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Session 1

Introduction
to Domain Adaptation




Is there a bird?

WHEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEYRE IN A NATIONAL PARK ...

SURE, ERSY GIS (00K
GWEHFEUHW.

.+ AND CHECK UHETHER
'IHE PHOTO 15 OF A BIRD.

IENEEDHESEFRCH

&

INC5, IT CAN BE HARD TO EXPLAIN
THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY' IMPOSSIBLE.

httpsi//xkcd.com/1425/




Is there a bird?




Is there a bird?
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Why are we so good?

Deep Learning Revolution

|
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Krizhevsky, A, Sutskever, |. & Hinton, G. E.Imagenet Classification with Deep Convolutional Neural Networks. N/PS, 2012.




Why are we so good?

Convolutional Neural Networks
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Why are we so good?

Computer Vision Revenue by Application Market, World Markets: 2015-2022

$60,000

$50,000

= Automotive

= Sports & Entertainment
«Consumer

= Robotics and Machine Vision
~ Medical

© Security & Surveillance

= Retail

= Agriculture

2020 2021

Source: Tractica



http://www.tractica.com/

.back to birds




Isthere a bird?

https//bam-dataset.org/




Isthere a bird?

https//bam-dataset.org/




Domain Shift

Visual appearance changes degrade the performance of
visual recognition systems.

PAVIS

B. Kulis, K. Saenko, and T. Darrell, "What You Saw is Not What You Get: Domain Adaptation Using Asymmetric Kernel Transforms" CVPR, 2011




Domain Shift

Visual appearance changes degrade the performance of
visualrecognition systems.

Accuracy: 85%
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B. Kulis, K. Saenko, and T.Darrell, " What You Saw is Not What You Get: Domain Adaptation Using Asymmetric Kernel Transforms" CVPR, 2011




Domain Shift

Visual appearance changes degrade the performance of
visual recognition systems.

Accuracy: 85% Accuracy:55%
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B. Kulis, K. Saenko, and T.Darrell, " What You Saw is Not What You Get: Domain Adaptation Using Asymmetric Kernel Transforms" CVPR, 2011




A current real-world example

Prediction of COVID-19 markers in lung ultrasonographyimages.
Data from different hospitals (and different sensors)in ltaly
Train/test data on same hospital>85% accuracy.

Performance drops ofeven 20% considering data from different
hospitals.

® Issuesin having annotated data from allthe hospitals.

SORD
Loss

n(X2))

S. Roy et al., Deep learning for classification and localization of COVID-19 markers in point-of-care lung ultrasound, IEEE Trans. on Medical Imaging 2020.




Domain Shift: why do we care about?
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Domain Shift:why do we care about?

Appearance changes due to seasonaland time changes.

Z.Chen etal,'Deep Learning Features at Scale for Visual Place Recognition" ICRA 2017.




Domain Shift:why do we care about?

Appearance changes due to illumination conditions

S.Hwang et al, “‘Multispectral Pedestrian Detection: Benchmark Dataset and Baseline” CVPR2015.




Domain Shift:why do we care about?

Appearance changes due to different sensors.

p.)}}
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PAVIS

S.Hwang et al, “‘Multispectral Pedestrian Detection: Benchmark Dataset and Baseline”, CVPR 2015.




Domain Shift:why do we care about?

Overcoming costly/unfeasible data collection

https//www.zdnet.com/article/robots-to-the-rescue-searching-for-survivors-checking-on-structural-damage-in-japan/




Domain Shift:why do we care about?

Use of synthetic data

http//synthia-dataset.net/




Domain Shift is ubiquitous ..

Time & Environmental Changes

Different Modalities




Domain shift and dataset bias

PASCAL cars

Caltech101 Tiny LabelMe 15 Scenes
MSRC Corel COIL-100 _  Caltech256
uluC PASCALO7 __ ImageNet SUNO9

Figure 1. Name That Dataset: Given three images from twelve
popular object recognition datasets, can you match the images
with the dataset? (answer key below)

Torralba and Efros .)Unbiased look at dataset bias, CVPR 2011



Domain Shift: how do we solve 1t?

Annotate target data

.. Alternate Between Tool
: using space key.

