ContextAug: Combat Contextual-bias augmentation method for
Multi-Label Classification
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1. Introduction

FO

Al 2+ & 94 e(Visual Context)2 Atgf 1 2 FEf Bl & (computer vision) & &
| | }\ =]

oll & (scene interpretation) & 24X !4l (object recognition)S ¢l 8t Al 24 Al =
2x Astg HESIC[1,2,3]. LBt O AN Het2 S A0 LMots 2
Chest 3R FE2E ot=0, A XA 2 8 & (background) 2l
ccurrence)t, 24 M| 2 Q| SALEM2 Ltz &= ULH[4]. HIIA
2L BHZ 0l 8 OO KILE Al 2 & & S (visual scene)lil Z &= & 2t H|
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ALOIOll 28t IEH S LIEHU= B3R E 20l 8t st =2 282 &2
LIl EMote BLRE UHANZ S = UL, FEXes HAO| R =2 HEZ QAU SN
ZEMcte ZSE HAZ = = A1, 015 2t W™ 2Ot JTHD FOJ g &= UL
Z2HAM Ol A 2EA OIXIJF 8 O{LE AIZHE Al S (visual signal))t S 2™ [, A4S et 2
ANZUEN SN Z N CI2Eo OIX AIAEINA SR AesS S Y6HAH S 02 DHEHIHRI 2
0101 Xl & & (image classification) [5], 24 Xl & XI(object detection) [6, 7, 8, 9], 24 Xl

Ml 191 H| O] & (object segmentation) [10] S 2| Ct2Fst U & Ef A T (vision task)H M & Al 2 A
W2 AIZAHOZ SAISH 2l A(class)2t I E 2t 25 HS olZoll 8s2
StMADIEH ES01 & = ALCH[11].
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At AR AIZTE WO SA 26 28 280l =2 20 (e SEH A= S,
=2 HAol et &8s eats Az MAEJACH ot XIS Bl E EHAT0A Al E B0
Uist NLtE &2 A 280 28 Al FEXU &= = = UL SFol, AIZE W0l
NUXIA 2 &Eot ds= =2 B2, SAIN S&otXA &= =0 Uet S 24 M2
CIMES HEE =+ Qll= 280 ACH 22 A0 JAOA 22 XAl Chet 3220
AR BHE O F|FIEZ I He FHE I LIEHE &= ADI =201 23 2
A2 SALES HEZ SH, Yo A2 ORI & EMotX S HAM=
2NN AN WEUA Lo &0l Bt=Al &Moot HE20i, 2 &0l =& 0[2t
SALUot= B3R 20 et A4 SE0] Mot2 = JATH Arg 2 0l et S8t
ALIel2E QIXIot= A0l HE X H2 BtH, JIES LYS2 WA SSEASE A2 H
WM et MM E £= WA S (contextual bias)Z 216 24 Al 2140l & IHoH=
2RIt O EMEtCh =, S 012 X2 2lAGte S HEHES ot = Ch Ol E AlI2EH
WOl CHE RSE2LEE 2AES MoK R, BEHAOI A HHH A4&0ME HIA
289 450l 20ld Mot = UL

& & &1 3 L (Deep Neural Network)S & &Z0t= HI M B A 3= & &5(training)S 2ol

0101 X1 (ImageNet) [12], MS COCO [13]2t & 0l =4l (annotation)0l &l 2 O|0[ Xl
HIOIEAS DIEH 0 2/ E=6t=dl, 01HS HIOIHA2 MAEXS “2HE S6t0 Wt
HE2 XU LD UACH4]. ASKE Z&8St 0|0IXE HE S0 M2 EH, IHSKt

