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Le Le traitementtraitement dudu signal appliqusignal appliquéé au au cerveaucerveau
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Tuning curvesTuning curves
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Why Why ““population codingpopulation coding””??

Tuning Curves Average pattern of activity 
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Examples of Population codesExamples of Population codes



Georgopoulos 1986 

Examples of Population codesExamples of Population codes



On a single trial: noisy population CodeOn a single trial: noisy population Code

Pattern of activity (r)
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How precisely can we read a noisy population How precisely can we read a noisy population 
code?code?
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How precisely can we read a noisy population How precisely can we read a noisy population 
code?code?
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The higher the slope, the better



How precisely can we read a noisy population How precisely can we read a noisy population 
code?code?
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Fisher information quantifies the performance of Fisher information quantifies the performance of 
the best possible estimator (ideal observer)the best possible estimator (ideal observer)

Pattern of activity (r)
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Fisher InformationFisher Information

�� For one neuron with Poisson noiseFor one neuron with Poisson noise

�� For For nn independent neurons :independent neurons :

The more neurons, the better! Small variance is good!

Large slope is good!
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Derivative of the tuning curve

Tuning curve (mean activity)
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Variance of the best possible Variance of the best possible 
estimator (an ideal observer)estimator (an ideal observer)
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• Population of neuron with independent Poisson noise:

Can the brain reach such a level of performance? 



Implication: Implication: veryvery highhigh precisionprecision withwith veryvery
noisynoisy neuronsneurons

Pattern of activity (r)
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Precision higher than the width of this line

Hyper-acuity: usually the precision is much better than the distance 
between two adjacent neuron’s preferred x



WhatWhat estimatorestimator doesdoes thethe brainbrain use?use?
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Population VectorPopulation Vector
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How to decode?

Preferred Direction of motion (deg)
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How to decode?

Preferred Direction of motion (deg)
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Recurrent network
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How to decode?

Preferred Direction of motion (deg)
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Exemple Exemple ofof lineline attractorsattractors

Head direction cells in the
hippocampus

Oculomotor integrator: 
Graded firing rate as a 
function of gaze angle



Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks

Neuron 1

N
eu

ro
n 

2

Neu
ro

n 3

Covariance of neural noise

Shape of stable manifold

Direction of projection



Line attractor networksLine attractor networks
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Line attractor networksLine attractor networks
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ConclusionConclusion
�� SensorySensory andand motormotor variables are variables are representedrepresented withwith noisynoisy population population 

codes.codes.

�� ItIt isis possible to possible to computecompute thethe precisionprecision ofof thesethese codes. codes. ItIt isis thethe
inverse inverse ofof thethe Fisher information, a Fisher information, a functionfunction thethe slopeslope ofof thethe tuningtuning
curvecurve, , thethe neural noise, neural noise, andand thethe numbernumber ofof neuronsneurons..

�� But But thisthis information information isis difficultdifficult to to getget. . TheThe mostmost oftenoften usedused methodsmethods
((linearlinear estimatorestimator, population , population vectorsvectors) are ) are notnot optimal. optimal. TheyThey are are notnot
idealideal observersobservers..

�� TheThe bestbest oneone cancan do do isis findfind thethe variable variable thatthat maximizemaximize thethe
probabilityprobability ofof thethe neural neural responseresponse, , thethe maximum maximum lieklihoodlieklihood
estimatorestimator..

�� TheThe maximum maximum likelihoodlikelihood estimateestimate cancan bebe recoveredrecovered by a by a lineline
attractorattractor network. network. 



ProblemsProblems……

�� Persistent Line Persistent Line attractorsattractors are rare. are rare. ThereThere
isis nono trace trace ofof themthem in in purelypurely sensorysensory
areas.areas.

�� NeuronsNeurons are are nevernever noiselessnoiseless. . TheThe smoothsmooth
stable state stable state doesdoes notnot existexist..

�� ThereThere isis nono timetime to converge in to converge in thethe realreal
worldworld. . 

�� How How isis thethe attractorattractor reset or reset or updatedupdated by by 
new inputs?new inputs?


