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Outline

 Background

- Domain Adaptation

« Multi-Target Domain Adaptation

- General methods

- Multi-Target Adversarial Frameworks for Domain Adaptation in Semantic
Segmentation (ICCV 2021)

- ADAS: A Direct Adaptation Strategy for Multi-Target Domain Adaptive Semantic
Segmentation (CVPR 2022)
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Background

« Domain Adaptation
- Why was the Domain Adaptation created?
- Limitation
- Model training= I3 A 7| 28 © 2 training data / labeled data”} Z Q &

= LabelingOfl CHF costZF HIMtA Lt training dataE TH=+ A 0| 87+s%t
HO I} =1yt

- Transfer learning
- 0[0] Y0 A XAMZ 0| E8HM MER 422 SEAZ

;= Transfer learning 7|2 & domain adaptationO| =X
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Background

« Domain Adaptation

- What is Domain Adaptation
- Source domain2 £ pretrained=! decision boundary+ target domainOfl CHS Al S 2 5HX| 2%t
- Source domain2 £ st&El | EQ A7} target domaindl Al = KRR SHA A2 7St &

N

Source Target
Domain Domain
A B A ceni
A AA i _ Misclassify
A e — &
Source Domain ___---""" @) O Domai @) O
Classifier ~~~ ®) [®) s:‘i:t"‘ =
@) O
A A
A A
A G
TAAE
R 00

Cross-Domain ___--~~ o O o O

Classifier
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Background

« Domain Adaptation
- What is Domain Adaptation

- Source domain2 £ pretrained=! decision boundary+ target domainOfl CHS Al S 2 5HX| 2%t
==

—Source domain2 £ &t& = U E A7} target domaindl Al = S 2 SHA AL 7Hs3te
Al?l L H}HH

MNIST MNIST-M
Source domain Target domain
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Background

« Domain Adaptation
- What is Domain Adaptation

- Source domain2 2 pretrained =l decision boundary= target domain®| CHSHA| R &2 SHX|
St

- Source domain2 2 St&SEl W E Q3 7} target domainOll M = R 251HA AHE 7ts

StgA7l= L E

==}
X =
=
=

(=1,

Decision boundary

{/IN
: ) | (\ /I

MNIST Pre-trained network
Source domain with Source domain
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Background

« Domain Adaptation
- What is Domain Adaptation

- Source domain2 2 pretrained =l decision boundary+= target domainOi| CHS A S & SHX| 2t
2

- Source domain2 £ & & U E A7} target domaindl Al = S 2 SHA AL 7Hs3tE
stEA7|= &Y

— od

Decision boundary

MNIST-M Pre-trained network
Target domain with Source domain
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Background

« Domain Adaptation
- Gap minimization

- Source domain target domainZt2| domain gap= =0|= '

Decision

boundar Decision
— y boundary

Gap
minimization
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Background

« Domain Adaptation
- Gap minimization
- Adversarial training
;' Source datasetOf| CH®} classification error= x| 23}

;= Target2} sourceE T=3t= domain discrimination®] A& X StA|74 domainOf|
A2QI0| robust®t ZIHE LIEILHEE St

Feature Extractor, G Classifier, Gy

Domain Discriminator, G4
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Background

« Domain Adaptation

= Visualization
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Multi-Target Domain Adaptation

« Single-Target Domain Adaptation vs. Multi-Target Domain Adaptation
- Single-Target Domain Adaptation

- 171 9] source domain2 2 &&= HIE Q7L 1719 target domainO| M = K2 A AtE
7tsoteE steAl7|= WH

-

- CIYst A3to| =X SH= real-world ZZH0A B8 71

o
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Multi-Target Domain Adaptation

« Single-Target Domain Adaptation vs. Multi-Target Domain Adaptation

- Multi-Target Domain Adaptation

- 1712] source domain2 2 &=l HE QA7 N7 2| target domainO| M = R ESHA AtE
7tsoteE steAl7|= WH
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Multi-Target Domain Adaptation

» General Methods
- Training multiple single target domain adaptation network

- N7H 2| target domain®| CHSH N7H2| single-target domain adaptation model2 &t&5H0 1742
multi-target domain adaptation model 2 £ knowledge distillation =34
'+ Pretrained single target domain adaptation model2| -0 [L}2 model M& A $t

vZt 29| Single target domain adaptation model 2| label predictionsO] 28 etst+2
model performance?} X{ S} &l

