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Domain adaptation (DA)
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TARGET DOMAIN
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Leveraging labeled source domain, to learn a model for the target domain.
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Example scenarios

Recognition Detection Segmentation

Control Visual localization
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2. Domain adaptation in Deep Learning Era
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How to exploit deep models?

Shallow methods using deep features
> use the deep model as feature extractor
> apply any shallow DA method using these features

Using fine-tuned deep architectures
> fine-tune the deep model on the source
> apply the fine-tuned model on the target

Shallow methods using fine-tuned deep features
> fine-tune the deep model on the source
> use the fine-tuned model as feature extractor
> apply any shallow DA method using these features

Deep DA models
» specific deep architectures tailored for domain adaptation
> often initialized with a deep model fine-tuned on the source

@2020 NAVER LABS. All rights reserved.



Classical Shallow DA Methods

Source set Source features Source classifiers

Target set Target features Domain Alignment
> Any pre-computed (vectorial) image representation
> Classifier: e.g. SVM, KNN or MLP
> Domain alignment: e.g. by minimizing the distribution mismatch
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Shallow methods with deep features

Deep features are more abstract, already decreases the domain bias.
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Pre-trained image classification models

> Activations layers of the deep CNN model, Donuahe*@IicML 14.
Deep image representations learning
> Trained with ranking or contrastive losses

@2020 NAVER LABS. All rights reserved.



Fine-tuning the model on the source

ImageNet Pre-trained model 1000 LandMarkDA
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N, Drawings
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(using google
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Fine-tuning the model on the source

LandMarkDA - GNet

95

85
E 75 —
% 55 ./.-—_'/.’._—.\
o 55 =
< 45
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—B—Ph->Dr  47.8 527 553 624 663 687 6L1
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—4=Dr>Pt 663 748 744 795 79.9 80.9 847

» Fine-tuning deeper is better than finetuning only the last layers
» How deep we need to fine-tune the model depends on the domain gap
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Deep versus Shallow models

Source set Source features Source dlassifiers Source set Source model Source classifiers

5

Target set Target features Domain Alignment Target set Target model Domain Alignment

Shallow models:

> acts on pre-extracted (deep)
image representations

> learns independently or jointly the
latent space and the classifiers

Deep models:
> acts directly on the images

> learns image representation, domain
bias and the classifier all end-to-end
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Deep DA model versus deep features

DeepCORAL vs CORAL, Sunt@TASK-CV’'16
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» Shallow model improves little over directly using deep feature.
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Deep DA model versus deep features

Discrepancy-based deep vs shallow networks, Csurkat@TASK-CV'17

LandMarkDA-GNet
5 80
5 70
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< 60

50
Ph->Pt Ph->Dr Pt->Ph Pt->Dr Dr->Ph Dr->Pt Avg
== NA 59.5 47.8 81.9 60.8 76.6 66.3 65.5
~—o-—SDAN 69.6 60.3 88.5 68.6 88.3 70.1 74.2
—=—FT 79.7 68.7 94.7 80.3 91.3 80.9 82.6
FT +SDAN 81.3 77.4 95.3 87.8 92.7 85.2 86.6
== DDAN 85.2 83.5 95.9 91.2 934 87.7 89.5

> Fine-tuning the deep model on the source outperforms the shallow model.
> Shallow with fine-tuned deep features is close to deep model (the best).
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To summarize

Shallow models with deep features

>
>

simple and low cost solutions
same architecture can be applied to any vectorial representation

Tailored deep DA models

| 4
| 4

can adjust the feature representation to the problem
if appropriately trained they often outperform the shallow methods

Shallow methods using fine-tuned deep features

>

| 4
| 4
>

combines the strength of deep learning and domain adaptation
fine-tuning can be done in advance, before seeing the target
no need for new complex architecture

close to results obtained with the adapted DA model
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3. Deep Domain Adaptation Methods
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Discriminative models

ge T

classification
loss

Py
Source Data
discrepancy

Target Data

> Siamese network, one source and one target stream
® Both stream initialised with the pretrained-model on the source
» Classification (cross-entropy) loss on the source

»> Domain alignment:
® minimizing the distribution discrepancy
® adversarial domain confusion
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Minimizing feature distribution discrepancy

> Kernelized MMD loss, DAN (Longt@IcML'15)

MMD(S, T) = 1 | E(6(M)) — E($(M))]l2
where ¢ is a kernel projection and E(X) = |17| > xex is the empirical expectation.

