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développement paralléle de modéles permettant une meilleure interprétation des données acquises par les
neurobiologistes, et de méthodes mathématiques pour analyser ces modeles.

Applications de méthodes de la physique statistique et des systéemes dynamiques-théorie ergodique aux
neurosciences computationnelles.
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Analyse statistique de trains de spikes.

. Proposer une méthode générique de construction
Partenaires de modeéles statistiques optimaux pour l'analyse
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Analyse statistique de trains de spikes.

Proposer une méthode générique de construction

de modeles statistiques optimaux pour l'analyse
de trains de spikes et produire de nouveaux
algorithmes de traitement de ces données. /

A

/ Modélisation mésoscopique de colonnes\

corticales et imagerie.

Proposer et analyser la dynamique d'un modele
mesoscopique, contraint par les données
expérimentales, du signal biologique mesuré a
I'échelle de la colonne corticale et comparer les
prédictions théoriques a l'activité corticale du
systéme visuel (aires V1-V2), mesurée par

imagerie optique et MEG-EEG. /







Modélisation
mésoscopique de colonnes
corticales et imagerie.



(Courtesy S. Chemla)
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(Courtesy S. Chemla)

Silicene ring..| —

@ The membrane potential can be measured optically using
Voltage-Sensitive Dyes (VSDs)

@ The dye molecules act as molecular transducer that
transform changes in membrane potential into optical signals

@ High temporal resolution: < 1 ms

® High spatial resolution: ~ 50 um
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(Courtesy S. Chemla)

OPTICAL STaMAL
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(Courtesy S. Chemla)

Nature of the signal

* Locally proportional to the membrane potential of
all neuronal components

* Proportional to the excited membrane surface of all
neuronal components

* A simple gradient of VSD fluorescence depending
on depth
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Colonnes corticales.

Petits cylindres, de diametre 0.1~1mm, traversant
les couches du cortex, contenant entre 103-10*
neurones, de différents types, fortement
connectés.

Surface of the cortex
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Colonnes corticales.

Les colonnes corticales sont impliquées dans
des fonctions sensori-motrices élémentaires
telles que la vision.
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Thalamic
Input

Colonnes corticales.

Les colonnes corticales sont composées
de neurones appartenant a un petit
nombre de populations différentes

interagissant entre elles. Ces populations

appartiennent a des couches différentes
du cortex.

Spiny Stellate
Cells

Pyramidal
Cells

Inhibitory, il
s Superficial layers

Layer IV

Deep layers




Colonnes corticales.

Il est possible et utile de proposer des modeles
phénomeénologiques rendant compte de
l'activité mésoscopique de ces colonnes, en
prédisant notamment le comportement du
potentiel de champ local engendré par l'activité
électrique des neurones, et en mettant ce
comportement en relation avec mesures et

observations cliniques.




Colonnes corticales.

Il est possible et utile de proposer des modeles
phénomeénologiques rendant compte de
l'activité mésoscopique de ces colonnes, en
prédisant notamment le comportement du
potentiel de champ local engendré par l'activité
électrique des neurones, et en mettant ce
comportement en relation avec mesures et

observations cliniques.

Ces modeles, tel le modele de Jansen-
Rit (Biological Cybernetics, 73, 1995) sont
obtenus a partir d'hypothéses ad hoc.



Tache n° 1.
(premiere année)

Obtenir les équations caractérisant la dynamique l'activité
mésoscopique de plusieurs populations neuronales, a partir
de la dynamique microscopique.
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Neurons and synapses.

Pre-synaptic neuron j

Synapses g \ L
: | | dov:
Dendrites \ : /\PSP i Z Clg)ﬂ(t) _ 5(15)

[
[=0 dt

a;;(t) = Wija5(t)

Post-synaptic neuron i
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Neurons and synapses.

Pre-synaptic neuron j

i [
Dendrites | Z (l)d a?'(t) = 0(%)
! [=0
& a;;(t) = Wija5(t)
Soma
&
Spike <

Vi(t) = Y et - 15”)
YL

vi(t) = Si(Vi(t))

Post-synaptic neuron i

k [
3 a(l)d;f(i) _ Z Wi, (Vi(8) L)+ B D).
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Neural mass model.

