Atk 1e)
2 A2oE lHe EuelolA] EULEAE BEF A
4 4 B A7} AF BRek FAL 195 9
%% giek.

pay
]
=
fuj
to

E

o
e

o 2=
=] nn
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9
had

ko
&
_VE

1-& o] gokstAL, 7S A A8k &

2 #485e dAer. dE 5o, A BA A
(Scene Boundary Detection)-& H] E]&% R =t
Fol= 7leS ougit. o
Are 54 AL Ewoto
ol Hjt] 2.0] BFof thgk o]
o] 7]so] Q7-Et. whdA, A 1|
[HE @Izt 24,
| & Ve oMIE AA AE(
Detection) = Itt, metA] £ ol A& AH 44
oHIE A AZ 7 7ol tfal] Yolr iz} g},

HT] .o A A HZEL MovieNet Hlo[EJAl Fo]
AH-ETH14], MovieNet< 1,100¢] 7)¢] 3lo] ti3t H]
, (39 8) 7} o] 47k 2 of 7l A A

F23}
2=

e

AR
==

0 %n

r-{m

3
=
37

o8

k=)

kr

2%, 7

o

X

Generic Event Boundary

A&

oJE Al

rulru

Fsto] ok 53 o )] AHa F A thek Bl 19}
2710] 7)) s} 2Et el gt Bl T HRE
k.

Amazon?] S. Chen <& 20213 MovieNet t|o]E]Al
= AH&3l MoCoE AHg-gh 49 744 A& il tig
£& 3/W3EITH15-16]. MoCot 20208 CVPRe||A]
. He7b A& A|oksh v = &5 (Contrastive Learning)
o R 71Eo] AR Fel o 35 WS R et
Al AR&-t7] Sl A f dlojEl 2] ulo]EE &
A & J=E A9tet Hg ot MoCoe ‘Momentum
Encoder’gle o] 71'd-S Fal &2 HjA] Ato]Z(Batch
Size) 22 83} oko] 14 t]o]E] Al (Negative Sample)

< 249 55 T 7 Uk S. Chen F AAEL
MoCo2] H21& I 2 A ol 2 &atof A 7¢ 'f’r

O
2

=]

o = o

N

70|

fooding frst class dining saicon.

Meta Data
Tidle: Teanic As ber bot lowers, Rose Aler Rose bowrds one,Caltels Jack 23 NT. GRAND STARCASE
Runime. 154 o rlyeadprsap o |l s for
Genves: 01 lowve Jack and umps RACONG WTH ACK s hebags g e dor o
Raiog 78" back on board. Cal tabes
: James Cor s bodyguard's patc 3nd
(Cast: Leonardo DICaprio, KM WINS-  chases Rote andl ock into
e, By Zane.... e “Toodey - frtclss
Storyline: 84 years e, 3 100 A,
year old woman named Rose Deiet
Bukater el the stoy o her rand
daughter Lizzy Caver

Action/Place Tag
o cabm

<18l 8> MovieNet H|O[E{4! OflA]

self-supervised learning

= - ,|~I -
: =
—
f — —_—
s Z —5
2 g bey shot () (- W—c
- — 3
query shot (g 2 2 o, 3 i — 2
¢ R |5 = S | — 5
i) 3 | — § '» IE _-—
8 S| RN & —
® g -. ==
S | |2 -
| g HEYO)
g a
» { —
—
\d

unlabeled shots (a) (b) (c) (d)

([ s9pooua Asanb ‘}ampdn dosd-ypeq

supervised learning ———

B .

3 ! =

E sy

e £ —

g 2 g

E] — — . 8
L] [P

§ _— E s 2
— <

& — . 8 3 5

E — ¢ Hl < 3 a

= fr—1 [3 | — o 2

5| —E R | (8 3 g
" =

n _— ] a =

= [ e o

8 — [— ) -

& s 3

B ll

ﬁ i

(e) (f) labeled shots (a) (b)

<72l 9> “Shot Contrastive Self-Supervised Learning for Scene Boundary Detection”

z2elel3

&1t 0|o|of H28F 2%
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Scene B T
1
|
1

