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Introduction

* What 1s domain adaptation?

- Domain: inputO| neural network& & 100 & O] X|= feature= Ol
projectiont|= SY/E 2L

- RIS .

GTAV dataset GTAV pre-trained .’
(source dataset) (source domain pre-trained) 4
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Introduction

* What 1s domain adaptation?

- Gtav dataset2 = pretrained & decision boundary /| 20X &

- Domain adaptation: source domain2 = &t El HE |37} target
domainO| M E S BSIA AFR 7ISSE & atSA|7| = dhd
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Introduction

* What 1s domain adaptation?

- Gap minimization

Domain distribution alignment
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Introduction

* What 1s domain adaptation?

« Pseudo-labeling

Pseudo-labeling 7|2t self-training method
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Ganin, Yaroslav, et al. "Domain-adversarial training of neural networks.*(The journal of machine learning research, 2016)

Introduction
* Domain-Adversarial Neural Networks (DANN)

- Feature extractor
- Label predictor -> loss minimize
- e =H0| &= taskE &5 0t= network
- Domain classifier -> gradient reversal layer -> multiplying negative constant
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Tsai, Yi-Hsuan, et al. "Learning to adapt structured output space for semantic segmentation.“(CVPR, 2018)

Gap minimization based

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

- Motivation

-Raw image= 2} & 2| 22 networkE & 112 segmentation output? 0| = domain gapO|

HE0= A

Large gap in appearance
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Tsai, Yi-Hsuan, et al. "Learning to adapt structured output space for semantic segmentation.“(CVPR, 2018)

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

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank
- Adversarial adaptation2| £H
~Image?2| globalot Y= THZ 2-&5H s 0|0 X|0Of| CH S binary classification
2:ClassB 2 DHEX] 7| 20 == B4
-Domain discriminator network7} =7t 2 2 ALE E| 7| 2 0f| & 0] Of
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Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

- Bootstrap your own latent: A new approach to self-supervised Learning
- Motivation

;': Random initialization + freeze = network A0 linear evaluation protocol 2 ‘35 E 7}
vTopl Acc. 1.4 %

labeled

Linear Layer Datmt
Random Init Training with

+ Freeze

D % =) Top 1 Acc. 1.4%
»
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Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

- Bootstrap your own latent: A new approach to self-supervised Learning
- Motivation
;' Unlabeled dataset= step22| IHH 2 Sl &2 prediction= 7FX| 11 network B 2H&

vTop 1 Acc 18.8%

Unlabeled Random Init Predictions

=0 - - [+ X "'

labeled
Linear Layer Datas@t

Random Init Training with
+ Freeze

- % m=)  Top 1Acc. 18.8%
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Grill, Jean-Bastien, et al. "Bootstrap your own latent-a new approach to self-supervised learning.*(NeurIPS, 2020)

Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

- Bootstrap your own latent: A new approach to self-supervised Learning

Online network
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Alonso, Inigo, et al. "Semi-supervised semantic segmentation with pixel-level contrastive learning from a class-wise memory bank." (ICCV, 2021)

Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

- Teacher network

- Classification network O| M 2| feature map(V’)0l| projections MESl| 2’2 Y=
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Alonso, Inigo, et al. "Semi-supervised semantic segmentation with pixel-level contrastive learning from a class-wise memory bank." (ICCV, 2021)

Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

» Teacher network
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Alonso, Inigo, et al. "Semi-supervised semantic segmentation with pixel-level contrastive learning from a class-wise memory bank." (ICCV, 2021)

Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

» Student network

- Classification network O| % Q| feature map0i| projection= 25l zE ¥ =
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Alonso, Inigo, et al. "Semi-supervised semantic segmentation with pixel-level contrastive learning from a class-wise memory bank." (ICCV, 2021)

Gap minimization based

« Semi-Supervised Semantic Segmentation with Pixel-Level Contrastive Learning
from a Class-wise Memory Bank

