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The breakthrough of Al

TEXT DESCRIPTION

A bowl of soup
as a planet in the universe

as digital art

TEXT DESCRIPTION

Teddy bears

working on new
AI research

as kids' crayon art

https://openai.com/dall -e-2/#demos




Artificial intelligence
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can ask me:

Q Phone
“Call Brian"
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“FaceTime Lisa"
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“Launch Photos"




Background

T Computer vision: How do we represent an image?

Past:

ImageNet Classification Error (Top 5)

Now: .

RGN R Merten LM A ves

:’ I
me "o 190 B e
Famg o e St

Learned Feature



Artificial intelligence?

TfMore artificial, more I ntellilgen

“Current systems are not as robust to
changes in distribution as humans,
who can quickly adapt to such

Yoshua Bengio,
Geoffrey Hinton,
Yann Lecun

Deep learning for
Al

Com. ACM 2021

Figure credit: https://cn.nytimes.com/technology/20181126/china -artificial-intelligence-labeling/
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Background

T Models do not generalize well to new domains; not like humans!

T Are big data always available?
T Itis impossible to consider data in all scenarios.
T Data can be protected under privacy regulation

A Pan et al. A Survey on Transfer Learning. IEEE TKDE 2010.
A Wang et al. Generalizing to unseen domains: a survey on domain generalization. IEEE TKDE 2022.



Domain adaptation

1 DA: Train on source and adapt to target

St
&
=
B

&
<8
o
<

a2ral == neE
E Bl oma/ BRI
PRS00
EREY . YGES
BNEL ™2 EHE

HRESa=Nvll
Pk . <€

R 2f o m VO
2 WERL~* ER
o

@)
>

IF

ImageNet

Source Domain ~ Ps(X,Y) # Target Domain ~ Pr(Z, H)
lots of labeled data unlabeled or limited labels

Dg = {(xi,yi),Vz’ € {1, cen ,N}} Dp = {(Zj,?),Vj S {1,. : ,M}}



Domain adaptation
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Domain adaptation: Train on Source and Adapt to Target

Are we able to obtain

unlabeled testing data?




Domain adaptation: Train on Source and Adapt to Target

NQO!

Realtime deployment
Data privacy regulation




Domain Generalization

1 DG: Build a system for previouslyunseen datasets given one or
multiple training datasets.
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Wang et al. Generalizing to unseen domains: a survey on domain generalization. IEEE TKDE 2022.



Formal definition of domain generalization

T Definition
1 Given:0 training domains N {n |"Q phE M) ,wheren {(who)}
T Condition:
1 Joint distributions are different, i.e., 0 0O 0Q QD0

T Test domain cannot be accessed In training
T Goal:
T Achieve minimum test error on test domain

70 0 )

m}j.n E(x,y)estest [g(h(x)ﬂ y)]

I
'l_ T ' r-_ “ew L ;) — LY ! I
jg=1, - Gg=1, . 1 j=1, = ,n, .

Wang et al. Generalizing to unseen domains: a survey on domain generalization. IEEE TKDE 2022.



Different DG settings

_ _ The general setting;
T Different DG settings Focus of this tutorial

Traditional domain generalization The traditional setting
Single-source domain generalization Only 1 source domain available for training

Semi-supervised domain generalization Training domains are partially labeled

Federated domain generalization Training data cannot be accessed by central server
Open domain generalization Training and test domains have different label spaces
Unsupervised domain generalization Training domains are totally unlabeled
A Peng X, Qiao F, Zhao L. Out-of-domain Generalization from a Single Source: A Uncertainty Quantification Approach[J]. arXiv preprint
arXiv:2108.02888, 2021.
A LinL, Xie H, Yang Z, et al. Semi-Supervised Domain Generalization in Real World: New Benchmark and Strong Baseline[J]. arXiv preprint
arxXiv:2111.10221, 2021.
A ZhangL, Lei X, Shi Y, et al. Federated Learning with Domain Generalization[J]. arXiv preprint arXiv:2111.10487, 2021.
A ShuY, Cao Z, Wang C, et al. Open domain generalization with domain-augmented meta-learning. CVPR 2021.
A QiL,WangL, Shi, et al. Unsupervised Domain Generalization for Person Re-identification: A Domain-specific Adaptive Framework[J]. arXiv

preprint arXiv:2111.15077, 2021.