& 3= (category)2| O|0|XIE2 =2 SEZ T2E WE 22 ot UA2H, HA, EH,



QEHIOLUSSH &0l =2 RA0A 2EEHOZ 20l= KM S SAZAUSHL Ol=
IOl Ale &N HersS /ot 21, ol S HIOIEA S stast 220 =0t H =T
Olcigt WX Hets stget ZE2 I 2JHK & 20N S MOt &880 1) VX THab ol
MO SR HEN (R BHE 0 S EMote &&,2) 2HMIt s HHUesE
a0lst et SAI0 EMHot= & & OICH &AM a8 HAIE S0 £olH, B Xt=
NSt S2I1 0t BICHE BHE 22 6t AR011D, e ISt =0
SAZdote 3Rt & = ACH, BN Hegs St ZE2 20t 3R 250l A
ZHE 22 elXote L7 E "ot &t

Sl SH= 028t LFIE Dol HEWA HRZ22 AMLE 2FIIE SSAII]1,
WU A DO AILE EIQOH CH ol multi-label classification EH AT 52 & AI| =
JO0ICH et Het s R )& H7s SAIZYMUGH=E 2Huielel W

A2t 2 BB MeHE E0l= A2 L= &L [4]2% [11]E 2 et 2Kl
AOIOIl M A4 GH= OHer X HEk) & S8HCH [11]0 A= OI0IXI ol A 24Xl Kl A (object
removal)E KNI E SEtet OI0lE &2 (data augmentation)= M etot= BHH, [4]0l A =
CAME AtE 8t CAM-based method 2t feature splitting methodS &t & HEO| HZ MO 2
M Al'StCE. 8, [14]0l A = ContraCAM (Contrastive class activation map)2 & £ 5t (4
SAZ Mot el Heg g Xlote Object-aware random crop 1t 2 &l 2t Hi &
A0l 2l H&FE 8= background mixupOl 2t LA OIOIH & &&= MetstCh.
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Olefst HAP2S0 2= 20 Rel= SA LMt Melel A2 Hs
MZ& HI0le 52 28Ol ContextAug (CA)E M FSHCE. OHOICI 2] &
&2 0101 X172l & (mixing)ot= 24! 2| E||O|E1 SLd= Solf, Hef=S &
ULt ContextAuge A S SHZ LHECH HEMZ BX X EEJHAELNH U=
HIOIEH AU A 2&l0lS E==(label category)DIEI O SAIZMOl JHG kELH A
H(category pair)2 &= AOICH FE M= &2 == A0l Soll Y= el AE A(instance)E
HECOZ MEiGt), JIAEA))C| =S JAHGHH SAZEHS A KA SIHAIZI=
24 0ICt. Ol M, E&(mixing)2 = E 24 i (target object))t & A Ct2| 2
NI 1 BIE| O] & (segmentation)& 0101 XI7)[ 2l Ol H XIOY, M DBEHIOIEE 22
JI2, HEGHH SIMAIHAMN, CHE 0101 X2 HE S X0 E0l= A2 A

=
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ContextAugJt HIJDNHIOI_%| OIOIXI GIOIEIA 02t HEDlsolths Ol MetEo =2
2 £+C AKX LH Ol= JI= 010Xt 2= & B Z H 8 (background bias)2 | A 3t 6t 7|

I 0IC O|0I X E Egote HEUAM B2 E 2 A (bounding box), = 2l 2 (polygon)2 2
=& HMele BHME 2WEN &Y, A o2 =4 Xele MIOUHOlE U= CHEN
JIZ OI0IXIC BHE L2 20| =Ot=CH D00 AOHHOIE Tl UX &2 CIOIE A
A8 =& XelE otd E2HE A0l 2R E L 8HH O|0IXl QIAEHAS
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Ol

dEots HEFH 2AHME Ol0IX0 €0l= UENA &= iget &A= ME et 0l==
Wty Hers 20/=0 JAO0A, EOE Bl Atg2 B0l HolXle 2= S Mot
1ol A Ol C

