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® An Overview on several Cross-Domain Learning Settings
o (annotated) source data
o (annotated) target data

o source / target overlap

e Self-Supervision for Cross-Domain Learning
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[Deeper, Broader and Artier Domain
Generalization, ICCV 2017]
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[Learning to Learn Single Domain Generalization, CVPR 2020]
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[Zero-Shot Deep Domain Adaptation, ECCV 2018]
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[Towards Recognizing Unseen Categories in
Unseen Domains, ECCV 2020]
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[Towards Recognizing Unseen Categories in
Unseen Domains, ECCV 2020]
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[Multivariate Regression on the Grassmannian for Predicting Novel
Domains, CVPR 2016]

[AdaGraph: Unifying Predictive and Continuous Domain Adaptation
through Graphs, CVPR 2019]
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[Multivariate Regression on the Grassmannian for Predicting Novel
Domains, CVPR 2016]

[AdaGraph: Unifying Predictive and Continuous Domain Adaptation
through Graphs, CVPR 2019]
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[Multivariate Regression on the Grassmannian for Predicting Novel
Domains, CVPR 2016]

[AdaGraph: Unifying Predictive and Continuous Domain Adaptation
through Graphs, CVPR 2019]

/

Labeled

Source Domain

Front-side view

G e S

Unlabeled

Auxiliar Domains

™

Target Metadata

“Rear view”



Predictive DA

ECCV'20

ONLINE

23-28 AUGUST 2020

[Multivariate Regression on the Grassmannian for Predicting Novel
Domains, CVPR 2016]

[AdaGraph: Unifying Predictive and Continuous Domain Adaptation
through Graphs, CVPR 2019]
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[Kitting in the Wild through Online
Domain Adaptation, ICRA 2018]
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[Universal Source-Free Domain Adaptation, CVPR 2020]
[Do We Really Need to Access the Source Data? Source Hypothesis Transfer for Unsupervised Domain Adaptation, ICML 2020]
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[Universal Source-Free Domain Adaptation, CVPR 2020]

[Do We Really Need to Access the Source Data? Source Hypothesis Transfer for Unsupervised Domain Adaptation, ICML 2020]
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Cross Entropy Loss

(1) Information Maximization Loss
It makes the target outputs
e individually certain (as entropy
minimization)
e globally diverse
(2) Target Clustering & Nearest
Centroid Classifier
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gradients are beneficial to the target domain

® measure how well the target features can be
clustered (cluster gap statistics gain)

[Federated Adversarial Domain Adaptation, ICLR 2020]
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[Federated Adversarial Domain Adaptation, ICLR 2020]
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DA
S classes
T classes
[Universal Domain Adaptation, CVPR 2019]
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

[A Balanced and Uncertainty-aware Approach for
Partial Domain Adaptation, ECCV 2020]
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

[A Balanced and Uncertainty-aware Approach for
Partial Domain Adaptation, ECCV 2020]
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Ay Partial DA g "n f s

[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

[A Balanced and Uncertainty-aware Approach for
Partial Domain Adaptation, ECCV 2020]

feature extractor :
F(.ef) A4 . L G(,eg) | .welghted ........
) i complement

: entropy

source data

dlscrlmlnator

D(; ed) entropy- :
J = welghted

: j = blnary
cross entropy :
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

[A Balanced and Uncertainty-aware Approach for
Partial Domain Adaptation, ECCV 2020]

3 . f cross-entropy

source data | feature Iﬁ(’fg")a"t"" dass‘ﬁ,‘:;r | —— R
oA G(;6,) | weighted

“"i complement :

Lentropy ® Entropy-weighted adversarial domain

conditional | discriminator (e-DANN)
entropy

shared ‘
\ discriminator
A N\

y entropy_ ............
, weighted
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

[A Balanced and Uncertainty-aware Approach for
Partial Domain Adaptation, ECCV 2020]

feature extractor

4 D(;6:) g entropy-
| weighted

source data ,
FG69) GGO)  |iveighted
N = € lement . - i
BN e e Entropy-weighted adversarial domain
conditional discriminator (e-DANN)
H entropy
shared { ® Borrow a fraction of the source sample

