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•  Given	  phone	  posterior	  probability	  p(qk|xt)	  for	  phone	  qk	  at	  frame	  xt,	  the	  word	  level	  posterior	  
probabili>es	  can	  be	  generated	  by	  marginaliza>on	  over	  L	  hidden	  variables	  wl	  :	  
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ASR	  can	  be	  cast	  as	  recovering	  high-‐dimensional	  sparse	  word	  posteriors	  	  
from	  low-‐dimensional	  (phone>c)	  observa>ons	  	  	  
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•  A	  word	  w	  	  lies	  in	  a	  complex	  non-‐linear	  manifold.	  

Modeling	  Word	  Manifold	  (Sub-‐dic1onaries)	  
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•  Dic>onary	  Learning:	  Finding	  an	  over-‐complete	  basis	  set	  for	  sparse	  representa>on	  

Training	  Data	  
Dic>onary	  
Learning	  

Prominent	  methods	  include	  Online	  algorithm	  (Mairal,2009),	  K-‐SVD	  algorithm	  (Aharon	  and	  Elad,	  2005).	  

w
^

w
w

•  Each	  sub-‐dic>onary	  can	  be	  learnt	  Independently	  here	  	  
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Sparse	  Recovery	  

•  Sparse	  Recovery:	  Solving	  l0	  (or	  l1)-‐norm	  sparse	  recovery	  minimiza>on	  for	  α.	  	  

	  	  	  	  	  	  	  	  Given	  
•  z	  :	  a	  phone	  posterior	  vector	  
•  D	  :	  an	  over-‐complete	  dic>onary	  matrix	  for	  words	  
a	  sparse	  word	  posterior	  	  α	  is	  obtained	  
	  
	  
	  
	  
by	  solving	  the	  Lasso	  l1-‐norm	  minimiza>on	  problem.	  
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How	  to	  handle	  
sequen1al	  informa1on	  
inherent	  in	  Speech	  

signals	  ?	  
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•  Contextual	   Embedding:	   Phone	   posterior	  

feature	  vectors	  are	  used	   in	   the	   framework	  
aeer	   appending	   a	   context	   (ver>cally	  
concatena>ng	  adjacent	  frames)	  

Concatenate	  Adjacent	  Frames	  

Context	  
Appended	  
Frame	  
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•  Structured	   Sparsity:	   	   presence	   of	   group	   and	  
hierarchical	   	   sparsity	   can	   be	   exploited	   using	  
techniques	   like	   Collabora>ve-‐Hierarchical	   Lasso	  
Sprechmann	  (or	  C-‐HiLasso)	  [Sprechmann,	  2011].	  
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(a)	  Graphical	  model	  for	  	  
the	  conven>onal	  acous>c	  
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(b)	  Graphical	  model	  for	  
posterior-‐based	  sparse	  
modeling	  framework.	  
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Structured	  sparsity	  of	  con>nuous	  speech	  
Digit	  Sequence	  0-‐2-‐1-‐4-‐4	  

Isolated	  Word	  Recogni>on	  (Accuracy	  %)	  

Task	   DTW	   Compressive	  
Sensing	  

Phonebook	  (75)	   84.7%	   97.8%	  

Phonebook	  (600)	   73.5%	   93.2%	  

ASR	  
Task	  

Collec1on	  of	  
Exemplars	  

Compressive	  
Sensing	  

Dimensionality	  
reduc1on	  

Numbers	   78.6%	   87.5%	   97%	  

Connected	  Word	  Recogni>on	  (100-‐	  Word	  Error	  Rate	  %)	  
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Conclusions	  
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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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