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Background

« Domain Adaptation
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« Domain Adaptation
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Background

« Domain Adaptation

- Adversarial training
- Target task(classification) 2| G2 & St &

- Sample2] feature representationO| source domainOf| Al 2= X| target domainOf| Al tEX| &
T 25} A domain discriminators 2 3lshe BIeFO 2 ot

Xl
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Feature Extractor, G; Classifier, Gy

4
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C) Gradient reversal layer (@backprop)
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Background

 Learning to Adapt Structured Output Space for Semantic Segmentation
(AdaptSegNet)

- Motivation

- Raw image =1t 22| 22 networkE S 18t segmentation outputZt0fl = domain gapO| &

Large gap in appearance
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Smaller gap in
Spatial layout
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Background

« Learning to Adapt Structured Output Space for Semantic Segmentation
(AdaptSegNet)
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Background

« Contrastive learning

- Motivation
- & = EF feature 24 =2 instance 2| FALE HEE 7HX| 11 Q2 ZA0|2t= 7+

input image classification responses
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Background

« Contrastive learning(SimCLR)

- Training 1H8

- LabelO| i+ T M| whole training corpusOl Al 27| 7F N(Ot 2l Ol A|Of| A 2)2] ba
StO] batch2| 2t O|O| X[ of CH3H 274 2| O] O X| 4= &

- Data augmentation=

Whole Training Corpus
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Background

« Contrastive learning(SimCLR)
- Training 2t8
- ztztol o|O|X| 7} Y EQ A E E 18N feature embedding z2 25
- Feature embedding z Z+2] similarityS Al At
2: @2 O|O|X|O| A Li= O] 0| X| Zt similarity 7} &= Al LHEtHE

. Xi Xj
Calculated Embeddings G iiavit( )

== COSine (z.
= similarity
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Zq Pairwise cosine similarity
Z
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Images Z3
o] 14
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Background

« Contrastive learning(SimCLR)
- Training 2t8

_ SimilarityZ loss2 7H & © 2 M positive pair 2H0i|=
similarity7} ZHOFX| = HisF 0 2 SH& 0| X1

(| () =-
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation
- Motivation

- adversarial training= S o+ feature alignment= target domainOi| A class & = & 2| &0 Of
otCt= A5 1 243HA] @4 = adaptation & &

- Class 72| H 2 E 112{5}7| 2|5l contrastive learning & &= = &

Source Domain @ A Repel «—— Attract — Target Domain © A
Prototypes - X  Anchor Feature A Decision Boundary —__ /

A A

without Inter-class modeling with Inter-class modeling

(a) (b)
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation
- Prototypical contrast adaptation
- Prototypes initialization

'« 2= source domainOf| M h5 &S TIH oF = class-aware prototypes= Al 4t

ot

cross-entro
upsample Py

prototypical contrast adaptatlm
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Prototypical contrast adaptation
- Contrast adaptation

;' Target domain feature= 0| 252+ 2| source domainO| Al & O &l prototypel} contrastive

learning= 2~ &t

Cross-entro
upsample Py

4

source road

—

‘r,fo groun -truth
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] _.“" prototypical contrast adaptation )
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation
- Prototypical contrast adaptation
- Contrast adaptation

:- Source domain data®f| CHSH A = O] 2F Z-2 lossE X235+ source domain 7H2] intra
class variations 72 =t&E
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Prototypes Updating
- Strict statistical mean= &-&73}0 M2 S0/ 2= H|O|H 0 L5t X[£E 2 2 prototype
updateS ZI&H

- Target domain2| M & E &-83}7| |5l target domainOf| A prototype= A4t $F 2 prototype
ZF convex combination2 £ update S 71 H
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Label space adaptation

- &M 1 Sfeature level | A &2 TSI 2, 0|0 FIHE & =F0f| A= label
spacei| A S AHEH S Z0[ T
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ground-t -
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Class-wise adaptive Pseudo-Label Thresholds
- Source®t target domain?Zt ALt classE Bt confidence”} = A| LIEFE

;2 O] 23t A0 M 2 E classH Y2 QI thresholdS X -& Al target domainO| Al £E7 class= 2t &t &0
AL &= X 7F 2

s class 2 CHE thresholdE HEEEMN ol EXHE i 4
v Class'# pixel=2| confidenceS &2 =22 M H & 5 YUt H| 2| confidenceS FEH2 Z M

class® £ CtZ thresholdE @2 = AUS

N. H W
vt

=2 > > Wi =d,
n=11i=1 j=1
threshold

(== 0.99 0.97 0.95 0.90 0.87 0.84
HX|IZE 06 0.55 0.54 0.50 0.45 0.40
AFsXAE 087 0.85 0.81 0.77 0.72 0.68
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Experiments

road sidewalk = building wall | fence vegetation unlabled
sky person rider train motocycle bike