ContextAugll SO0IE 2 AN S JtXIJt JUCH HEHMZ J|E AR S0 HE0l 2 IOIE Ol
SO0 Do 23E UdHES HOHS BHH, R2le B0l A2 HO0IH=S2 280t¢
JIEe W= 5|AAID|L, Ol & Soll WA H = (contextual variation) il 200 2 Xl &=
HHES MAIGHACL = & 01I/d XHOI b JUCH SH M 2 ContextAug= Mixup [15], CutMix
[16]2t 20| €2l M0|l= Ul0lE E8&(data mixing) 2412 HIO0IEH S e CtE2H 2& &t
B LS ==6t0 CHE OI0IXI0 20ol= A 22 M ELCE 0l = Mixup, CutMixJt @14



ds MMl =282 =10 e 221 Z2l ContextAuge JIE OI0IXI2 BB A HEEsS
ZlA3tot OIOIEHAS Ml Hets £0l= Ol 2 =X 01 AJ| IH20ICH

ContextAug0il CH &t & S(validation)2 E =& EOtet H4 X HIIZ LiH &ML Pascal
VOC 2012, MS COCO IOl A2 CNN 2| Bt2| Resnet backbonelil ContextAugE
MBS0 stSAIII D, HIOIACH! (baseline) 2t 2] mAPE Bl w6t B &X O THEHSHCH &
ContextAug2| StOIIH IHetOIE KOl (H & S WE Z2E6tD| fIoH Kat & mAPE dl W Stk
A4 A EIle= ContextAug AtE M= 2| 0|01 XIE 22 =&35t11, CAM(Class Activation
Map)2 AtE3SH 0I0I Xl L 2 A |1 Xl & £ (localization information)E Bl w! &t C}.

QAGIH, 0l =22 FR I S 20 HHMZ L2s Hld DU et Hets
Z0l= MZ2 U0l & &8 2l ContextAugE HICHSHCH & H Ml 2 ContextAugS HI &
QU Mot Metd HEo 20 22465 of 10, Motst &t 0| 0424 CIoIEf Al ol

CH & multi-label classification EfA T A= &l FEEC 2 S ALY S & SEH.
OtXIS o2, J|ES] HRIF Wet™ HE0| 2 UIOIEH &8 20l dlol, 2ele =
A2 HOlIE)I2IC 282 Sot0] HE S =0l M2 2822 H 26

oo

0l

ol
O

2. Related Work

Multi-label classification0fl =2 At& &= MS-COCO, PascalVoc Ol 0| E{ A2 & 24 H| 2t 2
SA £MO0] 0| LIEILI= 0I0IXI =2 Z&6t0 JUCH JIE& A=l 2H ol
S EE MDD |ol Al H Hetol S EHAQI Jato| & SoFACH[?] OFXI2H Al XA
o 2t (Context)= 242t & B & (Contextual-bias)Z 01 J|l= SOl ASH| CHet A E&
2 012N 2CHA4, 11, 14].

2.1 Object-Object contextual bias
[4]12 MAt= W™ meks M HokI)| ?lof CAMS & &ot

2

heto] 28t & X0l CHst
£l CAM Z 1t £ weak
annotation2 2 AFZ 0t loss functiontl =Jtot= 2 & (Ours-CAM)1t, U ESI 2
ORI HE F RSE2Z LIS IOIEHA & SAl 2d &S50l =2 F 40l ol = &t
£ 22 freezing Al A gradient S ™ OOt & K| 2 &= HIStote= 2 E (Ours-feature-split) 2
Ml et A CH. [11]2 M At= classification 3t segmentation & M 0fl CHGH0 SH et X & Q)
= F= & BED| ol inpainting U E®I 3 E 0l 28t object removal J1BH2| Ol 0| &
otOd 2
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2.2 Object-Scene contextual bias
MMt HHE 2te] et marts HHoHI| fIgt Al & & &0 ALt Background
Challenge[17]12 Soll 22Xt BHE 20 A =X 0| X 20| ?I& Ctest 20| MetE D
UL Sol,[14]9 ¢ 4= F IHXN OI0IH S22 = Soll A2t BHE, 2 et M & BersS
SF IiHst=E Al 80 CAMZ 0| Z 8t contrastive learning(ContraCAM)= Xl 6t
HE Y2t A S 0| 28 object-aware random crop 1t background mixup= Sall 2 24 Xl 0l
CHOtOd Cr2Let BH BB EE 222 M KA i Z 2to] WX eSS Mot
ContraCAM2| Z 1t E 0| E3t & 2l 2to| W™ HHES M A St