Scene Consistency Selection

(a) Shot Perspective Clip

(b) Scene Perspective Clip 8(

‘,OO\\

%,
&

Shot
Consistency

A _.*

(c) Scene
Consistency

Ground Truth Scene Boundary

<78 10> “Scene Consistency Representation Learning for Video Scene Segmentation” Z2{/2/

AA
Learning) 343}
Layer Perceptron) A& 85 (Supervised
Learning) I-4-& —:’i—ﬂ':} A A AZE WS Aok
Nz
(IF N E ARE
3792 pehct
SOTH WusE ulz i Aol e 4w
A fAIIA 258 Ate] EAI2 <15 Be] A4fo]
2290 w2} sherol 2+ EA g BAHS A5
, 7 vjgbo] ofujel o Hle] kg sl
ARgE 34 d|o]E Al (Positive Sample)& 7FA 2
$0 40 57 32 A0 SRS A%
(ZL 10) 7} 2ol AFATHITI. 3, o] Z
wo] opd Aol gt o 2 B Aol X e BAR
f A= A Bl A2 AfErhe
< AT T AE HELS F
o] 9fel| = ol E e
ollA] Ak ukel 2ol A
o A& 2elE olsfstal FHE R v
E A AZ 71L& vt Y BE oMIE WstE
d AAE T3 v AR, 2021

45 (Self-Supervised
ksl MLP(Multi-

kil
=
=

oy

1, o]&

l Akt A7) A = 8

zp

7 A 35

gl

o= A

oL Jﬁ o

E
[e]
< A

—Ll

9l

H
[

o]

re

LE

o3 AFA ol EokolrH18]. M. Z. Shou o] At
3} Kinetics-GEBD Ho]E| A& &3] & A7} A5
A% 71eL 7189 AW A
ok} M 2 B d ey, AT E tf 2 E5E 8
B3 S0l A7 K H L 9loH19-201.

2= UA A, o[MIE 919 BA AEd g ot
g WSl AQtE AE el =8 A=
Ht e ok vte & e #2342 &
AF AR 27 Al E AL Qe AL ARAolt}, 1y o} F
7HA Adhg v t] L dlog of] thai A A2 Y do] A
A F& A st A TAH o] EAlsh= w
, AF BRE AT 7= o] &S] a7E Ao

2 Kot

1 9= oMlE AA A A=

==

o

off

| A4,

[PLTReS
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Jl&7|n8

A 22 % g st 245
=2 1 ‘ b=t

BIAEE Bl Y
oy eHols

Yes,

Zelz oM G o =3 ¢ sel Ad A sl}oltt, PASCAL VOC challenge, ILSVRC(ImageNet
B el 4971 =g o]d tis] AR} AlEA Large Scale Visual Recognition Challenge)® &gk
W A& Zho} =& v 23S Zla)sh= A& 3745] v gy o] AlexNet, VGGNet, ResNet 52 7|1
aEAolrt wetA, (T¥ 11) 3% Zo] Y wjAd ojulA] EFEA ©7|Zte] w2A dAstArH21-25],
A3t A o] sttt 2y o] M| AA|e #E olggh 9ok BAHoR ojuz] EF9 AR e
€ A A4 AA A AHE Tte g ?_]33‘3]7] uj wobR A H7] AFF AL, oju|A] ELFel F4H AR
woll, AR 214 7|&L wt]o] AF HAlA Fa3t 7] (Localization)7} 3718 AA| AZ 7|€% 1% 3dh}o)

A,OL

¢

¢

& F oholtt. mebA B AolMe AA 71Ee wte] o} o] F AA A% 7]eE A7 27HA FElR o] HA
AL o8 D4 a0 AA AS 2 24 7)%| i3] £, 94 sl YOLO(You Only Look Once)9} 2o]
ol B 17} g}, A 49t oW Al Y] SeA 7 FES FAl S

A AA S-S ZAFE vd Ul 7P 2ag 2ok F Aske 9Y 204 FHe| AE7I0((ad 12) 9

vapgd resion

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Class probability map

(a) (b)

gl 12> (a): YOLO Zixf| Z/Z 1F, (b): 2EtAZ 0]20{Z!I R-CNN2| 2| ZE 2Hd

&1t 0|o|of H28F 2% 68



X|s¥ njcjof ZEI=

2H| o] 2] A A% AIHE 27
Lo}, A7} 258]0] )] 42710l W]
Aol gick. W= B4l ol 34 o) 23|
ot 228 0] 2] FE| o R-CNN((LH 12) ¢
2 R A 07 e, AR o e 58
stz 540l 9lth26-291.

