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Is there a  b ird ?

h t tp s :/ / xkc d .c o m / 14 25 /



Is there a  b ird ? 



Is there a  b ird ? 



Why are we so  good ?

De e p  Le a r n in g  Re vo lu t io n

Kr izhevsky, A., Sutskever , I. & H in ton , G. E. Imagenet Classif ica t ion  with  Deep  Convo lu t iona l Neura l Networks. NIPS, 2012.



Convo lu t iona l Neura l Networks

Wh y a r e  we  s o  g o o d ?



Source: Tr a c t ic a

Wh y a r e  we  s o  g o o d ?

http://www.tractica.com/


...b ack to  b ird s



ht tp s:/ / b am -d a t a s e t .o rg /

Is there a  b ird ? 



ht tp s:/ / b am -d a t a s e t .o rg /

Is there a  b ird ? 



Domain  Sh ift

B. Ku lis, K. Saenko, and  T. Dar rell, "What  You Saw is Not  What  You Get : Domain  Ad ap ta t ion  Using  Asymmetr ic Kernel Transforms" CVPR, 2011. 

Visua l ap p earance changes d egrad e the p er fo rmance o f 
visua l recogn it ion  systems. 



Visua l ap p earance changes d egrad e the p er fo rmance o f 
vis u a l r e c o g n it io n  s ys t e m s . 

B. Ku lis, K. Saenko, and  T. Dar rell, "What  You Saw is Not  What  You Get : Domain  Ad ap ta t ion  Using  Asymmetr ic Kernel Transforms" CVPR, 2011. 

Accur acy: 85%

Do m a in  Sh ift



Accur acy: 55%

Visua l ap p earance changes d egrad e the p er fo rmance o f 
visua l recogn it ion  systems. 

B. Ku lis, K. Saenko, and  T. Dar rell, "What  You Saw is Not  What  You Get : Domain  Ad ap ta t ion  Using  Asymmetr ic Kernel Transforms" CVPR, 2011. 

Accur acy: 85%

Domain  Sh ift



A cur ren t  rea l-wo r ld  e xa m p le  

● Pre d ic t io n  o f CO VID-19 m a rke r s  in  lu n g  u lt r a s o n o g ra p h y im a g e s .
● Da ta  fro m  d iffe r e n t  h o s p it a ls  (a n d  d iffe r e n t  s e n s o r s ) in  It a ly
● Tra in / t e s t  d a t a  o n  s a m e  h o s p it a l ≥85 % a c c u ra c y. 
● Pe r fo rm a n c e  d ro p s  o f e ve n  20% c o n s id e r in g  d a t a  fro m  d iffe r e n t  

h o s p it a ls .
● Is s u e s  in  h a vin g  a n n o ta t e d  d a t a  fro m  a ll t h e  h o s p it a ls .  

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.
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Domain  Sh ift : why d o  we care ab out?



Domain  Sh ift : why d o  we care ab out?

Ap p e a r a n c e  c h a n g e s  d u e  to  s e a s o n a l a n d  t im e  c h a n g e s .

Z. Ch e n  e t  a l., "De e p  Le a rn in g  Fe a tu r e s  a t  Sc a le  fo r  Vis u a l Pla c e  Re c o g n it io n ". ICRA 2017. 21



Ap p earance changes d ue to  illuminat ion  cond it ions

S. Hwa n g  e t  a l., “Mu lt is p e c t r a l Pe d e s t r ia n  De te c t io n : Be n c h m a rk Da ta s e t  a n d  Ba s e lin e ”, CVPR 2015 . 22

Do m a in  Sh ift : wh y d o  we  c a r e  a b o u t ?



Ap p earance changes d ue to  d ifferen t  sensors.

S. Hwa n g  e t  a l., “Mu lt is p e c t r a l Pe d e s t r ia n  De te c t io n : Be n c h m a rk Da ta s e t  a n d  Ba s e lin e ”, CVPR 2015 . 23

Do m a in  Sh ift : wh y d o  we  c a r e  a b o u t ?



O vercoming cost ly/ un feasib le d a ta  co llect ion

h t tp s :/ / www.zd n e t .c o m / a r t ic le / r o b o t s -t o -t h e -r e s c u e -s e a r c h in g -fo r -s u rvivo r s -c h e c kin g -o n -s t ru c tu r a l-d a m a g e -in -ja p a n / 24

Do m a in  Sh ift : wh y d o  we  c a r e  a b o u t ?