3. Method

Foles SAYN Her 2HE ol 2 P =
S (matrix)E LHEHLH LD, Ol S S JIBIC 2 E% 3“X1I_J E/\I té”é_ii §J¢D+ 2 H gt kB3
LIEtE = JAEE HIOIH SUSHLH Ol M =20l XMotote Mae HetS Hole 52
ContextAugE &I &ictH M= L2 Uit 20
3.1 S A2 = (Co-occurrence Matrix)

SA ZH L2 HOIHMS =4S Sol Mot HE=2 OS24 { CIOIE A0l
M R SHA0 e HES UHEN IS S D F A AR E2 didol=e 2AHAE
A S S HIIoH L= A2 SE 245 2LSHCH RHAMs Znels2

teh o 2 Ch

Algorithm 1 Get co-occurence matrix
Input: Dataset (e.g. COCO, PASCALVOC)

co_occur_matrix[len(class)][len(class)]=0;
for image in Dataset do
annotations=get_annotation(image);
for i in annotations do
for j in annotations do
co_occur_matrix[i][j]+=1;
end for
end for
end for

Qutput: co_occur_matrix

3.2 %t A [ 0lH &2 (Contextual data augmentation)

cl= HIOIEACZ Hotet SAl 2 B S D[tz D& A2 SAl 2d ==t
Z_EI Het kIt E = UTE SA 2 =T Z2 HH 2 AHNS 2t gd S Mot

A9l
BES ofAe 2L

HX ST BRI LH AFRIS] ¢
koH Olotel M E M=ot MOt S &

=
SOIH DS 2ES0, DN 2BH ATNA HS HUE B 2 (og t:'.*% 8T,
CH2As &9, NOME) MHet Zet ST AFRN @E9IC I )| A2 sasc
91Ol BHES SSGIM BHEHOZ S50 © D kI 0152 AHE =S50t B0
DE MLk Ol 4 SIS ECH O/ BHS Sof 5t LI 3 A kB 014 RIots
MHES SET 4 AN OH0I SE WHAO SA LM HAZE BN ZHE S AT E 50
2YHOZ WX MES HHE 4 UE= oA



Algorithm 2 Context Augmentation
Input: co_occur_matrix,data,label.k

class_label=random_choice(label);
candidate=random_choice(where(co_occur_matrix[class_label]>k));
random_image=random_choice(get_image_by_class(candidate));
instance=get_instance(random_image,candidate)
result=mix_image(instance,data)

Output: result

Background Sample Target Sample Augmented Sample

sports ball, person

clock, zebra

clock

[ 1] 44 = augmentation 4 Z 0|0| XI, &I01= Ol Al



Mixed )
image Mixed
image

Second

image Target
image

occurrence | <

class

co-occurrence matrix

batch

batch
(@) Normal mixing method (b) Mixing method
with co-occurrence matrix

[O2 2] SAl 24 B2 AISS 0I0IK BY X
et S22 U2 SA 2 #HHEZS DBz SAl M0l E2 220 CHet G0l H
S22 XNAMSHCEH 20 I1E mixing method2t 20| BI Xl IR UM S22 XS[16]8 =
G SA EMHAZ 02 HAGHLD Ol Soll Xl 222 HIOIHE &Zot= &al2
AMESHCH SA 2 HHEZ DBtz SL ot a2 Sol SHAE NFAHMH S
S OHEH CHE 2AME 20171 [ 20l iteration OFCH CHE OI0IXIE S 6HAH ot HE st
randomnessJt S = CH L8 SAl 2 B0 A S0 0l== 2 2HA HOAO CHet
Z gt KE NI E &0l et randomnessIt ESHH HR= HE LA = U2, SAl
HMO0 2 2 A0 0= & S0t= regularization2 FHE == UL

ZHHCZ 22l= Context Aug ZE S Soll e HE0| B2 UI0IEHE MSot0 MO
Het SIES EF10 A EXS =0t &6t DA of L 01 E Set ZUE
Sdot)l gt AE 240 M AM=8tCH.

