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  Non-­‐convex	
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  Neural	
  ImplementaNon	
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  A	
  GeneraNve	
  Model;	
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  for	
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But	
  ours	
  is	
  online,	
  local	
  and	
  Hebbian,	
  all	
  of	
  which	
  are	
  basic	
  
properNes	
  to	
  require	
  

The	
  surprise	
  is	
  that	
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  building	
  blocks	
  can	
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  globally	
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  solu2on:	
  	
  z*	
  

update:	
  	
  zs+1	
  =	
  zs	
  –	
  η	
  gs	
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  with	
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   zs-­‐z*	
   2	
   β	
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   2	
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   -­‐	
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  S],	
  qi,j	
  =	
  Pr[i,j	
  in	
  S]	
  then	
  

=	
  pjqj	
  (I	
  –	
  AjAj	
  )Aj	
  +	
  pj	
  A-­‐jdiag(qi,j)A-­‐j	
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  Any	
  QuesNons?	
  
Summary:	
  
	
  

 �	
  Online,	
  local	
  and	
  Hebbian	
  algorithms	
  for	
  sparse	
  
coding	
  that	
  find	
  a	
  globally	
  opNmal	
  soluNon	
  (whp)	
  
 

 �	
  Introduced	
  a	
  framework	
  for	
  analyzing	
  iteraNve	
  
algorithms	
  by	
  thinking	
  of	
  them	
  as	
  trying	
  to	
  minimize	
  
an	
  unknown,	
  convex	
  funcNon	
  
	
  

 �	
  The	
  key	
  is	
  working	
  with	
  a	
  generaNve	
  model	
  
	
  

 �	
  Is	
  computa2onal	
  intractability	
  really	
  a	
  barrier	
  to	
  a	
  
rigorous	
  theory	
  of	
  neural	
  computaNon?	
  