Relation with existing paradigms

Learning paradigm Training data  Test data Condition Test access
Multi-task learning SH,-..,8" St 8" YAV 1<i#j<mn v
Transfer learning Ssre Star Star ysre £ ytar v
Domain adaptation §ere Star Star XsTe £ ytar v
Meta-learning Sl...,&gn Sntl Vi£AYI 1<i#j<n+1 v
Lifelong learning St,...,8n St,..., 8"  &? arrives sequentially v
Zero-shot learning St.... 8" Sntl yrtl £yt 1<i<n X
Domain generalization ~S!,.-. 8™ Sntl P(S8)#P(S7),1<i#j<n+1 X

DG has close relationship with other paradigms, but also different from them

Wang et al. Generalizing to unseen domains: a survey on domain generalization. IEEE TKDE 2022.



Overview of this tutorial

> Introduction of DG & related areas

> Methodology

>App|ications

> Datasets, benchmark & evaluation

> Theory & challenges
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Overview of DG methodology

Domain randomization

Data Data augmentation
. . Adversarial data augmentation
manipulation Data generation
g Kernel methods
[0 Domain-invariant Explicit feature alignment
N . .
IC__G representation leammg Domain-adversarial learning
S .
GC) Representatlon Invariant risk minimization
@ learning _ _
(_r) Multi -component analysis
'% Feature disentanglement Generative modeling
g Causality-inspired methods
O
Meta-learning Distributionally robust optimization
Learning _ _ _
strategy Ensemble learning Self-supervised learning
Gradient operation Others

Wang et al. Generalizing to unseen domains: a survey on domain generalization. IEEE TKDE 2022.



Data manipulation for DG



Data manipulation

T Data quantity and quality are key factors of generalization
T Increasequality and quantity

mhin Ex y[l(h(x),y)] + Ex 4 [0(h(X"),y)]

Data augmentation

x' = mani(x){

Data generation



Data augmentation

T Typical augmentation
fRot ati on, noi s e, col or é

T Domain randomization (DR)
¢! Randomly draw K reallife categories from ImageNet for stylizing the synthetic images.

Source Image

Auxiliary
Domains

‘ s

Result o 1 A
-
Images & t

Yue et al. Domain Randomization and Pyramid Consistency: SimttadReal Generalization without Accessing Target Domain Dia/,2019.



Domain randomization

Domain randomization through graphics software.

Sim->Real robot control Synthetic images-> Real images

A Tobin, et al. Domain Randomization for Transferring Deep Neural Networks from Simulation to the ReaRO&2017.
A Tremblay et al. Training Deep Networks with Synthetic Data: Bridging the Reality Gap by Domain Randomization. C\6BR®&ksh



Context-aware randomization

p(I;S;gyol..noacl..nc) :p(I|S:g301..noac1..nc) Urbn Subu Rur

' ﬂp(oﬂcé) ﬂp(c?:lg)p(gls)p(s)

Prakash et al. Structured Domain Randomization: Bridging the Reality Gap by @ovdextSynthetic Data. 2018.



Adversarial data augmentation

T CrossGrad:Adversarially augment data via gradient training
! Generate data that are with samelabel wy but different domain label 'Q

e

X, = X; + EVXin(Xi;di)

1

TADV augmentation

T Learning the worse-casedistribution to enable generalization
minimize sup {Ep[£(0;(X,Y))]: Dg(P, Py) < p}
P

fcO

A Shankar et al. Generalizing across Domains via-Gesfient Training. ICLR 2018.
A Volpi, et al. Generalizing to Unseen Domains via Adversarial Data Augmeniaioi?S2018.
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Data generation

T Directly generate data
T Learningto generate, instead of randomization / adversarial augmentation (Fixed scheme)

N
o
- I S0
True data !ﬁ\'
y
3 sample & sample Q — 3%’0 —>{
X g. b || | —| 2 3‘ bz || O | —— P i False
Discriminator
p—3—©

|| L L Random  Ganerator Fake data

noise

Variational auto-encoder (VAE) Generative adversarial net (GAN) Mixup

=i

A Kingma D P, Welling M. Auto-encoding variational bayes[J].arXiv preprint arXiv:1312.6114, 2013.
A Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative adversarial nets[J]. Advances in neural information processing systems, 2014, 27.
A Zhang H, CisseM, Dauphin Y N, et al.Mixup: Beyond empirical risk minimization[J].arXiv preprint arXiv:1710.09412, 2017.



o To I Do

Data generation
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VAE for generation Multi -component generation

Painting Inter-Source

Novel-domain image
/ : Stylization
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Source-domain image

Q: Style Set [ : Sources
[ : Target

[Photo, Art, Cartoonl f : Stylization

Photo 1 Cartoon
1
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Conditional GAN for generation m wlizati
Qiaoet al. Learning to Learn Single Domain Generalization. CVPR 2020. age S y lZation

Rahmaret al. Multi-component Image Translation for Deep Domain Generalization. 2020.
Zhou et al. Learning to Generate Novel Domains for Domain Generalizia\V 2020.
Somavarapwet al. Frustratingly Simple Domain Generalization via Image Stylization. 2020.



