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1. N2

L

Domain adaptation(DA)[13]2 source labeled dataset ojJA]
58 model o] target domain oA & 28ke} HA] k= FAIE T
7] sl 2|2 Wois AElo]- $iti{14]. 53] target domain of of
5l label o] £A§5HA] %= unsupervised domain adaptation (UDA)
o] 732 oitfist target domain dataset of] THst labeling cost 7} 2
Q3R] 9ot §-8&lolt}. video-based UDA 9l 732%= image 2} Tt2
A spatial G} temporal 9 TA]of| domain discrepancy 7} ¥
A 4 Qld{15].

Th}A] frame, video, temporal relation B2 th27] align A]7]
upo 2 Aote]Qic}{12,15]. SIX|9F EAJ5H= video-based UDA
ti5 close-set oflA9] 0.2 open-set AJ&ol= A& o
ok

ThbA] B HILof|A= open-set image-based UDA 9] 7H tj&
Aol 4ol unknown backpropagation [16] 2 open-set
video-based UDA &30 A8sfH 1 7]E9] close-set UDA
method Q1 DANN[17] 2t ¥]wsto] guP} Ql=A] 550
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2. ¥4 A4

ThbA 2 A Lof|A= open-set image-based UDA 9] 7H¢ T
Aol Yol unknown backpropagation [16] 2 open-set
video-based UDA 730 ALs|H 1 7]E£9] close-set UDA

"o] ik BRERP IS EEAIR)Y] AlEog ShaA-ATe] Al
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method Q1 DANN[17] ¥} ®|wsto] b =Rl H5slact
Domain shift&= data sampleo] tH2 distributionof|A] 714-& off &
Agoitt. mebA 57 domainflA shgeh 2 22 thE domainofA] &
Again| o= B A ol EAlE aiEsi: domain
adaption 7|&-& HE labelo] &5t source domain©f|A] labelo] 7
9] QA gl target domainol] A 7158t RS Hlgo 2R 1
Atol& ZE3t}. domain adaptation image classification| 1,2]0]
L} semantic segmentation|3]ofA] Th¥sHA &2-ElojYtt.

Domain adaptationoff= 37| & 7}x] Wigko g wA w]ojct,
APRo] Agolel & domain®] Afo|ut lossE mi- nizingdAL
adversarial 8t5-2 0]85}= ghHolc} Hu et al [4] = domain?t]

distribution divergence®} marginal Fisher analysis criterion<

2% minimizingdh= ¥ A2 ARE3ACE Long et al. [5]= maximum
mean discrepancy (MMD) metric € minimizing sk= 9oz
domain invariant feature dk5sict GAN[6]S &8st HAo 2=
Tzeng et al. [7]2 GAN lossE &85t adversarial discriminative
domain adaptation (ADDA) framework=S A||0I3ict.

SR}  Z&XH= Domain adaptation®] Y22 image
classification¥} semantic segmentation < 2D Image taskof U5
Tjojoitt. T1of gtof] B HLofA= 3D video action recognitiono]]
thsl Atstct £719] video domain adaptation[8,9] 2 AR scale
9] video data of|A9F A& 7}55t] AAIAQI domain discrepancy
£ £ O]X] S5 1 blased® ZMES sHSAch A9 Ao Ae
Munro et al.[11]9]A}= multi-modal #7304 self- supervision
method2 AR5t SO0 2 video DAS 488519t 5t Chol
et al.[12]= 2& sampled® clipE ©] relevant semantico] of4 &



o

2022 stuka-O|cjo]2als] sAlek&Tg]

UCF_HMDB U-7 -> H-14

UCF_HMDB H-7 -> U-14

Method TOP-1 acc (%) A TOP-1 acc (%) A
Source-only 51.2 + 0.05 57.2 + 0.04
ClosedSet DA (DANN w/o know
n/unknown classification) 548 £ 0.18 +36 61.5 £ 0.58 +43
OpenSet DAl (w/ known/unknown
classification) 63.2 + 0.32 +12.0 64.3 + 0.39 + 7.1
Target-only 86.9 £ 0.04 89.2 + 0.02

