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Outline	
  

1.  Update	
  on	
  our	
  work	
  on	
  unsupervised	
  DA	
  by	
  
subspace	
  alignment	
  	
  

2.  Study	
  of	
  interplay	
  between	
  image	
  
representa+ons	
  and	
  DA	
  

3.  Discussion:	
  how	
  far	
  are	
  we	
  from	
  solving	
  the	
  
problem	
  ?	
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Further	
  analysis	
  

•  How	
  to	
  determine	
  subspace	
  dimensionality	
  ?	
  
•  How	
  to	
  best	
  learn	
  the	
  subspaces	
  ?	
  	
  
•  What’s	
  the	
  op+mal	
  representa+on	
  ?	
  	
  



How	
  to	
  determine	
  the	
  subspace	
  
dimensionality	
  ?	
  	
  

ICCV2013:	
  upper	
  bound	
  based	
  on	
  consistency	
  
theorem	
  +	
  crossvalida+on	
   	
  	
  
– Nice	
  from	
  a	
  theore+cal	
  point	
  of	
  view,	
  but	
  …	
  
– Can	
  be	
  computa+onally	
  expensive	
  in	
  high-­‐
dimensional	
  spaces	
  (e.g.	
  Fisher	
  Vectors)	
  

	
  



How	
  to	
  determine	
  the	
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  ?	
  	
  

	
  
Alterna+ve:	
  find	
  op+mal	
  dimensionality	
  using	
  MLE
	
  -­‐	
  Choose	
  the	
  domain	
  intrinsic	
  dimensionality	
  

	
  
	
  	
  
	
  -­‐	
  Can	
  be	
  done	
  for	
  source	
  and	
  target	
  separately	
  
	
  -­‐	
  Compute	
  Eucl.	
  distance	
  between	
  projec+ons	
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  J.	
  Bickel,	
  Maximum	
  Likelihood	
  Es+ma+on	
  of	
  Intrinsic	
  Dimension,	
  NIPS	
  2004	
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How	
  to	
  best	
  learn	
  the	
  subspaces	
  ?	
  	
  

•  Exploit	
  class	
  labels	
  available	
  for	
  Source	
  data	
  
•  Linear	
  Discriminant	
  Analysis	
  or	
  Par+al	
  Least	
  
Squares	
  ?	
  
– Max.	
  dimensionality	
  is	
  nb	
  of	
  class	
  labels	
  (LDA)	
  
– Bigger	
  discrepancy	
  between	
  source	
  and	
  target	
  
subspaces	
  if	
  we	
  use	
  different	
  algorithm	
  for	
  both	
  

– PLS	
  used	
  in	
  Geodesic	
  Flow	
  Kernel	
  work,	
  but	
  no	
  
good	
  results	
  in	
  our	
  experiments	
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How	
  to	
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  subspaces	
  ?	
  

•  Apply	
  ITML	
  metric	
  learning	
  PRIOR	
  to	
  PCA	
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What’s	
  the	
  best	
  representa9on	
  ?	
  

•  SURF	
  Bag-­‐of-­‐Words	
  
•  SURF	
  Fisher	
  Vectors	
  
•  CNN-­‐based	
  features	
  (Decaf)	
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So,	
  how	
  far	
  are	
  we	
  from	
  the	
  solu9on	
  ?	
  	
  

•  Dataset	
  bias	
  
– Most	
  problems	
  can	
  be	
  solved	
  by	
  choosing	
  a	
  
robust	
  representa+on	
  (learnt	
  from	
  a	
  superset)	
  

– DA	
  dataset	
  setups	
  not	
  sufficient	
  for	
  studying	
  DA	
  
algorithms	
  



So,	
  how	
  far	
  are	
  we	
  from	
  the	
  solu9on	
  ?	
  	
  

•  Dataset	
  bias	
  
•  Other	
  problems	
  
–  DA	
  from	
  Amazon	
  images	
  to	
  Caltech/DLSR/Webcam	
  
–  DA	
  from	
  images	
  to	
  (very)	
  old	
  pictures	
  
–  DA	
  from	
  images	
  to	
  pain+ngs,	
  cartoons	
  or	
  sketches	
  
–  DA	
  from	
  images	
  to	
  mul+spectral	
  
–  …	
  

•  Real	
  world	
  problems	
  
–  incl.	
  non-­‐overlapping	
  classes	
  between	
  source	
  and	
  target,	
  
different	
  class	
  priors	
  

•  Go	
  beyond	
  classifica+on:	
  detec+on,	
  anributes,	
  pose,	
  …	
  



Thank	
  you	
  !	
  
	
  

Ques+ons	
  ?	
  