- Loss computation

- Weight factor « attention score2| H| &, C class& A|L|= HA ==
~(1- cosine similarity)& ZX|A2|5l= WO 2 st
T HE 7L €S 82 cosine similarity =1
Wp = e (pe), s I
| Ep. p, Se o(pi) “ _ = R m -
D(pe, z,) wprwz;_(] C(pe. 21)) e — \ / T —
Class N
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Zou, Yang, et al. "Unsupervised domain adaptation for semantic segmentation via class-balanced self-training.“(ECCV, 2018)

Pseudo-labeling based

« Unsupervised Domain Adaptation for Semantic Segmentation via Class-

2

Balanced Self-Training
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Zou, Yang, et al. "Unsupervised domain adaptation for semantic segmentation via class-balanced self-training.“(ECCV, 2018)

Pseudo-labeling based

« Unsupervised Domain Adaptation for Semantic Segmentation via Class-
Balanced Self-Training

= Class imbalance

- Source 2} target domain?t FAISt class= 2f confidence/t = LIEFE

2 0| 2 SF AF=HO| Al 2= classOf|

22 A Ol thresholdE & A target domain 0| A

EH classS 0 S50 ALS R 2H| 7 A
s:class HE CHE thresholdE M ET 2N ST X E Sl 2
vClass2 pixel= 2| confidenceS —L{E% =2 HE T Yot H[E2
confidenceE T2 EM classE 2 L thresholdE = + U=
lthreshold
EE 0.99 0.97 0.95 0.90 0.87 0.84
HX[E 06 0.55 0.54 0.50 0.45 0.40
XHSAE  0.87 0.85 0.81 0.77 0.72 0.68
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Pseudo-labeling based

ProDA
- Pseudo-label 2| =X| &
- K|t pseudo label2| H2EE T7| O|H =
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Formula to rectify noisy pseudo-label
-7 &2 classE O|F £ feature S 7HHO0[0f| 20 /IS A
-+ O SILLO| feature= B A =2 A 7HE 7172 A0 S A
s 22 classE TS pseudo-label= 2| A prototype=

'+ Class 2| prototypet A 2|7} 7H7t2 feature S SH T classOl =
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() Source domain, class A () Source domain, class B + Pseudo label of class A
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Formula to rectify noisy pseudo-label

- Prototype computation

- Target domain imageOf| A| k class 2 pseudo labeling k| = feature= 2| Hot 4k

{HRM ZHO| pseudo-label O] k SN AL M T feature2| 4k

/

iHRY E A Ol pseudo-labelO| k 22 Y AR > 1
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Formula to rectify noisy pseudo-label

- Weight calculate

;': Initial prediction x weight2| hard pseudo-labeling= pseudo-label = X|°H

:': Weight= prototyped feature vector2| HZ| 2 A|4F

Initial prediction

A(ak) = £(w (z}k))
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Structure learning by enforcing consistency

- &M 2 feature vectors = AR S 7H0| mapping =

-batch size THE 2| feature= 0| &4 A= 20| compactet 8= 7HEICHD
o=
~Otok ofgjol O 2t ZHo| [0 QICHH @3]2 50| WA £= 92

ot

aalie

Target domain, class A Target domain, class B
[ Prototype of class A A Prototype of class B
Decision boundary

Prototype & A| S2[H = F&
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Structure learning by enforcing consistency
- %A LE2 weightE T6t= A 0| A augmentation term =7}

-TE soft augmentation, 7' = strong augmentationO| 2t & [Ilf prototypet2| H 2|7}
otz et 0| LtEtH

- Soft augmentation| strong augmentation 7t2| KL divergenceE & Y2 EM
feature= O| | compact Sff &

k) _ exp(— || f(T (x:) @ —n®| /7) Soft augment
T exp(= (T ()@ — )| /7)

(k) strong augment

T
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- degeneration issue
M EHEZ M EZA| B classOf| 2= feature=0| =017t LIH X|7F 00| H Z[ X 3}
g= c1| 0| : HF2HEISH Ar2H0| OfL| B 2 regularization term 7 2 Q