7
Chear All fctriex )
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Source im


https://medium.com/@dataturks/how-to-build-an-image-polygon-bounding-box-project-e5f86ee916b2

Domain Shift & Data Annotation

person

Data collection is costly

e abouthand-annotated 14M images
e about IM with bounding-boxes
e more than 20,000 categories
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J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li and L. Fei-Fei, ImageNet: A Large-Scale Hierarchical Image Database. CVPR) 2009.




Domain Shift & Data Annotation

We cannotannotate everything

“The IMAGENET of x”
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SpaceNet MusicNet Medical ImageNet
DigitalGlobe, Cosmi) Works, NVIDIA J. Thickstun et al, 2017 Stanford Radiology, 2017
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ShapeNet EventNet ActivityNet

AChang et al, 2015 G. Ye et al, 2015 F. Heilbron et al, 2015

Slide credit: ME



Domain Shift & Data Annotation

Sometimes collecting data is impossible

https//www.zdnet.com/article/robots-to-the-rescue-searching-for-survivors-checking-on-structural-damage-in-japan/




Domain Shift




A bit of notation

X Input space

y Output space
Xed Input variable
Ye)y Output variable

D = {X, P(X)} Domain
T={),P(Y|X)} Task

F.Orabona & T.Tommasi. Tutorial on Domain Adaptation and Transfer Learning.In ECCV 2014. O I




The Domain Adaptation (DA)Problem

Source Domalin Target Domalin

D = {x*, P(X*)} D' = {x', P(X")}

TS — {yS,P(Ys’XS)} Tt — {yt,P(Yt‘Xt)}
DA problem

D? + D TS = T

F.Orabona & T.Tommasi. Tutorial on Domain Adaptation and Transfer Learning.In ECCV 2014.




The Domain Adaptation (DA) Problem

Source Domain Target Domain
D* = {x%, P(X*)} D' = {X*, P(X")}
T° ={)Y°,P(Y*|X*)} T = {Y', P(Y'|X")}
DA problem
X+ X t
V' =Y

P(X*) # P(X")




DA Landscape:unsupervised DA

Labelled Unlabelled
Source Domain Target Domain

Real images vs
Cartoons

{elephant,dog, house}

http//www.eecs.gmul.ac.uk/~dI1307/project_iccv2017
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Covariate Shift Assumption

e lraining samples e

0.5/
Test samples X

True function N\_-
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DA Scenarios




DA Landscape:unsupervised DA

Labelled Unlabelled
Source Domain Target Domain

AT
P(X?) #+ P(X") Real images vs
o ; Cartoons
Yo =) {elephant,dog, house} L

http//www.eecs.gmul.ac.uk/~dI1307/project_iccv2017



DA Landscape:number of Sourcedomains

Single Multi
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DA Landscape:the target labels

Unsupervised Semi-Supervised

PAVIS




DA Landscape:the label space

Closed Set Open Set

Partial

PAVIS




DA Scenarios:without target data'!

Single-Source
Domain Generalization

Pl — ?
(]

do

(Multi-Source)
Domain Generalization

Continuous DA
L

Zero-shot DA




A bit of history ...




Benchmarks: Office31

Caltech-256

Webcam

Saenko, K, et al. “Adapting visualcategory models to newdomains.”In ECCV 2010.
Gong,B. etal ‘Geodesic flow kernel for unsupervised domain adaptation.”In CVPR 2012.




A bit of history ...
DA before the Deep Learning Revolution

Traditional approaches based on hand-crafted features:

O Instance re-weighting (boosting):utilize training instances from
the source domain which are more similar to target samples to
build target model [Daietal, ICML 2007]

O Parameter transfer:assume some parameters shared between
source and target model [Bruzzone et al,, TPAMI 2010]

O Feature alignment:identifying similar feature subspaces that
can be used to align source and target domains [Fernando et
al,ICCV 2013][Sun et al. AAAI 2016]




Abitof history ...
DA before the Deep Learning Revolution : Geodesic Flow
Kernel (GFK)

T ®(0)7T
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The geodesic flow kernel tackles domain shift by integrating an
Infinite number of subspaces that characterize changes in geometric
and statistical properties from the source to the target domain

Gong, B, et al. “Geodesic flow kernel for unsupervised domain adaptation”. CVPR 2012.