Use o f syn thet ic d a ta

h t tp :/ / s yn th ia -d a ta s e t .n e t / 25

Do m a in  Sh ift : wh y d o  we  c a r e  a b o u t ?



Domain  Sh ift  is ub iq u itous ...

Differen t  M od a lit ies

Synthet ic to  Rea l Images CAD to  Rea l Images

Time & Environmenta l Changes



Domain  sh ift  and  d a taset  b ias 

Torra lb a and  Efros .,”Unb iased  look a t  d a taset  b ias, CVPR 2011.



Domain  Sh ift : how d o  we so lve it?

An n o ta t e  t a r g e t  d a t a …

So u r c e  im a g e

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


Domain  Sh ift  & Data  Annota t ion

Da ta  c o lle c t io n  is  c o s t ly

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li and L. Fei-Fei, ImageNet: A Large-Scale Hierarchical Image Database. CVPR) 2009.

● a b o u t  h a n d -a n n o ta t e d  14 M im a g e s
● a b o u t  1M with  b o u n d in g -b o xe s
● m o r e  t h a n  20,000 c a t e g o r ie s



Domain  Sh ift  & Data  Annota t ion

We  c a n n o t  a n n o ta t e  e ve r yth in g

Slide credit: Fei-Fei Li



Domain  Sh ift  & Data  Annota t ion

So m e t im e s  c o lle c t in g  d a t a  is  im p o s s ib le

h t tp s :/ / www.zd n e t .c o m / a r t ic le / r o b o t s -t o -t h e -r e s c u e -s e a r c h in g -fo r -s u rvivo r s -c h e c kin g -o n -s t ru c tu r a l-d a m a g e -in -ja p a n /



Domain  Sh ift



A b it  o f no ta t ion

Inp ut  sp ace

O utp ut  sp ace

Inp ut  var iab le

O utp ut  var iab le

Domain

Task

F. O rab ona & T. Tommasi. Tu to r ia l on  Domain  Ad ap ta t ion  and  Transfer  Learn ing . In  ECCV 2014.



The Domain  Ad ap ta t ion  (DA) Prob lem

Source Domain Target  Domain

DA p rob lem

F. Orab ona & T. Tommasi. Tu tor ia l on  Domain  Ad ap ta t ion  and  Transfer  Learn ing . In  ECCV 2014.



The Domain  Ad ap ta t ion  (DA) Prob lem

DA p rob lem

Source Domain Target  Domain



DA Land scap e: unsup ervised  DA

dog

house

elephant

Lab elled
Source Domain

http :/ / www.eecs.q mul.ac.uk/ ~d l307/ p ro ject_iccv2017

Un lab elled  
Target  Domain

Rea l images vs 
Car toons

{elep hant , d og, house}



Covar ia te Sh ift  Assump t ion

37

x

Training samples



DA Scenar ios



DA Land scap e: unsup ervised  DA

dog

house

elephant

Lab elled  
Source Domain

http :/ / www.eecs.q mul.ac.uk/ ~d l307/ p ro ject_iccv2017
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{elep hant , d og, house}



DA Land scap e: numb er  o f Source d omains

M ult iSing le
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house
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DA Land scap e: the ta rget  lab els

Semi-Sup ervisedUnsup ervised

dog

house

elephant dog

house

elephant

house



DA Land scap e: the lab el sp ace

O p en SetClosed  Set

Par t ia l
dog

house

elephant

dog

house

elephant

dog
elephant



DA Sc e n a r io s : wit h o u t t a r g e t  d a t a !

43

Continuous DA

Predictive DA
Zero-shot DA

dog

house

elephant

do
g
house

elephant

Rea l

SketchAr t

do
g
house

elephant

Single-Source
Domain Generalization

Car toon

(Multi-Source)
Domain Generalization

Me ta d a t a
Ta s k-ir r e le va n t  d a t a



A b it  o f h isto ry …



Benchmarks: O ff ice31

Sa e n ko , K., e t  a l.  “Ad a p t in g  vis u a l c a t e g o ry m o d e ls  to  n e w d o m a in s .” In  ECCV 2010.
Go n g , B., e t  a l. “Ge o d e s ic  flo w ke rn e l fo r  u n s u p e rvis e d  d o m a in  a d a p ta t io n .” In  CVPR 2012.