Voltage-based model

SNOLARNIIRS
> o — (1) = 30 WiSi(Vi(0) (D) +Bi(h)-
1=0 j=1

P populations of
neurons, a=1... P

Assumptions:




Neural mass model.

Voltage-based model
k 0 le P N
1
Z Qg F(t) — Z Z VV‘iij(Vj(t))‘l‘Ia(t)‘l‘Ba(t)'

=0 L b=1;=1
P populations of
neurons, a=1... P

Assumptions:

* Synapse response, current and noise
depend only on the neuronal population.




Neural mass model.

Voltage-based model
(l)dlv P N
Z ag’—(t) = ) Y WisSy(V;(£))+1a(t)+Ba(?).
b=17=1

P populations of
neurons, a=1... P

Assumptions:

* Synapse response, current and noise
depend only on the neuronal population.




Neural mass model.

w12 * - 21
:
e e IRt o Voltage-based model
'_* D) le PNy
I D Z a0’ — (1) = )7 ) WiSy(Vi(0)+1a(t)+Ba(t).
b=17=1
T Wzs.
v e 3 |
w32
P populations of
neurons, a=1... P
Assumptions:

* Synapse response, current and noise
depend only on the neuronal population.




I W wz3
I q31 3 1
w32
P populations of
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Neural mass model.

Voltage-based model
l P N
nd'V;
Z LETOE DYDY
b=1 =1

Synaptic efficacies

o2
W, o (Lot %ab

Wijsb(v}'(t))‘l‘Ia(t)‘l‘Ba(t)'

(independent)

Assumptions:

* Synapse response, current and noise

depend only on the neuronal population.

* The probability distribution of synaptic
efficacies depend only on pre- and post
synaptic neuron' population
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P populations of
neurons, a=1... P

Neural mass model.

Voltage-based model
([)dlv P N
Z Qg (t) — Z Z Sb(Vj(t))‘l‘Ia(t)‘l‘Ba(t)'
b=1 =1
Synaptic efficacies
V O’
o N “b “ab (independent)

Assumptions:

* Synapse response, current and noise
depend only on the neuronal population.

* The probability distribution of synaptic
efficacies depend only on pre- and post
synaptic neuron' population
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Dynamic mean-field theory.

Voltage-based model
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Random
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Nonlinear
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Voltage-based model
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Dynamic mean-field theory.

Voltage-based model

Y as (1) = ni(V, )+ La(0)+Baf?)
[=0

Local interaction field.
P N

n(Vit) = ) ) WiSy(V;(2))

b=1j=1



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; W . .
S o= k(1) = (V. )+ La(t)+Ba(t). Wy=2icajeb
1—0 dt b

Local interaction field.
P N
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Local interaction field.
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Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; W . .
S o= k(1) = (V. )+ La(t)+Ba(t). Wy=2icajeb
1—0 dt b

Local interaction field.

N,
1 b

- 0 =S S, (Vi(0) = (1)
(V) = 3 Wastn() N 2 O

Naive mean-field equations.
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Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; W . .
S o= k(1) = (V. )+ La(t)+Ba(t). Wy=2icajeb
1—0 dt b

Local interaction field.

N,
1 b

- 0 =S S, (Vi(0) = (1)
(V) = 3 Wastn() N 2 O

Naive mean-field equations.

1 Y @V e
— Y Vi(t) = Va(?) > Y ag (1) =) WySy(Vy(t))+1a(t)+Ba(t), a=1...F,

N, i=1 / =0 ﬁ b=1
op(t) = Sy(Vh(t))
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Jansen-Ritt equations.

Il est possible et utile de proposer des modeles
phénoménologiques rendant compte de
l'activité mésoscopique de ces colonnes, en
prédisant notamment le comportement du
potentiel de champ local engendré par l'activité
électrique des neurones, et en mettant ce
comportement en relation avec des mesures.
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Jansen-Ritt equations.

