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Held 7]&e] $de nFLe] ot A A
AE frASE AL Fds v&3 Ate] gt ol FAE sAsty] Hal HE Aol A
Haghe] Hjgo® Huo Aee F8he HEH 2 (active learning) 7] o] FEHEEAL 1=, o
BB #de Y BHoA] B (uncertainty)?] H2 HolHES AEH st=d FHS £k o)
Ak, dolE Aol SlolA o8] W AHA, AdF vjge] B7MuE HSs aed u R®gho
E719 st B =FolAMe oA (pseudo labeling)S 83 F X %85 (semi-supervised
learning) *—11} gy &S FAlO AMEEte] Bde] &34 (uncertainty) S 5783 WHES Al
QFghLE. AlQE WAL #lo] &2l AF =(confidence)ot St Ao FHASIE S& HIE G&Z < dlo]
g dolE A WS AT 53], golE vlolE o] FZ(quality) B 4 ¥ (consistency) =l
A Hed B AgE Aes w93 Sl A2 dHelErte R mabAQl o] Jted
< WAUES Akt
1. M2 NEE g2 Bdo] Gl M #Fo3 MEE
= AEsta, olE FI HAWEoR Hu Hes
deid dugHe 2o ko] golEE wtowr  Fske WAootk oY WS R WEts
B4% eSS shgaly] Wi, "Hed 7le 2d A FREes dHolHE AgsA HEY & Ue
B e e el # dHeolg Al oFs Al TS wrh Ev, 7S] dEHE Y 8
of WAFNYTE ), de EH folg MEE 2 EE Z¥2dd diE] Y%t 213 E(confidence)E
wael 4R AVE G AF54el vl MEel, Feldrit A, FAx BwY LAE g 29
data ] quality ¢} consistency 7} @2l due]Ee A4 = A, LE|AL distribution shift #A|ol F oFelri= &
TS ARAE F2F 227 eI agdr B AFS et
T3}l train dataset & WHE W, data ©] quality <}
consistency = XS} A] train dataset = AYAdsta wepA], o A A = old wAlE sEs7] 9l
gl Ae e 4YS "7 sl Eg), o8 7N class whoh 2P A1 A1 2] & (distinctive confidence)
A B AEAo] Fedl Fofo= AnEE 2ol = WIY 4 ULEF pseudo-labeling ¥} loss prediction
Z7tdc} webd, old EAES sjdsty] 98 H¥ module & E=RIF AEHE Y HEE AT
ATSol| A NE|B 2] (active learning) A7} #oks]  pseudo-labeling & A F =T} & oSl e Aso
Sk 2 ohme Helse EAESE WHow Zoxe
AP S AT & Advk 28y, 27 dACA =
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B o Zg4A deolH® Qe labeling H|-&©]
FaEA oA e F AUrkh[1]
b, B AfeME UEIY AuAy I
y

Labeled dataset

‘ .I 1 13 r:c-_l

Unlabeled dataset

ol 7Iikete] ATt WAL el v S
of AANA nEEd F dv &4 dF 7IHA loss
prediction 255 E93te] 84S Foluxl gt
Pseudo-labels
Acquisiti
I',fq“ls.‘ o Unlabeled
unction

Human
Annotation

(L% 1) architecture overview

- augmentation

2. 4y

AukA el A H Y MHES BE FH 2 o
&l =23+ confidence & 5% 7] wj&-o] ©o]E A9
T/gol SZHls el Ed shAY g 'S
Holx= A5, 54 S 2d 92 gL g RolAY
54 Z# 2ol distribution shift 7} HAT F AUrk. &
Ao 2t Z 2= g3 t+2 confidence & Wt
Y F JLEF FA % L (semi-supervised learning)
Ay &4 o5 BRes 89 AeHE g dF
= AlRbgth. Aol A AlbE KEle] ofy]ElA]
(architecture)™= 1 1 ¥} #r},

2-1) Consistency loss

R

consistency loss 3 ARl gk Atele] o
S SA3= b AFEET o]+ original image <t
horizontal flip ©] %]-8-% image o ™3l detector 7} | =
Sl class ¢} bounding box 2] o5 ZA¥E Huste] A
Abgtth ol & 1@, Eq. 1 o dERd uhe} o] BE
i ¥l o= %(matched pairs of predictions)ol] Tl 2l
class consistency loss ¢} Bbox ¢ IoU ©ll 3lld3k=
S 73171 #1%F localization loss & HiS dlo] ALt
1=

of| & E°], original image ¢} horizontal flip ©] 2 -8 %
image ° Wk F oAFgko]l wl-g- fFAfSrbA, e

