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We	
  decompose	
  the	
  op*miza*on	
  problem	
  
itself	
  to	
  get	
  decomposed	
  convergence	
  and	
  
data	
  compression.	
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Experimental	
  SeYng	
  

•  EM:	
  uses	
  an	
  inference	
  engine	
  that	
  
decomposes	
  inference.	
  

•  D-­‐EM:	
  decomposes	
  the	
  op*miza*on	
  problem	
  
itself,	
  solves	
  each	
  sub-­‐problem	
  using	
  EM,	
  and	
  
combines	
  the	
  solu*ons.	
  



The	
  Computa*onal	
  Benefit	
  of	
  Decomposi*on	
  

50 60 70 80 90950

500

1000

Observed %

Sp
ee

d−
up

50 60 70 80 90950

500

1000

Observed %

Sp
ee

d−
up

Figure:	
  Speed-­‐up	
  of	
  D-­‐EM	
  over	
  EM	
  on	
  chain	
  
networks:	
  three	
  chains	
  (180,	
  380,	
  and	
  500	
  
variables)	
  (le^),	
  and	
  tree	
  networks	
  (63,	
  127,	
  
255,	
  and	
  511	
  variables)	
  (right).	
  
	
  



Table:	
  Speed-­‐up	
  of	
  D-­‐EM	
  over	
  EM	
  on	
  UAI	
  
networks.	
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EDML	
  (Learning	
  from	
  So^	
  Evidence)	
  

Maximizing	
  the	
  posterior	
  probability	
  is	
  a	
  convex	
  
op*miza*on	
  problem	
  (UAI’11,	
  UAI’12).	
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EDML	
  Fixed	
  Points	
  (UAI’12)	
  

Theorem:	
  EDML	
  fixed	
  points	
  are	
  precisely	
  the	
  
EM	
  fixed	
  points.	
  
	
  



Convergence	
  (UAI’11)	
  

Theorem:	
  When	
  only	
  leaves	
  have	
  missing	
  
values,	
  EDML	
  converges	
  in	
  one	
  itera*on,	
  
whereas	
  EM	
  may	
  not.	
  
	
  

	
  	
  	
   	
  	
  	
  

H2

S2 E2

	
  	
  H2



Experiment	
  EM	
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  (itera*ons)	
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Average	
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   16.95%	
   85.41%	
   76.96%	
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EDML	
  Generaliza*on	
  (NIPS’13)	
  

•  We	
  generalized	
  EDML	
  as	
  a	
  parallel	
  coordinate	
  
descent	
  algorithm.	
  

•  This	
  helps	
  derive	
  new	
  EDML	
  algorithms	
  for	
  
other	
  graphical	
  models.	
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Conclusion	
  

•  Learning	
  from	
  incomplete	
  data	
  can	
  be	
  
difficult.	
  

•  Good	
  news:	
  pajerns	
  of	
  incompleteness	
  may	
  
be	
  exploited.	
  

•  EDML	
  becomes	
  more	
  exact	
  as	
  the	
  data	
  
becomes	
  more	
  complete.	
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