
Fast	
  methods	
  for	
  nonparametric	
  
es1ma1on	
  of	
  encoding	
  models	
  

Goal:	
  es1mate	
  dependence	
  of	
  firing	
  rate	
  on	
  
kinema1c	
  parameters.	
  
	
  
Avoid	
  parametric	
  assump1ons:	
  use	
  
nonparametric	
  approach.	
  
	
  
Avoid	
  oversmoothing:	
  use	
  a	
  penalizer	
  that	
  
allows	
  for	
  sharp	
  changes	
  in	
  firing	
  rate	
  



Challenge:	
  computa1on.	
  
	
  
Op1mize	
  L(z)	
  +	
  Q(z):	
  	
  
z	
  =	
  firing	
  rate	
  surface	
  
L(z)	
  =	
  data	
  loglikelihood	
  
Q(z)	
  =	
  penalizer	
  (Huber	
  total	
  varia1on	
  norm)	
  
	
  
Solu1on:	
  use	
  spliIng	
  methods	
  to	
  reduce	
  
problem	
  to	
  a	
  sequence	
  of	
  HMM-­‐like	
  smoothing	
  
problems.	
  	
  Leads	
  to	
  linear-­‐1me	
  methods.	
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Rahnama	
  Rad	
  and	
  Paninski,	
  in	
  progress	
  



Exploi1ng	
  expected	
  loglikelihoods	
  

r:	
  responses;	
  x:	
  kinema1c	
  variables;	
  θ:	
  parameter	
  to	
  be	
  es1mated	
  



EL	
  can	
  be	
  computed	
  and	
  op1mized	
  an	
  order	
  of	
  magnitude	
  faster	
  than	
  LL.	
  
	
  
In	
  many	
  cases	
  EL	
  can	
  be	
  op1mized	
  analy1cally;	
  MLE	
  must	
  be	
  computed	
  numerically	
  
	
  
In	
  many	
  cases	
  EL-­‐based	
  es1mates	
  are	
  more	
  accurate	
  than	
  MLE	
  
	
  
Other	
  applica1ons:	
  fast	
  model	
  selec1on,	
  MCMC	
  sampling	
  
	
  
For	
  full	
  details,	
  see	
  Ramirez	
  and	
  Paninski	
  (2012).	
  



Fast	
  high-­‐dimensional	
  state	
  space	
  
methods	
  

Standard	
  smoothing	
  methods	
  scale	
  like	
  O(d3)	
  per	
  
1mestep	
  (or	
  worse).	
  
	
  
New	
  method:	
  O(d).	
  	
  Allows	
  for	
  much	
  richer	
  nonsta1onary	
  
models	
  than	
  previously	
  possible.	
  	
  Main	
  idea:	
  low-­‐rank	
  
approxima1on	
  of	
  posterior	
  state	
  covariance.	
  
	
  
Can	
  handle	
  non-­‐smooth	
  priors,	
  likelihoods.	
  
	
  
Pnevma1kakis	
  et	
  al	
  (2012):	
  proved	
  convergence,	
  rigorous	
  
error	
  bounds.	
  



Exact	
  inference	
  methods	
  in	
  
nonstandard	
  state	
  spaces 	
  	
  

How	
  do	
  we	
  perform	
  exact	
  inference	
  for	
  1me	
  series	
  on	
  
manifolds,	
  or	
  more	
  general	
  state	
  spaces	
  (e.g.,	
  space	
  of	
  all	
  
reachable	
  joint	
  configura1ons)?	
  	
  Standard	
  methods	
  assume	
  
vector	
  state	
  spaces.	
  
	
  
Main	
  result:	
  exact	
  inference	
  for	
  priors	
  of	
  form:	
  
	
  
	
  
	
  
	
  
	
  
See	
  Smith	
  et	
  al	
  (2012)	
  for	
  full	
  details.	
  
	
  



Convex	
  methods	
  for	
  state-­‐space	
  
iden1fica1on	
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Simulated	
  example;	
  Pfau,	
  Pnevma1kakis,	
  Paninski,	
  in	
  progress	
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Sequen1al	
  MCMC	
  methods	
  for	
  robust	
  
par1cle	
  filtering	
  







See	
  Paninski	
  et	
  al	
  (2012)	
  for	
  full	
  details.	
  



Fast,	
  robust	
  methods	
  for	
  sampling	
  
from	
  truncated	
  Gaussians	
  

See	
  Pakman	
  and	
  Paninski	
  (2012)	
  for	
  full	
  details.	
  



Quan1fying	
  informa1on	
  loss	
  due	
  to	
  
corrupted	
  or	
  misiden1fied	
  spike	
  trains	
  

See	
  Smith	
  and	
  Paninski	
  (2012)	
  for	
  full	
  details.	
  