- Merging target domain

- N7H 9| target dataOll CHSH single target 2 2 X M single-target domain adaptation model=
StgAl7|= YHE

;= Target domain Zt2]| distribution shiftsE 1 2{5HX| i =

v'Source-target Zt2| distribution shifte= Z=XHStHX| 2t target 7+ CHE dataset=
AHESHE 2 target-target distribution shift= Z=XH &t
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Multi-Target Domain Adaptation

- MTAF

« Multi-Discriminator

source

Ffeat

target n "
n e [T]

- Merging target domain®| 7|2+5t framework

feature ext.

classifier
Fc]s i

<

- Two types2| discriminatorE S5l alignment =2

'« Source-target discriminator : source2} target Z+2| distribution align =

Lol
'source vs. target ' '.'-'-';-'.'.'.'.'.'.':
discriminator , ¢ (| Fadv:
'target 1 vs. other targets' g f’?F‘ adv
discriminator , - | Seendin
3 ﬁDL

-------------

gt

'« Target-target discriminator : targetZt2| distribution align =3
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Multi-Target Domain Adaptation

« MTAF
- Multi-Discriminator

£F N
Seg
source : . i J‘:"D'H :
feature ext. classifier 'source vs. target AT,
Jrieat Fes discriminator , < Fadv :
targetn f——> e
'target 1 vs. other targets' L
n < [T] discriminator , [ F’adv
‘EDt
- Source-target adversarial alignment
Lp:+(¢) = (LBcE(D(Qx),1))x. + (LBCE(D(Qx),0))x, Lo~ (¢5i7) Z Lp (3"
nE[T]
= Source set2| 4 class 1(source), target set2| 4% class O(target) 2 2 2 7ol &
S5 SO source set2 25 H target set= discriminate

L (0) = % Z (Lrce(D}'(Qx). l)>x,_n

ne [T
= Z} target setO| CHSF segmenter output= class 1(source) & &+
;= Target datasetO| source dataset2 £ distribution alignment <=2
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Multi-Target Domain Adaptation

« MTAF

« Multi-Discriminator

source : ’CD‘*‘;
feature ext. classifier 'source vs. target 7 "-'-'-;'-'-'-'-'-'-"'-_
[rieat Fds discriminator , ¢ 7y Fadv:
targetn ——>»
L 'target 1 vs. other targets' E':;F' adv
e discriminator - ko

I ‘ .EDt

- Target-target adversarial alignment
. 1 .
Lp. (¢%.) = (Lece(D {Qx}fl}>;{-‘lln+ (Lace(Dy,(Qx),0)) U X Lp (ﬁ'l*tl:T) = Lp, (1?»";1}
k#n

T
- N target set2 class 12 & &, CHE target set2 class 02 £ =/ E SS5A|Z

}ﬁdv{g] — % Z <£BCE(D;1(QK}'-‘ 1}> U Xk
ne(T)

k=#n

- NEHRH 7} OF &l target set2| segmenter output= class 12 255 & StEA|Z

;= Target dataset?+2| distribution alignment =2
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Multi-Target Domain Adaptation

« MTAF

« Multi-Discriminator

source : .C Dt o
feature ext. classifier 'source vs. target ' '.'::;::::::.':_
[rieat Fds discriminator ., ¢ iy Fadv:
P
ge ' target 11 vs. other targets’ Vi
n € [T] discriminator , - | et
: L D'
- Segmenter

EF,seg(e) = <£CE (X, y))xg
;= Source dataset2| predictionO| GT label image2t ZOFX| =& segmenterS St& Al

. s S t t
E’F — EF,Seg + /\advf’F,adv + A F,adv

adv

;': Target datasets= source2 TESH == discriminatorg 25 2l &A| 0] source

=

datasetOl| CH$t M2 =5 =0 multi target0l CHSF segmenter2| H& a4t

o O O
;= 7| &9 Merging target domain2| targetZt2| distribution shifts =X S sl Z
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Multi-Target Domain Adaptation

« MTAF
- Multi-Target Knowledge Transfer

/ ' EF,S&E,“ g ey .

L L ]
target-specific i D
> classifier 'source vs. target n'
F;{ls _ discriminator , . L advn

w* _____ I
/ N
A

source

feature ext.