DomainMix

Cross
» Entropy
¥ Loss

Feature Feature
Extractor

Mixed %, ¥

y

Training Phase ‘

MixAll

Samples from Feature Feature | SVM
target domain Extractor

Testing Phase

=@ @@ @ @ @)
=@ @ @ @ @ @)

(a) Shuffling batch w/ domain label

=@ @@ @ @ @)
= @@ @®®® @)

(b) Shuffling batch w/ random shuffle

Style Mixup

A Wang et alDomainMix Learning Generalizable Person|Bentification Without Human Annotations. 2020.

A Wang et al. Heterogeneous domain generalization via domain mixup. ICASSP 2021.
A Zhou et al. Domain generalization with mixstyle. ICLR 2021.



Data generation for DG

Tls vanilla Mixup enough for DG?

7 No.
¢ Consider semantic range.
! We also need a large margin.

T SDMix: Semantic Discriminative Mixup.
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Lu et al. Semantic-Discriminative Mixup for Generalizable Sensorbased Cross domain Activity Recognition. ACM IMWUT, 2022.



Summary of data manipulation

T Advantages

T Easy to understand and simple to implement
1 General to all kinds of data and networks

T Potential disadvantages

¢ Lack of theoretical guarantee
T Restricted by quality of training data



Representation learning for DG



Representation Learning

T Learning domain-invariant representations
T Learning features which are expected to be better generalized to unseen target domain.

min Ex ,(f(9(X)),y) + Mreg
f}g / \ \

Classifier [Feature Regularization

W/O doma|n overfitting
g 90, ..
ST / 0 generalization
&éij‘:*

. 7. > 7
o [T
N 45 =% SR

with domain

generalization
training phase test phase

source domain target domain



Representation learning

THow to learn generalized representations for DG?

A Kernelbased methods

A Domain adversarial learning
A Explicit feature alignment

A Invariant risk minimization



Kernel-based methods

T Using kernel methods to learn domain-invariant features
T DICA: domain-invariant component analysis

Vi (BS) = tr(KQ) = tr(B' KQKB)
T TCA: Transfer Component Analysis

min tr(WTKLKW) + p tr(WITW), st. WIKHKW = 1.

A Blanchard et al. Generalizing from Several Related Classification Tasks to a New Unlabeled SampeurlPS2011.
A Muandet et al. Domain Generalization via Invariant Feature Representation. ICML 2013.
A Grubinger et al. Domain Generalization Based on Transfer Component Analysis. IWANN 2015.



Kernel-based methods

T Marginal distribution adaptation
10Qi 60X 00 Q@ (W (WHQ
ofell> -8 2w -B s |

1 (raw version) O (Z\” HA

T (kernelversion) O®OE N M MIN+ Fan gC ) C )
aihmhw e
0 #FD ; 0. | EOO6E _O6®
' -~ 0p < —hofw~0
’ [U L " 3
—pﬁs QQI 0 QI Q
\CX [1] Pan et al. Domain adaptation via transfer component analysis. IEEE TNN 2011.
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Kernel-based methods

T More than just distribution adaptation
T ESRand Elliptical SummaryRandomisation (ESRand

! comprises of arandomised kernel and elliptical data summarization

1 projected each domain into an ellipse to represent the domain information and then used some similarity metric to
compute the distance.

Z Z
32 32

Projection Summarisation

X -
Input space ! Feature space ! Feature space

Grey Subjectone e Classone — Summarised class one

Blue Subjecttwo X Classtwo -~ Summarised class two

T SCA: scatter component analysis
1! R2LISR CA&AKSNXRE RAAONARYAYIYOG Fylfteara G2 YAYAYAT S (GKS
domain, and maximize the discrepancy of representations from the different classes and different domains
: {total scatter} + {between-class scatter}
Wy(P) = E [H“F - '?'!":’}H;r] P {domain scatter} + {within-class scatter}

A ErfaniS,BaktashmotlagtV, MoshtaghiM, et al. Robust domaigeneralisatiorby enforcing distribution invariance. AAAI 2016.
A Ghifaryet al. Scatter Component Analysis: A Unified Framework for Domain Adaptation and Domain Generalization. TPAMI 2017.