R discriminat -
W r[lfscmmma W per class and consider them as target

target data
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[Partial Adversarial Domain Adaptation, ECCV 2018]
[Learning to transfer examples for partial domain
adaptation, CVPR 2019]

1

source data feature extractor classifier i {cross-entropy :
4 F(;6,) G(;Bg) : weighted
) “f complement ) ] _
PN N bt e Entropy-weighted adversarial domain
conditional discriminator (e-DANN)
H entropy ]
—— { e Borrow a fraction of the source sample

‘{:,: r

““‘ L d. . . t .
\\ r\lscrlfmn?a orx ............................ \ per class and consider them as target
r D(aed.) -1 f entropy-

| weighted

: e Encourage uniform and low prediction
---------------------------- : scores for incorrect classes of the
source

target data
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[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]
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[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]



\

ECCV'20

Open_set DA [source domain | % h f G
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target domain

[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]

Ps = C(G(x,))
Backward Pt = C(G(mt))

% (K+1 dim)
— i —_
<€

- [l —p [l —p Known label Li®s 1)

feature @ » Loay(xt)
;____/'
oy 8 e e ) et
Flip Gradient ! \
—tlog(Pt —(1—1t)log(l — Pt
Generator (G) Classifier (C) | og(Ptrt1) — ( ) log( K+1) |
| D=zt <€ 1. constant J
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[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]

Xs — Q 7 = G(xs) —G [ e

Xt — f — 2t = Gf(xt) é
/ i e :

Adversarial Gd

Domain Adaptation
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[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]

Adversarial G
Domain Adaptation \ & /
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[Open Set Domain Adaptation by Backpropagation, ECCV
2018]

[Separate to Adapt: Open Set Domain Adaptation via
Progressive Separation, CVPR 2019]
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DG DA
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e Decompose an image in patches
e Shuffle them = remove their spatial co-location
e Ask a network to recompose the original image

Self-Supervised

Learning

[Unsupervised learning of visual representations by solving jigsaw puzzles, CVPR 2016]




ECCV'20 Recognize Image Orientation
ONLINE

53.7- =i ===

e Rotate the image = remove the original orientation
e Ask a network to predict the rotation angle

Self-Supervised

[Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018]

Learning




ECCV'20 Self-Supervised Learning
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Ex L Inpamtmg remove patch and then predict it)

%
> g(x,y=0) > i .
Rotate 0 degrees R PECER
Rotated image: X*
> g(X,y=1) —»
i, “ goyd % Ex: 2 Context (given two patches, predict their spatial relation)
otate egrees
£ Rotated image: X'
- | s “south east” |, L 5 west? | e
> o(x.)=2) > @
I X R 180 d
e PR TEES  Rotndimage: 2° Ex. 3: Colorization ( predlct color given intensity)
> g(X,y=3) —»%

Rotate 270 degrees ;
Rotated image: X'

[Steering Self-Supervised Feature Learning Beyond Local Pixel Statistics, CVPR 2020]

Self_su pervised [Unsupervised learning of visual representations by solving jigsaw puzzles, CVPR 2016]
) [Unsupervised representation learning by predicting image rotations, ICLR 2018]

Learni Ng [Colorization as a proxy task for visual understanding, CVPR 2017]

[Self-supervised feature learning by learning to spot artifacts, CVPR 2018]

[Colorization as a Proxy Task for Visual Understanding, CVPR 2017]

[Self-Supervised Feature Learning by Learning to Spot Artifacts, CVPR 2018]



https://sjenni.github.io/LearningToSpotArtifacts/
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Self-Supervised

Learning

Self-supervised Pretext Task Training
Unlabeled Dataset

Annotated
Source data

Knowledge Transfer

Annotated

Supervised Downstream Task Training Target data

Labeled Dataset

= Downstream
Task
ﬂ

Transfer
Learning



Annotated
Source data

,A‘..
EEEV 2" [Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019]
O N |_| N E [Self-Supervised Learning Across Domains, ArXiv 2020]
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ero-shot predictive
DG DA
ero-shot
DA
single-

source
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DA
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Domain Adaptation

semi-supervised

DA
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Target data

Il Ny =

source-free

2 Transfer
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- )
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Learning