Il est possible et utile de proposer des modeles
phénomeénologiques rendant compte de
l'activité mésoscopique de ces colonnes, en
prédisant notamment le comportement du
potentiel de champ local engendré par l'activité
électrique des neurones, et en mettant ce
comportement en relation avec des mesures.

Modéle de Jansen et Rit (1995).

o =-ayll) 4 Af{un() - lt)
it = -ay1( )+ Alt) 4 Cof (Craalt))]
= -blt)+ BCf(Cnlt) @ (@

.
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Dynamic mean-field theory.

Voltage-based model

Y as (1) = ni(V, )+ La(0)+Baf?)

[=0

Local interaction field.
P N

m(V,t) = ), > Wi;Sy(V;(®))

b=17=1

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995

Random synaptic weights.

Prop 1.

n.is V-conditionally Gaussian with mean
and covariance.

P
Elm@®Vli= ) W, b— Z 5p(V;(t))
b=1

bjl
P2Nb

Cov )ny(s) V| =65 ¥ ;;”Zsb ))S(V;(s))

b=1""bj=1



Dynamic mean-field theory.

Voltage-based model

Y as (1) = ni(V, )+ La(0)+Baf?)

[=0

Local interaction field.

P N
n(Vit) = 3. ) WS (V;(1))
b=17=1
Empirical measure.

F=RIOT] AcFM

()4 1 o
ﬂvb ZxVEA
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Random synaptic weights.
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n.is V-conditionally Gaussian with mean
and covariance.

P
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k ! —
nNd'V;
Y as (1) = ni(V, )+ La(0)+Baf?) W, T
1=0 N b Np
Local interaction field. Prop 1.
P N _ N _ _
n(V,t) = Z Z Sb(V ®)) n.is V-conditionally Gaussian with mean
b=1j=1 and covariance.
Empirical measure.

= RIOT]  AcFN BVl = Z W&bﬂV [Sb V()

v

N
WI(/Nb)(A) = Ni Z x(V; € A) Cov [Th( )Wg( ‘V} = 613 Z Y b"TV [Sb( (£))5p(V (5))]
b =1 b=1

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995



Dynamic mean-field theory.

Voltage-based model

k lei
Y as (1) = ni(V, )+ La(0)+Baf?)
(=0

Local interaction field.

P N
n(Vit) = ) ) WiSy(V;(2))
b=17j=1
Empirical measure.

F=RIOT] AcFM

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995

Random synaptic weights.

7 2
Wab M)

Wi
2] N( Nb,Nb

Prop 2.

The probability distribution Q™  of membrane

potential trajectories has a density with
respect to the Brownian law.,



Dynamic mean-field theory.

Voltage-based model
E aa = 1{(V,1)+1a(t)+Ba(?).

Local interaction field.

P N
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for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995

Random synaptic weights.

Prop 2.

The probability distribution Q™  of membrane

potential trajectories has a density with
respect to the Brownian law.,

Prop 3.

Call Q™ = E[ Q™ ]. Then, =, is a random

measure under Q™, whose density can be
computed.



Dynamic mean-field theory.

Voltage-based model
E aa = 1{(V,1)+1a(t)+Ba(?).

Local interaction field.

P N
n(Vit) = 3. ) WS (V;(1))
b=17=1
Empirical measure.

F = R[O’T] Ac :FNb

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995

Random synaptic weights.

Prop 2.

The probability distribution Q™  of membrane

potential trajectories has a density with
respect to the Brownian law.,

Prop 3.

Call Q™ = E[ Q™ )]. Then, = ™ js a random

measure under Q™, whose density can be
computed.

Prop 4.

O™ obeys a large deviation principle.