Explicit feature alignment

1 Explicit distance:'Yth OQi 6 d@FdQ
1 Goal:'@ AQCQ&B 0 'Fo)hw _fOQi o0 dEidQ

T Kernel-based distance
T Maximum mean discrepancy (MMD) ]
! KL-divergence
§ Cosine similarity

T Geometrical distance
1 Geodesic flow kernel (GFK}4
1 Correlation alignment (CORALF!
! Riemannian manifold 4!

[1] Pan et al. Domain adaptation via transfer component analysis. IEEE TNN 2011.

[2] Gong et al. Geodesic flow kernel for unsupervised domain adaptation. CVPR 2012.
[3] Sun et al. Return of frustratingly easy domain adaptation. AAAI 2016.

[4] Baktashmotlagh et al. Domain adaptation on statistical manifold. CVPR 2014.
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Explicit distance

T Maximum mean discrepancy (MMD)

1 GivenwD 0hoD 0, Qs a feature map: w© = , where= is reproducing kernel
Hilbert space (RKHS), then

0 0 @oroh )h OOW[dW] M [AW]

T Empirical estimate
b0 @R )k OOB[-B "Qw -B QO |

~

Theorem: 0 0 @OORQ TQPQ O,when  {{dssQ® p isaunitballina
RKHS, provided that = is universal. 1]

[1] Alexander J. Smola. Maximum mean discrepancy. ICONIP 2016, Hong Kong. http://alex.smola.org/teaching/iconip2006/iconip_3.pdf

36



Explicit feature alignment

T Learning shareable information across domain
1 Maximum mean discrepancy: MMD(F, Px, Py) = sup (E,(f(z)) — E,(f(v)))
1 KL Divergence:K L(q(Z|X)||N ~ (0,1)) e
¢ Correlation alignment: ‘lcorar = ﬁllc's ~ Crll%

Backbone Network

'"ﬂ“-&@l =)o) I (=) j
wgl’i'l" prob. m._-g% & ;:-.wr 'Eenfqr ............

"'\.
Ve wasserstein ‘“‘\;"’ LY Style Normalization and Restitution (SNR) Module Bualieaalkyi:

\J

+ R~ F-=F+R™

1A IE: x| ¥ ;
L II I | |
MMD b 4 i Input
f__.- feature F 1 p

.. S 1~ ) lihood %
e — L - o) - (" Dual

T — Bl m’ (_\/ - '\::'J -cammy|

1 1 H L Lo

L P Larger entropy

A Yalli, et al., Deep domain generalization via conditional invariant adversarial networks, ECCV 2018
A Haoliang Li, et al., Domain Generalization for Medical Imaging Classification with LinearDependency, NeurlPS 2020
A JinX, Lan C, Zeng W, et al. Style Normalization and Restitution for Domain Generalization and AdaptationArxiv, 2021.



Multi -layer Feature Learning

T Feature disentanglement at deep layer.
T Neuron independence regularization

0(OROMHO ) 0(O)O(0)80 O

OO00O00 WANANNA - Ooo0go

Domain Alignment \ Decoder /

00000

Encoder

Feature
Mapping

N
N

| | o Total Correlation Minimization
00060 0B A a A A = MO amageien; if through dimension permutation

""""'"'f’ Y |[Arcones1992]

"""""""""""""""""""""" festoebxtraction...’.’. B ¢ | ,
"‘ ............................ ; /} v !
YT ! / |nput Discriminator |

Domain1 (X.Y;) Domain2 (X Y;) Domain K (Xg.Yx)

[Arcones1992] M. AArconeand EGing 0 On t he bootstrap of u and v statistic:
6550674, 1992.



Domain-adversarial training

1 Implicit distance: 'Yth  “YQRf &1 & O QO w
Goal:'@ AGICQEB 0 @ _{YQR o OB Q0 ¢

1 How to measure "YQnR ®i & O Qo »
T Domain discriminator in generative adversarial nets (GAN)[!!

7 Objective:/b M. (1 T @€ O(Ad) M. (] 1Gw
1 Train:i ETI A®

T How to use GAN for transfer?

[1] Ganin et al. Unsupervised domain adaptation by backpropagation. ICML 2015.
Figure: https://becominghuman.ai/generative -adversarial networks-gans-human-creativity-2fc61283f3f6

39


https://becominghuman.ai/generative-adversarial-networks-gans-human-creativity-2fc61283f3f6

GANSs

1 Generative adversarial nets

T GAN -> transfer learning -> domain generalization

Real faces

Generator

e
N

o

ol
ol
ol

Jo
!