F2dle (2™ 13) 9 (% 20| %
& gAY, (2" 13) ¢ (DA
B3l ofdl A 71 Agstees o
o} M. Tan 5&
o Zo|, A 7, o} e FEAR] Q40 gt L
A2 I FE9L EfficientNetS 883 /4] A% 719
9l EfficientDet& 3 JrH30-31]. =& A M, Tan 52
71& 2A Y Wstol g A vt = 7
%9 YIEY A FPN(Feature Pyramid Network)& 7§41
8l BiFPN(Bi-directional Feature Pyramid Network)o]

= 7hds B3l 2AY W3t SHAA 7]Ee] Wy R
Ak et UrE}kl{E} 53t EfficientNetol A AH-

CAES A 20 Ao A5 S

FEoE Compound Scaling 4% EfficientDeto]]

A&7 WA 7

é_,] g_jl}d
»3¥vg &

EO| FE o|FL Y

4e 2
Ed

|

CNN(Convolutional Neural Network)

L e 2
EAFES

A 189 P2 vlH ALt 1 47 EfficientDet
g #e vd o 4L diaogs t2 ndo v

COCO Hlo[E AN F-& A3+E vreFlrH32).

EfficientDeto] A7) A& 93t HH o] nd 1HL =
2o APH Aty EANAF 9} e tf 85 e}
S 715387] Sl

nElE 283 AhH e AA

1__

A

EE

A% e}, Swin Transformer= Z. Liu
2 7129 ViTe] st AEstE £

A o]tH33-34], ViTE o]n] A2 34 nmi 2
3to] A= o]el A(self-attention) 7| &-&-3F th<edl v
o] ALg-H Wl Swin Transformers 27| Y 2}
E(Scale Pyramid)u} FPNZ} AR e 2 Hste] 7]
& VIT &3¢l 327, e Wt b2 A5 At £AlE&
s dstaLzt skoit. ol 9al
22 3719 HAR AR AR A E W 2715
719Wke A 729 A 28 WHoR 2AY &
AE sl sk shdrt. gk six o] [7e] = F9Y
A ol 7ol B 288 7]& Wi Hlsl, Swin
5 A= ZA Folx
© "M 71Ho] 2eEE EAIE s Zs] A d=9-
Z vzl odl AL 2481 Shifted-Window 71'd&
AR, of F 34 S 5
A A% EokellM F& AsS 715

o2 ASE AAd tig 4 AA o] s,
3 nRHA R, AA 24 7HE Jed olF
AEo] gt AEAQ A F4 Wi gEE
29-(Optical Flow)9} 22 Al gul o] WslE 7]
A, 2wk P (Kalman Filter), 3H€]Z D¥ (Particle
Filten) 2] 8 AE] S o &3lo] 24 Hhlo| &
3ok e gedo] 24408 s ofF, |y
J ol7|E8x & &85 AA| 4 Wi Ee] ATEH AT

WA AF U E YA (Siamese Network) 7]9ke] HH o]

E
=

Aol

2A Swin Transformers

Transformers= 13 H Y94=$

LAy

T

%3] Swin Transformers 7

N{N'

= =1
2-7,':75],0-]_—_-

(b)

<12/ 13> (a): EfficientDete] %, (b): Swin Transformere| X
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e

127x127:3

6x6x128

17x17x1

22x22x128
255x255x3

(a)

Shared Domain-specific

Layers

input convi \-conv2 conv3\—fcd fc5
3@107x107 96@51x51 256@11x11 512@3x3 512 512

(b)