[Tackling Partial Domain Adaptation with # S classes

Self-Supervision, ICIAP 2019] #T c|>asses

ECCV20 SRS

ONLINECIN (s
25-28 AUGUST 2020 S = N
T\ e, 2o ﬁh
On

Universal

\

S classes
T classes
Self-Supervised
Lea rning [On the Effectiveness of Image Rotation fo
Open Set Domain Adaptation, ECCV 2020]
# S classes
<

# T classes



Annotated
Source data

'A'l..
EEEV 2" [Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019]
O N |__| N E [Self-Supervised Learning Across Domains, ArXiv 2020]

23-28 AUGUST 208208
ero-shot predictive
DG DA
Transductive
ero-shot Unsupervised
DA Domain Adaptation
single-

source
- /
| online

DA

multi-source
Domain
Generalization

semi-supervised

DA

Annotated
Target data

Il Ny =

Transfer
Learning

one-shot

source-free
DA
unsuper-
vised
federated
. DA
[One-Shot Unsupervised

Cross-Domain Detection, ECCV2020]

Self-Supervised

Learning




Self-Supervision + Domain Generalization
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O N Ll N E / Ordered
23-28 AUGUST 2028 Indexipi=/1
permutation:
1,2,3,4,5,6,7,8,9 Ge
Convnet
Feature Extractor Object Classifier
index p =2 / (object label) |
permutation:
9,2,3,4,5,6,7,8,1 \
Jigsaw Classifier
G f (permutation index)
indexp=P Gp
permutation:
1,9,5,6,3,2,8,4,7
Shuffled
Images

1 n
in Y Lo(Ge(Gy(x5)), 4
arg@fr,%il,lep ns £ C( C( f(x’l,))’yz)+
K*®
1 E L,(G,(G¢(z; L
[Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019] s Ks p( p( f(zk))apk)‘

[Self-Supervised Learning Across Domains, ArXiv 2020] k=1
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Self-Supervision + Domain Generalization

PACS art_paint. cartoon sketches photo Avg.
,___m [ Test Alexnet

) ( M Y V. ) DeepAll 63.30  63.13 5407 87.70 67.05

: ! 1 | B TF 62.86 66.97  57.51  89.50 69.21

! ! 11 DeepAll 64.44  72.07 5807 87.50 70.52

i | fon | L D-SAM 63.87 70.70  64.66  85.55 71.20

: ; ey — DeepAll 63.40  66.10 56.60 88.50 63.70

! VA | ey Epi-FCR 6470 7230  65.00 86.10 72.00

i e 1] ! DeepAll 64.91 6428  53.08 86.67 67.24

! A | E ey MLDG 66.23 66.88 5896  88.00 70.01

: g & 1]] i i DeepAll 67.21 66.12 5532 8847 69.28

| i% 11 MetaReg 69.82 7035 5926 91.07 72.62

! ! 1 I EER DeepAll 63.30  63.10 5400 87.70 67.03

: : % N | BRSS! PAR 68.70 7050  64.60  90.40 73.54

! :\ 1 DeepAll 68090 7023 6180 8886 | 7223

, MMLD 66.99 70.64 6778  89.35 73.69
DeepAll 6650  69.65 6142 89.68 | 71.81+0.26
[SDomain Ger\eralizatio.n by Solving Jigsa?w Puzz!es, CVPR 2019] li](f:?i‘(,)vn ggzg 283{(9) 2;-1(2)(1) gg?f; ;gggigig
[SelizSupervised Learning Across Domains, ArXiv 2020] Jigsaw+Rotation  69.70  71.00  66.00 89.60 | 74.08-0.32

[Deeper, Broader and Artier Domain Generalization, ICCV 2017]
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PACS art_paint. cartoon sketches photo Avg.
,___m [ Test Alexnet