—p

Generated faces

NN N,

Discriminator

Fake

Real

GAN

Real faces
Random noise
Generator
Discriminator

GAN-based DA | GAN-based DG

Source domain
Target domain

Generator
\Discriminator/

Figure: https://medium.com/sigmoid/a-brief-introduction-to-gans-and-how-to-code-them-2620ee465c30
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https://medium.com/sigmoid/a-brief-introduction-to-gans-and-how-to-code-them-2620ee465c30

DANN

1 Domain adversarial neural network (DANN)]
1 Feature extractor:"O th}—
1 Label predictor: 'O thi—
T Domain classifier:"O thR—

9L oL,
59? 90y @
¢ ﬂ |:> |:> E class label y
J

Y
label predictor G(-;6,)

—)\9La
o0 f o g domain i]‘dssiﬁer Ga(-:0,)

72N o e f \
+ Y &, %
feature extractor G(-;6;) Q}@@;@‘
. B |:> |:> @ domain label d

oL,
E> 90 OLg
004

_ forwardprop  backprop (and produced derivatives)
Figure: Ganin et al. Unsupervised domain adaptation by backpropagation. ICML 2015.
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DANN

T Training of DANN
£(6.6,6)= T4, (6(6(x)v)- 2 3 L(G(6(x)e)

T Objective:

T Learning:

X; G’D xf.eDS U'Dr

Classification loss

T Minimize feature extraction and classification loss

1 Maximize domain confusion

f Stochastic gradient descent

91 Problem:

_is hard to implement in SGD

(6,.6,)= argr;:[ig?E(Bf,By,Qd)

(éd) — argmeefwxE(Hf,Gy,Gd)

Separation loss

42

oL,
90




DANN

M Train DANN In SGD

T Gradient reversal layer (GRL)
{ Forward propagation: GRL is an identity map

Y o

1 Backward propagation: take gradient from subsequent level, and
qQy .
e

{ Transformed objective function:

T GRL can be easily implemented inPytorch/ Tensorflow/ Caf f e é

£(0.0,0)= S(6(6 ()2 T Lo folx)e)

X; eD x[e’Dsu’Dr

Code of DANN: http://github.com/jindongwang/transferlearning/code/deep/DANN
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Domain-adversarial learning for DG

domainness

pessEssEssmEmsEssEs_s—sssssssss—ss;;m_s—_ s s s -.'- O

i+ % Dratw sarmples

| 1 = — M=2)
1 ¢ " 2 7
1 T 1 B

1 er 1

sleg

domainness

Domain 15,5 ) Domain 2 (A1) Domain K[ Xg e )

DLOW

MMD -AAE Lody( Gst ; Ds) = Exspg [log(Ds(x”))]

+  Ex:npg [log(1 — Ds(Gsr(x*, 2)))]
Lado( Gsr , Dr) = Extupy [log(Dr(x"))]

+  Ex:npg [log(l — Dr(Gsr(x°,2)))] -

%‘i}g max Lae + AiRmmq + A2Jgan

A Haoliang Lét al. Domain Generalization with Adversarial Feature Learning. CVPR 2018.
A Rui Gong et al. DLOW: Domain Flow for Adaptation and Generalization. CVPR 2019.



Domain-adversarial learning for DG

Data of walking activity

T ls local alignment enough for DG?

T No. Ignore some big picture features.
T We also need a global alignment.
T LAG: Local and Global Alignment.

(" Local feature learning) L
A Z
. hl b ’nllf ”‘,If "\V’ l |
> Local A
W J\L‘ / N : £
\ qﬁ\,{ U"ﬂv l Align h. yl
hI / J\nfﬂw Zl LCIS
( \ h gb V-Ilju'x.,t,./‘..‘I:I,n,r'wl
Iy Global feature Global L, Zg y
R ) learning hy ign 7]
ﬂj (CNN or distance matrix) \ .»‘rw"l...;'ﬁ-. A j
- ) AV z)

L=L.gs+ ML+ /\gﬁg

Lu et al. Local and global alignments for generalizable sensor-based human
activity recognition. ICASSP2022.

