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Hand-­‐Cra]ed	
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Computer	
  vision:	
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New	
  feature-­‐designing	
  paradigm	
  

Unsupervised	
  Feature	
  Learning	
  /	
  Deep	
  Learning	
  	
  
	
  
ReconstrucNon	
  ICA	
  
	
  
Expensive	
  and	
  typically	
  applied	
  to	
  small	
  problems	
  



The	
  Trend	
  of	
  BigData	
  



No	
  maQer	
  the	
  algorithm,	
  more	
  features	
  always	
  more	
  successful.	
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-­‐  Ideas	
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-­‐  Scaling	
  up	
  Results	
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2.	
  Learning	
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Topographic	
  Independent	
  Component	
  Analysis	
  (TICA)	
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TICA:	
   ReconstrucNon	
  ICA:	
  

Equivalence	
  between	
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  Coding,	
  Autoencoders,	
  RBMs	
  and	
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Build	
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  input	
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Why	
  RICA?	
  

Algorithms	
   Speed	
  

Sparse	
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RBMs/Autoencoders	
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  Features	
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  of	
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Summary	
  of	
  RICA	
  

-­‐  Two-­‐layered	
  network	
  

-­‐  ReconstrucNon	
  cost	
  instead	
  of	
  orthogonality	
  constraints	
  

-­‐  Learns	
  invariant	
  features	
  
	
  



ApplicaNons	
  of	
  RICA	
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Cancer	
  classificaNon	
  

ApoptoNc	
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  tumor	
  
region	
  

Necrosis	
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Scaling	
  up	
  	
  
deep	
  RICA	
  networks	
  



Scaling	
  up	
  Deep	
  Learning	
  

Real	
  data	
  

Deep	
  learning	
  data	
  



No	
  maQer	
  the	
  algorithm,	
  more	
  features	
  always	
  more	
  successful.	
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Most	
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local	
  features	
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Machine	
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Challenges	
  with	
  1000s	
  of	
  machines	
  



Asynchronous	
  Parallel	
  SGDs	
  

Parameter	
  server	
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Summary	
  of	
  Scaling	
  up	
  

-­‐  Local	
  connecNvity	
  

-­‐  Asynchronous	
  SGDs	
  
	
  

…	
  And	
  more	
  

-­‐  RPC	
  vs	
  MapReduce	
  

-­‐  Prefetching	
  

-­‐  Single	
  vs	
  Double	
  

-­‐  Removing	
  slow	
  machines	
  

-­‐  OpNmized	
  So]max	
  

-­‐  …	
  



10	
  million	
  200x200	
  images	
  	
  

1	
  billion	
  parameters	
  



Training	
  

Dataset:	
  10	
  million	
  200x200	
  unlabeled	
  images	
  	
  from	
  YouTube/Web	
  
	
  
Train	
  on	
  2000	
  machines	
  (16000	
  cores)	
  for	
  1	
  week	
  
	
  
1.15	
  billion	
  parameters	
  
-­‐  100x	
  larger	
  than	
  previously	
  reported	
  	
  
-­‐  Small	
  compared	
  to	
  visual	
  cortex	
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ImageNet	
  classificaNon	
  

22,000	
  categories	
  
	
  
14,000,000	
  images	
  
	
  
Hand-­‐engineered	
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  (SIFT,	
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No	
  maQer	
  the	
  algorithm,	
  more	
  features	
  always	
  more	
  successful.	
  

Other	
  results	
  

	
  
-­‐  We	
  also	
  have	
  great	
  features	
  for	
  	
  

-­‐  Speech	
  recogniNon	
  

-­‐  Word-­‐vector	
  embedding	
  for	
  NLPs	
  



•  RICA	
  learns	
  invariant	
  features	
  
•  Face	
  neuron	
  with	
  totally	
  unlabeled	
  data	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  with	
  enough	
  training	
  and	
  data	
  
•  State-­‐of-­‐the-­‐art	
  performances	
  on	
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