4. Experiments

0l &0l Al = multi-label classification(il Al otst 2H¥H =2 & 23+ co-occurrencelt =2
203 A0l CH 6O D—.”%*E Hetg S=)| QI8 U2t A= AJNEHCH H A, 2212 IoIH
S22 JI80| LIEtW= S22 HIAESH)| fol 200 2cHA S Z& ol Us Pascal VOC

Al &l |
MS-COCO HIOIEV\*'OEII”c *%% 2 Set X AN HEZ2= mAPSE AhﬁHﬁ,%%%
HNEa U 2 244 00 OIxls S &lot)| ?loll class & APE AtESHL, 38X

HItE ?loi CAMS & E8tCt.

4.1 Validation on Pascal VOC
fcle Chret ZAl 9l 28X stitching 2 & £l ol Pascal VOC 2012 Gl O &4 A1 Of]
CHoll &&= MAMLE 2L A9 jﬁ”'l titching 22 01l HIoH BHEEEE Z&otkl &=
MBI Ol & &2l 28Kl stitchingE HEE [ 2 0lst ZUE KNG, Ol SAI &M



2HE0 =2

< A
20| JIE2 =2 APE 20|

—
S50l HESS sHolE & ACH

o

[0l CHold &= W& 2 Jisd 0l Utk A= 2/ 018HCh. [HE1]2 2 10k 2F
= A, ot 500 ScH A0 CHE

ot 5K &2 54
Class no. Baseline Ours Class no. Baseline Ours
16 65.35 65.46(+0.11) 18 98.53 99.45(+0.92)
4 67.45 66.10(-1.35) 14 97.16 97.57(+0.41)
15 70.83 72.41(+1.58) 11 97.44 96.60(-0.84)
8 73.75 74.97(+1.22) 7 97.08 95.97(-1.11)
9 75 75.66(+0.66) 11 95.9 95.14(-0.76)

[£1] PascalVOC 2012 Ol Ol Ef A 0l ContextAugE & &5t 0f Resnet-50= &S AI2! Z 1Bt
ot 5K class2 AP2t &< 51 2 ci A2 AP(%).

4.2 Experiment setting

eIt A4S0 H=Z8 o0l H I et0IEf £ A I 8tCt. Learning rate 1e-3, multi label soft
margin loss 2t BCE, cosine, one-cycle schedulerE At &0l & & 0l & & ot Ct. Multi label
soft margin loss= max-entropyE Ht& 22 2! label0il CH & Binary Cross Entropy 2t 2
& Ll = loss & == 0| Ct. Multi-label classification0il Al = label & Hl &HE loss gt = 0l
HgEHoz MU EURI QI 20 BCEE &l class =& LhE B2 0/ &0dt=
multi label soft margin lossE At £ 6t Ct.

1 , vy : exp(—=[i])
loss(z, ) = = ¢« 3yl + log((L + exp(~a[i) ) + (1.~ yfi) »log ((1 + o)
wherei € {0, ---, x.nElement() — 1}, y[¢] € {0, 1}
4.3 Models
Model # Params mAP
ResNet-50 (Baseline) 25.6M 74.11
ResNet-50 + Ours 25.6M 73.21(-0.9)
ResNet-101 (Baseline) 44.6M 76.3
ResNet-101 + Ours 44.6M 76.58(+0.28)

[Z2] Resnet-50, Resnet-101 2 £ 0l ContextAugE = E0HXl L U2 A HEMHS [
MAP(%).