> Weighted discrepency, WDAN (YanT@CVPR’17)
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Alternative discrepancy losses

> Central Moment Discrepency, CMD (Zellinger™@ICLR’17)
CMD(S, T) = || E(Ms) — E(Mr)ll2 + 3725 15 5% I Ck(Ms) — Ci(M7)||
where Cx(X) = E((x — E(X))¥) is the k™ order sample central moment.
> Wasserstein Distance: WGRL (Shen™@AAAI'18), NWD (Balajit@iccv’'19)
WD(S, T) = supjg||, (Epg [#(Ms(x%))] — Ep, [¢(Mr(xT))])
where || - ||, is the Lipschitz semi-norm, Ps and Py are marginal distributions.
> Deep correlation alignement, DeepCORAL (Sunt@TASK-CV'16)

CORAL(S, T) = ;1||Cov(Ms)) — Cov(Mr))||2
where Cov(X) is the data covariance of X.
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Adversarial learning

Principles of GAN

Discriminator

Generator

Fake Money

Counterfeiler prints fake money. It is labelled as fake for

police training. Sometimes, the counterfeiter attempts to The palice are irained to spot real from fake maney.

fool the police by labeliing the fake money as real. ‘Sometimes, the police give feedback to the counlerfeiter
why the meney is fake.

Image: Courtesy to Richard Gall.
> Generative adversarial nets (GAN), Goodfellow™ @NIPS’14
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Domain adversarial training

MS, MT

Generator

D

Discriminator

Counterfeiter prints fake money. It is labelled as fake for The pol od | from fak

police training. Sometimes, the counterfeiter attemplts to e police are train 19 spot real from fake money.

fool the police by labelling the fake money as real (SOU rce) Sometimes, the ;K;lme give feedback to the counterfeiter
why the money is fake
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Increase domain confusion

Image: Courtesy to Judy Hoffman.

> Adversarial (GAN) loss, ADDA (Tzeng*@CVPR'17)

max {Exps(x)[log D(Ms (X))] + Exp;(x) [log(1 — D(Mr(x))]}
T/,aTX {Ex~pr(x)[log D(M7(x))]}

> Deep domain confusion, DDC (Tzeng™@ARXIV'14)
> Jensen-Shannon divergence (by GAN), GAM (Huang*@Eccv’18)
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Gradient reversal layers
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> RevGrad (Ganint@JMLR’16), MADA (Peit@AAAI'18), SimNet
(PinheroT@cVPR’18)

Jmin_ max V(D, Ms, M7) = Expg(x)[log D(Ms(X))]Ex~p;(x)[log(1 — D(Mr(x)))]

S,MT
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Experimental comparisons

Object recognition (R50) Digit recognition

—_— ——
e —— SunH_> st ='
—
——————————— SErET e '
-
0 20 40 60 80 100 0 20 40 60 80 100 120
W DCC (Tzeng+@ARXIV’'14) DADDA (Tzeng+@CVPR'17) = GAM (Huang'ECCV'18) B ADDA (Tzeng+@CVPR'17)

¥ RevGrad (Ganin+@JMIR'16)  EDeepCORAL (Sun+@TaskCV'16)

= RevGrad (Ganin+@JMIR'16) @ DeepCORAL (Sun+@TaskCV'16)
H DAN (Long+@ICML'15)

= DAN (Long+@ICML'15)

> Adversarial losses (ADDA, RevGrad, GAM) performs in general better than
feature discrepency minimization (DAN, DeepCORAL).
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Target network parameter adaptation

Pre-training on Source Domain Adaptatlon

Tesnng

Notations
|:| Trained parameters at current stage

| — Fixed parameters at current stage.