‘: Il M \: (T “} DeepAll 63.30 63.13 54.07 87.70 67.05

H : : . | X : TF 62.86 66.97 8751 89.50 69.21

i_g i I i i :x‘i DeepAll 64.44 12.07 58.07 87.50 7052

:5 E i m“’m : L | D-SAM 63.87 70.70 64.66  85.55 71.20

:g : : : P DeepAll 63.40 66.10 56.60  88.50 68.70

i?g i i i E\IQ i Epi-FCR 64.70 72.30 65.00 86.10 72.00

: ! : \ - ! : DeepAll 64.91 64.28 53.08 86.67 67.24

| | : I i } %1 MLDG 66.23 66.88 58.96  88.00 70.01

iw : i - E i i DeepAll 67.21 66.12 55.32  88.47 69.28

ié | :% 11 MetaReg 69.82 7035 5926 9107 |  72.62

i | I : i (._,-\g.j. i DeepAll 63.30 63.10 54.00 87.70 67.03

i i | A | BEGRS PAR 68.70  70.50  64.60  90.40 73.54

'\ I ' ’ ' : DeepAll 68.09 70.23 61.80 88.86 72.25

(~ MMLD 66.99 70.64 67.78 89.35 73.69
{Dol;nain Generdalization by Solving Jigsaw Puzzles, CVF;R 2019] li](f:?i‘(,)vn 69 43 69 40 65.20 39 17 ;gggigig

Self-Supervised Learning Across Domains, ArXiv 2020 . .

[Deeper, Broader and Artier Domain Generalization, ICCV 2017] digsaw::Rotation 62.79 7 0640 8900 filiza
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DeepAll X

DeepAll X Jigsaw v/ Rotation X DeepAll X Jigsaw v/ Rotation X
DeepAll X Jigsaw X Rotation v/ Deep All X Jigsaw X Rotation v/

DeepAll v Jigsaw X Rotation v/ DeepAll v/ Jigsaw X Rotation X




Self-Supervision + Domain Generalization
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DeepAll X Jigsaw v Rotation v/ DeepAll X Jigsaw v/ Rotation v/

.

P
= —r
»

0

DeepAll X Jigsaw v/ Rotation X DeepAll X Jigsaw v/ Rotation X
DeepAll X Jigsaw X Rotation v/ Deep All X Jigsaw X Rotation v/

DeepAll v Jigsaw X Rotation v/ DeepAll v/ Jigsaw X Rotation X




Self-Supervision + Domain Generalization
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O N Ll N E / Ordered
23-28 AUGUST 2028 Indexipi=/1
permutation:
1,2,3,4,5,6,7,8,9 Ge
Convnet
Feature Extractor Object Classifier
index p =2 / (object label) |
permutation:
9,2,3,4,5,6,7,8,1 \
Jigsaw Classifier
G f (permutation index)
indexp=P Gp
permutation:
1,9,5,6,3,2,8,4,7
Shuffled
Images

1 n
in Y Lo(Ge(Gy(x5)), 4
arg@fr,%il,lep ns £ C( C( f(x’l,))’yz)+
K*®
1 E L,(G,(G¢(z; L
[Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019] s Ks p( p( f(zk))apk)‘

[Self-Supervised Learning Across Domains, ArXiv 2020] k=1



Self-Supervision + Domain Adaptation
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O N Ll N E / Ordered
23-28 AUGUST 2028 Indexipi=/1
permutation:
1,2,3,4,5,6,7,8,9 Ge
Convnet
Feature Extractor Object Classifier
index p =2 / (object label) |
permutation:
9,2,3,4,5,6,7,8,1 \
Jigsaw Classifier
G f (permutation index)
indexp=P Gp
permutation:
1,9,5,6,3,2,8,4,7
Shuffled
Images

