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Cortical columns.



Central Intraparietal
sulcus Area Area 2 sulcus

Arecad Area 2hb Area S
(motor cortex)



Cortical columns.

Small cylinders, of diameter 0.1~1mm, crossing
cortex layers, with about 103-10* neurons, from
different types, strongly connected.

Surface of the cortex

3mm

White matter



Cortical columns.

Cortical columns are involved in elementary
sensori-motor like vision.

B
3 4
2 4
3 5 7
A 7
1 2 4 B o
AB 2 %
€ 3 4
B . g
h
» , 2
Colonnes co
d'orientation D/E
(farmes)
Colonnes corticales D
droite
gauche o
g —00
{rolicf) O £ 200060
C—S000000
D-%eo000 oog
£E200000%7
123456

CRIC-Caliuls mutimdds.-Pmi




Thalamic
Input

Cortical columns.

Spiny Stellate
Cells

Pyramidal
Cells

Inhibitory,
Cells

They are composed of neurons belonging
to a small number of populations
Interacting together. These populations
belong to different cortex layers.

Superficial layers

Layer IV

Deep layers



Thalamic
Input

Cortical columns.

It is possible and useful to propose
phenomenological models characterizing the
mesoscopic activity of cortical columns,
predicting the behaviour of local field potential
generated by the electric activity of neurons and
to relate this behavior with measures and
clinical observations (epilepsy).

Spiny Stellate
Cells

Pyramidal
Cells

Inhibitory il
ool Superficial layers

Layer IV

Deep layers




Courtesy. S. Chemla.

Cortical column paradigm

Type of

cortical

column

Micro-column Orientation column Macro-column or Neural Mass

Definition | Mini-column Our Column Hyper-column (V1)

Spatial 600 um

Spatial | 4050 um | 50-100 pm | 200-300 pm 10 mm

(and more)
- 100XThousand neurons

Number of . 60-100 mini-columns
neurons 80-100 neurons 150-200 neurons Several mini-columns 10000 neurons :I;ﬁl:tsz)e type (pyr,




Mean field models.



Neurons and synapses.
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Neurons and synapses.

Pre-synaptic neuron | g
ynapses
Dendrites \

Post-synaptic neuron |
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Neurons and synapses.

Pre-synaptic neuron |

Dendrites

Post-synaptic neuron |




Neurons and synapses.

Pre-synaptic neuron |

Synapses T BERR \ ,
Dendrites \ 1:. /\PSP i Z (g)d a:z(t) — 5(t)

[=0

Post-synaptic neuron |




Neurons and synapses.

Pre-synaptic neuron |

Synapses g \
l | dl :
Dendrites \ ! /\PSP i Z (1) QL (t) = §(1)

[=0

Post-synaptic neuron |



Neurons and synapses.

Pre-synaptic neuron |

Synapses T BERR \ ,
Dendrites \ 1:. /\PSP i Z (g)d a:z(t) — 5(t)

[=0

a;;(t) = Wijoi(t)

Post-synaptic neuron |



Neurons and synapses.

Pre-synaptic neuron |

Dendrites

Post-synaptic neuron |



Neurons and synapses.

Pre-synaptic neuron |

Dendrites

J,m

T; Vi) = Si(Vi(D))

Post-synaptic neuron |




Neurons and synapses.

Pre-synaptic neuron |

k [
Dendrites i Z G)d lmz(t) = (%)
! [=0
_ a;;(t) = Wijo4(2)
Soma >
&
Spike <

Vit) = Y gt - £7)
7,n

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

Post-synaptic neuron |

k l
3 a@d;/(i) _ Z Wi, (Vi(8) L)+ B D).
[=0




Neural mass model.



Neural mass model.

P populations of
neurons,a=1..P



Neural mass model.

Voltage-based model

k Iir N
> DL = 3 WS (GO HO+B),
[=0

j=1

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



Neural mass model.

Voltage-based model

k Iir N
> DL = 3 WS (GO HO+B),
[=0

j=1

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

Assumptions:




Neural mass model.