Source Only s — s t — s mloU

v 37.3
v v 44.9
v v 468
v v v 488

(a) Target image (b) Ground truth (c) Source Only (d) FADA (e) Ours
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Experiments
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Multi-scale testing

- 012 scaleOf| A{ testing= T3 = testing Z21t= ensemble® 3l M= &0|= ChestHA Z1H5 0
71 EH

x15 |

Ensemble

HE

90° 3|
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Domain adaptation by contrastive learning

* Prototypical Contrast Adaptation for Domain Adaptive Semantic Segmentation

- Multi-scale testing

- 0 2{ scaleOl| M testing= =!8 = testing Z1HE ensemble= Sl d&
7|8

o

=0|= EdtBEAM 2oty 2l

def multi_scale_inference(feature_extractor, classifier, image, labelf scales=[0.7,1.9,1.3], flip=True):

output = None

size = image.shape[-2:]
for s in scales:
X = F.interpolate(image, size=(int(size[@]*s), int(size[l]*s)), mode='bilinear', align_corners=True)
pred = inference(feature_extractor, classifier, x, label, flip=False)
if output is None:
output = pred
else:
output = output + pred
if flip:
x_flip = torch.flip(x, [3])
pred = inference(feature_extractor, classifier, x_flip, label, flip=False)
output = output + pred.flip(3)
if flip:
return output/len(scales)/2

return output/len(scales)
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation
- Motivation

- 7| Z29] confidence 7|2t pseudo labeling= 7 X| ™ target domainO| A{ labelO| sparse StEH=
EXo| 98
=1 O

Ny =]

22 27| BEEZ fitting St=H[0f] RLO| AFE &= sampleO| B O X[E =2 R =5t 0| = 0| &
- Contrastive learning= & A| compact®t feature 7142 X|L| ™A discriminative 5 2 & 72
Source Label °
cQ® LA
%’ 3 ‘ @ A :Source pixels
.:I' ? @ . A :Source prototypes
Label R X
‘ransfer NN, oA @ A :Target pixels
Target Label 3 A ‘?
A P :Target prot es
o X LA Q A get prototyp
. _ % ‘ 1 . Cross-domain pixel-
" prototypes correspondence
oy A

Bi-directional Contrastive Learning
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation
- Bi-directional contrastive learning

- FCL: source2| class'@ prototypeOil Ci o} target feature 2| contrastive learning 2! 3

- BCL: target2| class'Z prototypedil CHSF source feature2| contrastive learning T

-FCL= S0l target feature’| source2| 5§45, BCL= &S0l source feature/ target2| S-8=
2O Bl=HtA O 2 Sh&0| RISHE|HA gap% =0[A =

STTor— o©

Bi-directional contrastive learning (Sec 3.2)

Feature |
o5 [ o)

Z fs(p)ys(p, c) (c) = Z fr(p)yr(p,c)
>, us(ps c) e >, ur(p,c)

] B ps(c) =

=y

Shared

weights yr(p. ) o P‘CP( (fr(p), p ()}/T)
/* 4‘& ZZ i)l ® . exp (s(fr (@), ps(c))/7)

————fe

FCL

Feature‘] I
extractor
T _.[ J yr . exp (S(fS(p)! PT(C)}:'/T)

EBC’ = — Z Z ys{jﬂ'e C) lo exp (‘g(fs(p), ﬂT(P))/‘T)

: Contrastive learning  MAP: masked average pooling c p Zt?
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation

- Dynamic pseudo labeling

- Pseudo label update: 7| = prototype= A{ 2 =02 0| O|E{2| prototypelt EMA EL|O|EE S3lf Al
OoIE

B

- Class-wise domain bias: Source, target domain2| class& prototype 7t 7 2|

- Calibrated prototypes: S &5 iterationOfl 012 input image= 2| prototypeOi| class-wise domain biasE G &t

Dynamic pseudo labels (Sec 3.3)

%o ps(c) < Aps(c) + (1 — A)ps(e),
.-& Cla Wise - . .
d o Ca"::ﬁon -@0‘: . pr(c) <= Apr(c) + (1 = A)pr(e),
A (;\assW\&e &)‘A
* "l_-'.-_ton
A ca‘bﬁ‘)) g €(p) — ,M-T(C) — ,ug(n)?
v
¥
yr |¢ D yr ps—t(c) = ps(e) +&(c).
Label fusion
R SHY NS VDS
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation
- Dynamic pseudo labeling

- 7| &2] source domain0i| overfittingEl classifiers S ¥ 0Tl prediction2 &-&5t= label2t = 2| dynamic
pseudo label2 calibrate®l source prototyped target feature2| similarityS &

