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O u t lin e

Se s s io n  1 - In t r o d u c t io n  (1h )

● Wh a t  is  d o m a in  a d a p ta t io n  a n d  wh y d o  we  n e e d  it ?
● Th e  d o m a in  s h ift  is s u e  in  vis io n
● Do m a in  s h ift  - fo r m a l s t a t e m e n t
● Co m m o n  Do m a in  Ad a p ta t io n  s c e n a r io s
● Cla s s ic a l m e th o d s  a n d  b e n c h m a r ks

Se s s io n  2 - Re c e n t  Me th o d s  (De e p  le a r n in g ) (1h )

● Ad ve r s a r ia l DA
● Im a g e  t r a n s la t io n  m e th o d s
● Fe a tu r e  a lig n m e n t / c o n fu s io n
● Ba tc h n o r m -b a s e d  m e th o d s
● Ps e u d o -la b e lin g (TO DO )



Se s s io n  3 - Be yo n d  Do m a in  Ad a p ta t io n  (1h )

● So u r c e  Fr e e  UDA (TO DO )
● Do m a in  Dis c o ve r y
● Co n t in u o u s  DA
● Pr e d ic t ive  DA
● Va lid a t io n  is s u e s  in  Un s u p e r vis e d  Do m a in  a d a p ta t io n

Se s s io n  4  - Do m a in  g e n e r a liza t io n  (1h )

● A m o r e  c h a lle n g in g  p r o b le m
● Sin g le  s o u r c e  d o m a in  g e n e r a liza t io n
● O th e r  is s u e s  
● Co n c lu s io n s

O u t lin e



Session  4

Domain  Gener a liza t ion



Pr o b le m  fo r m u la t io n

Ea c h  d a t a s e t  c a r r ie s  it s  o wn  b ia s  [1], a n d  m o d e ls  t r a in e d  o n  it  r e s u lt  
b ia s e d , t o o .

[1] A. To r r a lb a a n d  A. Efr o s . Un b ia s e d  Lo o k a t  Da ta s e t  Bia s . CVPR11.



Do m a in  a d a p ta t io n

Do m a in  a d a p t a t io n  h a s  b e e n  t h e  m a in  s t r a t e g y t o  b r id g e  t h e  g a p  b e twe e n  s o u r c e  
a n d  t a r g e t  d is t r ib u t io n s .
Assump t ions: we  c a n  fix a p r io r i a  t a r g e t  d is t r ib u t io n  a n d  we  a r e  a b le  t o  s a m p le  
fr o m  it .
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Ge n e r a lis in g to  u n s e e n  d o m a in s

Goal: g e n e r a liz in g  to  u n s e e n  d o m a in s  u s in g  d a t a  fr o m  a  s in g le  
s o u r c e .



Do m a in  Ge n e r a liza t io n  (DG)
Domain  Ad ap ta t ion : 
Given a one or multiple source domains for which we have 
labeled data, we want to find a model able to generalize to 
a target domain for which few or no labeled data are 
available during training.

Source Domain BTarget DomainSource Domain

Domain  Gener a liza t ion : 
Given a set of multiple labeled source domains, we 
want to find a model able to generalize to any target 
domain for which no data are available during training:

house

elephant

dog

Target Domain

elephant

dog

house

Training
Test

Source Domain A

house

elephant

dog



Vo lp i e t  a l., Genera lizing  to  Unseen Domains via  Ad versar ia l Data  Augmenta t ion , Ne u r IPS 2018

Ge n e r a lis in g to  u n s e e n  d o m a in s



Lo c a t in g  th e  wo r k …

Ro b u s t  s t a t is t ic s

Vo lp i e t  a l., Genera lizing  to  Unseen Domains via  Ad versar ia l Data  Augmenta t ion , Ne u r IPS 2018



Lo c a t in g  th e  wo r k …

De fe n s e  a g a in s t  a d ve r s a r ia l s a m p le s

a l., Exp la in ing  and  har nessing Ad ver sar ia l Samp les, ICLR15 
Go o d fe llo w e t  a l., Exp la in ing  and  harnessing  Ad versar ia l Samp les, ICLR15  



Lo c a t in g  th e  wo r k …

De fe n s e  a g a in s t  a d ve r s a r ia l s a m p le s

Conv, pool, batchnorm
layers, etc.