<72/ 14> (a): SiameseFC 2%, (b): MDNet 72X

9lt}. L. Bertinetto 52 Yann Lecun T8 o] 2005
A ¥ UENIE AA F4 HHd Sgsle
SiameseFCE A|QHTH35-30]. 4 WIESZE & 1o
2 FUS U ESYIE F8sle WHOR, FUTUE
2o e 94E8E Fold Yo 54 atolE 83}
7] 913k 7idolt}. L. Bertinetto 5-& AlZM7} i 2 o
AL W] AielA FAMI S HlaLsto]
A FANA EL2 AFHE VErd )t o] 2 4F
HEHAE AHE-EE i o] A5A el whet

B geoz

o o
%’C )‘6‘ o=

A, AFUIES A 7]9ke] ekt AR 34 7 Eol At
¥ ch37-38]. W52k Al7]el H. Nam 5-& CNN¢| w}
A2t FCL(fully connected layer)S A €]3+ 34 U ESY
s 283 s =r¢ d<F(multi-domain learning)
= 48, 3% 54 gEotke B MDNetg AR
3F9tH39], MDNet2 CNN#} online-offline 8<50] 4
gEo] AeH o AR FHd 288 AR, AA
2 Fofell Al A= Zhol=Rlo] HAlTh (29 14)+=
SiameseFC @ MDNet 7%Z Uehdit},

Reference Branch

Modulation
______ - Vector

Concatenate

@ Feature Modulation

<12l 15> ATOMO| 2=

L&t 0|T|of 283 25
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X|s¥ njcjof ZEI=

OIT YR 24 34 7]%-E 20199 M. Danelljan
A EEG ATOMO] QTH40]. 33 =zl
/‘1 AREE 2719 FAstaA} sh= tid AAl ol gk
A3 oaf glo] 4 A =wt AT EE Ale
ZEAQ ZAH O R A A5, o] FE-S 3 4317] 9
gt 78 Pt 2Elste] ATOML 7|& 97434 o
el A 2733 7+ 949 A Bounding box) 2] A3
o] Hj7} HEF Sgohs HHE At (2"
15) £ ATOMY| 725 YEht}, o S 53 ATOM
& wdl AAE & FAaEE A7) ozl o
A 9o A7t FoAAA el dis) aefsty] whEel,
ol i doka 4 AAE ATOM
2 o] W& F3l VOT2018 vlo[HAlS 23 ofF |
o[H AN EL A5S 7|5 H4] o]F TransTrack,
Transformer Tracking@} Z-& WHEo] 543t T}
HIA Fope} A2 ERNAY S 271 A 4H e
of thal A7} A &H 07 AP Har QIrH42-43],
AG7A AA AE 7= F4 7z dal 1idat
Al olr gkt 7]& 9] Handcrafted-feature S AFE-slEl
AA A%, 74 7led Qe ol F 2 WstE golat gl
° Dﬂ KVH% 3ol weh AR 2 A} 9] o
Al A A F A5 A7E AlLstEo] 7t

rlo
N

ox

of,

Aolet, wzba A 914 71%
200 g} 428

&t 0

s Al oA
aﬂﬂlﬂ+mmqﬂﬂﬂﬂﬂag

Ho] golst=

01 Aol %“35}9% 7]@ 3
9 mve] 2d= A 7]3
Agjollole] 7]z i3t o B

rio
mjo

=l 947121(No,2021-0-00804,

# 0] =22 2028AT HR (T ISYHENL) RO HEEA|ZEtelol
St 718t 94 71¥o| MBS olclof M 712 HL)




e

-}

ree

[ = 2Z/AN FFE AHEE2M 2M2A “2021 32 FFE 24 1A, https://socialerus,com/

[2] Z2A, “20AIZH Lot 38k 21 A 2kM Bt Z glo] gk AIF| WRE et HAXIS” s, 202214 23 5K

[3] S. Abu-El-Haija, N, Kothari, J. Lee, P, Natsev, G, Toderici, B, Varadarajan, and S, Vijayanarasimhan, “YouTube-8M: A Large-Scale Video
Classification Benchmark,” arXiv preprint arXiv:1609.08675, 2016,

[4] F.Mao, X, Wu, H, Xue, and R, Zhang, “Hierarchical Video Frame Sequence Representation with Deep Convolutional Graph Network;” in
Proceedings of the European Conference on Computer Vision Workshop (ECCVW), 2018,