S5l labelingO| 718l Z!
- 0| & &3l domain?t2| correspondence?t & 2FAHEl labelingO| 7Hs S22 domain adaptationOf| Cf X[ & 5}
Dynamic pseudo labels (Sec 3.3)
) ®e 5
e Ow. Iass WISe ® o .p '
o ni-#08 ey < [1 @) pon(@) > Tand e = o
' ' 0, otherwise
A Class-Wise_ *‘AAAA
"l‘c;:;mmn
)y 4 a
/
v ¢ = argmax(s(fr(p)), ps-r(c))).
[
YD
yr s wr
Label fusion
R ST
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation

- Hybrid pseudo labels

YF : Static

- Dynamic label= 7|= pseudo labeld| H|3H domainZt correspondence?t %= 2 ™ A{ dense®t label

- B 7|

- S label2| O|HE2 25

YD : Dynamic

Yt : Hybrid

Static label

) | Dynamic label 1

Ground truth

-

| Dynamic label 2 | |

Hybrid label 1

Hybrid label 2 |

R sl yd R nl
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Z pseudo label2 dynamic label Ol H|SH T reliable®t label
F| k7| I3H hybrid pseudo label S &t
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Sourcs label 1 yr(p.c) =S yr(p,c), ifyp(p,¢) =0 for ¢ € C, and yp(p,c) =1
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation

« Experiments

(a) w/o cal. (b) w/ cal. (c) GT labels. Pseudo labels Density(%) Accuracy(%)
Static [55] 20.1 98.5
Dyn. (w/o cal.) 22.2 98.6
( Dyn. (w/ cal.) 34.3 98.6
Hybrid 42.3 98.8
30k iteration 60k iteration )L 30k iteration 60k iteration )
(a) Using ps. (b) Using ps.
R 8178 TH 8n. VDS
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Domain adaptation by contrastive learning

« Bi-directional Contrastive Learning for Domain Adaptive Semantic Segmentation

- Experiments

r Lo P +un +un Source dataset
base BFCSBC (4o cal.) (w/ cal.) GTAS SYNTHIA
v 105 151
v 51.2 18.8
v 53.5 51.3
v v 55.3 53.5
v 57.1 55.6

A : |
\() 'E; g cw
(a) Baseline. (b) Ours. (a) Target images. Olll baseline. (c) Our model. (d) GT labels.
R 517 & VDS
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Conclusion

SemiSegContrast Semi-Supervised Semantic Segmentation with Pixel-
1 (DeeplLab v3+ with ResNet-50 backbone, 64.9% Level Contrastive Learning from a Class-wise [»] 3 2021
MSCOCO pretrained) Memory Bank
SesSDE
> MITL decoder with ResNer 101 | Net 62.09% TTTEE WVays 10 THTOVE SEIMaTme SegInentauon witn o 5 2020
A 5
! ccodermithReste - mesene Self-Supervised Depth Estimation
TrEtrEiTETTT T
ReCo Bootstrapping Semantic Segmentation with Regional
3 (DeeplLab v3+ with ResNet-101 backbone, 60.28% pemng d g (v} 2 2021
Contrast
ImageNet pretrained)
SemiSegContrast Semi-Supervised Semantic Segmentation with Pixel-
4 (Deeplab v2 with ResNet-101 backbone, 59.4% Level Contrastive Learning from a Class-wise [w] 3] 2021
MSCOCO pretrained) Memory Bank
GIST and RIST
an The GIST and RIST of Ilterative Self-Training for Semi-
5 (DeepLabv2 with ResNet101, MSCOCO pre- 58.70% 3] 2021

2

trained)
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Supervised Segmentation

Rank Model mloU4 Training Paper Code Result Year Tags &
Data
MIC: Masked Image Consistency for Context-
A X X . 2022
! Mic 759 Enhanced Domain Adaptation Q e -
PiPa: Pixel- and Patch-wise Self-supervised
2 HRDA + PiPa 75.6 X Learning for Domain Adaptative Semantic lw] 5] 2022 -
Segmentation
CLUDA : Contrastive Learning in Unsupervised
s X . . : 2022 Transf
3 CLUDA+HRDA 744 Domain Adaptation for Semantic Segmentation Q e
HRDA: Context-Aware High-Resolution Domain-
. X . 2022
4 HRDA 738 Adaptive Semantic Segmentation Q e -
PiPa: Pixel- and Patch-wise Self-supervised
5  DAFormer + PiPa 717 X Learning for Domain Adaptative Semantic (v} o] 2022 -
Segmentation
SePiCo: Semantic-Guided Pixel Contrast for Domain
6 SePiCo 703 % O @ 2022

Adaptive Semantic Segmentation
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