A bit of history ...
DA before the Deep Learning Revolution : Maximum
Mean Discrepancy

Distance between embeddings of the probability
distributionsin a reproducing kernel Hilbert space.

s t 2 ® A Positive samples
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Gretton, A, et al.. “Akernel method for the two-sample-problem”. In NIPS. 2007.
F.Orabona & T.Tommasi. Tutorial on Domain Adaptation and Transfer Learning. In ECCV 2014.




A Dbit of history...
DA before the Deep Learning Revolution :
CORrelation ALignment, CORAL

mvmge, :D f:ovm ot l::* COVisrcan

A 8- LY target
“ 4
: A N " <R
of SR o 13.,
< ¥ 0] )
# “‘:.» h 2 @F
41 SouUrce i 'ﬁ SDI.I rce
-ﬂ- B - ;. -5

T - =5
1] & .45,.“ - 5 ’ L] 5 5
o, k —> Lo
"‘-‘h—,.., COV source

Sun, B, et al.“Correlation alignment for unsupervised domain adaptation”. In Domain Adaptation in Computer Vision Applications (pp. 153-171), 2017.. O I

4




A bit of history ...
Deep Domain Adaptation

« Three main categories (not necessarily ultimate):

o Discrepancy-based:fine-tuning the deep network with labeled
orunlabeled target data to narrowdown the domain shift

o Adversarial-based:using domain discriminators to encourage
domain confusion through an adversarialobjective

o Reconstruction-based:using the data reconstruction as an
auxiliary task to ensure feature invariance

G.Csurka, ‘Domain adaptation for visualapplications: Acomprehensive survey” arXiv preprint arXiv:1702.05374, 2017




Abit of history ...
Deep DA Maximum Mean Discrepancy

» Distance between embeddings ofthe probability distributions in a
reproducing kernel Hilbert space.

» [dea:perform are-mapping of the feature representation in a
common embedding so that such biasisremoved. Such re-
mapping is made at different layers and isinduced bya MMD
distance over a kernel function

® A Positive samples

® A Negative samples

P

Domain Adaptive Network, DAN MMD?2 =

Gretton, A.etal.. “Akernel method for the two-sample-problem” In NIPS. 2007.
Long,M.et al,Learning Transferable Features with Deep Adaptation Networks” ICML 2015.
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Abit of history ...
Deep DA :deep CORAL
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Sun, B, et al. “Correlation alignment for unsupervised domain adaptation” In Domain Adaptation in Computer Vision Applications, 2017.




Office3land Office-Caltech results (2015)

Table 1. Accuracy on Office-31 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).
Method A—-W D—-W W-—D A—D D—A W A Average
TCA 215+£0.0 50.1+£00 584+0.0 114400 8.0+0.0 14.6 £ 0.0 27.3
GFK 197+0.0 497+00 63.1+00 10600 7.9+0.0 15.8 £ 0.0 27.8

Table 2. Accuracy on Office-10 + Caltech-10 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).
Method A—C W — C D> C C-A CoW C D  Average
TCA 42774+0.0 3414+00 354400 54.7+£0.0 505+£0.0 50.3+£0.0 44.6
GFK 4144+00 264400 364400 562+0.0 43700 42.0+0.0 41.0

Long, M., et al.“Learning Transferable Features with Deep Adaptation Networks” ICML 2015..




Office3land Office-Caltech results (2015)

Table 1. Accuracy on Office-31 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).

Method A—-W D—-+W W=D A—D D—+A W A Average

TCA 21.5+0.0 501+00 584+00 114+00 80400 146+0.0 27.3
GFK 19.7+0.0 49.7+0.0 63.1+0.0 106+00 79+00 15.8+0.0 27.8
| CNN 616+05 954+03 99.0+02 638+05 51.1+06 49.8+04 70.1 |

Table 2. Accuracy on Office-10 + Caltech-10 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).

Method A—C W= C D—C C—A C—W C—D Average

TCA 42.7+0.0 341+00 354+00 547+00 505+0.0 50.3+0.0 44.6
GFK 414+0.0 264+00 364+00 562+00 43.7+0.0 42.0+0.0 41.0
| CNN 838+03 76.1+05 808+04 91.1+02 83.1+03 89.0+0.3 84.0 |

Long, M. et al.“Learning Transferable Features with Deep Adaptation Networks”. ICML 2015..




