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Challenge:  
develop new  

concepts and tools 
to make sense  

of network activity 
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Are these models useful for biology?
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reinforcement of interactions during learning

Tavoni*,UF*,Battaglia,Cocco,Monasson, Network Neurosci. 2017 

What’s the neuronal basis (engram) of memory?
Network Neurosci. ’17 
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Effective approach:
• Capable of unveiling functional coupling structure 
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Effective approach:
• Capable of unveiling functional coupling structure 
• Couplings reflects common inputs & real connections

Common inputs

Can I disentangle the two contributions?



Max-Entropy

Interaction Model

Neuronal network

Collective behavior in neuronal ensembles

H[P ] = �
X

P logP
<latexit sha1_base64="rZa6E+31H4xEVHtEobmKiKzD9Es=">AAACCnicbVC7SgNBFJ2NrxhfqxYWNoNBsDHsiqAWQtAm5QrGBLJLmJ3cxCGzD2buCCHkE/wKW62sxNafsPBf3I1baOKpDufcy73nhKkUGh3n0yotLC4tr5RXK2vrG5tb9vbOnU6M4tDkiUxUO2QapIihiQIltFMFLAoltMLhde63HkBpkcS3OEohiNggFn3BGWZS195rdLyAXtJj6msTUY/6MhlQr9K1q07NmYLOE7cgVVLA69pffi/hJoIYuWRad1wnxWDMFAouYVLxjYaU8SEbQCejMYtAB+NpgAk9NJphQlNQVEg6FeH3xphFWo+iMJuMGN7rWS8X//M6BvvnwVjEqUGIeX4IhYTpIc2VyJoB2hMKEFn+OVARU84UQwQlKOM8E01WVd6HO5t+njRPahc19+a0Wr8qiimTfXJAjohLzkidNIhHmoSTCXkiz+TFerRerTfr/We0ZBU7u+QPrI9vLN+YXQ==</latexit><latexit sha1_base64="rZa6E+31H4xEVHtEobmKiKzD9Es=">AAACCnicbVC7SgNBFJ2NrxhfqxYWNoNBsDHsiqAWQtAm5QrGBLJLmJ3cxCGzD2buCCHkE/wKW62sxNafsPBf3I1baOKpDufcy73nhKkUGh3n0yotLC4tr5RXK2vrG5tb9vbOnU6M4tDkiUxUO2QapIihiQIltFMFLAoltMLhde63HkBpkcS3OEohiNggFn3BGWZS195rdLyAXtJj6msTUY/6MhlQr9K1q07NmYLOE7cgVVLA69pffi/hJoIYuWRad1wnxWDMFAouYVLxjYaU8SEbQCejMYtAB+NpgAk9NJphQlNQVEg6FeH3xphFWo+iMJuMGN7rWS8X//M6BvvnwVjEqUGIeX4IhYTpIc2VyJoB2hMKEFn+OVARU84UQwQlKOM8E01WVd6HO5t+njRPahc19+a0Wr8qiimTfXJAjohLzkidNIhHmoSTCXkiz+TFerRerTfr/We0ZBU7u+QPrI9vLN+YXQ==</latexit><latexit sha1_base64="rZa6E+31H4xEVHtEobmKiKzD9Es=">AAACCnicbVC7SgNBFJ2NrxhfqxYWNoNBsDHsiqAWQtAm5QrGBLJLmJ3cxCGzD2buCCHkE/wKW62sxNafsPBf3I1baOKpDufcy73nhKkUGh3n0yotLC4tr5RXK2vrG5tb9vbOnU6M4tDkiUxUO2QapIihiQIltFMFLAoltMLhde63HkBpkcS3OEohiNggFn3BGWZS195rdLyAXtJj6msTUY/6MhlQr9K1q07NmYLOE7cgVVLA69pffi/hJoIYuWRad1wnxWDMFAouYVLxjYaU8SEbQCejMYtAB+NpgAk9NJphQlNQVEg6FeH3xphFWo+iMJuMGN7rWS8X//M6BvvnwVjEqUGIeX4IhYTpIc2VyJoB2hMKEFn+OVARU84UQwQlKOM8E01WVd6HO5t+njRPahc19+a0Wr8qiimTfXJAjohLzkidNIhHmoSTCXkiz+TFerRerTfr/We0ZBU7u+QPrI9vLN+YXQ==</latexit><latexit sha1_base64="rZa6E+31H4xEVHtEobmKiKzD9Es=">AAACCnicbVC7SgNBFJ2NrxhfqxYWNoNBsDHsiqAWQtAm5QrGBLJLmJ3cxCGzD2buCCHkE/wKW62sxNafsPBf3I1baOKpDufcy73nhKkUGh3n0yotLC4tr5RXK2vrG5tb9vbOnU6M4tDkiUxUO2QapIihiQIltFMFLAoltMLhde63HkBpkcS3OEohiNggFn3BGWZS195rdLyAXtJj6msTUY/6MhlQr9K1q07NmYLOE7cgVVLA69pffi/hJoIYuWRad1wnxWDMFAouYVLxjYaU8SEbQCejMYtAB+NpgAk9NJphQlNQVEg6FeH3xphFWo+iMJuMGN7rWS8X//M6BvvnwVjEqUGIeX4IhYTpIc2VyJoB2hMKEFn+OVARU84UQwQlKOM8E01WVd6HO5t+njRPahc19+a0Wr8qiimTfXJAjohLzkidNIhHmoSTCXkiz+TFerRerTfr/We0ZBU7u+QPrI9vLN+YXQ==</latexit>

