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• 	  A	  model	  for	  a	  distribuDon	  
over	  binary	  vectors	  

• 	  Probability	  of	  a	  vector,	  v,	  
under	  the	  model	  is	  defined	  
via	  an	  “energy”	  
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Instead	  of	  aGempDng	  to	  sample	  from	  joint	  
distribuDon	  p(v,h)	  (i.e.	  p∞),	  sample	  from	  p1(v,h).	  
	  
	  
	  
	  
	  
Faster	  and	  lower	  variance	  in	  sample.	  	  	  	  
Hinton,	  Neural	  Computa-on(2002)	  
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t	  =	  0	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  t	  =	  1	  	  	  	  
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ParDals	  of	  E(v,	  h)	  easy	  to	  calculate.	  
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j	  

i	  

Gradient	  of	  the	  likelihood	  with	  respect	  to	  wij	  ≈	  the	  
difference	  between	  interacDon	  of	  vi	  and	  hj	  at	  Dme	  0	  and	  
at	  Dme	  1.	  	  
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ɛ	  is	  the	  learning	  rate,	  η	  is	  the	  weight	  cost,	  and	  υ	  the	  momentum.	  	  

Smaller Weights Gradient Avoid Local Minima 





Image	  pixels	  

Lines,	  circles,	  
squares	  

Face	  or	  not	  ?	  

…… 

Brain	  Learning	  



ObjecDve	  of	  
Unsupervised	  
Learning:	  
	  
Find	  wi,j	  to	  maximize	  the	  
likelihood	  p(v)	  of	  visible	  data	  
	  

IteraDve	  Gradient	  
Descent	  Approach:	  
	  
	  
Adjust	  wi,j	  to	  increase	  the	  
likelihood	  according	  to	  gradient	  







A	  Vector	  of	  ~400	  Features	  (numbers	  between	  0	  and	  1)	  

~400	  input	  nodes	  

~500	  nodes	  

~500	  nodes	  

~350	  nodes	  

wi,j 
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Hinton	  and	  Salakhutdinov,	  Science,	  2006	  

1.   Weights	  are	  learned	  
layer	  by	  layer	  via	  
unsupervised	  learning.	  

2.   Final	  layer	  is	  learned	  as	  a	  
supervised	  neural	  
network.	  

3.   All	  weights	  are	  fine-‐
tuned	  using	  supervised	  
back	  propagaDon.	  
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Speed	  up	  training	  by	  
CUDAMat	  and	  GPUs	  
	  
Train	  DNs	  with	  over	  1M	  
parameters	  in	  about	  an	  
hour	  
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hGp://www.cs.toronto.edu/~hinton/digits.html	  	  

Demo:	  
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