KeN EE—U cq]

2~
=2

ot

i ofu el

I 3k(robustness)= 7F Ao

2 gt wglE 5 oo Sgke] Aold AH§-
inconsistent 3F H|o]EH & Fudle] A #HolES &
olst 4= QA& Q¥ (oracle)e] FJAS s}

tho] o]l E dHolH taldE HEZ 2 human
annotation &3 | 4TS FFATIH

= E[LconC (Ci” 6\1)] + E[LconL (bl” B\l)] (1)

LCOTl

2-1-1) Class inconsistency loss

Class inconsistency loss = ¢;,C, 7} 1% 3ol A,
KL(Kullback-Leibler) divergence = A}-g3lo] =]

inconsistency & Al4FgHT},

Eq. 2 o] YERA vpe} o] KL divergence & ©]-&-3f
o 7 oS Az Ao]ghkS T3l inconsistency & ¥
wetth wheF ol de] dS5e Adet AFA A5
A7t dA|shA] &= o] A S ‘'inconsistent's}CF
31 A 9]&}H, 'inconsistency'7} F45 EE FH 7}
A A MER AGE THsAdo] At

Leonc(cf, &) = 3 [KL(c{, &) + KL(E,¢D]  (2)
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2-1-2) Bounding box loss—

ofd

fr 1z

localization inconsistency loss <= | 5% H}-%- 2

(bounding box)7} A A} v} b U]}
Sske Welth. ol& $I8 original image Ol
horizontal flipping augmentation = %-83}%1t}. original
image ¢} augmented image & E 2ol =35}l
AZ AR oA wpew ua gAsh WA
olu] x| o] up-o Wk 9% 7FO] IoU(Intersection over
Union)E 7Al4FeF . 24 localization inconsistency loss &
Al4kgte}, o] dlf, unlabeled data = horizontal flip & %
g5b7] @Rl Eq. 3 oA 29l uhsh go] o=
Fx gk 2o t8lA negation S &3k} o]
A9 X JEhRE 1Y v 4
7l tiE  AolE  AteteH =5
£ &3 ndlo

wshn],

Al
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localization inconsistency loss
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2-2) Loss Prediction Module

Loss Prediction Module = @|o] &9 §l& A= o
gt EAE dS5et7] Aotk oA T Aol A
7 Be AERE AT TteAol dve WEES
Adegsta, ol#st AMEEC dHolEd AYs A
omA F&A TES weth dE =0, 10 fe
AMEo] Advkd, 7 AEe digk &4 s Adtetar
ol 7lro® Adsth 19 v 49l K e A
=&, 7MY 2 &4 3E 7R AES)Ss Adsty
AE7h Abgtel olgh #lo] &8 gttt &4 o5 ke
Toh= WH-2 19 29 2] feature extractor 9| Al L}
e+ 54 h E& GAP(Global Average Pooling)¥}
FC(Fully Connected Layer), 12|31 ReLU(Rectified
Linear Unit) 914FS 53] 2 45 3 & F54
E4E5s Adste] Abgsit Agtd 54& 2o
7y AZe digk &4 ghs oSSt AFSE

WVGG]‘

(713 2) loss prediction module architecture

’\?‘
C oncat
Loss
Prediciion

I(‘nnv FC7 Conv Com Conv Conv

2-3) Acquisition function

Loss

Prediction
Backbone Concat. Total loss
VGG16 SSD Consi
i y loss
I ( onv  FC7 Conv Conv Conv Conv
62 72 82 92
(=¥ 3) Acquisition function
Leotar = Leon @, y) + 4
: Lloss(l' l) (4‘)

consistency
g BaE] AT £ FroM, L s &4 A5
| ma 29 Yebdn 9714, & T 8 Abol 9
4Rl 7tsxE Z43}= hyperparameter ©]t}. It
gk MLP(Multi-Layer Perceptron) T-2& 7}% &4
HEo] Autdel AHIFAS mlotslo] &a s
Axshe e BT et o
prediction module ¢ T8 H2A& sk &H FHS
2

AArslE Aol ofyg}, HlolE EQEE FoA] o]

:

Aol 7P we AuE A A, % od 4
Zo &4 gol A 2A wEsE otk oA A

= oo A BEgygel  AZE Al
g% FEas 5, olF Fa g Bl F8
@ A9 s ABEL Adsd EEHoR oy
a5
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