Office3land Office-Caltech results (2015)

Table 1. Accuracy on Office-31 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).

Method A—-W D—-+W W=D A—D D—+A W— A Average
TCA 2154+0.0 50.14+0.0 584+00 11.4+00 80+00 146+£0.0 27.3
GFK 19.7+0.0 49.7+00 63.1+00 106+00 7.9+00 158+0.0 27.8

/~ CNN 616+05 954+03 99.0+02 638+05 51.1+06 49.8+04 70.1°\
LapCNN 604 +03 947+05 991+0.2 63.1+06 51.6+04 482405 69.5
DDC 618+04 9504+05 985+04 644+03 521+08 522+04 70.6

DAN- 63.2+0.2 948+04 989+03 652+04 523+04 521+04 71.1
DANg 63.8+04 9464+05 988+06 658+04 528+04 51.9+05 71.3

DANgg 633+03 956+02 99.0+04 65.9+4+0.7 532405 52.14+04 71.5

\_ DAN 685+04 96.0+03 99.0+02 670+04 540+04 53.1+0.3 72.9 J

Table 2. Accuracy on Office-10 + Caltech-10 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).

Method A—C W—C D—C C—A C—-W C—D Average
TCA 42.74+0.0 3414+00 354+£00 547+£00 505+0.0 50.3+0.0 44.6
GFK 414400 264400 364+00 562400 43.7+0.0 42.0+0.0 41.0

/~ CNN 83.8+03 761+05 808+04 91.1+02 831+£03 89.0+0.3 84.0 "\
LapCNN 83.6+06 778+05 806+04 921+03 816+04 87.8+04 83.9
DDC 843+05 769+04 805+02 91.3+03 855+03 89.1+0.3 84.6

DAN; 84.7+03 782+0.5 818+03 91.6+04 874+03 88.9+0.5 85.4
DANs 844+03 808+04 81.7+£02 91.7+£03 905+04 89.1+04 86.4

DANsk 841+4+04 799404 81.1+05 914403 869405 89.54+0.3 85.5

\_ DAN 86005 815+03 820+04 920+03 920+04 90.5+0.2 87.3 J

Long, M. et al.“Learning Transferable Features with Deep Adaptation Networks”. ICML 2015..




CNN & Universal Representations

Donahue, J. et al. Decaf: Adeep convolutional activation feature for generic visualrecognition. ICML 2014.




Office31lresults (2017)

Table 1. Classification accuracy (%) on Olffice-31 dataset for unsupervised domain adaptation (AlexNet and ResNet)

Method A—> W D—> W W —D A—D D— A W — A Avg
=) AlexNet (Krizhevsky et 61.6-0.5 954+03 99.0+0.2 63.840.5 51.1+06 498+04  70.1
61.0+£0.0 932400  95.2+0.0 60.8£0.0 51.6+£0.0 509+0.0 68.8

. 60.44+0.0  9564+00  95.0+0.0 60.6+0.0 524+0.0 48.1+0.0  68.7

17 61.810.4 950105 98.5104 644103 52.1106 522t04 70.6

L12015) 68.5+0.5 96.0+03  99.0+0.3 67.0+04  540+05 53.1+0.5 729

: ) 73.3+03  96.8+02  99.6+0.1 71.0+0.2  50.5+03  51.0+0.1  73.7

RevGrad (Ganin & Lempitskyl 2015) ~ 73.0£0.5  96.4+03  99.2403  72.3+£0.3 534404 512405 743
JAN (ours) 749403  96.6+02  99.5+0.2  71.84+0.2 583+03 55.0+04  76.0

JAN-A (ours) 752404  96.6+02  99.6+0.1  72.8+0.3 57.54+02 563+02 763

=) ResNet (He et al.|2016) 68.4+02 96.7+0.1 993+0.1 68.9+02 625+03 60.7+0.3  76.1