Computed values
(no trainable parameters)
—— — Source data flow
— — Target data flow

> Linear global transformations, BSW (Rozantsev™ @PAMI’'18)

rw(05,0%) = exp (||la0 + by — 0%12) —1
where a; and b are scalars learned during the training.
> Residual parameter transfer, RPT (Rozantsevt @CVPR'18)

©} — 05 = Bo ((A}#5A; +D')BY)
where A}, AL B}, DL, D’ are transformation parameters at layer /.
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Target network parameter adaptation

= | (B B9
By JED@[@ By
&8 - By B

Target Domain

f(l)

»> Domain adaptive multi-branch network, DAMNet
(Bermudez-Chacon*@ICLR’19)

x' =3 a0 (x)
where af( are the trainable activation weights of the gates.
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Experimental comparison

Object recognition (R50)

MNIST->MNIST-v e

20 40 60 80

0
CVPR'18)

LR'19) @RPT

= GAM (Huang'ECCV'18) = ADDA (Tzeng+@CVPR'17)

Digit recognition

Offceome ]

Visda'l7 ——

o

0 20 40 60 80

EIRPT (Rozantsev+@CVPR'18) & RevGrad (Ganin+@IMLR'16)

= DeepCORAL (Sun+@TaskCV'16)

> Best strategy seems to be the gated multi-branch network (DAMNet)
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Adapting the batch

AutoDial oA
«

ource cross-
Source ‘domain distibution

o 1o o]
{ =) H Entropy Loss ’ i 1 - a Tz gonan
S o
Tacost \ @ Sach Norm

¥

» Domain specific batch normalization, AutoDial (Carluccit@iccv’17), AdaBN
(Lit@PR’18), DSBN (Chang™@cVPR'19)

Batch Nuclear-norm Maximization, BNM (Cuit@CVPR’'20)
Batch Whitening, DWT (Roy*@CVPR’19)
Learning batch re-weighting with mass shift, JD-BW (BinkowskiT@Iccv’'19)

vyYyy
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Experimental compariso

Object Recognition

Vi oy -
Offest (850 _
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m MSTN+DSBN (Chang+@CVPR'19)
= MSTN (Xie+@ICML'18)

100

Object Recognition

vz on -
Offeesi(fe0 _
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= CPUA+DSBN (Chang+@CVPR'19)

=CPUA (Manders+@ArXiv'18)

100

Object Recognition

offcetome (£30) -
Offeesi (80 -

0 20 40 60 80 100

® CDAN+BNM (Cui+@CVPR'20)

= CDAN (Long+@NIPS'18)

> Adapting batch normalization for the target helps (DSBN, BNM).
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28



Transfer domain style

Paired 121 Un-paired 12|

Paired image-to-image style transfer as preprocessing

> Csurkat@TASKCV'17, Thomast@Accv’19, JacksonT@CVPR-Ws'19
Unpaired image-to-image style transfer learning

> 121 (Zhut@iccv’17), 12IAd (Murezt@CVPR’'18)
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Transfer domain style with GAN

- Lmo o
i Leano / Leane
b -———
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Single GAN

> PLDT (Yoot @ECCV’'16), PixelDA (Bousmalist@cvpPr’17), DTN
(Taigman™@ICLR’17), GenToAdapt (Sankaranarayanant@cVvPR’18)

Combine several GANs
> CoGAN (Liut@NIPs’16), UNIT (Liut@NIPs’'17), DupGAN (Hut@cCvPR’18)
Align images (CycleGAN) and image representations

» CyCADA (Hoffmant@icmL18), DRIT (Leet@Eccv’18), ContrAN
(Kang*@cVPR’19)
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Encoder-decoder based models

PﬁvzteTagelErmduE,‘,(x‘)

"~ Shared Encoder E, (X) w 4 gaga@-
758 e
'@A@H% iZZiii{

Classifier G(E.(x"))

el-o-H— [-f) e

Shared encoder-decoder

> sMDA, Chent@icmML'12, TLDA, Zhuang*@1JCAI'15
Domain specific encoding and/or decoding

> DRCN, GhifaryT@eccv’'16, DSN, Bousmalist @NIPS’16

@2020 NAVER LABS. All rights reserved.
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Experimental comparisons

Digit recognition

MNIST-> MNIST-M

S
SVNH > MNIST
e —
USPS-> MNIST
.
a0 =

20 40 60 80 100 120

o

mDSN (Bousmalis+@NIPS16)  ® DRCN (Ghifary+@ECCV'16)