[H2]0l A= & 212 backbone S 0| H =8t Z20tE Hl wstCh & & 0ll= Imagenet0f|
A& =& = ResNet-50, ResNet-101= A& &L}, Backbone 22 =& 2 5 ImageNet-1K
pre-trainedS AE3t0{ MS-COCO Ol Ol Ef A 0l Multi-label classification 2 2
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ContextAugE MZ23MS [ ResNet-10101l CHotd 8 s01 CiA
—’.*— |Ct. ResNet-502| & 2 BasellneOH HI3H ContextAugE
2 6t0, ResNet-1012 22 mAP 0.28%, tresnet-1-4482 mAP
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4.4 Analysis upon different K values

Model Baseline K=10 K=20 K=30 K=40 K=50
Resnet-50 74.11 73.21(-0.9) 73.58(-0.53)  73.69(-0.42)  73.4(-0.71) 73.4(-0.71)
Resnet-101  76.31 75.78(-0.57)  76.10(-0.21)  76.46(+0.15) 76.58(+0.27) 76.38(+0.07)

H 3] MS-COCO IOl E Al 0fl ContextAugE Al 2 CHE Kgt2 & 20510 Resnet-50,
Resnet-101S st & 8 mAP(%).

t data augmentation J| & & Ol Ol & A 2| co-occurrence matrixE &5 &S0l

1, dl0l= S otLte MM E HE 6t H & Z S matrix &F X2 010 X 201

= 2 Ml E stitching ot= Z& OICt. Of M, K g0l [Ttet 2 24Xl 0tCH augmentation2
ot= zltigt2 hyperparameter KE Soll XIZE = U2 MS-COCO HIOIEH A0l K 8%
& ContextAugE &= 20l 2 [ augmentation0| & &&= 00| X2 JH4== [E4]2 2 CF.
fele [E3)8 20| Ket2 SJPII 0l 2 incrementalolH HE6t0H A& = Mot L.
ald Z It Resnet-500l M = ContextAugDP Olflet HsSAE ITHLAl K%L,

Resnet-1010l A= K=40 O 2 A ASIUE [ JIE =2 dsstalsS JFH 2L
5. Result
5121 =4
k=1 k=5 k=10 k=50 k=100
#augmented 456 3279 7854 54466 77626

[Z4] k 2tE ContextAugit B &= & Z2| Jf+=(mean)
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[1E3]Ket 250l HE S20I0Ie Iz =0l

511 328 24
430 A Jl=st & Z 12 20| ContextAug2t H 2 Resnet-50(25.6M params) £ Ct
Resnet-101(44.6M params)2 2 0t 00| Bl W& DIt 2 UER AWM dsSa=
JIH&CH MS-COCO HIOIEAI2 JIE2X 22 0|0IXY W2 2.9JH2] ItHI 22l S JHAI Xl gt
ContextAugE ZEM= [ OI0I XY B Jtell D2l == = 3.9Jt = Ct. = ContextAuge=
A2 502 O NCHE & multi-label classification 2XHE 255 &5 I 20 2210t
Z UERINM &= eSS M2 A2 FHELCH

440l KM= StOITHIICIOIE KOl HE S0 E A3otI| A Kat2 A2 GEA & F 5N
22 ZAUE J|=ctl H2stKat 8 85 = 2= QUL [HE4]2
[E3]0A = Kat0ol SItetdl et S2 &= M E HAGHY D, [Q3]0 A KE 50
oladez 43 M SIHEOISI1)It 2A0t= olgt &= QUCH = 50 0l &2l KOl
CHoll R2l0lst &= &40l OIFHAX (2=l J flol S50l 018E =
OIOIXI 8t & & 3Ll 24X Bt stitching2 dt= 2401 0 0l & 2 stitchingdt= 8 2
NSO 2L, & 2l 24 /I8t stitchingdtd & 0101 XY B2 JtHI 1elel == =
490t & @514 850l E0HXl= Z21E I MH 2L (ContextAugE & E6HX| £ 2
MS-COCO HIOIEAI2 OI0I XY B2 29042 dioI2S 2H T 22) UetA Rele
Resnet-101 2 & 0fl image 8t & & otLt2| 24X Bt = stitchingdt ) K 8t = 402 E XGRS
Z02 2sstZUEIN2C= 283 Z2E2 Wl

