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•  Structured	
   Sparsity:	
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   of	
   group	
   and	
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   can	
   be	
   exploited	
   using	
  
techniques	
   like	
   Collabora>ve-­‐Hierarchical	
   Lasso	
  
Sprechmann	
  (or	
  C-­‐HiLasso)	
  [Sprechmann,	
  2011].	
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ü 	
  	
  We	
  propose	
  a	
  compressing	
  sensing	
  based	
  alterna>ve	
  to	
  tradi>onal	
  HMM	
  for	
  ASR.	
  
ü 	
  	
  Working	
  in	
  posterior	
  domain	
  directly	
  gives	
  word	
  sequence	
  posteriors.	
  

ü 	
  	
  Learning	
  a	
  dic>onary	
  alleviates	
  the	
  need	
  of	
  huge	
  database	
  of	
  exemplars	
  needed	
  in	
  previous	
  
sparse	
  representa>on	
  approaches.	
  

ü 	
  	
  Sequence	
  Informa>on	
  can	
  be	
  tackled	
  with	
  variants	
  of	
  Lasso	
  that	
  enforce	
  group	
  and	
  collabora>ve	
  
sparsity.	
  

Future	
  Work:	
  
z 	
  	
  	
  Evaluate	
  the	
  approach	
  on	
  Large	
  Vocabulary	
  con>nuous	
  speech	
  recogni>on	
  (LVCSR)	
  tasks.	
  
z 	
  	
  	
  Improving	
  sequen>al	
  informa>on	
  processing	
  by	
  integra>ng	
  Language	
  Modeling.	
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