[5] S.Bhardwaj, M, Srinivasan, M. M, Khapra, “Efficient Video Classification using Fewer Frames,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2019,

6] W.Kay, J. Carreira, K. Simonyan, B, Zhang, C. Hillier, S, Vijayanarasimhan, F_ Viola, T, Green, T, Back, P. Natsev, M, Suleyman, and A,
Zisserman, “The Kinetics Human Action Video Dataset,” arXiv preprint arXiv:1705,06950, 2017,

[7] J.Carreira, E, Noland, A, Banki-Horvath, C, Hillier, and A, Zisserman, “A Short Note about Kinetics-600,” arXiv preprint arXiv:1808,01340,
2018,

[8] J. Carreira, E, Noland, C. Hilier, and A, Zisserman, “A Short Note on the Kinetics-700 Human Action Dataset,” arXiv preprint
arXiv:1907,06987, 2019,

9] J.Deng, W, Dong, R. Socher, L -J. Li, K Li, and L, Fei-Fei, “ImageNet: A large-scale hierarchical image database,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2009,

[10] N, Dalal and B, Triggs, “Histogram of Oriented Gradients for Human Detection,” in Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2005,

[11] C.Wei, H, Fan, S, Xie, C-Y, Wu, A, Yuille, and C. Feichtenhofer, “Masked Feature Prediction for Self-Supervised Visual Pre-Training,” in
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022,

[12] K He, X, Chen, S, Xie, Y. Li, P, Dolllér, and Ross Girshick, “Masked Autoencoders Are Scalable Vision Learners,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022,

[13] C. Feichtenhofer, H, Fan, Y Li, and K. He, “Masked Autoencoders As Spatiotemporal Learners,” arXiv preprint arXiv:2205,09113, 2022,

[14] Q.Huang, Y. xiong, A, Rao, J. Wang, and D, Lin, “MovieNet: A Holistic Dataset for Movie Understanding,” in Proceedings of the European
Conference on Computer Vision (ECCV), 2020,

[15] K. He, H, Fan, Y, Wu, S, Xie, and R, Girshick, “Momentum Contrast for Unsupervised Visual Representation Learning,” in Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2020,

[16] S.Chen, X, Nie, D, Fan, D, Zhang, V. Bhat, and R, Hamid, “Shot Contrastive Self-Supervised Learning for Scene Boundary Detection,” in
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2021 .

[17) H. Wu, K. Chen, Y. Luo, R, Qiao, B, Ren, H. Liu, W, Xie, and L, Shen, “Scene Consistency Representation Learning for Video Scene
Segmentation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022

[18] M.Z. Shou, S W Lei, W Wang, D, Ghadiyaram, and M. Feiszli, “Generic Event Boundary Detection: A Benchmark for Event Segmentation,”
in Proceedings of the IEEE International Conference on Computer (ICCV), 2021,

[19] C. Li, X, Wang, L, Wen, D, Hong, T. Luo, and L, Zhang, “End-to-End Compressed Video Representation Learning for Generic Event
Boundary Detection,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022,

[20] H. Kang, J. Kim, T. Kim, and S, J. Kim, “UBoCo: Unsupervised Boundary Contrastive Learning for Generic Event Boundary Detection,”
in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2022,

[21] M, Everingham, L, V. Gool, C, K_ I, Wiliams, J. M, Winn, and A, Zisserman, “The Pascal Visual Object Class (VOC) Challenge,” in
International Journal of Computer Vision (IJCV), 2010,

[22] O. Russakovsky, J. Deng, H. su, J. Krause, S. Satheesh, S. ma, Z. Huang, A, Karpathy, A, Khosla, M. Bernstein, A, C. Berg, and L, Fei-
Fei, “ImageNet Large Scale Visual Recognition Challenge,” in International Journal of Computer Vision (IJCV), 2015,

[23] A, Krizhevsky, I, Sutskever, and G, Hinton, “ImageNet Classification with Deep Convolutional Neural Networks,” in Advances in Neural
Information Processing Systems (NIPS), 2012,

