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Part	  I:	  An	  Op6miza6on	  Perspec6ve	  
	  

 �	  NonnegaGve	  Matrix	  FactorizaGon	  
	  

 �	  Separability	  and	  Anchor	  Words	  
	  

 �	  Algorithms	  for	  Separable	  Instances	  

Are	  there	  efficient	  algorithms	  to	  find	  the	  topics?	  

Part	  II:	  A	  Bayesian	  Perspec6ve	  
	  

 �	  Topic	  Models	  (e.g.	  LDA,	  CTM,	  PAM,	  …)	  
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 �	  Experimental	  Results	  
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Summary:	  
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