Voltage-based model

k 0 lei P Ny
Lo (=3 X WiSi5O)Ha(t)+Bal?)
= = J:

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

k 0 dlv; P Ny
120 da”—7(t) = bzl -21 WSy (V; () +1a(t)+Ba(t).
= =171=

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

k 0 dlv; P Ny
120 da”—7(t) = bzl -21 WSy (V; () +1a(t)+Ba(t).
= =171=

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
% B0 = 3 5 WS OIHOHEG)
J=

Synaptic weights

CT
We: o N Wab %3 (independent)
Wi (Nb Nb)

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

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

lle P N
Za‘)dtw)—zz
b=17=1

Synaptic weights

O'
Wy~ (b %ab

i75p(V; (1)) +1a(t)+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







Dynamic mean-field theory.



Dynamic mean-field theory.

Voltage-based model

k 1 P Ny
Oy = Y 5 WSy V() Ha(t)+Ba(?)

b=1 =1




Dynamic mean-field theory.

Voltage-based model

k (l)dl‘/z P N
Z Aq dtl (t) — Z Z Wijsb(v}(t))‘l‘fa(t)‘l‘Ba(t)-
=0 b=1 =1

Stochastic
(annealed)
Random
(quenched)

Nonlinear




Dynamic mean-field theory.

Voltage-based model

k 1 P Ny
Oy = Y 5 WSy V() Ha(t)+Ba(?)

b=1 =1




Dynamic mean-field theory.

Voltage-based model

k 0 lei P N
zzo G’ (1) =[DZI '21 W;iSp(Vi(£))+1a(t)+Ba(t).
= =19=
\ )
Y




Dynamic mean-field theory.

Voltage-based model

k (l)lei P N
DRl DI WRIO) SRONEEAO)
= =17=

Y,

Local interactions field.\ V
P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1



Dynamic mean-field theory.

Voltage-based model

Y 0 (1) = (Va0 +Ba(t)
[=0

Local interactions field.

P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

mi(V,t) = Z W Z Sp(V;
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Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

0= 52 5 00 —bZSbV(t))wb((t))
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Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

1 N
P 1 oy
m(Vit) = Y Wopd(t) N, ng Sp(Vi(t)) — p((t))

b=1 Ny — o0



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

N,
1 b

- 0 =Y S(Vi() = ()
1) = 3 Wastn(0 Mgbjm%;

Dynamic mean-field equations.
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Voltage-based model Non random synaptic weights.
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Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

N,
1 b

- 0 =Y S(Vi() = ()
1) = 3 Wastn(0 Mgbjm%;

Naive mean-field equations.

1 e k (l)dlva P
N > Vit) = Va(t) > ) ag p )= Wudp(t)+La(t)+Balt), a=1...P,
@i=1 [=0 b=1



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

N,
1 b

- 0 =Y S(Vi() = ()
1) = 3 Wastn(0 Mgbjm%;

Naive mean-field equations.

1 Y Eoodve B
N > Vi(t) = V(1) > ) ag ﬁ(t) =) WaupSp(Vy(t)+a(t)+Ba(t),a=1... P,
a,=1 [=0 b=1



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

L — Y S (Vi(1)) — op((t
mi(Vit) = D Wapds(t) bjzl s(V5(0) = (1)
b=1 Ny — o0
Naive mean-field equations.
1 Ng ) k (l)dlva B P _ 1P
E; Vi(t) = Va(t) - ana T (t) _b; WSy (Ve(t)Ha(t)+Ba(t), a=1...P,

lim —ZSb lim —ZV(t

Nb—PDO b

op(t) = Sp(V(t))
=3l L)



Dynamic mean-field theory.

Voltage-based model Non random synaptic weights.
k l 7
d'V; Wa . .
Y 0= (1) = (V) +Ha()+Balt). Wy=—2icajeb
=0 4 b

Local interactions field.