1 n
2 S S
arg efngme e Z£C(GC(Gf (x7)),y7 )+
e p ’L:1
1 &
S S
[Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019] Xs F ZCP(GP(Gf (Zk))7 pk)"‘
[Self-Supervised Learning Across Domains, ArXiv 2020] k=1
Kt
1
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 Toct )
: 1 .‘ :
i i i i PACS-DA art_paint. cartoon sketches photo Avg.
I ! ! a Resnet-18
i i i i DeepAll 7470 7240 60.10 92.90 75.03
! ! : | Dial 87.30 85.50 66.80 97.00 84.15
i | i i DDiscovery 87.70 86.90 69.60 97.00 85.30
: i i N DeepAll 76.17 73.58 55.65 96.07 | 75.37+0.42
i ! | | I HAFN 84.95 79.64 6424 97.70 | 81.63+0.50
E i i% : i SAFN 86.78 82.72  60.26 98.26 | 82.0140.32
! ! : : SAFN+ENT 89.22 87.39  60.02 98.14 | 83.6940.17
! i i DeepAll 77.83 7426  65.81 95.71 | 78.404+0.28
E i % : Jigsaw, —n,—0.7 84.49 82.07 79.86 97.98 | 86.10+0.26
L Ny ! Rotation, —,,—0.s 89.97 82.60  82.00 98.07 | 88.16+0.51
Jigsaw+Rotation 90.87 82.77  83.80 98.37 | 88.95+0.38

[Domain Generalization by Solving Jigsaw Puzzles, CVPR 2019]
[Self-Supervised Learning Across Domains, ArXiv 2020]
[Deeper, Broader and Artier Domain Generalization, ICCV 2017]
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3D l
> 8 Puzzle \

Self-Supervision + 3D Domain Adaptation

aereo
car
chair

s DN =

lam

L

Either Shape  [2ohorpike

Classification ¢L__table

Feature
( Embedding

Main Task

/

Or Part Segmentation

Self-Supervised

3D Puzzle
Solver

Z
)

Ground Truth

'J‘. oY
P L e
R

3D Puzzle

[Self-Supervision for 3D Real-World Challenges, TASK-CV Workshop ECCV 2020]
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Stage | - known/unknown separation

A Known

q Unknown OTarget

Source
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1l

Rll—l—)

Self-Supervision + Open-Set DA

[On the Effectiveness of Image Rotation for Open Set Domain Adaptation, ECCV 2020]
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A Known

Stage | - Known/Unknown Separation

Source

— L Ley=— )y log(i)
|||| jEDS
I
—> I I i /
. J

£R1 == Z —>\1,12§ . lOg(,%j)
JEDs

+ A12| |05 — v(29)]|13
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A Known

Stage | - Known/Unknown Separation

Source

Multi-Rotation
Classifier

(4 X |Cs|) class labels
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A Known

Stage | - Known/Unknown Separation

Source

original

rotated

Relative
Multi-Rotation
Classifier

(4 X |Cs|) class labels
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Stage | - known/unknown separation

E E
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—| | |7 :
— :
2\ Kriow s :

Normallty
score

Normality Score



Normality Score
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Known Classes = { A, B, C}

(Anchor + Rotated)

e G + q — Rl —> [Ao’Ago’Amo'Azm’B_o’890’8180’Bz7o’c_o’C90’C180'C27o]
1 1 ) —
: i 90°
' ' —
i E q + Q — Rl — [AO’A_so’Awo’Azm’Bo’B_oo’B180’Bz7o’co’c_9o’c1so’cz7o]
' X ——
= ﬁ = T —
E A <— 0 A9 A180 A270 RO R0 R180 R270 ~0 ~90 (~180 ~270
: : q + D _> Rl _> [A IA IA_IA )B IB IB_IB IC IC IC_IC ]
""@\. 270°
i i For one sample T < q + q _) R]_ _) [AO’AQO’A180’&70’ BO’ B90, B180’£’Co’c90’c180’i70]
1 1 —

(The evaluation is done
for each Target sample)

SCO re T [A0+A90+A180+A270 B0+BOO+B180+BZ70 c0+cﬁ0+c180+cz70]
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_I_)

Normality
score

Normality Score

Known Classes = { A, B, C}

(Anchor = Rotated)

For one sample T <

(The evaluation is done
for each Target sample)

/

0°
q + q — Rl — [AO,AQO,A180,A27O,B_°,890,3180,BZ7O,C_°,C90,C180,C270] - a
e
90°
SEmm—
q + Q __) Rl __) [AO’A_%’A180’A270’BO’B_QO’B180’BZ70’C0’C_90’C180’C270] =B
—
180°
0 A90 A180 A270 RO R90 R180 R270 ~0 ~90 ~180 ~270
q + D _> R]_ _) [A IA IA_IA )B IB IB_IB IC IC IC_IC ] =V
"
270°
S
q + G _) R]_ _) [AO’AQO’A180’&70’BO’B90,B180’£’C0’C90’C180’Q70] =6
"/