B DIRT (Lee +@ECCV'16) CYCADA (Hoffman+@ICML'18)
®UNIT (Liu+@NIPS'17) ® CoGAN (Liu+@NIPS'16)
BI2IAd (Murez+@CVPR'18)

> Adversarial 12| transformation performs better than unsupervised
encoder-decoder based reconstruction (DSN, DRCN)

> Best results obtained when both the images and their representation are aligned
(121Ad, CyCADA, DRIT)
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Consistency between multiple source

STAR N (, =) SWD
sampling
Weights Sample {61 ..., 057} from S~ 1 in R4
V - Sorted Ry, p1 in B
Output _—
( lassifier] Lomear
\ Projection
N s -
Input features m,pm Sorted Ry, p2 in R
Classifier2
Training Flow

Discrepancy Region Decision Boundary

Train G, C on source inputs using classification loss
O aCan et ol D@
3 L ] >

DI
Input  Generator  Feature Classifier Prediction
Two Different Classifiers

Sample critic €, C,

F

Maximize Di

— nilylx)

— p2(ylxe)

Diversify source classifier
> MCD (Saitot@cvPR’19), ADR (Saitot@ICLR’18), SWD (LeeT@CVPR’19),

STAR (Lut@CVPR’20)
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Cyclic consistency

pseutio.
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—_— Real [ Genoraied
— Target Discriminative
Loss.

Targetlike
Source Images

labels
—_—

Targut-like
c Source
t ¥ Classification
Loss.

> Predict source from predicted target, LTR (Senert @NIPs’16)
> Predict from traget-like source image, SBADA-GAN (Russot@ARXIV'17)

@2020 NAVER LABS. All rights reserved.
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Experimental comparisons

Digit Recognition

o 20 40 60 80 100 120

B SBADA-GAN (Russo+@ArXiv'17) BICYCADA (Hoffman+@ICML'18)
SWD (Lee+@CVPR'19) BISTAR (Lu+@CVPR'20)
m MCD (Saito+@CVPR'18) = ADDA (Tzeng+@CVPR’17)

> Significant improvement over the corresponding baseline methods.
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Deep optimal transport

RWOT

I source
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l_._._! (0T) Back-propagation

Source class information guides the optimal transport
> DeepdDOT (Damodarant@Eeccv’16), RWOT (XuT@cVPR’20)
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Joint feature and score distributions

AlexNet
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> Joint distribution alignment, JAN (Long*t@IcML'17)
> Adversarial joint adaptation, JAN-A (Long™@NIPS’18)
> Conditional domain adversarial network, CDAN (Long*@NIPS’18)
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Experimental comparisons

Digit Recognition

Object recognition

1
- _
o 20 40 60 80 100 o 20 40 60 80 100 120
MRWOT (Xu+@CVPR'20)  DeeplOT (Damodaran+@ECCV'16) WRWOT (Xu+@CVPR'20) 1 DeeplOT (Damodaran+@ECCV'16)
= CDAN (Long+@NIPR'18) AN (Long+@ICCV'19)

= CDAN (Long+@NIPS'18) =JAN (Long+@ICCV'19)

= DAN (Long+@ICML'15)

= ADDA (Tzeng+@CVPR'17)

> Best overall CDAN (Long™@NIPs’18) and DeepJDOT (Damodarant@ECCV'16)
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Target score distribution entropy

Minimize the entropy of the target predictions (MinEnt)

> AutoDial (Carluccit@iccv’17), ATT (Saitot@icMmL'17), SBADA-GAN
(Russo™@ARXIV’'17), DTA (LeeT@1ccv’19), RCA (Cicek™@Iccv’19)

ST Xyee PyIXT) log p(y|xT)

Min-Entropy Consensus (MEC)
> DWT-MEC (Roy*@cVPR’19)

—3 2,7 maxyec (log p(y|x]) + log p(y|x] )
where x/ and x] are two perturbed versions of x7.

Adversarial, Min-Max Entropy (MME)
» MME (Saitot@cVPR’'19)

0F = argming_ +AH and 6 = argming, —AH
where H is the entropy, and 6¢, 6 are the parameters of the feature extractor and
classifier respectively.