HxW K
'reg Z E , log pt
=1 gj=1
I N N T
0.05 0.05 -3.6989
0.25 0.25 0.25 0.25 -2.4082
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.“(CVPR, 2021)
Wang, Yisen, et al. "Symmetric cross entropy for robust learning with noisy labels.“(ICCV, 2019)

Pseudo-labeling based

* ProDA

- symmetric cross-entropy (SCE) loss
-q = q(k|x) : ground truth distribution, p = p(k|x) : prediction distribution

- Pseudo-labeling 7| ¥t domain adaptation O A| = pseudo-label O| noisyot”| W-=0| q(k|x)
7} ground truth distributionO| O} '

- Prediction?! p(k|x) ESt true distributiong &8 F&
OtHIS

- [t 2FA] noisy @t 2t A Of| A= cross entropy 7t &

~

- Total loss = source domain CE + target domain SCE + KL(structure learning) +

regularization

gzce = alee (pta @t) + Olee (gt:pt) Ciotal = gie T Egce + f}/lgijl + 7265‘89'
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

= Distillation
-2 M LEZ total loss2 Stg 2 St E REHE 22 722, self-supervised
pretrained =l student model £ distillation

- Student model 2| target imagesOl| CHet prediction2f teacher model2| prediction2| KL

divergence minimization
- Teacher modelOf| A 248 El pseudo-label &(p,)2 student model prediction p, T2 cross

entropy loss & &
-OFX| 22 2 source domainOf| = A% d5& 7AISH |28 s T
A0 d5= =S E0H=E

- A MEA|= distillationS 02 H &

EKD — Eie(psa ys) + gze(p:ﬁra g(pt)) + /BKL(pthI)ﬁ
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Experiments

-7|&= self-training IR PSES pseudo-labelo| stage OCH YO O] E
(<)

- Tfab M50 AEHA O 2 ASBLX| B ProDAO A= Bt L) E[0|E5| B2 450
shg B ASoIH HAHOR &3

-pro = LHE 22 M pseudo-labelO| 27| predictionOf| A| 2 A HO{LEX| REA 17

o
. D EESHA| 0| E £ HAM trivial solutionS LHEX| &AH =

¢ . . = — . . . o L
-+ pp = reweightingOt= A 2 L}, prototypical reweightingO| 5%/t O =2 d&
PR WiPt,0
74 ours 54 80| g e "
ours e NP w
=) = 45 l-;,w---—--f-----ht ........................... AN p-t,( e
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® 62 =) self-training 535 N\ Pro
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S 56 |—' o 3 . £lwr)
= =S 42 25 AR Elwip)
>0 38 20 TV 7 /\‘\ &(pipeo)
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Zhang, Pan, et al. "Prototypical pseudo label denoising and target structure learning for domain adaptive semantic segmentation.(CVPR, 2021)

Pseudo-labeling based

* ProDA

- Experiments

components mloU gain
initialization source 366
warm up 416 +5.0
S.{:l.f sce protot?q?lcal struc:tvure mloU gain
training denoising learning
v 452 +8.6
stage 1 v v 45.6 +9.0
v v v 523 +15.7
v v v 476 +11.0
v v v v 537 +17.1
:‘;el't st.ag.e 1 sup'erj.flsed Self-Sl.'lp.ttl"\-’ISEd mioU gain
distill.  init. init. init.
stage 2 v 55.8 +19.2
v v 563 +19.7
v v 55.7 +19.1
v v 56.9 +20.3
stage3 |V v 575 +20.9
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Conclusion

jingzhengli opened this issue on 27 Apr 2021 - 1 comment

jingzhengli commented on 27 Apr 2021 © -

© &

panzhang0212 commented on 28 Apr 2021 Collaborator = (@) -+

| think there is still a large gap with full supervised learning.

1. recent self-supervised learning could get comparable results with supervised learning, why UDA is still worse than full
supervised learning.

2. ProDA follows self-training. Another solution for UDA is gap minimization, which is more general and needs more works to
improve.
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