Entropy Score T = mean(Entropy(a)+Entropy(8)+Entropy(y)+Entropy(d))
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_I_)

Normality
score

Normality Score

Known Classes = { A, B, C}

(Anchor = Rotated)

For one sample T <

(The evaluation is done
for each Target sample)

/

0°
q + G —> Rl —> [AO,AQO,A180,A27O,B_°,890,3180,BZ7O,C_°,C90,C180,C270] —a
) —
90°
—
q + Q _) R]_ __) [AO’A_%’A180’A270’BO’B_OO’B180’BZ70’C0’C_90’C180’C270] =B
) S
180°
0 90 180 270 0 90 p180 p270 0 90 ~180 ~270
q + D —) R]_ —) [A IA IA_IA )B IB IB_IB IC IC IC_IC ] =V
——
270°
)
A |+ || = | R | > [AA"A™ A BB",B"™ B2",C,C",C"™,C?"] =3
——

Entropy Score T = mean(Entropy(a)+Entropy(8)+Entropy(y)+Entropy(d))

Normality Score T = max{ max (Score T), (1-Entropy Score T)}

{A,B,C}



Normality Score
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The Normality Score gives the probability that each
Target sample is from a Known Class.

xt € DFw if N(x*)
xt € DYk if N(x?)

K= 55N,

The Threshold IS NOT an hyperparameter.
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Stage Il - Domain Alignment

Stage | - known/unknown separation

A Known

q Unknown OTarget

Source

&

—»

1l

Rll—l—)

[On the Effectiveness of Image Rotation for Open Set Domain Adaptation, ECCV 2020]
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D; E
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~@—) !
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r
VAN

Stage Il - Domain Alignment
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Relative Rotation Classifier

for the Domain Alignment
(4 classes)
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New Open-Set DA Metrics

ONL'NE Number of

23-28 AUGUST 2020 Known Classes

ECCV'20

Measure of the Class accuracy over Class accuracy over
overall performance the Known Classes the Unknown Class

_ 90 OS"XUNK

Harmonic mean of OS* and UNK

It provides a high score only if the algorithm performs well both
on known and on unknown samples, independently of |Cs|.
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Real World Product

\ﬁﬂ

Spoon

Keyboard Gasses Alarm-Clock Desk-Lamp Hammer

Chair

Results on Office-Home Dataset

25 Known Classes
40 Unknown Classes

Office-Home
Pr - Rw Pr —» Cl Pr — Ar Ar — Pr Ar - Rw Ar — Cl
OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS
STAcum [24] 78.1 63.3 69.7 |44.7 71.5 55.0|554 73.7 63.1 |68.7 59.7 63.7|81.1 50.5 62.1 |50.8 63.4 56.3
STA s 76.2 64.3 69.5|44.2 67.1 53.2|54.2 724 61.9|68.0 484 54.0|78.6 60.4 68.3|46.0 72.3 55.8
OSBP [33] 76.2 T71.7 73.9|44.5 66.3 53.2|59.1 68.1 63.2|71.8 59.8 65.2|79.3 67.5 72.9|50.2 61.1 55.1
UAN [45] 8.0 0.1 0.2 (591 00 0.0 |73.7 0.0 0.0 [8.1 00 0.0 |8.2 01 02624 0.0 0.0
ROS 70.8 78.4 74.4|46.5 71.2 56.3|57.3 643 60.6 | 68.4 703 69.3|758 77.2 76.5|50.6 74.1 60.1 _
Rw — Ar Rw — Pr Rw — Cl Cl —- Rw Cl — Ar Cl— Pr Ayg.
OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UNK HOS| OS* UN HOS
STAsum 67.9 62.3 65.0|77.9 58.0 66.4 |51.4 57.9 54.2 |69.8 63.2 66.3 |53.0 63.9 57.961.4 63.5 62.5|63.4 626 61.942.1
STA,.x 67.5 66.7 67.1 |77.1 55.4 64.5|49.9 61.1 54.5 67.0 66.7 66.8 |51.4 65.0 57.4|61.8 59.1 60.4 61.8 633 61.1+0.3
OSBP 66.1 67.3 66.7 |76.3 68.6 72.3|48.0 63.0 54.5| 72 69.2 70.6|59.4 70.3 64.3|67.0 62.7 64.7 |64.1 663 64.74+0.2
UAN 775 0.1 0.2 |8.0 0.1 0.1 [66.2 0.0 00 |8.6 01 02 |705 0.0 0.0 740 01 0.2 |752 O. 0.1£+0.0
ROS 67 70.8 68.8| 72 80 75.7|51.5 73 60.4|65.3 72.2 68.6 |53.6 655 58.9|59.8 71.6 65.2|61.6 72.466.2+ 0.3
N_"