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k ! —
nd'V; 2
Y as (1) = ni(V, )+ La(0)+Baf?) W, o N (ab Oaby
=0 ! Ny Ny
Local interaction field. Th.
P N P
TUDED W AAAG) = na(t) = ), Vab
b=1j=1 Np — oo b=1

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995
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Voltage-based model Random synaptic weights.
k ! —
nd'V; 52
Y as (1) = ni(V, )+ La(0)+Baf?) W, %aby
=0 ! Nb Ny
Local interaction field. Th.
P N P
n(Vi) =3 3 WiS(V(1) = ma(t) = ). Uap
b=17=1 Ny — o0 b=1

where U, is a Gaussian process with
mean and covariance

E [Ua(t)] = WaE [Sy(Va()]
Cou(Upp(t),Uap(s)) = o3 EIS5 VAN Shh(5) e

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995



Dynamic mean-field theory.

Voltage-based model

Y as (1) = ni(V, )+ La(0)+Baf?)

[=0

Local interaction field.
P N

Random synaptic weights.

Wi

Th.

m(V,t) = ), > Wi;Sy(V;(®))

b=17=1

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995

Ny — o0

\4

)

Nb Nb

P
Wa(t) — Z Uab
b=1

where U, is a Gaussian process with
mean and covariance

En®)|V] = EWab‘fTv [Sp(V (2))]

Cov [Wz'(t)ﬂj(s)\w = 0 Z 0
b=1

2 ) [,V ),V (5)]



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k ! —
nd'V; 52
Y as (1) = ni(V, )+ La(0)+Baf?) W, %aby
=0 ! Nb Ny
Local interaction field. Th.
P N P
n(Vi) =3 3 WiS(V(1) = ma(t) = ). Uap
b=17=1 Ny — o0 b=1

where U, is a Gaussian process with
mean and covariance

E [Ua(t)] = WaE [Sy(Va()]
Cou(Upp(t),Uap(s)) = o3 EIS5 VAN Shh(5) e

G. Ben-Arous, A. Guionnet, Large deviations
for Langevin spin glass dynamics, Probability
Theory and Related Fields, 102(4), 1995



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k ! —
nd'V; 52
Y as (1) = ni(V, )+ La(0)+Baf?) W, %aby
=0 ! Nb Ny
Local interaction field. Th.
P N P
n(Vi) =3 3 WiS(V(1) = ma(t) = ). Uap
b=17=1 Ny — o0 b=1

where U, is a Gaussian process with
mean and covariance

B [U(®)] = Wi [Sy(V(1))]
dv,

k
(l)
2 aa g ()= Z Va1l Ball) 010 Ual6) = BSOSO

Dynamic mean-field equations.



Dynamic mean-field theory.

Simple model Random synaptic weights.
V P Nb — 2
— __'I' z Z 'I'Ia 'I'Ba( ) % E a Gb)

: o 4=1j=1 " Nb Ny



Dynamic mean-field theory.

Simple model Random synaptic weights.
V P Nb — 2
d— =——+ z Z () FLa(t)+Ba(t), ica : ab)
t To j=1j =1 ZJ N b N b

Dynamic mean-field equations.

pa(t) = EVa(t)] dpa _ .=
adl Wa/ S (h () + )DhH ph—t 2.
va(t) = Var [V (t)] dt Ta bzl b B b \/bi ﬂb Nor



Dynamic mean-field theory.

Simple model Random synaptic weights.
V P Nb — 2
d— - Z Z ()41 +Ba(t), ica . ab)
t To j=1j =1 ZJ N b N b
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
P N | Wab | |
— ——-I-EZ (1) +1a(t)+B(t), 1€a Wi =—1€aj¢€b.

Dynamic mean-field equations.
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2
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Dynamic mean-field theory.

Simple model Non random synaptic weights.

d_ =4 Y VWSV OALOB(), ica Wij=—icajeb,
t Ta b—l]l b

Dynamic mean-field equations.

o(t) = E [Va(t)] dfta o | =
’ = =TS WSy (uy(0) Ha(0)
Ta p=1

Naive mean-field equations.

o = 0= Cp(t,s) = 0= () =0
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Dynamic mean-field theory.

Simple model Random synaptic weights.
V. i % = 2
=t (O)4L()+Ba(t), ica o N Wab 94
dt Ta b—l] 1 Zj ( Nb Nb )

Dy[\j"gmﬁm&yian process, depending on
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Dynamic mean-field theory.