@2020 NAVER LABS. All rights reserved.
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Experimental comparisons

Object recognition (SS-DA)

DomainNet (VGG)

Office-31 (VGG)

0o 10 20 30 4 50 60 70

= MME (Saito+@CVPR'19) W MinEnt (Saito+@CVPR'19)

DCDAN (Long+@NIPS'18)  ® ADR (Saito+@ICLR'18)

BRevGrad (Ganin+@IMLR'16) B S+T (NA)

Office-Home (VG€) =

80

90

Digit Recognition
MNIST -> SVHN

SVNH-> MNIST

MNIST-> USPS

————

DWT-MEC (Roy+@CVPR'19) EDWT (Roy+@CVPR'19)

W SelfEns (French+@ICLR'18) M AutoDial (Carlucci+@ICCV'17)

120

» MEC and MME seems to be better than using simply MinEnt.
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Teacher-student paradigm

(a) Mean-teacher

Yi p cross-
X; stochastic —'{ Student network - entropy oo Weighted |
i i sum 0ss
—-{ Teacher network — Squared
Zi difference
(b) Our model

Cross-
entropy

7 difference

Weighted
sum

loss

L
stochastic Student network

Teacher network

Mean-teacher of data augmented ensemble classifier
> SelfEns (French*@ICLR'18), DWT (Roy*@CVPR'19)
Refine student classifier’s decision-boundary with a teacher
> DIRT-T (Shut@ICLR'18)
Cluster alignment with a teacher
> CAT (Deng, T@iccv’'19)
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Experimental comparisons

Digit Recognition

SVNH-> MNIST

_——
=

MNIST-> USPS

60 65 70 75 80 85 90 95

EIMCD+CAT (Deng+@ICCV'19) ™ MCD (Saito+@CVPR'18)

ERevGrad+CAT (Deng+@ICCV'19) M RevGrad (Ganin+@IMLR'16)

100

Digit Recognition

Usps-> MNIST e

92 93 94 95 96 97 98 99 100
SelfEns (French+@ICLR'18) EDWT-MEC (MT) (Roy+@CVPR'19)

W MCD+CAT (Deng+@ICCV'19) M DIRT-T (Shu+@ICLR'18)

> Adding CAT improves the corresponding model baseline model.
> Mean Teacher of ensemble classifier performs the best.

@2020 NAVER LABS. All rights reserved.
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Curriculum/Self-learning

Easy-to-Hard Transfer Strategy (EHTS)
Labeled source samples Ranking
o Basy o
. (@)
IEE 13 1 | Trained
" MHEE - 1
9
9 GE9 B Source prototypes 4
Unlabeled target samples Selected pseudo-labeled samples: easy samples
EoAan Red: false-easy samples
n Purple: hard samples L0 puch Confiomce Sampes)
ofagey L ¥ prociction Gonfidence
1(Positive)from Image Classifier

O{Negative)

Easy-to-hard sample strategy (ETHS)
> PFAN (Chent@cVPR’19)
Select highly confident and domain uninformative examples
> iCAN (Zhangt@cVPR’'18)
Curriculum based dropout discriminator
> CDS3A (Kurmi, T@BMvC’'19)
Contrastive intra and inter-class domain discrepancy optimization

> ContrAN (Kang™@cCVPR’'19)
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Experimental comparisons

Object Recognition

e —

70 72 74 76 78 80
CD3A (Kurmi@+BMVC'19) BEPFAN (Chen+@CVPR'19)

™ RevGrad+CAT (Deng+@ICCV'19) W RevGrad (Ganin+@JMLR'16)

Digit Recognition

SVNH-> MNIST

MNIST-> USPS

90 92 94 96 08 100
= PFAN (Chen+@CVPR'19) mSelfEns (French+@ICLR'18)

™ DWT-MEC (MT) (Roy+@CVPR'19)

> Easy-to-hard sample strategy (PFAN) seems to be the best on object recognition.
> Performs less well as the ensemble learning (SelfEns, DWT) on digit recognition.
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To summarize