=



CAM without ContextAug CAM with ContextAug

Original

Label: kite

Label: kite Label: kite
Ong i nal

Label: person

Label: person Label: person

Original

Label: boat

Label: boat

[21&4] %EOIDIII(I =)t Resnet-1010{l ContextAug
gradCAMZ 1H(Z )2t ContextAugE & 0510 &5

MZoHA 21 stsst 29
C =
=

st 24| gradCAMZ 12

2 == 0| M 2tdt= ContextAug & & & multi-label classification & Ml M 00l Xl G0l & 2
Het™ HEkES MO ol £HE HOoIEH SZ2A0ICH Z20E 22 ContextAugOl
et ™ HEE HO{ote U0 L0tL S0 JAJp=EX B8 FHo 2 E/ﬁ.oDl <l of
gradCAMEZ 0| 2o Al 35U [3%‘4]8 stsE 220l dI0I== t=ot)| ol &TH=Z
receptive fieldE Al 23St Z0ICH HEM HUH M= ContextAugi NZ5tH &

DOl 40l 2 “kite"E OIS W ContextAug% HZotkl HUS ol o BHELEL
A KMo ESE AS =g A0, FHM oAM= diol= “person”S 0l =6t
FIof M AHH =EHES & XS i“&'éa* # UCH MR &2 A, ContextAugE
HNEHNS WM OI0IXS 20 It X “boat' MKl ATHEM Gl =6 HS &olg £ UL 0|8
Soff Rclot Hetet HHOl AHE 20l HH WA HEts & MAYODD BES

LH &l CF.
5.2 Discussion

Multi-label classification2| Ct 2k st state-of-the-art 2 2![18, 19, 20101l Bl & =(mAP)OI
SH LHEtH Ol 2 A 80l CHYs 2A0 HIOIH S 2A S HESHA L UD |

o2 o& ST o= s 0 s An
HZ0lct) EtHstlt $2l= baselinedt Hl W ot 21Jt Xl &t ContextAug Ol &~ & Ot
Fatt s 42 20/=Jt0l THolt EOtotd, Ol = &= Cutmix, Mixup, RandAug OJ_P

10
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SHAISE B P& A=
Unrel[21]J_F 20 = CIoIE Ol CHolt O &2
Ol= JI& HIOIEM*J(PascaIVOC MS-COCO)0| E &
O'LmIAIJP% A= AO0[CH
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ContextAug= HI0IH S22 0 22 i &
NI JMHOI& Al HIOIE E 0l 8L [ }/H a[;
28g 4 Qle HE0 JAN Crst HIOIEM*J%
MM Ol & &l & Ol Ol & = occlusion0| AS & < stitchin
8:; _J'\_ QAODE XI-E5| ol-/\—|o jl.x:‘g AL OI[:l..
FOF M2 24K 2te] A E
dgt = U2 L EMIKI= )
=t oM

= T
=2 dIOI=2 0/ Set BN HE

] 09|_| EQ |'|0 ﬁ

-

1

M0
2 |»
to
(@)
10

@OD
Qj

L

u 0 my
[0 4> HC o

[

n 1A
2

J
rzt o
=

]
i

S @m 0450
A
0 =

o m
O
=

o Q
s
rr
r=

=0 @ =

U B

EH‘JM

AC

o
> o
12
é
o =

ol

I H
© o pa
ol Qﬂ

>

gl
JD
=
= g
0
& o
I
o
@
=
2
0 J
e &
2

o
g I
_E!

gy
o
=
N

=
L
ol

N

on 04

F“__
oz 0%

= §9
e
ol
rr
T
)
O

Reference

[1] Irving Biederman, Robert J. Mezzanotte, and Jan C. Rabinowitz. Scene perception:
Detecting and judging objects undergoing relational violations. Cognitive psychology, 1982
[2] A. Torralba, K. P. Murphy, and W. T. Freeman. Using the forest to see the trees: exploiting
context for visual object detection and localization. Communications of the ACM, 53(3), 2010
[3] D. Parikh, C. L. Zitnick, and T. Chen. Exploring tiny images: The roles of appearance and
contextual information for machine and human object recognition. IEEE Transactions on
Pattern Analysis and Machine Intelligence (TPAMI), 34(10), 2012.