[Deep Hashing Network for Unsupervised Domain Adaptation, CVPR 2017]



...with less known classes
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OS* UNK HOS
+ STA

100% 100% 100% - g(S)gP
@

80% _— 80%

Aol
!

80%

b

L

40% 40% 40%

20% 20% 20%

0% 0% 0%
25 10 5 25 10 5 25 10

Number of known classes Number of known classes Number of known classes



Annotated
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ero-shot predictive
DG DA
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Self-Supervision +
=vine One-Shot Unsupervised Cross-Domain Detection
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TRAINING TEST

/Source - labeled Target - unlabeled\




Cross-Domain Object Detection
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Wait to collect feeds

[A domain adaptive representation learning paradigm for object detection, CVPR 2019]



One-Shot Unsupervised Cross-Domain Detection
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Pretrained model Source - VOC

Per-sample
unsupervised
adaptation

4 3
CEB¢CE@ N




One-Shot Unsupervised Cross-Domain Detection

. VAN
EEEV zu [One-Shot Unsupervised Cross-Domain Detection, ECCV2020]
ONLINE
23-28 AUGUST 2020
Source - VOC
OSHOT

1. start from FasterCNN

Region Proposals

Proposal

Network Rol

pooling
Gf Backbone a % ﬁ Gd
Conv :> Detections
( boxes , classes)

[Towards real-time object detection with region proposal networks, NIPS
2015]
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OSHOT
1. start from FasterCNN

2. add a self-supervised task:
rotation recognition

argmin Zﬁd (Ga(Gyg(zf)),yi) +

0f.0a,0- 1

A Z L (Gr(G¢(R(2*)5) ), q;)
g==]

Source - VOC

Region
Proposal
Network

Rol
pooling

O— 1

Gf Backbone
Conv
A ’

Proposals

Rol

P

)/

St

pooling

0

:{> Detections

( boxes , classes)

Self supervised
Rotation Classifier

J

Backprop Finetuning Update

[Towards real-time object detection with region proposal networks, NIPS

2015]

One-Shot Unsupervised Cross-Domain Detection

Gd

Gr
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One-Shot Unsupervised Cross-Domain Detection

[One-Shot Unsupervised Cross-Domain Detection, ECCV2020]

OSHOT
1. start from FasterCNN
Region Proposals
2. add a self-supervised task: Retwork
. r pooling
rotation recognition Gf  Backoone P = ] Gd
—> .
3. no need to further access cony —p ek
the source 0 | |
Tﬂ_ﬂ% nifJIii‘;J"é.’:;Z?f?e, Gr

Backprop Finetuning Update

[Towards real-time object detection with region proposal networks, NIPS

2015]



One-Shot Unsupervised Cross-Domain Detection
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OSHOT
1. start from FasterCNN

2. add a self-supervised task:
rotation recognition

3. no need to further access
the source

Rol
pooling

l_—‘M: | ,l: Self supervised Gr

D / Rotation Classifier

J

4. sample-guided
self-supervised fine-tuning

Backprop Finetuning Update

[Towards real-time object detection with region proposal networks, NIPS
2015]



One-Shot Unsupervised Cross-Domain Detection

EEEV'ZU [One-Shot Unsupervised Cross-Domain Detection, ECCV2020]
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OSHOT

Proposals
Region PO
Proposal
Network Rol
% pooling ;

; Backbone a W . S y
. ﬁ &-_" P
y' = Ga(Gg(z"))

classes)

