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Big	
  data	
  prefer	
  
Ø  large-­‐capacity	
  models	
  like	
  deep	
  latent	
  variable	
  models	
  (LVMs)	
  	
  
Ø scalable	
  inference	
  methods	
  like	
  SG-­‐MCMC	
  

However,	
  to	
  make	
  a	
  deep	
  LVM	
  scalable	
  is	
  challenging,	
  because	
  	
  
Ø  gradients	
  of	
  model	
  parameters	
  are	
  difficult	
  to	
  compute	
  
Ø  different	
  layers	
  may	
  be	
  suitable	
  for	
  different	
  learning	
  rates	
  

Most	
  exis<ng	
  methods	
  adopt	
  greedy	
  layer-­‐wise	
  training,	
  which	
  
Ø usually	
  uses	
  a	
  shared	
  learning	
  rates	
  across	
  all	
  layers	
  
Ø has	
  no	
  communica<on	
  between	
  different	
  layers	
  

We	
   develops	
   a	
   scalable	
   SG-­‐MCMC	
   algorithm	
   for	
   deep	
   latent	
   Dirichlet	
  
alloca3on	
  that	
  jointly	
  learns	
  all	
  hidden	
  layers.	
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