Simple model Random synaptic weights.
V P Nb
d_ =T VWSO +B), €0 --NN(& "_)
t Ta b=17=1 Nb Nb

Dy[\j"gmﬁm&vuan process, depending on
the whole past. .

pa(t) = E [Va(t)] b _ ( ) »
+ Wa -I_ Dh'l‘[ Dh = dh
va(t) = Var[Va(t)] T 521 b/_ Sp by/ua(t) + m(t) (1) Nor

Evolution is not ruled anymore by EDOs

w=onlout Dy.g mapmm@bn)ws#pbém i
trajectories.

Byfu) = [, S5 (w‘/””(“)”"(”) Cusw0)” | Ol) )Sb (/) + () D2 D,

+ u(u
\m \/m p’b()
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Th. (Faugeras, Touboul, Cessac, 2008)
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k l —
nd'V; 52
Y as (1) = ni(V, )+ La(0)+Baf?) W o (b, %oty
1=0 N b Np

Local interaction field.
P N

n(Vi)= Y Y WyS(Vi(®)) | |
b=15=1 * Existence and uniqueness

of solutions in finite time.

Th. (Faugeras, Touboul, Cessac, 2008)

Dynamic mean-field equations.
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.

7 2
ab)

E aa p (t = 0i(Vyt)+1a(t)+Ba(t). Wij
Nb Ny

Local interaction field.
P N

m(Vit) =), ) Wi;Sy(V;()) ‘ ‘
b=1j=1 * Existence and uniqueness
of solutions in finite time.

Th. (Faugeras, Touboul, Cessac, 2008)

Dynamic mean-field equations. ) .
Y d * Existence and uniqueness

kv of stationary solutions in a

T a(z) (t) _ Z U1 (t)+12(t)+Ba(t) specific region of the

=0 macroscopic  parameters
space.



Dynamic mean-field theory.

Voltage-based model

zaa

4l (t = n;(V,t)+1a(t)+Ba(t).

Local interaction field.

P N

n(Vit) = ) ) WiSy(V;(2))

b=1j=1

Dynamic mean-field equations.

> PV
[=0

d'v,

(t) = Z Uab(t)+1a(t)+Ba(?)

Random synaptic weights.

7 2
_ ab)
Wi Nb Ny

Th. (Faugeras, Touboul, Cessac, 2008)

* Existence and uniqueness
of solutions in finite time.

* Existence and uniqueness
of stationary solutions in a
specific region of the
Macroscopic parameters
space.

* Constructive  proof  =>
Simulation algorithm.
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Tache n° 2.
(deuxieme année)

1) Etudier numériquement puis mathématiquement les
régimes dynamiques exhibés par ces équations “non
naives”, dans le cas Jansen-Ritt .

2)Qu'apportent ces équations aux neurosciences ?
(imagerie, phénoménologie).






Analyse statistique de trains de potentiels
d'action.
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Figure 17.12. Directional tuning of an upper motor neuron in the primary motor cortex. (A) A monkey is trained to move a joystick in the direction
indicated by a light. (B) The activity of a single neuron was recorded during arm movements in each of eight different directions (zero indicates the
time of movement onset, and each short vertical line in this raster plot represents an action potential). The activity of the neuron increased before
movements between 90 and 225 degrees (yellow zone), but decreased in anticipation of movements between 0 and 315 degrees (purple zone). (C)
Plot showing that the neuron's discharge rate was greatest before movements in a particular direction, which defines the neuron's “preferred direction.”
(D) The black lines indicate the discharge rate of individual upper motor neurons prior to each direction of movement. By combining the responses of
all the neurons, a “population vector” can be derived that represents the movement direction encoded by the simultaneous activity of the entire
population. (After J)
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F. Grammont and A. Riehle, “Precise spike synchronization in monkey motor cortex involved in
preparation for movement”, Exp Brain Res, 128, 1999.
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Tache n° 1.
(premiere année)

* Etudier la statistique de trains de spikes dans des
modeéles “suffisamment” réalistes.