Softmax𝒙𝒙 �𝒚𝒚
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Lo c a t in g  th e  wo r k …

Conv, pool, batchnorm
layers, etc.

Softmax𝒙𝒙 �𝒚𝒚
𝒇𝒇ε
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Go o d fe llo w e t  a l., Exp la in ing  and  harnessing  Ad versar ia l Samp les, ICLR15  
Ma d r y e t  a l., Toward  Deep  Learn ing  M od els Resistan t  to  Ad versar ia l At tacks, ICLR18

De fe n s e  a g a in s t  a d ve r s a r ia l s a m p le s



Lo c a t in g  th e  wo r k …

De fe n s e  a g a in s t  a d ve r s a r ia l s a m p le s  (p ic  fr o m  Ma d r y e t  a l.)
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Go o d fe llo w e t  a l., Exp la in ing  and  harnessing  Ad versar ia l Samp les, ICLR15  
Ma d r y e t  a l., Toward  Deep  Learn ing  M od els Resistan t  to  Ad versar ia l At tacks, ICLR18



Lo c a t in g  th e  wo r k …

Conv, pool, batchnorm
layers, etc.
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[17] Sinha et al., Certifying Some Distributional Robustness with Principled Adversarial Training, ICLR18

De fe n s e  a g a in s t  a d ve r s a r ia l s a m p le s



Lo c a t in g  th e  wo r k …

De fe n s e  a g a in s t  p er tu r b at ions in  the fea tu r e sp ace, wh ic h  – in  h ig h  
c a p a c ity n e two r ks  – a p p r o xim a te s  a  s e m a n t ic  s p a c e

Conv, pool, batchnorm
layers, etc.

Softmax𝒙𝒙 �𝒚𝒚
𝒇𝒇
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J o h n s o n  e t  a l., Percep tua l Losses fo r  Rea l-Time Style Transfer  and  Sup er -Reso lu t ion , ECCV16
Do s o vit s kiy A. a n d  Br o x T., Genera t ing  Images with  Percep tua l Simila r it y M et r ics Based  on Deep  Networks, NIPS16 



Me th o d  fo r m u la t io n  (fr o m  r o b u s t  s t a t is t ic s )

Dis t r ib u t io n a lly r o b u s t  o p t im iza t io n

We  c o n s id e r  t h e  La g r a n g ia n r e la xa t io n  [17]

De fin in g  t h e  s u r r o g a t e  lo s s  𝜙𝜙𝛾𝛾

We  fin a lly h a ve :

[17] Sinha et al., Certifying Some Distributional Robustness with Principled Adversarial Training, ICLR 2018
Vo lp i e t  a l., Genera lizing  to  Unseen Domains via  Ad versar ia l Data  Augmenta t ion , Ne u r IPS 2018



Me th o d  fo r m u la t io n  (fr o m  r o b u s t  s t a t is t ic s )

Computed by gradient ascent over 
the surrogate loss. c is a distance

[17] S in h a  e t  a l., Cer t ifying  Some Dist r ib u t iona l Rob ustness with  Pr incip led  Ad versar ia l Tra in ing , ICLR 2018

Dis t r ib u t io n a lly r o b u s t  o p t im iza t io n

We  c o n s id e r  t h e  La g r a n g ia n r e la xa t io n  [17]

De fin in g  t h e  s u r r o g a t e  lo s s  𝜙𝜙𝛾𝛾

We  fin a lly h a ve :



“Lo n g -s to r y s h o r t ”



“Lo n g -s to r y s h o r t ”

Gradient ascent



“Lo n g -s to r y s h o r t ”

