
Towards	  a	  biological	  theory	  of	  
phone5c	  percep5on	  



Q	  

Can	  we	  build	  a	  theory	  of	  phone5c	  percep5on	  
from	  the	  ground	  up	  using	  neurological	  
primi5ves?	  
	  



A	  

so	  far,	  so	  good	  



Q	  

Why	  would	  this	  be	  desirable?	  



A	  

•  Many	  theories	  at	  the	  ‘computa5onal	  
level’	  (exemplar	  theory,	  Bayesian	  models,	  
etc…)	  have	  no	  obvious	  way	  of	  linking	  up	  with	  
cell	  biology	  

•  Maybe	  if	  we	  start	  from	  the	  boHom,	  a	  good	  
formal	  characteriza5on	  of	  the	  basic	  biology	  
will	  suggest	  (or	  force	  upon	  us)	  a	  theory	  at	  the	  
‘computa5onal	  level’	  	  



How	  this	  will	  work	  
•  Fact:	  The	  preferred	  s5muli	  of	  many	  neurons	  in	  
higher	  auditory	  areas	  are	  complex	  sounds	  

•  Fact:	  The	  behavior	  of	  these	  neurons	  can	  be	  
modeled	  as	  linear	  operators	  

•  Hypothesis:	  Phone5c	  categories	  are	  an	  ensemble	  
of	  specific	  neurons	  with	  specific	  spectrotemporal	  
preferences	  which	  span	  the	  space	  of	  the	  sounds	  
of	  that	  category	  

•  Hypothesis:	  The	  characteris5cs	  of	  phone5c	  
percep5on	  are	  a	  reflex	  of	  the	  structure	  of	  these	  
operators	  



outline	  

•  desiderata	  
•  neurons	  
•  linear	  operators	  
•  simula5on	  
•  discussion	  



desiderata:	  
building	  blocks	  

A	  (well-‐behaved)	  mathema5cal	  characteriza5on	  of	  
the	  behavior	  of	  auditory	  neurons	  in	  response	  to	  
sound	  

Spike	  rate	   Input	  
Spectrogram	  

Linear	  
operator	  

Noise	  
term	  



desiderata	  	  
nonlinear	  iden5fica5on	  func5ons	  

Liberman	  et	  al,	  1957	  



desiderata	  	  
nonlinear	  discrimina5on	  func5ons	  

Liberman	  et	  al,	  1957	  



an5-‐desiderata	  
acous5c	  ‘features’	  fed	  into	  black	  boxes	  



neurons	  



Cochlear	  filters	  

Wang	  et	  al,	  2014	  



Auditory	  nerve	  (cat)	  

Kiang,	  1975	  



A1	  (ferret)	  

Shamma	  et	  al,	  1995	  



ICC	  (bat)	  

Andoni	  et	  al,	  2007	  



A1	  (cat)	  

Atencio	  &	  Schreiner,	  2012	  



HG	  (human,	  mul5unit)	  

Jenison	  et	  al,	  2015	  



STRFs	  as	  efficient	  coding	  transform	  

•  “…STRFs	  result	  from	  an	  op5mal	  tradeoff	  
between	  maximizing	  the	  sensory	  informa5on	  
the	  brain	  receives,	  and	  minimizing	  the	  cost	  of	  
the	  neural	  ac5vi5es	  required	  to	  represent	  and	  
transmit	  this	  informa5on.	  Both	  terms	  depend	  
on	  the	  sta5s5cal	  proper5es	  of	  the	  sensory	  
inputs	  and	  the	  noise	  that	  corrupts	  them	  …”	  

(Zhao	  &	  Zhaoping,	  2011)	  



STRFs	  as	  phone5c	  feature	  detectors	  

Mesgarani	  et	  al,	  2014	  



linear	  operators	  



STRFs	  as	  linear	  operators	  

Lindeberg	  &	  Friberg,	  2015	  



STRFs	  as	  linear	  operators	  

Lindeberg	  &	  Friberg,	  2015	  



STRFs	  as	  linear	  operators	  

Lindeberg	  &	  Friberg,	  2015	  



STRFs	  as	  linear	  operators	  

Lindeberg	  &	  Friberg,	  2015	  



Projec5on	  operators	  

x

y



Working	  hypothesis	  

•  Phone5c	  categories	  are	  vector	  subspaces	  
•  Vectors	  are	  the	  complex-‐valued	  bark-‐scaled	  
spectra	  	  

•  Each	  subspace	  (category)	  comes	  with	  a	  
projec5on	  operator	  

•  Phone5c	  iden5ty	  is	  recovered	  by	  applying	  
projec5on	  operators	  to	  input	  signals	  and	  
measuring	  the	  extent	  to	  which	  they	  project	  
onto	  that	  subspace	  



model	  



equa5ons	  



in	  2D	  with	  standard	  bases	  



in	  2D	  with	  standard	  bases	  



simula5on	  

•  Every	  [s]	  and	  [sh]	  in	  TIMIT	  training	  dataset	  
used	  to	  es5mate	  projec5on	  operators	  

•  For	  every	  speaker	  in	  the	  test	  data	  set	  with	  at	  
least	  1	  [s]	  and	  [sh],	  a	  linear	  con5nuum	  
constructed,	  and	  probabili5es	  and	  distances	  
between	  successive	  items	  in	  the	  con5nua	  
computed	  



ID	  and	  discrimina5on	  func5ons	  
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SRFs	  from	  projec5on	  operators	  
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A1	  (ferret)	  

Shamma	  et	  al,	  1995	  
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