
Top-­‐down	
  signals	
  in	
  
cortex	
  &	
  sampling

Ralf	
  M.	
  Haefner	
  
Brain	
  &	
  Cognitive	
  Sciences,	
  University	
  of	
  Rochester	
  (NY)



Full internal model for natural vision unknown
Feed-­‐forward	
  &	
  

feed-­‐back

y

z

x

E

FF,	
  FB	
  &	
  Recurrent	
  connections:	
  Mumford	
  1992,	
  Lee	
  &	
  Mumford	
  2003

Retina

V1

Fellemann	
  &	
  van	
  Essen	
  1991

V4

IT



Full	
  internal	
  model	
  for	
  natural	
  vision	
  unknown

y

z

x

E Retina

V1

N N

N N

Projective 
field PFi

Olshausen & 
Field, 1996, 
1997

x1 x2 xn

Sparse independent 
prior

y

p(y|x) = N
 
y :
X

i

PFixi,�
2

!



Perturbation	
  approach

y

z

x

E Retina

V1

N N

N N

Projective 
field PFi

x1 x2 xn

y

p(y|x) = N
 
y :
X

i

PFixi,�
2

!

Top-down prior over x’s 
depends on the task



Perturbation	
  approach

N N

N N

Projective 
field PFi

x1 x2 xn

y

p(y|x) = N
 
y :
X

i

PFixi,�
2

!

Top-down prior over x’s 
depends on the task

Predictions	
  for:	
  

• Difference	
  between	
  
before	
  and	
  after	
  
learning	
  

• Difference	
  between	
  
two	
  different	
  tasks



Co
nt

ex
t 2

Orientation discrimination task

Which of two perpendicular gratings 
caused the noisy image on the screen?

Inspired by Cohen & Newsome, Neuron 2008: Motion direction discrimination task/MT
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Faberge	
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Rick	
  Born	
  
(Harvard)

Richard	
  Lange

•Learning	
  

•Inference	
  over	
  the	
  task/multi-­‐tasking	
  

•Reversibly	
  inactivate	
  top-­‐down	
  connections	
  to	
  V1	
   
(by	
  cooling	
  V2)
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  Next	
  steps:	
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  &	
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  in	
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Variability	
  in	
  internal	
  states	
  induces	
  statistical	
  
signature	
  in	
  neural	
  population	
  responses	
  



• knowledge	
  of	
  relationships 
stimulus–responses	
  &	
  responses–internal	
  variables	
  

	
  infer	
  relationships:	
  stimulus–internal	
  variables

Lange	
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  Haefner,	
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  in	
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Conclusions	
  so	
  far

• Probabilistic	
  inference	
  by	
  neural	
  sampling	
  makes	
  strong	
  predictions	
  
about	
  the	
  task-­‐dependence	
  of	
  neural	
  correlations	
  

• Data	
  so	
  far	
  confirm	
  those	
  predictions	
  

• Population	
  recordings	
  let	
  us	
  reverse-­‐engineer	
  internal	
  beliefs 
–	
  e.g.	
  track	
  them	
  over	
  learning	
  

• We	
  can	
  interpret	
  them	
  in	
  stimulus	
  space	
  

• Sampling?	
  -­‐>	
  time	
  scales
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Image 
variable

Why constant psycho-physical kernel?

Brunton et al., Science 2013

Poisson click task
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Each click far above 
threshold, i.e. likelihood 
dominates prior.

Prediction: Soft clicks -> decreasing PK
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Two	
  different	
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Conclusion

•Approximate	
  nature	
  of	
  inference	
  process:	
  

– Infer	
  task-­‐model	
  learnt	
  by	
  the	
  brain	
  from	
  
population	
  responses	
  

–Explain	
  confirmation	
  bias	
  -­‐>	
  poster!
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Sampling: Hoyer & Hyvarinnen, NIPS 2003
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Inspired by Cohen & Newsome, Neuron 2008: Motion direction discrimination task/MT
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Empirical	
  test	
  of	
  2nd	
  order	
  prediction
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