&1t 0|o|of H28F 2% 72



As¥ njcjof 2EI= HEY 7|s e o

ol
ot

o2k
et

iz

[24] K. He, X Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016,

[25] K. Simonyan and A, Zisserman, “Very Deep Convolutional Networks for Large-Scale Image Recognition,” arXiv preprint arXiv:1409, 1556,
2014,

[26] R. Girshick, J, Donahue, T, Darrell, and J, Malik, “Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation,”
in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014,

[27] R. Girshick, “Fast R-CNN,” in Proceedings of the IEEE International Conference on Computer (ICCV), 2015,

[28] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks,” in
Advances in Neural Information Processing Systems (NIPS), 2015,

[29] J. Redmon, S, Divvala, R, Girshick, and A, Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” in Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016,

[30] M. Tan, and Q, Le, “EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks,” in Proceedings of the 36th International
Conference on Machine Learning (ICML), 2019,

[31] M, Tan, R, Pang, and Q. V. Le, “EfficientDet: Scalable and Efficient Object Detection,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2020,

[32] T-Y.Lin, M, Maire, S, Belongie, J. Hays, P. Perona, D, Ramanan, P, Dollar, and C. L, Zitnick, “Microsoft COCO: Common Objects in
Context,” in Proceedings of the European Conference on Computer Vision (ECCV), 2014

[33] A, Dosovitskiy, L, Beyer, A, Kolesnikov, D, Weissenborn, X, Zhai, T. Unterthiner, M, Dehghani, M. Minderer, G, Heigold, S. Gelly, J.
Uszkoreit, and N, Houlsby, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale,” in Proceedings of the
International Conference on Learning Representations (ICLR), 2021,

[34] Z. Liu, Y. Lin, Y, Cao, H. Hu, Y. Wei, Z Zhang, S. Lin, and B, Guo, “Swin Transformer: Hierarchical Vision Transformer Using Shifted
Windows,” in Proceedings of the IEEE International Conference on Computer (ICCV), 2021,

[35] L. Bertinetto, J. Valmadre, J. F. Henriques, A, Vedaldi, and P, H, S, Torr, “Fully-Convolutional Siamese Networks for Object Tracking,” in
Proceedings of the European Conference on Computer Vision Workshop (ECCVW), 2016,

[36] S. Chopra, R, Hadsell, and Y Lecun, “Learning A Similarity Metric Discriminatively, with Application to Face Verification,” in Proceedings
of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR), 2005,

[37] B. L, J. Yan, W, Wu, Z, Zhu, and X Hu, “High Performance Visual Tracking with Siamese Region Proposal Network,” in Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018,

[38] Z. Zhu, Q. Wang, B, Li, W, Wu, J, Yan, and W, Hu, “Distractor-aware Siamese Networks for Visual Object Tracking,” in Proceedings of
the European Conference on Computer Vision (ECCV), 2018,

[39] H.Nam, and B, Han, “Learning Multi-Domain Convolutional Neural Networks for Visual Tracking,” in Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 2016,

[40] M, Danellian, G, Bhat, F. S, Khan, and M, Felsberg, “ATOM: Accurate Tracking by Overlap Maximization,” in Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), 2019,

[41] M, Kristan, and et al, “The sixth Visual Object Tracking VOT2018 challenge results,” in Proceedings of the European Conference on
Computer Vision Workshop (ECCVW), 2018,

[42] P, Sun, J. Cao, Y. Jiang, R. Zhang, E. Xie, Z. Yuan, C, Wang, and P_ Luo, “TransTrack: Multiple Object Tracking with Transformer,” in
arXiv preprint arXiv:2012, 15460, 2020,

[43] X, chen, B, Yan, J. Zhu, D, Wang, X, Yang, and H. Lu, “Transformer Tracking,” in Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 2021,

73 20234 44



e

XN A&

tap AA}
1

2]

Cg
et AP

=

=)

o

—
-FEAE0F: duXE], F

AlS
=}

s
i :

o}
S
41X

- 2020
- 20204 ~ 3

&
#

&

B

5

Z
(=]

ol
ol

s pMTHE W HMALET|S

-20174

345}

- 20044 ~

=
=)

a|E|of, IS

!

o
=

ot E54

74

1o}

FOjTiof 282 2

™

I

0