. ) 72.7+40.0 967400  99.6+0.0 74.1£0.0 61.7+00  60.9+0.0 77.6

. ) 72.84+0.0  9504+00  98.24+0.0 74.5+0.0 634+00 61.0+0.0 77.5

( 12014 756102 960102 93.2F0.1 765103 622104 61.5F05 783

: ’201 )5# 80.5+04  97.14+02  99.6+0.1 78.6+0.2  63.6+03 62.8+0.2  80.4

RTN (Long et al. 84.540.2  96.84+0.1  99.44+0.1 77.5£0.3 662402 64.8+03 81.6
RevGrad (Ganin & Lempitsky,2015) ~ 82.04+0.4 969402  99.14+0.1  79.74+0.4 682404  67.4+0.5  82.2
JAN (ours) 85.4+0.3 974402 99.8+0.2 84.7+0.3 68.6+03  70.0+04 843

JAN-A (ours) 86.0+04 96.74+03  99.7+0.1 85.1+04  69.2+04  70.7+0.5 84.6

Long,M., et al.‘Deep transfer learning with joint adaptation networks” ICML 2017.




Office3land Office-Caltech results (2017)

Table 1. Classification accuracy (%) on Olffice-31 dataset for unsupervised domain adaptation (AlexNet and ResNet)

Method A—W D—W W —D A—D D— A W A Avg

AlexNet (Krizhevsky et al.,|2012) 61.6£0.5 954+£03  99.0+£0.2  63.840.5 51.1+£0.6  498+04  70.1
JAN (ours) 74.9+0.3  96.6+0.2  99.5+0.2  71.8+0.2 583+03  55.0+04  76.0

JAN-A (ours) 75.2+04  96.6+0.2  99.6+0.1 728403 575402  56.3+0.2  76.3

ResNet (He et al | 2016) 68.4+0.2  96.7£0.1 99.3£0.1 68.9+0.2  625+03  60.7+£0.3  76.1
JAN (ours) 85.4+0.3 974+02 998402 847403  68.6+03  70.0+0.4 843

JAN-A (ours) 86.0+£0.4  96.7£03  99.7+0.1 85.1+£04  69.2+04  70.7+0.5 84.6

Long, M., et al.‘Deep transfer learning with joint adaptation networks” In ICML 2017.




Office3land Office-Caltech results (2017)

Table 1. Accuracy on Office-31 dataset with standard unsupervised adaptation protocol (Gong et al., 2013).
Method A—-W D—-W W-—D A—D D—-A W—- A Average
TCA 215+£0.0 50.1+£00 584+0.0 1144+00 8.0+0.0 14.6 £ 0.0 27.3
GFK 197+0.0 497+00 63.1+£00 10600 7.9+0.0 15.8 £ 0.0 27.8

= ResNet (He et al.|2016) 68.440.2 96.7+0.1 99.340.1 68.940.2 62.54+0.3 60.740.3 76.1

TCA (Pan et al.[[2011) 72.7+0.0 96.7+0.0 99.610.0 74.1+0.0 61.71+0.0 60.940.0 77.6
GFK (Gong et al[[2012) 72.84+0.0 95.0+£0.0 98.24+0.0 74.54+0.0 63.440.0 61.0+0.0 77.5

Long,M.,etal."Learning Transferable Features with Deep Adaptation Networks” In ICML. 2015.
Long,M., et al.‘Deep transfer learning with joint adaptation networks” In ICML 2017.




Benchmarks

DomainNet - VisDA Challenges
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https//aibu.edu/visda-2019/




Benchmarks

Synthetic Source

*knife 0.57
-

ne (Iﬁﬁvﬁ

. b
L horse 1

Semantic segmentation

Objectdetection

Large gap in
appearance

=

Smaller gap in
spatial layout

https//aibu.edu/visda-2018/

Tsai,Y.H.etal.“Learning to adapt structured output space for semantic segmentation” In CVPR 2018.




Deep DA state of the art

0 K|

[Ghifary et al. ECCV 2016]

J
foatire: I'MMer'lur Gylfy) 4

[ % {5
browardpeey backpeop (and producod derivarives)

[Volpi et al. CVPR 2018] [Carlucci et al. CVPR 2018]

[Ganin et al. IMLR 2016]

..and many, many more methods




Thanks for the attention
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