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Inverse problems:
neuronal collective behavior

Contact with experiments and
retinal collective encoding



Collective behavior in neuronal ensembles

Human: ~103 synapses/neuron
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Collective behavior in neuronal ensembles

Human: ~103 synapses/neuron

Challenge:
develop new
concepts and tools
to make sense
of network activity
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How to characterise neuronal collective activities?

Activity of tens to hundreds neurons
— | | | |
p — | ] Tme




How to characterise neuronal collective activities?

Activity of tens to hundreds neurons
| A= | | |
. —> |

Lo Tme
I_I —
Msii1oft]looo 111
o2:1 011j]0 0001 10
o3 00L110101
P ) ? 5~105samples



How to characterise neuronal collective activities?

Activity of tens to hundreds neurons
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How to characterise neuronal collective activities?

Activity of tens to hundreds neurons
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Exponential model on interaction graph




Maximum entropy models

Choose sufficient statistics: Ta ()

Find the largest entropy P(¢5) that reproduces their averages:
min max [ NP 10g PE) A PE) 1)+ Ju(Qa — Pa)
o % a

I P(5)
Pa = <Ta(5)>data Qa = <Ta(5)>P



Maximum entropy models

Choose sufficient statistics: Ta ()

Find the largest entropy P(¢5) that reproduces their averages:
min max [ NP 10g PE) A PE) 1)+ Ju(Qa — Pa)
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I P(5)
Pa = <Ta(5)>data Qa = <Ta(5)>P

v

P(a|J)=g(J)exp(J-T(5))



Maximum entropy models

Choose sufficient statistics: Ta ()

Find the largest entropy P(¢5) that reproduces their averages:
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P(a|J)=g(J)exp(J-T(5))
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Phys. Rev E'16
How to learn these models on neuronal data?

P(G)ocexp| Y Jijoio;+ Z h o  Exponential family

1<J

 Large datasets

Log—likelihood

Exponentially hard problem




Phys. Rev E'16
How to learn these models on neuronal data?

P( 7)o exp (Z Jij o505 + Z h; O@) * Exponential family

1<J

 Large datasets

Log—likelihood
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Exp. Family —» H|.J| = Cov s|sufficient stat.]



Phys. Rev E'16
How to learn these models on neuronal data?

. * Exponential family
P Jij 050 hio;
() ocexp (Z 10105+ 3 hio ) » Large datasets

1<J )

Log-likelihood

0

Exponentiall hard problem

Exp. Family —» H|.J| = Cov s|sufficient stat.]

v

H[ T ~ Covi**?[sufficient stat.]
Newton method without additional cost




Collective behavior in neuronal ensembles

Max-Entropy Neuronal network
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Collective behavior in neuronal ensembles

Max-Entropy

H[P]=-) PlogP

\

Interaction Model

1
h hJ
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Are these models useful for biology?




What’s the neuronal basis (engram) of memory?

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



What’s the neuronal basis (engram) of memory?

Hebb’s Hypothes1s.
reinforcement of interactions during learning

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



What’s the neuronal basis (engram) of memory?

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



Network Neurosci. '17
What’s the neuronal basis (engram) of memory?
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Collective behavior in neuronal ensembles

Max-Entropy

H[P]=-) PlogP

Effective approach:

* Capable of unveiling functional coupling structure



Collective behavior in neuronal ensembles

Max-Entropy Neuronal network

H[P]=-) PlogP

Common inputs

|
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“

Effective approach:

* Capable of unveiling functional coupling structure
e Couplings reflects common inputs & real connections

Can I disentangle the two contributions?



Collective behavior in neuronal ensembles

Max-Entropy Neuronal network Visual Information

—ZPlogP

Effective approach:

* Capable of unveiling functional coupling structure
e Couplings reflects common inputs & real connections

Can I disentangle the two contributions?



Stimulus processing 1n the retina

Stimulus

time

Response



Stimulus processing 1n the retina

1 i |

time

Stimulus Response

Non-linear & stochastic feedforward system,




Stimulus processing 1n the retina

1 i |

time

Stimulus Response

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
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Stimulus as common input
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Non-linear & stochastic response to stimulus

Mean response



Non-linear & stochastic response to stimulus

Predict As as
function

of the stimulus

Mean response



Mean output prediction from stimulus

Nature Communications ‘17

A non-linear model...

Stimulus
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Nature Communications ‘17

Mean output prediction from stimulus

A non-linear model predicts the mean response
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Non-linear & stochastic response to stimulus
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more synchronous
than expected?