[4] Singh, Krishna Kumar, et al. "Don't judge an object by its context: learning to overcome
contextual bias." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.

[5] Kevin Tang, Manohar Paluri, Li Fei-Fei, Rob Fergus, and Lubomir Bourdev. Improving
image classification with location context. In CVPR, 2015.

[6] Santosh K Divvala, Derek Hoiem, James H Hays, Alexei A Efros, and Martial Hebert. An
empirical study of context in object detection. In CVPR, 2009.

[7] Ehud Barnea and Ohad Ben-Shahar. Exploring the bounds of the utility of context for
object detection. CVPR, 2019.

[8] S. Bell, C. Lawrence Zitnick, K. Bala, and R. Girshick. Inside-outside net: Detecting
objects in context with skip pooling and recurrent neural networks. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016

[9] R. Mottaghi, X. Chen, X. Liu, N.-G. Cho, S.-W. Lee, S. Fidler, R. Urtasun, and A. Yuille.
The role of context for object detection and semantic segmentation in the wild. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
2014.

[10] H. Zhang, K. Dana, J. Shi, Z. Zhang, X. Wang, A. Tyagi, and A. Agrawal. Context
encoding for semantic segmentation. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), June 2018.

[11] Shetty, Rakshith, Bernt Schiele, and Mario Fritz. "Not Using the Car to See the
Sidewalk--Quantifying and Controlling the Effects of Context in Classification and

11



Segmentation." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2019.

[12] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva
Ramanan, Piotr Dollar, and C Lawrence "~ Zitnick. Microsoft coco: Common objects in
context. In ECCV, 2014.

[13] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. ImageNet: A
Large-Scale Hierarchical Image Database. In CVPR, 2009.

[14] Mo, Sangwoo, et al. "Object-aware contrastive learning for debiased scene
representation." Advances in Neural Information Processing Systems 34 (2021):
12251-12264.

[15] Zhang, Hongyi, et al. "mixup: Beyond empirical risk minimization." arXiv preprint
arXiv:1710.09412 (2017).

[16] Yun, Sangdoo, et al. "Cutmix: Regularization strategy to train strong classifiers with
localizable features." Proceedings of the IEEE/CVF international conference on computer
vision. 2019.

[17] K. Xiao, L. Engstrom, A. llyas, and A. Madry. “Noise or signal: The role of image
backgrounds in object recognition.”, In International Conference on Learning
Representations(ICLR), 2021.

[18] Tal Ridnik, Gilad Sharir, Avi Ben-Cohen, Emanuel Ben- Baruch, and Asaf Noy.
“MI-decoder: Scalable and versatile classification head”. arXiv preprint arXiv:2111.12933,
2021.

[19] Shilong Liu, Lei Zhang, Xiao Yang, Hang Su, and Jun Zhu. “Query2label: A simple
transformer way to multi-label classification”, arXiv preprint arXiv:2107.10834, 2021.

[20] Tal Ridnik, Emanuel Ben-Baruch, Asaf Noy, and Lihi Zelnik-Manor. “Imagenet-21k
pretraining for the masses”, In Advances in Neural Information Processing
Systems(NeurlPS) , 2021.

[21] Julia Peyre, Josef Sivic, lvan Laptev, Cordelia Schmid, “Weakly-Supervised Learning of
Visual Relations”, Proceedings of the IEEE International Conference on Computer Vision
(ICCV), 2017, pp. 5179-5188

12



APPENDIX

Target Sample

horse person, baseball bat, hat
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Augmented Sample

horse, hat
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