L — Y S (Vi(1)) — op((t
mi(Vit) = D Wapds(t) bjzl s(V5(0) = (1)
b=1 Ny — o0
Naive mean-field equations.
1 Ng ) k (l)dlva B P _ 1P
E; Vi(t) = Va(t) - ana T (t) _b; WSy (Ve(t)Ha(t)+Ba(t), a=1...P,

Nb—>00 b Nb—PDO b

im —Zsb )’)),,( im —g%v )



Jansen-Ritt equations.
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Jansen-Ritt equations.

It is possible and useful to propose
phenomenological models characterizing the
mesoscopique activity of cortical columns,
predicting the behaviour of local field potential
generated by the electric activity of neurons and
to relate this behavior with measures and
clinical observations (epilepsy).



Jansen-Ritt equations.

It is possible and useful to propose
phenomenological models characterizing the
mesoscopic activity of cortical columns,
predicting the behaviour of local field potential
generated by the electric activity of neurons and
to relate this behavior with measures and

clinical observations (epilepsy).
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Jansen-Ritt equations.

-—— @
| It is possible and useful to propose
| phenomenological models characterizing the
| L 1 ® - mesoscopique activity of cortical columns,
\ predicting the behaviour of local field potential
| generated by the electric activity of neurons and

to relate this behavior with measures and
clinical observations (epilepsy).

Jansen — Rit model (1995).

r!)o = -ayo(t)  Af{un(6)- )
-ay()JrAlP()JrCQ (Cuale))
k1)2 = -yt) 4 BCf (Capol1)) @[ - to>

.




Jansen-Ritt equations.

| It is possible and useful to propose
| phenomenological models characterizing the
| L 1 ® - mesoscopique activity of cortical columns,
\ predicting the behaviour of local field potential
| generated by the electric activity of neurons and

to relate this behavior with measures and
clinical observations (epilepsy).

‘\

( yU(t) — y3( ) = heit) -
Y3(t) = a(ASig(y1(t)—y2(t))—2y3(t)—ayo(t))
Y1(t) = ya(t)
Ya(t) = a(A (p+C2Sig(Cryo(t))) —2ya(t)—ay:(t)
Yo (t) = ys(t) P e R
| ¥Us(t) = b(BC4Sig(Csyo(t))—2ys(t) —by2(t) (G S S
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Grimbert, Faugeras:06b, "Bifurcation Analysis of Jansen's Neural Mass Model" ,Neural Computation, 18, 2006.
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Figure 6: Activities produced by Jansen's neural mass model for typical values of the
input parameter p (see text). The thin (respectively thick) curves are the time courses
of the output y of the unit in its upper (respectively lower) state. For p > 137.38, there
is only one possible behaviour of the system. Note: in the case of oscillatory activities
we added a very small amount of noise to p (a zero mean Gaussian noise with standard

deviation 0.05).



Grimbert, Faugeras:06b, "Bifurcation Analysis of Jansen's Neural Mass Model" ,Neural Computation, 18, 2006.
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Figure 3: (a)-(¢) Activities of the unit shown in figure 1 when simulated with a white
Gaussian noise as input (corresponding 1o an average firing rate berween 30 and 150
Hz). The authors varied the excitation/inhibition ratio A | B. As this ratio is increased
we observe sporadic spikes followed by increasingly periodic activities. (f)-(i) Real
activities recorded from epileptic patients before (f,g) and during a seizure (h,i) (From
[ Wendling et al., 2000]).



Touboul, Chauvel, Wendling, Faugeras, "Neural Mass Activity, Bifurcations and Epilepsy", Neural Computation,
23:12, 2011.
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Figure 11: A seizure in the slightly hyperinnerved case (j = 12.7). Input P =
po + 1073t + o B, where B, is a Brownian motion, (A): pug = 1.5 and (B): g = 1.2
in order to see the different pre-onset phases. o = 0.4. (A): (B) Same parameters,
with simulation of anti-GABA convulsant injection (decrease oe from 0.25 to 0.23)
at a time shown by the red bar. This has the effect of stopping rhythmic spike
and triggers the seizure alpha activity phase. The differences in pre-onset activity
are evidenced during the pre-onset phase by the power spectra (C).