Ffeat

target n "

target-agnostic JU A

ne »| classifier |— 5 Lpas
cls 3 e

Fagn ...........

\

- Training multiple single target domain adaptation network 0| 7|2+t framework
' Adversarial training2| instabilityS main challenge2 278

= O 72| adversarial loss7} joint minimize| & target predictionO| noisy®t training phase
27| THA O A instability2] 2| 7 LA o

= TargetZF2| direct alignmentE = SHA| @411 knowledge distillation= O] &2t 2 2 M
DR A

R S TH S |Vgs|
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Multi-Target Domain Adaptation

- MTAF

- Multi-Target Knowledge Transfer

source

target n

n e [T]

- Target-specific classifier
= (EBCE(D (Qx).1

- Source set2| Z

—t
—'?’—-ﬁ-o

Lp(o)

Lr(0
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e ‘ ED,n
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F,

e

‘CF-xg[H]
'« NEH Y target set= class 12 2 27

\

)2, + {Lrce(D(Qx),0))
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}EE Ol'A IloH
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Multi-Target Domain Adaptation

- MTAF
- Multi-Target Knowledge Transfer
/ : ,CF,SEg,n E E.E ........ !
target-specific sl
> classifier 'source vs. target n' gmasnrassnnanny
F;{ls — discriminator , . L Fadv,n
source 3 ssrsmnnEnEEss
nell = ==-< -
feature ext. : >
Ffeat / \
A
target — 1
e target-agnostic JU A
n €] Y|  classifier f— EFcls :
F:é?; L

- Target-agnostic classifier
P,x(k) gy — 1
Lan®@)= Y Pux(B)log=—=2 Lrg(®) =% D (Lxuax)),,,

ke[HWIX[C]
-« N7H 2] target-specific classifier& Zf target setOf| CH 2t teacher model, target-
agnostic= student model 2 2 2°d St prediction 2424} B, . (k), P (k) "2
'+ Z} target datasetOfl CHSH Al 5= 7H2| predictionO| ZOFX| =& &} (KD)
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Multi-Target Domain Adaptation

- MTAF

- Experiments

GTAS — Cityscapes — Mapillary + IDD

H f @ g =
- & B =2 E E
Method Target Train = 5 e 2 ? = -: mlal! '::ELI
Cityscapes | v | 935 B80S 260 78.5 785 &5.1 764 | 69.8 (%)
Mapillary - | 868 690 302 712 915 353 595|633 .. | 655
IDD - | 913 523 133 761 R8T 467 48 [ 633 .
- . | Cityscapes | - | 893 793 195 769 846 477 630 | 658, .,
E‘_”F']"."T"_T*‘ft Ma:;iuapr; v | 895 726 310 753 941 507 Ti8 | 69.6(%) | 667
aselines [25]
IDD - | 917 543 130 773 923 474 768 | 647,
Cityscapes | - | 786 792 248 716 B36 487 448 | 625 -,
Mapillary - | 885 712 324 728 928 513 737 [ 690 . | 655
DD S |912 531 160 782 907 479 789 | 65.1(%
MultiTareet | Cl¥scapes [« | 936 806 264 7801 815 519 764 | 698
Bascline [25] | Mepillary | [ 892 724 324 730 027 416 749 | 680, ||678
IDD v | 920 546 157 772 905 508 786 | 65.6-.-
Cityscapes | « | 946 800 206 793 841 446 782 688 .,
Multi-Dis. Mapillary | + | 890 725 293 755 947 503 789 700.,, |682
IDD v | 916 542 131 784 931 496 803  658.,-
Cityscapes | « | 946 807 238 79.0 845 510 792 T04.,,
MTKT Mapillary | + | 905 737 325 755 943 512 802 7LL.,. [69.1
DD 4 | 917 556 145 T80 926 498 794 659.,.