®1
2 sub-optimal solutiong Z2fdtcty FASIGCE T2tA
attention mechanism-g E6} informative clipi} non-informative L, (xs,ys) = _log@ (v = ys|xs )

clipg 2519 align sttt
UDA ¥ d= tj8E close-set O source?} targeto] =
gt label S Zh=Tt. o] H|@AA 0|1 wapA FAARI wAIE o
27] Yol MAIE open-set domain adaptation (OSDA)= source?t
targeo] Y&t label spaces 7HAIA| %=t FAWIA] G1EF £
BAR0Z sourced] align A7l ¥ mapping distanceE o= WS
H}E'— 18] k= "hHolub APA shSE threshold2 unknown I+
known®] boundaryg st&oh= WR[16]02 siZsigtct. 227t ot
2= A= Video Open-set
Adaptation(VOSUDA)Z 7]£9] ZA|S

Unsupervised  Domain
video2 RA]A Er}

3. 2A

labeled source video xg 9 J0f tj-35H= label y, 2t 1L 5}

9 source domain { X, Y} , target datasetofl= labelo] glot
2 x, ojof. wHlo] HA) &

v 2] FA A2 2,2,
0 2 AR235l= feature generation network G, K + 1 classesS &&
SH= network C2 o]20A 9Jtt o714 K& known class?] 7j4:0]
1 K+1-& unknown2 o &stict.
of7]A ERXE unknowndt knowng J¥5HE= boundaryS
generator G7} skgsl= Zio]cth. mebA] unknown datad] Cfst &
7} W3] target domain o] Tjst label A¥= ER|5IK] F=r}.
T}2}A] pseudo decision boundaryE sH5351H| sto] 2RE st
T}, generator G&} classifier C Ato]oll= gradient reverse layer”t
Exliste]  generatort classifiers 40]7] ol &5t TheF
classifier’} p(y = K+ 1|x,) = 1 & 8}53}1L generator7} 0]
£ £07] ol SEEGH sourcefl} target2 7J=kstA aligno]
sample= E5HA 25ict A
ply= K+ 1lz,) =t A tﬁé 0 <t< 12 N3] 27dstof
232 gAsic} known classo] TlsiA=
of si3ic,

unknown sampleo]| Tfst boundaryS &< & wj= binary

< input

unknown

cross-entropy S &8st

cross entropy lossS &-82sto] sh&aitt
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ply=ylz) = (C ° Glx,)),

AlZoll [16]2H 27 t5 0.5 A7t A

odk
o

o

L, (x,)= —tog(p(y = K+1|z,))
—(1—1)1og1—p(y = K+1lz,))

total object= oot Ztt.
rni‘nLS (‘rs’ys) + L dv(‘rt>

a

Inci;n[’s <‘rs’ys ) - Ladv(‘rt)

4. 49

Open-set video based UDA A&-g 25 UCF101(U) [19], and
HMDB51(H) [20]5 A}3lict UCF101 & 1019] action classes@t
13,320719] clipez o]o{4 91 HMDB51L 517§9] action
classes®t 6,766719] clipQ & o]F0iA 9t [21] settingxt =UsH|
789 FRoke label: THE 27 7709 labelg A7stod
unknown label2 XAt} generator:= ImageNet-1K [22]
pretrained ResNet50 [23] & ARESH TSM[24]2 AREsIY L
classifiere 3%9] fc layers ARESIYIC}

source only= source domain data?rS o]83} &5 oF § =7t
10] 1 CloseSet DA= DANN-S &85t F H7fst 740]E} = dh
nknownoj] tfol} THIA] £otu 2 FHst v|w-E Q5] threshold
53519/ OpenSet DAE QJofjA] st [16]
St 71o]10 target onlyZ target domain data®] label2 & ¢
st 2+0 2 upper boundaryo]ct.

He & 39 AogE 7 Wae Uoich A 2t B 1o 2
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SIAISH OpenSet DAS A1&3191S T 217 12%, 7.1% ©f Fgo8 o]
£ [16]2] method?} openset video based UDAO| & & ZAI3RS: Al
Aoz & & Qloh

5. 28

B oA+ vwA H 7 AL open set video based UDA
&730]142] image based methodZ AH A &5 2ozn Fap} Q
22 YotHgit}. AR 9] video based UDA frame, video
feature¥ 2 T}27] attentiondhe= WAlo] 22 o] 21 9l kS A
+2 frame feature® 2 unknown of Ojfsfj sh5eh= 2@ Jet 2 X1
% 3 2ol
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