Why is it working so well ?



Dynamic mean-field theory.

Voltage-based model

Y 0 (1) = (Va0 +Ba(t)
[=0

Local interaction field.

P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k l -
d'V; 2
Y ai)—(0) = n(V O La()4Ba(t) Wy oAb by
=0 at " Nb ’ Nb

Local interaction field.

P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k l -
Vi 52
Y 0 (1) = (Va0 +Ba(t) W, %
=0 Nb N
Local interaction field. Prop 1.
p N . iy o
n(V,ty=3S Y W, 5 (Vi(1)) =% is V-conditionally Gaussian with
b=1j=1 mean and covariance.

E[n@®)\V] = Z b— E Sp(V(%))

bjl
Psz

Cov p()ny(s) V| = 65 ¥ ;;”Zsb ))Sp(V;(5))

b=1""bj=1



Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
k l -
d'V; 2
Y ai)—(0) = n(V O La()4Ba(t) Wy oAb by
=0 at " Nb ’ Nb

Local interaction field.

P N, DMFT

n(V,t) =) Y Wi;Sy(V;(1))

b=13=1 Ny — 00

v

P
Wa(t) — Z Uab
b=1



Voltage-based model
k
(l)le-
=0

Local interaction field.

P N

n(V,it)=)> Y W

b=17=1

Dynamic mean-field theory.

Y ag Ef(” = n;(V,t)+1a(t)+Ba(t).

i596(V;(1))

Random synaptic weights.

17 2
_ ab)
W Nb Ny
DMFT P
> Wa(t) — Z Uab
Ny — o0 b=1

where U_, Is a Gaussian process with
mean and covariance

E [Ugp(®)] = Wi [Sy(V(1))]

Cou(U(£), Uapls)) = o BISHHE) SV e



Dynamic mean-field theory.

Voltage-based model

Random synaptic weights.

k l -
dV 52
Y 0 (1) = (Va0 +Ba(t) W %y
=g @ ! Nb Ny
Local interaction field.

P N, DMFT P
n(Vit) =) ) WiS(V;(1)) > Na(t) = Z Uab

b=1j=1 Np — 00 b=1

Dynamic mean-field equations.

d'v,

5~ PV
[=0

(t) = Z Uap(t)+1a(t)+Ba(t)

where U_, Is a Gaussian process with
mean and covariance

E [Ugp(®)] = Wi [Sy(V(1))]

Cou(U(£), Uapls)) = o BISHHE) SV e



Dynamic mean-field theory.

Simple model Random synaptic weights.

VPNb —

— ——+EZ otHBalt), i€a |
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Dynamic mean-field theory.

Simple model Random synaptic weights.
N
y P = 2
d_ ——+Ez -|-B() 160 W, ab)
t To = 15=1 7 Nb Nb

Dynamic mean-field equations.

Ha(t) = E [Va(1)] dﬂa e 7
hy Wa[ § (h () + )Dh-l-f ph—t 2.
va(t) = Var[Va(t)] dt Ta bzl b b \/bi ﬂb NoT:



Dynamic mean-field theory.

Simple model Random synaptic weights.
P N 5 2
d_ ——+Ez -|-B() 160 W, ab)
t To = 15=1 7 Nb Nb

Dynamic mean-field equations.

pa(t) = E[Va(t)] dﬂa e‘%
JFEWab/ Sb(h\/”b (1) + (t) )DhH Dh = ——dh
va(t) = Var [Va(£)] & = - V2
2 2s
0le) = O ) Culs$) = b F 0452 e - )* Lo / Jy ]

Vpl U JUL\V ) — 'U.'U2 u,v
Byfu) = [, (m\/ () ~ O | () )sb(y )+ 1) D2y,

1 w)
w(0) Juw)



Dynamic mean-field theory.