Gradient descent



Ad ve r s a r ia l Da ta  Au g m e n ta t io n



Ad ve r s a r ia l Da ta  Au g m e n ta t io n



Th e  “u n kn o wn -d o m a in ” p r o b le m

We  d o n ’t  kn o w th e  t a r g e t  d o m a in , t h u s  it  is  d iffic u lt  t o  s e t  ρ



Th e  “u n kn o wn -d o m a in ” p r o b le m

We  d o n ’t  kn o w th e  t a r g e t  d o m a in , t h u s  it  is  d iffic u lt  t o  s e t  ρ
 ENSEM BLE APPRO ACH

𝑢𝑢1

𝑢𝑢2

𝑢𝑢3

s o ftm a x



Re s u lt s  – Dig it s
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Re s u lt s
SYNTH IA d a t a s e t



Wr ap p ing  up  …



To  r e c a p  ... a  s t a n d a r d  s it u a t io n

● Yo u r  d a t a (s e t ), yo u r  m o d e l

(yo u r  fa vo r it e  n e u r a l n e t )

+

De n g  e t  a l., CVPR 2009



Bu t  t h e n ... c o r r u p t io n  (la c k o f) r o b u s tn e s s

H e n d r yc ks  & De t t e r ic h , Be n c h m a r kin g  Ne u r a l Ne two r ks  Ro b u s tn e s s  to  Co m m o n  Co r r u p t io n s  a n d  Pe r tu r b a t io n s , ICLR 2019



Bu t  t h e n  ... t e xtu r e  b ia s  in  DNNs

Ge ir h o s  e t  a l., Im a g e Ne t -t r a in e d  CNNs  a r e  b ia s e d  to wa r d s  t e xtu r e ; in c r e a s in g  s h a p e  b ia s  im p r o ve s  a c c u r a c y a n d  r o b u s tn e s s , ICLR 2019



Bu t  t h e n  ... d a t a s e t  b ia s / d o m a in  s h ift

● Ea c h  d a t a s e t  c a r r ie s  it s  o wn  b ias, a n d  m o d e ls  t r a in e d  o n  it  r e s u lt  b iased , t o o .

To r r a lb a A. a n d  Efr o s A. A., Un b ia s e d  Lo o k a t  Da ta s e t  Bia s , CVPR 2011

Test setTraining set



Training set

Test set Representation space

Representation space

Ra g o n e s i e t  a l., Le a r n in g  Un b ia s e d  Re p r e s e n ta t io n s  via  Mu tu a l In fo r m a t io n  Ba c kp r o p a g a t io n , CVPR Wo r ks h o p s  2021

Bu t  t h e n  ... d a t a s e t  b ia s / d o m a in  s h ift

● Ea c h  d a t a s e t  c a r r ie s  it s  o wn  b ias, a n d  m o d e ls  t r a in e d  o n  it  r e s u lt  b iased , t o o .● Ea c h  d a t a s e t  c a r r ie s  it s  o wn  b ias, a n d  m o d e ls  t r a in e d  o n  it  r e s u lt  b iased , t o o .



Bu t  t h e n  ... a d ve r s a r ia l s a m p le s

Goodfellow et al., Explaining and Harnessing Adversarial Examples, ICLR 2015



Mo d e r n  m a c h in e  le a r n in g  m o d e ls

Someth ing  to  keep  in  mind  (among many o ther  th ings)

● Da ta  g r e e d y
● Vu ln e r a b ilit ie s  a g a in s t  d o m a in  s h ift s
● Da ta s e t  b ia s
● H u m a n  b ia s
● Vu ln e r a b ilit ie s  a g a in s t  a d ve r s a r ia l s a m p le s



Pr o b le m  fo r m u la t io n (s )

Empirical Risk Minimization
Training data

Unsupervised Domain Adaptation
Training data

Multi-source Domain Generalization
Training data

Single-source Domain Generalization
Training data

Fair/Unbias representations
Training data

(sim2real)

(corruption robustness)
(sim2real)



Th a n ks  fo r  t h e  a t t e n t io n
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