* En quoi les distributions de Gibbs sont-elles pertinentes
dans le cadre de ces modeéles?






*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.



Neural network activity.
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Neural network activity.

Neuron label,

Time.

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence
o o} i=1..N, t=1..

*Multiples scales.

*Non linear and collective dynamics.

* Adaptation.
* Interwoven evolution.



Neural network activity. Spike generation.
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Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence

o ={o®)}, i=1...N, t=1...

*Multiples scales.

*Non linear and collective dynamics.

* Adaptation.
* Interwoven evolution.

neural response to some stimulus ?

* Definite succession of

spikes during a definite time

period.

R=[w(1)...w(7)]
w(t) = [wi(t)IN
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* Definite succession of R=[w()...w(r)]
spikes during a definite time w(t) = [wy ()],
period.

* Statistical coding.
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Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

o(t)=1if i fires at t h @7

=0 otherwise. .\4 1 ()
A=
A raster plot is a sequence \

o ={o®)}, i=1...N, t=1...

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

neural response to some stimulus ?

* Definite succession of R=[w()...w(r)]
spikes during a definite time w(t) = [wy ()],
period.

* Statistical coding. P [R‘S] => P [S\R]



Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

o(t)=1if i fires at t h @7

=0 otherwise. .\4.\{8\’

A raster plot is a sequence \
& ={o®}, i=1..N, t=1... :

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

neural response to some stimulus ?

* Definite succession of R=[w()...w(r)]
spikes during a definite time w(t) = [wy ()],
period.

*Statistical coding. P [R\S] = P [S\R]

Spikes: Exploring the Neural
Code. F Rieke, D Warland, R de
Ruyter van Steveninck & W
Bialek ( , Cambridge,
1997).


http://mitpress.mit.edu/catalog/item/default.asp?sid=3CA2950F-5938-4E41-BCAE-450652BF2660&ttype=2&tid=3977
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Neuron label. k‘./\/..\ 6 Wi“i
(=1 if i fires at t N /‘Nj
R =0 otherwise. .\%/Q\ D
I [ - | ;
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o T A raster plot is a sequence \

t=0 (=T Time. 6 :{(l)i(t)}, i=1...N, t=1... ’ 5
® Spontaneous activity; *Multiples scales.
* Response to external stimuli ; *Non linear and collective dynamics.
* Response to excitations from * Adaptation.

other neurons... * Interwoven evolution.

neural response to some stimulus ?

* Definite succession of R = [w(l) . -W(T)]
spikes during a definite time w(t) = [wy ()],
period.
* Statistical coding. P [R\S] = P [S\R]
Spikes: Exploring the Neural The PrObabilltY Of
Cogﬁ- :r'j:hgtgv"e}'miadé '\'*;Vde occurrence of this block is
Bia|ey|t(( , Cambridge’ different, With and Without s-

1997).
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Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

How to compute P(R|S) ?

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence
o o} i=1..N, t=1..

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

neural response to some stimulus ?

Spikes: Exploring the Neural

Code. F Rieke, D Warland, R de

Ruyter van Steveninck & W
Bialek ( , Cambridge,
1997).

R=[w(1)...w(7)]
w(t) = [wi(t)IN

P[R|S] => P[S|R]

The probability of
occurrence of this block is
different, with and without S.


http://mitpress.mit.edu/catalog/item/default.asp?sid=3CA2950F-5938-4E41-BCAE-450652BF2660&ttype=2&tid=3977

Neural network activity.

t=0 (=T Time.
® Spontaneous activity;
* Response to external stimuli ;

* Response to excitations from
other neurons...

How to compute P(R|S) ?

Sample averaging.

P[R|S] = lim 1

n—o0 'e)

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence
o o} i=1..N, t=1..

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

neural response to some stimulus ?

TL

Y ns(R)

k=1

R=[w(1)...w(7)]
w(t) = [wi(t)IN

P[R|S] = P[S|R]

The probability of
occurrence of this block is
different, with and without S.