A b it  o f h is t o r y … 
DA b efore the Deep  Learn ing  Revo lu t ion

Trad it iona l ap p roaches b ased  on  hand -cra fted  fea tu res:
○ In s t a n c e  r e -we ig h t in g (b o o s t in g ): u t ilize  t r a in in g  in s t a n c e s  fr o m  

th e  s o u r c e  d o m a in  wh ic h  a r e  m o r e  s im ila r  t o  t a r g e t  s a m p le s  t o  
b u ild  t a r g e t  m o d e l [Da i e t  a l, ICML 2007]

○ Pa r a m e te r  t r a n s fe r : a s s u m e  s o m e  p a r a m e te r s  s h a r e d  b e twe e n  
s o u r c e  a n d  t a r g e t  m o d e l [Br u zzo n e  e t  a l., TPAMI 2010] 

○ Fe a tu r e  a lig n m e n t : id e n t ifyin g  s im ila r  fe a tu r e  s u b s p a c e s  t h a t  
c a n  b e  u s e d  to  a lig n  s o u r c e  a n d  t a r g e t  d o m a in s  [Fe r n a n d o  e t  
a l., ICCV 2013] [Su n  e t  a l. AAAI 2016]



Gong, B., et  a l. “Geod esic f low kernel fo r  unsup ervised  d omain  ad ap ta t ion”. CVPR 2012.
48

A b it  o f h is t o r y …
DA b efore the Deep  Learn ing  Revo lu t ion  : Geod esic Flow 
Kernel (GFK)

The geod esic f low kernel tackles d omain  sh ift  b y in tegra t ing  an  
in f in ite numb er  o f sub sp aces tha t  character ize changes in  geomet r ic 
and  sta t ist ica l p rop er t ies from the source to  the ta rget  d omain



A b it  o f h is t o r y … 
DA b efore the Deep  Learn ing  Revo lu t ion  : M aximum 
M ean Discrep ancy

Distance b etween emb ed d ings of the p rob ab ilit y
d ist r ib u t ions in  a  rep rod ucing  kernel H ilb er t  sp ace.

Gret ton , A., et  a l. .  “A kernel method  fo r  the two-samp le-p rob lem”. In  NIPS. 2007.
F. O rab ona & T. Tommasi. Tu to r ia l on  Domain  Ad ap ta t ion  and  Transfer  Learn ing . In  ECCV 2014.



A b it  o f h is t o r y… 
DA b efore the Deep  Learn ing  Revo lu t ion  : 
CO Rrela t ion ALignment , CO RAL

Sun, B., et  a l. “Cor rela t ion  a lignment  fo r  unsup ervised  d omain  ad ap ta t ion ”. In  Domain  Ad ap ta t ion  in  Comp uter  Vision  Ap p lica t ions (p p . 153-171), 2017..



A b it  o f h is t o r y …
Deep  Domain  Ad ap ta t ion

● Th r e e  m a in  c a t e g o r ie s  (n o t  n e c e s s a r ily u lt im a t e ):
○ Dis c r e p a n c y-b a s e d : fin e -tu n in g  th e  d e e p  n e two r k with  la b e le d  

o r  u n la b e le d  t a r g e t  d a t a  t o  n a r r o w d o wn  th e  d o m a in  s h ift
○ Ad ve r s a r ia l-b a s e d : u s in g  d o m a in  d is c r im in a to r s  t o  e n c o u r a g e  

d o m a in  c o n fu s io n  th r o u g h  a n  a d ve r s a r ia l o b je c t ive
○ Re c o n s t r u c t io n -b a s e d : u s in g  th e  d a t a  r e c o n s t r u c t io n  a s  a n  

a u xilia r y t a s k t o  e n s u r e  fe a tu r e  in va r ia n c e

G. Cs u rka , “Do m a in  a d a p ta t io n  fo r  vis u a l a p p lic a t io n s : A c o m p re h e n s ive  s u rve y”. a rXiv p r e p r in t  a rXiv:1702.05 374 , 2017



 Distance b etween e m b e d d in g s o f t h e  p r o b a b ilit y d is t r ib u t io n s  in  a  
r e p r o d u c in g  ke r n e l H ilb e r t  s p a c e .

