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e traitement dur signal appligue au cerveau
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TUuning Curves

Mean spike count
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Why “poepulation coding*?
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Examples of Population codes
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Examples of Population codes

Georgopoulos 1986




On a single trial: noisy: poepulation Cede
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IHOW: precisely: can We read a noeisy: population
code?
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IHOW: precisely: can We read a noeisy: population
code?
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The higher the slope, the better




IHOW: precisely: can We read a noeisy: population
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EISher infermation guantifies; the: periormance of
the best pessible estimator (Ideal elhsenver)
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Fisher Information

" For one neuron with Poisson noise




\ariance of the best possible
estimator (an ideal ebserver)

« Population of neuron with independent Poisson noise:
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Can the brain reach such a level of performance?




Implication: Very Righ precision Withrvery,
NOISY NEeUrons
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Hyper-acuity: usually the precision is much better than the distance
between two adjacent neuron’s preferred x




What estimator does the brain use?
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Maximum likelithood
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How to decode?
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How to decode?
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Recurrent network
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How to decode?
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How to decode?
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Exemple of line attractors

Head direction cells in the
hippocampus
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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LIne attractor networks
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Conclusion

Sensory and motor variables are represented with noisy population
codes.

It is possible to.compute the precision of these codes. It Is the
iInverse of the Fisher information, a function the slope of the tuning
curve, the neural noise, and the number ofi neurens.

But this Information Is difficult to get. The most often used methods
(linear estimator, population vectors) are not optimal. They are not
ideall ebservers.

The best one can doiis find the variable that maximize the
prokahility’ ofi the neural response, the maximum liekliheod
estimator.

TThe maximum likelinood estimate can be recevered by a line
attracter network.




Problems...

m Persistent Line attractors are rare. There
IS No trace of them In purely sensory.
areas.

B Nleurons are never noiseless. The smooth
stable state does not exist.

= here Is no time te converge in the real
Worlad.

= Hew: IS the attractor reset or updated py.
REewW. InpuLs?