Winning strategies:
> Adversarial adaptation vs discriminative (CDAN, GAM)
> GAN (CyCADA, DRIT) better vs encoder-decoder
> Exploit score distributions to guide feature alignment (MCD, RWOT, DWT)
> Curriculum/Self-learning using pseudo-labels (PFAN, iCAN)

The results are to be taken cautiously as
> The results come from various papers
> Not clear how the hyperparameters for each model were selected
> Not always clear how comparable the models (e.g. diff architecture)
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Best result on object recognition sets

Object Recognition

Office-Home (R50)

——
e ——
I

-

ImageClef (RS0)

031 (RS0)

60 65 70 75 80 85 90
mCADA (Kurmi+@CVPR'19) = ContrAN (Kang+@CVPR'19) [EGVB-GD (Cui+@CVPR'20)
BRWOT (Xu+@CVPR'20) m CDAN4E (Long+@NIPS'18)

Best results are often complex models which in general
> acts mainly on the score prediction level
> exploit target prediction uncertainty
» and has some specific ingredient
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Best result on object recognition sets

Clustering 1 Feature Adaptation ContrAN CADA
1 — ® > EEH ]’E:?. =0
A s
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"""" 'y . E}uw- (=>Q

Target image

RWOT

N/
otk

: i ®_> @

l é:t Matrix

ida (on

Contrastive discrepancy adaptation, ContrAN (Kang*@cVPR’'19)
Uncertainty based attention, CADA (Kurmit@CVPR’19)
Gradually vanishing bridges, GVB-GD (Cuit@cVvPR’20)
Weighted optimal transport, RWOT (Xut@cVPR’20)

vvyVyvyy
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4. Beyond image classification
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DeepDA becoming extremely popular in CV

Many method proposed for:
> Semantic segmentation
> Person Re-ID
> Object detection

But recent DA methods were also proposed for:
> Pose/action recognition

Depth estimation

Low level image enhancement

Control in robotics

3D/Visual localization

Medical imaging

vVvyVvyYVvyy
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Image Segmentation

Labeled Domain Unlabeled Domain
(Source) (Target)
Input Image

Images

w/o adaptation adapted

Labels

From Synthetic to real data
> Easy to obtain pixel level annotation
> Poor labeling due to domain shift
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Segmentation model adaptation

Source domain: labeled data FCN  Source domain: Ground Truth AdaSegnetmwwm Domain Module
Y 5 \
W -
Soaree Domaln .
W

N
, Discriminator Network

"‘"‘l (o) (o3l

| Class Size | -"t\l‘]ﬁm !

| Distribution ! Tore Do
CLSDA
o -

=

t W \J&?\

— Laav

J

Domain
Adversarial
Training

larget domain: unlabeled data l'arget domain: Network Output

> Transferring label statistics, FCN-WLD (Hoffman*@CORR’16)
> Backpropagating contrastive loss, CLSDA (Zhu* @Eccv’'18)
> Multilevel Adversarial Learning, AdaSegNet (Tsait@CVPR’'18)
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Appearance adaptation

Fully C: ional Networks A

> Paired style transfer, FCAN (Zhangt@cVPR’18)
> GAN based (unpaired), GenToAdapt (Sankaranarayanant@cvPR’18)
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Cyclic 12l transfer

CyCADA

Reconstructed Source Image

Semantic
Consistency
loss

m @

Source Image Stylized as Target

Source Image

Source Prediction Source Label
Task
_ loss
]

)

Target Image

Segmentation consistency, CyCADA (Hoffmant@icmL'18)
Domain agnostic latent space, 12IT (Murezt@cVvPR’18)

Dual channel-wise feature alignment, DCAN (Wut@Eeccv’18)
Cross-domain consistency, CroDoCo (Chent@cVvPR’'19)
Domain-invariant structure extraction, DISE (Chang*@cVPR’19)

vVvyYvyVvyy
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Multiple source classifier

=P Source flow =P Target flow @ Weight discrepancy @Tensor sum @ Distance metric ®Element-wise product

Source image ( . Segmentation result

Segmentation loss

Feature extractor

;
;
\ Category-level
; adversarial loss

Target image
']