Gre t to n , A. e t  a l. .  “A ke rn e l m e th o d  fo r  t h e  two -s a m p le -p ro b le m ”. In  NIPS. 2007.
Lo n g , M. e t  a l., “Le a rn in g  Tra n s fe r a b le  Fe a tu r e s  with  De e p  Ad a p ta t io n  Ne two rks ”. ICML 2015 .

52

A b it  o f h is t o r y …
Deep  DA : M aximum M ean Discrep ancy

 Id ea : p er fo rm a  re-map p ing  o f the fea tu re rep resenta t ion  in  a  
common emb ed d ing  so  tha t  such  b ias is removed . Such re-
map p ing  is mad e a t  d if feren t  layers and  is ind uced  b y a  M M D 
d istance over  a  kernel funct ion

Domain Adaptive Network, DAN



Sun, B., et  a l. “Cor rela t ion  a lignment  fo r  unsup ervised  d omain  ad ap ta t ion”. In  Domain  Ad ap ta t ion  in  Comp uter  Vision  Ap p lic a t io n s , 2017.
53

A b it  o f h is t o r y … 
Deep  DA : d eep  CO RAL



O ffice31 and  O ff ice-Ca lt e c h  r e s u lt s  (2015 )

54
Lo n g , M., e t  a l. “Le a rn in g  Tra n s fe r a b le  Fe a tu r e s  with  De e p  Ad a p ta t io n  Ne two rks ”. ICML 2015 ..



55

O ff ice31 and  O ff ice-Ca ltech  resu lt s (2015)

Long, M ., et  a l. “Learn ing  Transferab le Features with  Deep  Ad ap ta t ion  Networks”. ICM L 2015..



56

O ff ice31 and  O ff ice-Ca ltech  resu lt s (2015)

Long, M ., et  a l. “Learn ing  Transferab le Features with  Deep  Ad ap ta t ion  Networks”. ICM L 2015..



SURF DeCAF6

CNN & Universal Representations

Donahue, J ., et  a l.. De c a f: A d e e p  c o n vo lu t io n a l a c t iva t io n  fe a tu r e  fo r  g e n e r ic  vis u a l r e c o g n it io n . ICML 2014 .



O ffice31 resu lt s (2017)

Lo n g , M., e t  a l. “De e p  t r a n s fe r  le a rn in g  with  jo in t  a d a p ta t io n  n e two rks ”. ICML 2017. 59



O ffice31 and  O ff ice-Ca lt e c h  r e s u lt s  (2017)

60Lo n g , M., e t  a l. “De e p  t r a n s fe r  le a rn in g  with  jo in t  a d a p ta t io n  n e two rks ”. In  ICML 2017.



O ffice31 and  O ff ice-Ca lt e c h  r e s u lt s  (2017)

Lo n g , M., e t  a l. “Le a rn in g  Tra n s fe r a b le  Fe a tu r e s  with  De e p  Ad a p ta t io n  Ne two rks ”. In  ICML. 2015 .
Lo n g , M., e t  a l. “De e p  t r a n s fe r  le a rn in g  with  jo in t  a d a p ta t io n  n e two rks ”. In  ICML 2017.

61



Benchmarks

h t tp s :/ / a i.b u .e d u / vis d a -2019/

Do m a in Ne t - Vis DA Ch a lle n g e s

62



ht tp s:/ / a i.b u .ed u/ visd a -2018/
Ts a i, Y. H . e t  a l. “Le a rn in g  to  a d a p t  s t r u c tu r e d  o u tp u t  s p a c e  fo r  s e m a n t ic  s e g m e n ta t io n ”. In  CVPR 2018. 63

Be n c h m a r ks

O b je c t  d e t e c t io n

Se m a n t ic  s e g m e n ta t io n



Deep  DA sta te o f the a r t

[Bousmalis et al. NIPS 2016]

[Ghifary et al. ECCV 2016]

[Ganin et al. JMLR 2016]

[Long et al. ICML 2015] [Bousmalis et al. CVPR 2017]

[Tzeng et al. CVPR 2017]

[Rozantsev et al. TPAMI 2019]

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

…a n d  m a n y, m a n y m o re  m e t h o d s



Thanks fo r  the a t ten t ion
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