Neural network activity.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

How to compute P(R|S) ?

Time averaging.

P[R|S] =

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence
o o} i=1..N, t=1..

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

neural response to some stimulus ?

1 L .
fg XRr(0"@)

= [w(1)...w(7)]
w(t) = [wi(t)IN

P[R|S] => P[S|R]

The probability of
occurrence of this block is
different, with and without S.



Neural network activity. Spike generation. .
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* Spontaneous activity; *Multiples scales.
* Response to external stimuli ; *Non linear and collective dynamics.
* Response to excitations from * Adaptation.
other neurons... * Interwoven evolution.

neural response to some stimulus ?

How to compute P(R|S) ? R=|w@)...w(r)]

_ N
Time averaging. w(t) = [wi(t) =

1 & 3
P[R|S] = 7, Z xr(c'®) P[R|S] => P[S|R]
' . The probability of
T . occurrence of this block is
'”é} )(Q’S) =7 Z ¢5(Utw) W@(Cb) T“m TTg- )(935) different, with and without S.
—00
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Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

o(t)=1ififires att
=0 otherwise.

A raster plot is a sequence
o o} i=1..N, t=1..

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

glF Models m. Rudolph, A. Destexhe,
Neural Comput., 18, 2146-2210 (2006).

dV,
C—= Vi. =1
pr + 9V = i
N Mj(t,dﬁ)
o (o) =g+ ) Gij Y. a(t-t})

j=1 n=1



Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

I-F models are
(maybe) good enough.

Approximating real
raster plots from orbits
of IF models with
suitable parameters.

R. Jolivet, T. J. Lewis, W. Gerstner
(2004)J. Neurophysiology 92: 959-
976

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

glF Models m. Rudolph, A. Destexhe,
Neural Comput., 18, 2146-2210 (2006).

dV,
C—= Vi. =1
pr + 9V = i
N Mj(t,dﬁ)
o (o) =g+ ) Gij Y. a(t-t})

j=1 n=1



Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Spike generation.

Raster ( 0
plot. 1

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

glF Models m. Rudolph, A. Destexhe,
Neural Comput., 18, 2146-2210 (2006).

dV,

pmad.
dt

+ 91Vi = iy
N Mj(t,dﬁ)
o (o) =g+ ) Gij Y. a(t-t})

j=1 n=1



Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Generic dynamics.

Spike generation.

Raster ( 0
plot. 1

*Multiples scales.

*Non linear and collective dynamics.
* Adaptation.

* Interwoven evolution.

glF Models m. Rudolph, A. Destexhe,
Neural Comput., 18, 2146-2210 (2006).

dV,

pmad.
dt

+ 91Vi = iy
N Mj(t,dﬁ)
o (o) =g+ ) Gij Y. a(t-t})

j=1 n=1

There is a minimal time scale 6t below
which spikes are indistinguishable.

Conductances depend on past spikes
over a finite time.




Neural network activity.

Neuron label.

t=0 =T Time,

® Spontaneous activity;

* Response to external stimuli ;

* Response to excitations from
other neurons...

Generic dynamics. B. Cessac, T. Viéville, Front. Comput. Neurosci. 2:2 (2008).

 There is a weak form of initial
condition sensitivity.

Spike generation.
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I
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Variational principle.

potential

/  There is a functional 7vthat decreases whenever \

synaptic weights change smoothly (regular periods).

* Regular periods are separated by sharp variations of
synaptic weights (phase transitions).

* If the synaptic adaptation rule “converges” then the
corresponding statistical model is a Gibbs measure with

> Xijdij
i
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The synaptic adaptation “rule” fixes the statistical model.

* Check on numerical examples

> Checking numerically the validity of a statistical model.
~ Computing numerically the topological pressure.
> Design of new software.

nttp:/fenas.gforge.inria.fr/
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* Etudier la statistique de trains de spikes dans des
expériences (Data INCM).

* En quoi les distributions de Gibbs sont-elles pertinentes
pour les neurosciences?