SOGANG UNIVERSITY 21

’l S TH S |Vgs|



A

Multi-Target Domain Adaptation

« ADAS
- N7H 2| Single-Target Domain Adaptation model

Multi-Target Domain Adaptation network 2 2+&

- & 709 sub-modules@ 2 T4

o
=

- MTDT-Net : Zf target2| attributeE source domain2 £ transferA|7|= module

- BARS : Feature statics7} & & 2t pixelZ 4 E{SH= module

P
Adapt
STDA model | indirectly
. —
MTDA model
Ty —> —

STDA model

Existing MTDA method

AR CH e
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Multi-Target Domain Adaptation

« ADAS

- MTDT-Net: Multi-Target Domain Transfer Network
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

= = = = Target Domain T

|
v !
>y ®c5e/z.—', > Ll-@.
G
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5 A¥dkn P
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Source2} target features=
generatorOf| & 1FA| 7
reconstructed imageS ‘4o

>Fs

o ...._‘FTk_ -

EncoderZ &3HA{ Source2}
target images2| features ==

Lyee = El(ISJIfS) +£1(ISIE) + Z‘Cl(IﬂcI%k)
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Multi-Target Domain Adaptation

« ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Reconstructed images2} original images2)
L1 lossE S3dH generator®| M2 =¢

N
Lyee = El(ISJIfS) +£1(ISIE) + Z‘cl(IﬂcIiﬂ)

k=1
R AW HED
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Source images2| ‘ Fpy == Domain fet:tu:ie statistics
style feature == extraction

' ' source2| style feature =
o7,
% * L 2 Target9| style feature =

Ys Ys-% transfer
— ik — - z
SE S ST

=
| |
v I_,g:é{_l
> ¥ ® cs Q ﬁ i —
I
“’Ts_.g'k G
Ys
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Multi-Target Domain Adaptation

¥s Bs

o ADAS Zf;—» TADRlsBlock
. . TTAD ResBlock F + — —
- MTDT-Net: Multi-Target Domain Transfer Network :““;Jf‘m,, I T |/ f
L )
Foo—e Domain feature statistics # I {—.é;_.é;—.
T extraction e | | L

|
|
|

DST
Source style featureE target style feature = transfer
% 72| TAD ResBlock (Conv, TAD, ReLU Z8hHe 2 114

TAD
Target2| meand} variance= FC layerE &1FA|7q scaledt
bias2 £ AFE-SH normalized input=2 modulateA| Z)



Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Foo—e Domain feature statistics
The extraction

On ¥ ¥Hg

—> —>
BS—».'I‘k

v v F!
I PY@Cseﬁ{‘l_’s_ll:

I “’Ts_.g'k - G

Ys
GT label2 1x1 conv layerOf|
S 1Al 7 content feature C; &

Content feature= source feature,
transferred style feature2t &35} 0]
22} FY, Fs_r, feature &S0
reconstructed image 24
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Domain feature statistics
3":,- - -

k extraction
Oy YHg
@) Vs @) Ys-7;
B 6| "7
SE > DST ARk
I
|- I
|
v g:é{ J
>y ®C; @65 '—l_@?ﬁ
. - »Fsz = G I
Ys Reconstructed images2} original
images2| L1 lossS =i
generator?| 85 =Y

Lyee = E].(ISS IIS) + ‘C’l(ISIg) + Z ‘Cl(IﬂcI%k)
k=1
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

Eg = Lyee + ﬁpe'r' + Loav + ﬁg

cls
N
Lree = L1(Is, I5) + L1(Is, I8) + > L1(I7. 1)
k=1
;= Reconstructed image”| original2t L1 loss&t X}O|7} Q& oh&
N
Lt = Y (Ery, 08 Daa(I7)] + iy, [1 — log Daa(Is 7))
k=1

Sk
=

:'+ Reconstructed transferred image 7} target image@t T+2 0| QtE|[AH M HE[ =& 9

hr
LY =— Z trlog Doys(Is—.)
k=1

;= Reconstructed transferred image”| target class labeldt & X|St e =

J"\r
Eper = Z Z ||H{ISJ - PE{IS—ka}”g

k=11IeL

;' Perceptual network2| hidden layerOi| A source image2} transferred image2| feature
space?t XtO| & =0 sourcel| HEIM QI X E FX|SIE=E ot5

F

|oF
f>
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Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

~ Adversarial discriminator2t domain classifier 2 743 =l multi-head discriminator At-&
;= Adversarial discriminator : image”f real ® X| fake @1 X| &

:'+ Domain classifier : Input images2| domainO| 01 domain0i| Sl & St=X| prediction

AW CHE-D

SOGANG UNIVERSITY 32

VDS

LAB



Multi-Target Domain Adaptation

» ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

£D — _Eadv + [-‘-,-3,1[5

N

Lodv = Z (EIT}__ [lug Dadv{fﬁ- }] +EI3_}-rk [1 — log Dudv{IS—>Tk j-l]
k=1

;= Reconstructed transferred image2} target imageE & TSI =

hr
SES = — Z tr 103‘ Dcis [IT;;)

k=1

1%
>

;= Target dataset2| target class label S & TRSIE =
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Multi-Target Domain Adaptation