Weight i
discrepancyloss . _________ / Local alignment score map CLAN

> Sliced Wasserstein Discrepancy, SWD (Lee™@CVPR'17)
Classifiers consensus maximization, MCD (Saitot@CVPR’18)
» Minimizing the cosine similarity, CLAN (LuoT@cVPR’19)

v
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Self-training learni

building 1l

terrain person rider car truck motorcycle

Labels (GTA-5)

N

Source
Domain
7

Images (City: ) Pseudo Labels (Cit

Target
Domain

Images (GTA5)

CBST Predictions (Cityscapes)

> Class-balanced self-training, CBST (Zout@EccVv’18)
> Bidirectional learning, BDL (Lit@CVPR’'19)
> Differential Treatment for Stuff and Things, SIM (Wang*@CVPR’20)
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Exploiting the prediction entropy/confidence

IntraDA

hard split

ilT‘:é'
\

source images

source labels

==

(a) inter-domain adaptation (b) entropy-based ranking (c) intra-domain adaptation

Adversarial entropy minimization, AdvEnt (Vu™@cVPR’19)
Progressive confidence based reweighting, SSF-DAN (Dut@iccv’'19)
Maximum Squares Loss, MSL (Chent@iccv’'19)

Fourier Domain Adaptation, FDA (Yang*@cCVPR’20)

Intra-domain Adaptation, IntraDA, (Pant@cVPR’'20)

vVvyVvyYVvyy
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Curriculum learning

Ciazs histogram

PyCDA

> Using static object prior, CrossCity (Chent@iccv’'17)

> Inferring first label distributions for image and landmark superpixels, CDA
(ZhangT@iccVv’17)

Pyramid curriculum domain adaptation, PyCDA (Lian*@iccv’19)
Course-to-fine region expansion, PIT (Lvt@cVPR'20)

vy
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Learning with Privileged Information

SPIGAN

e
& o (e[,

§ rn —

i s Toe:by | [ Towin P 6) PGy 6)
R

> Depth as auxiliary task, SPIGAN (LeeT@ICLR’19), DADA (Vut@iccv’'19)
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Cross-Modal 2

segmentation

xMUDA Features Probabilities
Camera Image
(H,W,3) 2D Network (N, Fzp) (N,0)
1 sample
L classify
Pap
A
project Dy (P ||Pop) | | Dxr(P]|Psp)
T~ = e Pyp
classl
| sparse
voxel } (@ > )U
T T
- 3D Network H, W image size

Lidar Point Cloud

N num. points (N, Fsp)
Fap3p num. feature channels

C  num.classes

(v,€)

> Joint 2D image and 3D point clouds segmentation xMUDA (Jaritzt @CVPR’20)
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ect detection

Source: Pascal VOC Target: Clipart, Watercolor

labeled source domain unlabeled target domain

> Adapting Faster R-CNN, Chent*@cVPR’18, Zhut@cVvPR’19, Saitor@CVPR’19,
Xut@cVvPR’20

> Self-training, RoyChowdhury*@cvPR’19, Inouet@cVvPR’18, Kimt@iccv’'19
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Other Visual Applications

Person Re-ID

> Weit@cVvPR'18, LiutT@CVPR’'18, ZhongT@CVPR’18, BakT @ECcV'18,
SongT@cVPR'19, Fut@iccv’'19, QIT@iccv’'19, Zhait@cvPR’20,
LuoT@cVvPR’20

Pose/action recognition

> Yusuft@Bmvc'18, Perrettt@cvrPr’19, Caot@iccv’19, Kuhnket@iccv’19,
Munrot@cvPR’20

Depth estimation

> Kundut@cVPR'18, Atapour-Abarghouei*@cVvPR’18, Zhaot@CVPR’20,
Chidlovskiit @TASK-CV’'20

Low level image analyses

> Agrestit@cvPR’19, Lut@cvPR'19, Lint@cvPR’19, Yant@CVPR’20,
Usmant@iccv’'19

Control in robotics

> YangT@EccV’'18, JamesT@cVPR’19, Wulfmeiert @I1R0S’17, TobinT@IR0OS’17
3D/Visual localization

> Zhout@Eccv’18, Larssont@iccv’'19,Piaot@iccv'19
Medical imaging

> Bermudez-Chacon™ @1sBI'18, Peronet @NEUROIMAGE'19, Dong™@CVPR’20
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