/ l:{)

—~—3 g Rol
pooling

_ ( ] [Q: ’E Self supervised Gr

O / Rotation Classifier

Backprop Finetuning Update

[Towards real-time object detection with region proposal networks, NIPS
2015]



Adapting to a stream of Social Images
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Bicycle: B
Person:

One-Shot Target

Method person bicycle [mAP|

FRCNN 71 56.6 62.1

OSHOT[(7 =0)] 721 528 |624

OSHOT [’y - 30)\ 69.4 594 |64.4
Full Target

DivMatch [28] 63.7  51.7 |57.7

SW [42] 63.2 443 |53.7

DivMatch

[28] [Diversify and match: A domain adaptive representation learning paradigm for object detection, CVPR 2019]
[42] [Saito et al: Strong-weak distribution alignment for adaptive object detection, CVPR 2019]



From Real to Artistic Images
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(a) VOC — Clipart

One-Shot Target

Method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv |mAP

FRCNN 18.5 43.3 204 13.3 21.0 47.8 29.0 16.9 288 125 19.5 17.1 23.8 406 349 34.7 9.1 183 40.2 38.0| 26.4

OSHOT (y=0) 23.1 55.3 22.7 214 268 53.3 289 46 314 92 278 9.6 309 470 382 352 11.1 204 36.0 33.6| 28.3
OSHOT (y=10) 254 61.6 23.8 21.1 31.3 55.1 31.6 53 34.0 10.1 288 7.3 33.1 599 442 388 159 19.1 39.5 33.9] 31.0
OSHOT (y=30) 254 56.0 24.7 253 36.7 58.0 344 59 349 103 29.2 11.8 469 709 529 415 21.1 21.0 385 31.8]33.9

Ten-Shot Target

DivMatch [28] 19.5 57.2 17.0 23.8 144 254 294 2.7 350 84 229 14.2 30.0 55.6 50.8 302 19 123 37.8 37.2 | 26.3
SW [42] 21.5 39.9 21.7 20.5 32.7 34.1 25.1 85 33.2 109 152 34 322 56.9 46.5 35.4 14.7 15.2 29.2 32.0] 26.4

(b) VOC — Comic (c) VOC — Watercolor

One-Shot Target One-Shot Target

Method bike bird car cat dog person |mAP Method bike bird car cat dog person |[mAP
FRCNN 25.2 10.0 21.1 14.1 11.0 27.1 | 18.1 FRCNN 62.5 39.7 43.4 31.9 26.7 524 |42.8
OSHOT (v=0) 269 11.6 22.7 9.1 14.2 28.3 | 18.8 OSHOT (y=0) 70.2 46.7 45.5 31.2 27.2 55.7 |46.1
OSHOT (y=10) 35.5 11.7 25.1 9.1 158 34.5 | 22.0 OSHOT (y=10) 70.2 46.7 48.1 30.9 32.3 59.9 |48.0
OSHOT (y=30) 35.2 14.4 30.0 14.8 20.0 46.7 |26.9 OSHOT (y=30) 77.1 44.7 524 37.3 37.0 63.3 |52.0
DivMatch [28] 27.1 12.3 26.2 11.5 13.8 34.0 | 20.8 DivMatch [28] 64.6 44.1 44.6 34.1 24.9 60.0 |454
SW [42] 21.2 14.8 18.7 12.4 149 439 | 21.0 SW [42] 66.3 41.1 41.1 30.5 20.5 52.3 |42.0

[28] [Diversify and match: A domain adaptive representation learning paradigm for object detection, CVPR 2019]
[42] [Saito et al: Strong-weak distribution alignment for adaptive object detection, CVPR 2019]
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To Summarize... #S classes

# T classes

ECCV20 SRS

jr ! ‘\\ ’A
OMNLINECIWN .
>5-28 AUGUST 2020 ~s, = 1

\\ N :\\ /, o // D n—) .
N —
B Pregicgim
DA
Singles

Onlip a %’

Universal

\

S classes
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Learning

# S classes
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Thanks for your attention

Domain Adaptation for Visual Applications
Part 3: Beyond Classical Domain Adaptation
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