Simple model Random synaptic weights.
V., o2
_ ab)
W Nb Ny
Dynamic mean-field equations.
alt) = E[Va(t e_ﬁ
pa(t) = B[Va()] oh=% "
va(t) = Var [V, (t)] n
(t+s)/, Tﬂ32 2 (uto)/,
Cultys) = Con [Va(t)Vi(s)] Cap(t;8) = 8gpe " [ua(0)+ ; (6"“ - )+Z Oab / / *Ay(u, v)dudv]

Vpl U JUL\V ) — ?.L'UQ u,v
Byfu) = [, (mx/ () ~ O | () )sb(y )+ 1) D2y,

+ pp(u)
m \/m My



Dynamic mean-field theory.

Simple model Random synaptic weights.
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Dynamic mean-field equations.
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Dynamic mean-field theory.

Simple model Random synaptic weights.

V., o2

_ ab)
W A% Ny
Dynamic mean-field equations.
pa(t) = E [Va(t)] dh _ \ s
h S () + ,Lb(t)) LY  Dh=an

va(t) = Var [Va(®)] di \F : V2r

Calts) = ConTa(t) h(s)]

2 ' [° (o))
0 /0 /0 e Ap(u,v)dudv]

Vpl U JUL\V ) — ?.L'UQ u,v
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Dynamic mean-field theory.

Simple model Random synaptic weights.
V., o2
_ ab)
ZJ
Nb Ny

Dynamic mean-field equations.

pal) = E L0 " 40 4
+ Wa S h 'I' Dh'I'I Dh = dh
va(t) = Var[Va(t)] dt Ta bzl b /_ b \/Ubi ﬂb ( ) NoT:

2/ 9 P
Calt,5) = Co [T 0)V(s) Caplts) = e T 3)/Tﬂ[va(0)+m;a(2 )*E“ | T“d'”]

2
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Dynamic mean-field theory.

Simple model Random synaptic weights.
V., o2
_ ab)
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Dynamic mean-field equations.
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Dynamic mean-field theory.

Simple model Random synaptic weights.
V. g2
W, ab)
! Nb Ny
Dynamic mean-field equations.
pa(t) = E[Va(t)] dﬂa e_%
'|' Wb/ Sb(h “Ub -|-p,b )Dh-H() Dh = dh
va(t) = Var [Va(t)] dt Ta bzl ' \/7 V2m
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
V P Nb
— ——-I-Ez o(DBu(t), i€a
dt T 4=1im]

Dynamic mean-field equations.

pa(t) = E[Va(t)] dﬂa e 2
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2 25
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Dynamic mean-field theory.

Simple model
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Simple model Non random synaptic weights.
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
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Dynamic mean-field theory.

Simple model Non random synaptic weights.
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Dynamic mean-field equations.
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Dynamic mean-field theory.

Simple model Non random synaptic weights.

V P Nb W
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Dynamic mean-field equations.
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Naive mean-field equations.



Dynamic mean-field theory.

Simple model Random synaptic weights.
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Dynamic mean-field theory.

Simple model Random synaptic weights.
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Dynamic mean-field theory.

Simple model Random synaptic weights.
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
oy 5 2
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Local interaction field.
Th. (Faugeras, Touboul, Cessac, 2008)
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
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Local interaction field.

P Ny
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b=1j=1 « Existence and uniqueness
of solutions In finite time.
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Dynamic mean-field theory.

Voltage-based model Random synaptic weights.
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Local interaction field.
Th. (Faugeras, Touboul, Cessac, 2008)

P N
n(V,t) =) Y Wi;Sy(V;(1)) _ _
b=1;j=1 « Existence and uniqueness
of solutions in finite time.
Dynamic mean-field equations. . Existence and uniqueness

of stationary solutions in a
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Dynamic mean-field theory.

Voltage-based model

ia

l
%20 = (VO HRC)

Local interaction field.

P N

n(V,t) =) Y Wi;Sy(V;(1))

b=17=1

Dynamic mean-field equations.

Z Ve _ f Uas(t)+Ia(t)+Ba(t)
tl ab a

Random synaptic weights.

7 2
_ ab)
s 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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Are there new and measurable effects here ?

How to study DMFT equations
and their bifurcations ?

What is synaptic weights are correlated ?