(a) Local correlation

(b) Global correlation

Global feature learning
LAGcnn: CNN for global feat. learn.

hg1

Split data r r g z
Di
RTAYAYAYA .
e

m dqq| dqp| dy3
i
hgs

7 daq| daz| daz Zg
Zs2
d31| d32| da3

253
LAGpaT: distance matrix for global feat. learn.



Representation augmentation for DG

Q.
>
X
. . . : =
T ls vanilla Mixup or simple alignment enough?
T No. Domain-invariant feature Mixup.
T FIXED: Domainrinvariant Feature MIXup with Enhanced Discrimination. =
in Loss g
Classify Layer j:' | 4 Possible Area Enlarged Areg g
Feature Net z i é
IS ... ) = <
I I y Confirmed Area 8

20000
>}
S
S

N .

T Gradient
—

Enlarged distribution cover range

\

— Reversal . _ e
Layer

R

Qurs

min E(}cl Y1 ),(xa ,ygjNJPlE)\wBeta,((x,u} [El'm.. (Gy(
h{[iX}.(Zl ) 22)) 3 hll}{)\ (yl: ?}‘2)) + !rf((;ff (Rﬂ(zl)): D)]*

Lu et al. FIXED Frustratingly EasyDomain Generalization with Mixup. Under Review,2022.
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Invariant risk minimization

TIRM

T Do not seek to match the representation distribution of all domains, but to enforce the
optimal classifier on top of the representation space to be the same across all domains

T The intuition is that the ideal representation for prediction is the cause of y, and the causal
mechanism should not be affected by other factors/mechanisms, thus is domain-invariant.

M M

i i Learn'Q . : i 2
;Iélél Z e(fog) > min €(g)+ A H Vfﬁl'(f o g)‘le H
Mo i gt 1=1 geg “
FENi=,argmingr -z e (f og) i=1

Arjovsky M, Bottou L, Gulrajani I, et al. Invariant risk minimization[J]. arXiv preprint arXiv:1907.02893, 2019.



Feature disentanglement

TWhat is disentanglement

T Learn a function that maps a sample to a feature vector, which contains all the information
about different factors of variation  and each dimension (or a subset of dimensions) contains
information about only some factor(s).

1 Formulation

___________________________________________________________

Common features; Specific features

______________________ e =REElie Teares

gzgj,lf Exayg(f(gc (X)): y) + )\greg + ﬂgrecon([QC(X): Js (X)]: X)

——————————————————————————————————

A Multi-component analysis

Feature disentanglement A Generative modeling



Multli -component analysis

 UndoBias

T Weights can be disentangled into: common and specific weights

w; = wg + A

q Structure low-rank DG

Domain-invariant Deep Neural Networks

: : o] ~ :
— \Struct\n‘cd' | O L—:: T'-'i‘
Domain-specific Deep Neural Networks Ei /‘vLow-rankf @)
~Jo| I3 § P

b L/
~ % %

1O Label Space Unseen Target Domain

A Khosla A, Zhou TMalisiewicz T, et al. Undoing the damage of dataset bias. ECCV 2012.
A Ding Z, Fu Y. Deep domain generalization with structured low-rank constraint. IEEETIP2017.



Feature disentanglement

Invariant feature learning + style transfer

N N > > = _,< : ) —> -.(: :)
I

task-specific ! perceptual network E, k if
feature z., l Posterior probability: tafza-ti‘:::{; C task-specific network E,
shared generator G La(E, E (G224 ), ¢
task-specific encoder E, g () p( (zq Za,-) 2

|
L Za; Ea =>-
negatlive Gaussian discriminator D,
=E7 samples discriminator D,, distribution Information gain term:

domain-specific encoder E4 Posterior probability:

KL(Q(z:|0)|P(z.))
DX(G (zcilzdj))

shared generator ¢

positive samples

Yufei Wang, et al., Variational Disentanglement for Domain Generalization,Arxiv 2021



Multi -layer Feature Learning

1 Deep features eventually transit from general to specific along the network.

¢ Shallow Layer extracts shareable information while deep layer extracts category specific
Information (with regularization).

Cat

O a @0

A Haoliang Lieta, O GMFAD: Towards Gener al-liageed Vi sual R
Feature Alignment -PAM02DiI sent angl emento, T



Domain-Invariant Learning with Uncertainty

A Uncertainty should be considered during domain -invariant learning.