Non-linear & stochastic response to stimulus
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= function
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Are Neurons
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than expected?
v 0-08 SPIKES MEANS
S 2
J0.06 §
§ &
0.04 T
> E
) =
~
S ol 7

-50 O 50
Time-lag (ms)



Non-linear & stochastic response to stimulus
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Collective behavior in neuronal ensembles

Max-Entropy Neuronal network Visual information

H[P]=-) PlogP
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arXiv ‘18
How to account for excess covariances?

Stimulus Prediction Fluctuating Interaction

processing As fields network

Ak () ~ [T (TLem oo I e 7o)
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arXiv ‘18
How to account for excess covariances?

Stimulus Prediction Fluctuating Interaction

processing As fields network

Ak () ~ [T (TLem oo e T e 7o)
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arXiv ‘18
How to account for excess covariances?

Stimulus Prediction Fluctuating Interaction

processing As fields network
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arXiv ‘18
How to account for excess covariances?

Stimulus Prediction Fluctuating Interaction

processing As fields network
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arXiv ‘18

How to account for excess covariances?

Stimulus Prediction
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arXiv ‘18
Are couplings robust to changes in common 1nputs?

Stlmulps Prediction Fluctuating Interaction
processing As fields network
Moving bar Checkerboard
Change 1n the -

stimulus ensemble:
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arXiv ‘18
Are couplings robust to changes in common 1nputs?
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Collective behavior in neuronal ensembles

Conclusions:

 Maximum entropy principle allows for
characterisation of network activity

* [t can be used to 1dentify neuronal cliques,
basis for memory formation

* Deep stimulus processing model predicts
mean retinal output

 Interaction network accounts for excess
correlations 1n response to different stimuli
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Thank you
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Link with Statistical Mechanics

Spin Glasses

Statistical models with an interaction network

R

Collective behavior
in disordered systems

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
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Are these models good for neuronal network?

Schneidman et al. Nature 2006
Pairwise Maximum Entropy model
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Quelle est la base neurale de 1a mémoire ?

Decision point

Generalised linear model
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Are pairwise interactions sufficient during sleep?

Temporal cortex of human patient at A7 = 50ms

Wakefulness Vs Deep-Sleep
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Same system, very different behavior
Nghiem, Telenzuk, Marre, Destexhe, UF; in rev. @ PRX



Are pairwise interactions sufficient during sleep?

Temporal cortex of human patient at A7 = 50ms
Wakefulness Vs Deep-Sleep

 Corr. =0.54 //

o — N

J - Deep-Sleep

I
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J - Wakefulness

Same system, very different behavior
Nghiem, Telenzuk, Marre, Destexhe, UF; in rev. @ PRX



Framework: stimulus processing in the retina

Multi-electrode array ~ Extracellular potential ~ Spike sorting
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Modelling & characterising the response to stimulus
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What makes 1t a hard task? Flexibility!
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What makes the code Flexible?
Spoiler: Non-linearity of stimulus processing
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Strategy: input/output modelling

An (almost) linear model...

Stimulus

linear filter
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Strategy: input/output modelling

An (almost) model may not predict the response
Stimulus 30,
s O Data
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Strategy: input/output modelling

An highly non-linear model predicts the response
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Réseau de neurones

artificiels

Deep Learning Models of the Retinal Response to
Natural Scenes

NIPS 2016

Lane T. McIntosh*!, Niru Maheswaranathan*', Aran Nayebi',
Surya Ganguli?*, Stephen A. Baccus®
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How to include noise in spike generation?

Stimulps Rate in [¢, t+AT] Poisson statistics
processing AS(#) Prois ( ng | A S(t) )

Prob of n spikes in AT

<n2>c

0.5




How to include noise in spike generation?

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

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

Stimulus Rate in [t, t+AT] Poisson statistics
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How to account for noise covariances?

Stimulps Prediction Fluctuating Interaction
processing As fields network
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Comment décrire le traitement non-linéaire du stimulus?

Stratégie: Développement limité 'expérimental’ L2
Voisinage -~~~
linéaire / |

Espace des stimuli

Response projection
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Comment décrire le traitement non-linéaire du stimulus?

Stratégie: Développement limité 'expérimental’
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Comment décrire le traitement non-linéaire du stimulus?

Stratégie: Développement limité 'expérimental’

Codage efficace:
maximisation de
[’information transmise

A theory of maximizing sensory information

J. H. van Hateren

Biol. Cybern 1992
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Recherche: Codage par le réseau de la rétine

Rétine: canale de communication

Stimulation visuelle Reéponse rétinienne
0 I I I
E | T
_ | ~ | | I
s O = | |
k= | i |{§ | |
8 0 | | y
2 -100} | 20
5 | = | | |
o | L 40 | | |
200l NAVLAN
0
0 0 2 0

02 04 2
Time (s) Time (s)
L'Information visuelle module [’activité du réseau

Traitement du signal hautement non linéaire