Stimulus processing

Visual Information

Effective approach:
• Capable of unveiling functional coupling structure 
• Couplings reflects common inputs & real connections
Can I disentangle the two contributions?
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Non-linear & stochastic feedforward system, 



Stimulus Retina Response

Stimulus processing in the retina

  time

Non-linear & stochastic feedforward system, 
with horizontal gap-junctions



Stimulus as common input
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Stimulus as common input
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Stimulus as common input

Can I disentangle the two contributions?
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A non-linear model…
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Stimulus processing

Visual information

Interaction model

Neuronal network

Population stimulus processing

Collective behavior in neuronal ensembles

Max-Entropy
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Conclusions:
• Maximum entropy principle allows for  
 characterisation of network activity  

• It can be used to identify neuronal cliques, 
 basis for memory formation  

• Deep stimulus processing model predicts  
 mean retinal output  

• Interaction network accounts for  excess  
 correlations in response to different stimuli

Collective behavior in neuronal ensembles
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Spin Glasses
Statistical models with an interaction network

1) Phys Rev B ’10;    2) J. Stat. Mech ’11;    3) Phys. Rev. Lett ’12;   4) Phys. Rev. B ’12;   
5) Phys. Rev. B ’12;  6) Phys. Rev. B ’13;  7) Phys. Rev. E ’15 

Collective behavior 
in disordered systems

Link with Statistical Mechanics



1

2

X

(ab),(cd)

�QabMab,cd�Qcd �
w1

6
Tr�Q3 � w2

6

X

ab

�Q3
ab

�2(1� a)

�(1� 2a)
=

�2(1 + b)

�(1 + 2b)
=

w2

w1
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Thèse de doctorat



Empirical snapshot rate (s-1)
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Schneidman et al. Nature 2006 
Pairwise Maximum Entropy model

Are these models good for neuronal network?

is a good model for salamander retina…
…but is any better than others?  
(with the same data-knowledge)

Pairwise 
Independent



Modèles à entropie maximale

Schneidman et al. Nature 2006



Quelle est la base neurale de la mémoire ? 

Cross correlation

   
   

   
   

   



Quelle est la base neurale de la mémoire ? 

Generalised linear model



Nghiem, Telenzuk, Marre, Destexhe, UF, in rev. @ PRX

Are pairwise interactions sufficient during sleep?

Same system, very different behavior

Temporal cortex of human patient at ∆T = 50ms

Wakefulness data
Wakefulness model

Deep-sleep model

Wakefulness  Vs  Deep-Sleep   

Deep-sleep data
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Nghiem, Telenzuk, Marre, Destexhe, UF, in rev. @ PRX

Are pairwise interactions sufficient during sleep?

Same system, very different behavior

Temporal cortex of human patient at ∆T = 50ms
Wakefulness  Vs  Deep-Sleep   



Multi-electrode array

Marre '12; Yger '16

Extracellular potential
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Spike sorting
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Framework: stimulus processing in the retina

  time (s)

Modelling & characterising the response to stimulus



Strategy: input/output modelling

cell 1 
cell 2 
cell 3 

...



1 sec
0.1 mm

What makes the code Flexible? 
Spoiler: Non-linearity of stimulus processing
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What makes it a hard task?   Flexibility!



La rétine

Baden et al. Nature 2016
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Strategy: input/output modelling

An (almost) linear model…

Chichilnisky '01

Fi
rin

g 
ra

te
 (H

z)



0 2 4 6 8 10
Time (s)

0

5

10

15

20

25

30

PS
TH

 (H
z)

data
model (CC=0.02)Data 

Model

{Receptive 
Field 
Linear 
Filtering

Stimulus

Firing rate

{‘Static’  
threshold

Strategy: input/output modelling

An (almost) linear model may not predict the response
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linear  
non-linear

Strategy: input/output modelling

An highly non-linear model predicts the response

Same cell-type / two different computations 



Réseau de neurones artificiels

NIPS 2016



How to include noise in spike generation?

Stimulus 
processing
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Poisson statistics Rate in [t, t+∆T] 
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How to include noise in spike generation?

Stimulus 
processing

Stimulus 
processing

Firing rate in ∆T 

Poisson statistics 

Refractory statistics 
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How to include noise in spike generation?

Stimulus 
processing

Stimulus 
processing

Firing rate in ∆T 

Poisson statistics 

Refractory statistics 
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How to include noise in spike generation?

Stimulus 
processing

Stimulus 
processing

Firing rate in ∆T 

Poisson statistics 

Refractory statistics 
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How to account for noise covariances?
Stimulus 

processing
Fluctuating 

fields
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Stratégie: Développement limité 'expérimental'

Comment décrire le traitement non-linéaire du stimulus?
soumis

Amplitude de la perturbation

Espace des stimuli

Voisinage 
linéaire



Stratégie: Développement limité 'expérimental'

Comment décrire le traitement non-linéaire du stimulus?
soumis

Espace des stimuli

Voisinage 
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Codage efficace:   
maximisation de 

 l’information transmise

Stratégie: Développement limité 'expérimental'

Comment décrire le traitement non-linéaire du stimulus?
soumis
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Recherche: Codage par le réseau de la rétine

Rétine: canale de communication
Stimulation visuelle

L'Information visuelle module l’activité du réseau 
Traitement du signal hautement non linéaire

Réponse rétinienne
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