+ sample

& Mean

C

d

Bayesian Neural Network

A Zehan Xiao, et al.,A Bit More Bayesian: Domairl nv ar i an't

> fiiffere_nt direction and
intensity of the offset

original sample

synthetic samples

Uncertainty modeling through re -parameterization trick
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Learning
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A Xiaotong Li, et al., Uncertainty Modeling for Out-of-Distribution Generalization."1| CL Rd 2 2 .
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Generative modeling

1 DIVA: domain-invariant variational-autoencoder ., pomain-input-label

Ls(d,x,y) = Eq¢d (2d|X) 05, (22]%),q5, (2y|x) log pe(x|24; 2z, Zy | —BKL (Qéd (Zd‘X)Hpﬁd (zq|d))
— BKL (g6, (3 l1p(22)) — AL (a5, (2 ) 8, (2411 -

1 CSG: Causal semantic generative model

training | test p*(s,v) = p(s)p(v) p(s,v)
o q(s,v|x) domain | domain ’

(b) CSG-ind (c) CSG-DA

S:semantic factor

V: variation factor

A Liu et al, Learning Causal Semantic Representation for Outof-Distribution Prediction. NeurlPS2021.
A llse M, Tomczak J M Louizos C, et al. Diva: Domain invariant variational autoencoders[C]//Medical Imaging with Deep Learning.
PMLR, 2020: 322348.

p*(y‘??) lO p(sﬂ ?-’1: :E: y)}

Ep*(:t:)Ep*(y|$) [log q(y‘m)] + Ep“(ﬂ‘_,)Eq(S,U,y|$)|: q(qu") q(s v, y‘f}j)



Summary of representation learning

T Advantages

T General and popular
T Better performance
 Some theoretical guarantee

T Potential disadvantages

¢ Still difficult to remove spurious features
¢ Data-driven



Learning strategy for DG



Different learning strategy for DG

T Meta-learning
¢ Divide domains into several tasks, then use metalearning to learn general knowledge

TEnsemble learning
T Design ensemble models

T Gradient operation
T Alter the gradient interaction between domains

{ Distributionally robust optimization
T Acquire models that are better for worst -case distribution scenario

T Self-supervised learning
T Others



Meta -learning

T Learning to learn, or meta-learn the general knowledge
T Instead of the original tasks, meta-learning wants to acquire knowledge about new tasks

Multi-task learning Meta-learning

learn tasks perform tasks Iearn to learn tasks

KN s
Wy wa A% =

\_ oo ) 0‘6 J
Meta-knowledge acquisition Meta-knowledge validation
¢* = argmaxlog P (¢|Dsc) I:> 6*") = arg max log P (Hlt,b*, P {f))
¢ 0

Huisman M, Van Rijn J N, Plaat A. A survey of deep meta-learning[J]. Artificial Intelligence Review, 2021, 54(6): 4483-4541.



Meta-learning for DG

THow to adopt meta -learning for DG?

T Key: Old tasks to new tasks in metalearning A Old domains to new domains

TMLDG: Metalearning for DG
ﬂ MetaReg meta_learnlng for regularlzathn Algorithm 1 Meta-Learning Domain Generalization

Source Domains

<><> Méta-trai
0, ..
<><><><><> Test

Target Domains

T1

Feature
network
F

sjdomiau

¥sel

1: procedure MLDG
2: Input: Domains S
3 Init: Model parameters ©. Hyperparameters o, (3, 7.
4 for ite in iterations do
Trainon 5: Split:}JS and S « S ~
Domain 1 6: Meta-train;| Gradients Vg = F((S; 0)
‘?.
8
9

| ated parameters ©' = © — aVg
Meta-test:|Loss is G(S; ©').

Meta-optimization: Update ©

Train on (")(F(Sq @) —+ 39(5. @ — O{va))
Domain p O=0 - B 90

10: end for
11: end procedure

A LiD,Yangy, SongY Z, et al. Learning to generalize: Met&earning for domain generalization. AAAI 2018.
A Balaji Y,SankaranarayananS, Chellappa R.Metareg: Towards domain generalization using meta-regularization. NeurlPS2018.



Meta-learning for DG

T Feature-critic training

T Learning the regularization terms using
meta-learning

Meta-train domain
p(CE) — goLD) 5 g(NEW)

Dy —— Feat. Ext. (8) i E
*uf-(Aux)_ : '

fnd

1 v
|
ﬂ') «— p(Meta}e— Feat. Ext. (8) «—— Dyq

Meta-test domain

> X e

-D_j €Dim d; EDJ

: Z Z tanh (~y G(NEW} bj, 2@

max
Dj Epmj d_',l EDJ

min
9,63.‘:

(J))

(J)))!y(j)) +g(AUX)

T Meta-VIB

T Meta variational information bottleneck to
model uncertainty between domain shifts

OGO -G

N

N 1 « . .