« ADAS
- MTDT-Net: Multi-Target Domain Transfer Network

~ Multi-target domain transfer 21}

Source

Target (GTAS)

(Real-world)

Cityscapes

IDD

Mapillary
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Multi-Target Domain Adaptation

« ADAS
- BARS: Bi-directional Adaptive Region Selection

— — — Transferred Domain 5 — T

Target Domain T

Rol pooling &

Moving average

- Ambiguous = noisy label region model performance= X[ 2t

- ol A0 CHSHA] filtering 2 =SSO H 2t criterions YA E

R 4475 TH 8k VDS
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Multi-Target Domain Adaptation

« ADAS
- BARS: Bi-directional Adaptive Region Selection

— — — Transferred Domain 5 — T
Target Domain Ty

.
YBARS

§=Tj,

—— —

TargetJ_r transferred domain2| feature
y map= SOl Al 2 classOil CHSH centroid

featureS ==

_____ Q — ——

N,
{ A;k ,,k 2
. .
5—»Tk

Rol pooling &

IS-—T;( _r 7 Mot mg‘ average /
65—7Tk

7 BARS
Yo

Cr = o 2D LVs) = ) Fsm i)

G, = 3 Y 17 in9) = i),
(|
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Multi-Target Domain Adaptation

« ADAS
- BARS: Bi-directional Adaptive Region Selection

|
— — — Transferred Dotr.u'n 5Ty
k

Target Domain

BARS
YS =T},

Feature@t 7H& 712 centroid &
ZHOFL) Of label} CHE A filtering

pooling &

[

|

| JT e
| |

|

|

Mofing average
[ Y

?j?ARS
. . Ys(i,j)  ifésomi(inf) = Ys(isj)
. .o . .. BARS s\t S—Tilt: ] s J
¢s— (i, J) = argmin || Fs_ 7 (4, 7) — C5 ]2 Yiq (i) = {(D otherwise
C
‘ T ' 0 otherwise
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Multi-Target Domain Adaptation

« ADAS
- BARS: Bi-directional Adaptive Region Selection

— — — Transferred Domain 5 — T

Target Domain T

‘ BARS|
Yslg,

‘B{ARJ

-BARS TBARS)
II}J{H (ﬁTask (Is—7, Ysigy ) + Lrask (I, }Tk )
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Multi-Target Domain Adaptation

« ADAS

- Experiments

Method Target flat constr. object nature sky human vehicle| mloU | Avg.
C 939 802 262 790 805 525 780 70.0
ADVENT 5] I 91.8 545 144 768 903 475 783 64.8 674
C 945 82.0 237 801 84.0 510 776 704
R I | 914 566 132 713 914 514 799 | 659 | O82
C 95.1 826 398 846 812 63.6 80.7 754
Ours 71.2
| 905 63.0 222 737 879 543 769 66.9
C 93.1 805 240 779 81.0 525 750 69.1
ADVENT[57] M 90.0 713 31.1 73.0 92,6 46.6 76.6 68.7 68.9
C 95.0 81.6 236 80.1 83.6 537 798 71.1
GG M MIKTIH M | 96 733 310 753 945 522 798 708 | 7
Ours C 964 835 351 838 849 623 813 75.3 73.9
M 88.6 737 410 754 934 585 772 72.6
C 936 80.6 264 781 815 519 764 69.8
ADVENT [55] I 92.0 546 157 772 905 508 786 65.6 67.8
M 89.2 724 324 730 927 416 749 68.0
C 94.6 80.7 238 790 845 510 792 704
G —=C, I, M| MTKT [45] I 917 556 145 780 926 498 794 65.9 69.1
M 90.5 737 325 755 943 512 80.2 71.1
C 95.8 824 383 824 850 60.5 80.2 74.9
Ours | 809 527 250 781 921 510 779 66.7 71.3
M 802 715 452 758 923 561 754 72.2

Table 1. Quantitative comparison between our method and state-of-the-art methods on GTAS (G) to Cityscapes (C), IDD (I), and Mapilary
(M) with 7 classes setting. Bold: Best score among all the methods.
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