El-‘leta\f’IB — ﬁ Zl /[p(z-n|xn)p(w‘DS) ng Q(Y-n|z-na L’)
n=

p(zn|xn)

— Ap(z,|x,) log :
{( |%n) 2(z,| D)

|dz,,dv) ]

Li Y, Yang Y, Zhou W, et al. Feature-critic networks for heterogeneous domain generalization.
ICML 2019.

Du Y, Xu J, Xiong H, et al. Learning to learn with variational information bottleneck for domain
generalization. ECCV 2020.



Meta-learning for DG

T DADG: MLDG with adversarial training 9 DGSML: MLDG with semisupervised
learning

Feature
extractor

(fgm)

GRL = Discriminator (d, ) —Ld.sc] soiltes. omainy

Feature
extractor

(fgm+1)

— i —

—_ train = , Unlabeled  Labeled

‘G)\ Y \ ‘ Centroid based on
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Feature extractor

Centroid based on labeled

/ and unlabeled samples

Assigned unlabeled Unassigned

A sample to a class

Feature
extractor

Classifier {cfpmu}

(fgme2)

unlabeled sample

Distance between
centroids within one domain

Domain-invariant

[

Ly e i .g
e

" Task-specific 10ss  Semi-supervised loss

Meta-train phase

i //. *.\ |
AL
By

Alignment loss

Meta-test phase

A Chen K, Zhuang D, Chang J M. Discriminative adversarial domain generalization with meta-learning based cross-domain
validation. Neurocomputing 2022.

A Sharifi-Noghabi H, Asghari H, Mehrasa N, et al. Domain generalization via semi-supervised meta learning[J]. arXiv preprint
arXiv:2009.12658, 2020.



Ensemble learning

T ls a single model or representation enough for generalization?

Linear ||Knearest
Regression [Neighbors

Decision | Neural
Tree | [Network

v v

v v

Acc: 80% Acc: 85% Acc: 91% Acc: 90%

Ensemble
Models

Linear

Regressior

K nearest| [Decision

Neighbors| | Tree

Neural
Network

Bagging

Boosting

Stacking

N

-4

Ensemble
Model

W

Acc: 98%

A Ensemble learning allows for
more diversities in feature and
classifier learning

A The power from the crowd




Ensemble learning for DG

TEnsemblelearned DG representations
T Feature weighting Feature combination Feature attention

Instance
i Morm .
BN Art '
; Painting )
MNormalized
Feature = BN Cartoon --4  Feature
Map 3 Map
Y BNPhoto

h'r
Zi = f('.i'fi._, ("')) = Z 'H}t'._jfj(ris Iqj}
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A Mancini M, Bulo S R, Caputo B, et al. Best sources forward: domain generalization through sourcespecific nets. ICIP 2018

A Segu M, Tonioni A, Tombari F. Batch normalization embeddings for deep domain generalization[J]. arXiv preprint arXiv:2011.12672, 2020.

A D& 1 nn oA @aputoeB. Domain generalization with domain-specific aggregation modules[C]//German Conference on Pattern Recognition.
Springer, Cham, 2018: 187198.



Ensemble learning for DG

TEnsemble learning for classifier learning
T SEDGE: ensemble of prdrained models for classifier learning

Prediction Back-propagation DAEL: domain adaptive ensemble learning
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Li Z, Ren K, Jiang X, et al. Domain Generalization using Pretrained Models without
Fine-tuning[J]. arXiv preprint arXiv:2203.04600, 2022.

Zhou K, Yang Y, Qiao Y, et al. Domain adaptive ensemble learning[J]. IEEE TIP
2021.
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Ensemble learning for DG

Domain-specific features

Tls ensemble learning enough for DG? fe
1 No. EnsembleA domain-specific knowledge .

T We also need a balance with domain-invariant knowledge

1 AFFAR: Adaptive Feature Fusion T o
— fi —-"'Ldir :o’:
%o =5
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|:|Activity classification |:| Domain-invariant feature =D By, S
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Qin et al. Domain generalization for activity recognition via adaptive &,

feature fusion. ACM TIST 2022. 50k P 1




Gradient operation for DG

T Model the interactions between cross-domain gradients

Fish: gradient inner product RSC.: seHchallenging for gradient

& O atinitial point
/ =» Trajectory of & during IDGM training
=» Trajectory of & during ERM training
Gradient of the loss for domain 1

large inner ) )
product Gradient of the loss for domain 2
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X small*
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A ShiY, Seely J, Torr P H S, et al. Gradient matching for domain generalization. ICLR 2022.
A Huang Z, Wang H, Xing E P, et al. Self-challenging improves cross-domain generalization. ECCV 2020.



