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Fix ¢, o0 =1 ..K, a set of observables (prescribed

quantities whose time average C_ has been
measured).

An ergodic probability measure v on the set of
admissible raster plots is called a statistical

model if, for all o

v {&} ‘ \?TéT)(Qf’a) — Cql > E}  o—TI(ae)

I(a,y) = sup {uy — F(a,u)}

1 (T)
im —logv |e""a (9a)

|
T—oxT

Fa,u) =

Examples
Firing rate of neuronii : P(&) = w;(0)
5 () = r; € [0, 1]

Spike coincidence

P(@) = wi(7)w;(0)

|

Problj fires at some time t and i fires at t+1]

Gibbs measures.

Maximising entropy under the
constraints v(¢ )=C_?

K
P|X = sup {h(u)Jr Y )\au(cfﬁa)}

IU’EMin'U o= 1

K
P [X} =h() 4+ Y Aav(da)

a=1

1 K n
v[Rlv—= Y e | Y Y 6a(0')
"M GC[R] a=1 t=1

oP
P a) = Ca
oy = V(00)

Bernoulli distribution

« Ising like » distribution

E. Schneidman, M.J. Berry, R.
Segev, W. Bialek, Nature,440,
(2006)



The knowledge of prescribed observables average fixes the
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The knowledge of prescribed observables average fixes the
statistical model.

Which observables ?



Neural network activity. ,

4
Nearon label. k ‘./\r ) ;;7‘7 ;:6 7 7’ :

t=0 =t Time. ' R
* Spontaneous activity; Multiples scales.
* Response to extgrn«’gll stimuli ; *Non linear and collective dynamics.
» Response to excitations from - Adaptation.

other neurons... * Interwoven evolution.
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Synaptic weight evolution.
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w1 1 7)



Synaptic weight evolution.
Wi;(t) = g(Wii(2), [wilt -1 [wileg-1,)

D g, WL )

Example
T-C C
(r) _ ( (T (7)
Wy = €| (A=W 4 QCtEC _Z_ Flu)o” (4 u)o;” (2)
Ace™, <0 L o
&)= ae ™, z>0
0, =0, SN

C = max(ry,7) k




Synaptic weight evolution.
Wi;(t) = g(Wii(2), [wilt -1 [wileg-1,)

QSZJ( ij :[w ],[wj('r)])

Convergence

‘5Wij =0= TT(T) d’ij(wi(;): [wi(T)], [wJ(T)]) =0

Example
T-C C
D=cla-nw 4 ol s 4 u)ul?

"y _E[('\ 5 T zctzc L [t

A_ez, <0 L] , | |FOSE
flx)= A_|_e_a, >0

0, r=0, S e

C = max(ry,7—) k




Synaptic weight evolution.

Wi;(t) = g(Wii(2), [wilt -1 [wileg-1,)

D g, WL )

Convergence
W= 0= 18 oy, 17 1) =0
Example
T-C C
O =l 1wt + 1) (7)
W _e[()\ 5 o QCtEC _Z_f wp(EFu)e;(t)
A_e%, r<0; L
&)= ae ™, z>0
0, =0,

¢ ’

C = max(ry,7) k

Dynamics and statistics evolution

Changing synaptic weights

!

changing membrane potential dynamics

!

changing raster plots dynamics
and statistics



Synaptic weight evolution. Dynamics and statistics evolution
Wi (1) = g(Wia (1), lwls s, [wily oo
zg() g zg() [ z]t,t Ts [ j]t,t TS) Changing synaptic weights
(") _ 4D (7)
W =W Wy ﬂ

— (T changing membrane potential dynamics

!

Convergence changing raster plots dynamics
and statistics

¢ij(W(T)

ij

w1 1 7)

W= 0= 18 oy, 17 1) =0
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Synaptic weight evolution. Dynamics and statistics evolution
Wi (1) = g(Wia (1), lwls s, [wily oo
zg() g zg() [ z]t,t Ts [ j]t,t TS) Changing synaptic weights
(1) _ (41D (7)
W =W T - W ﬂ

— (T changing membrane potential dynamics

!

Convergence changing raster plots dynamics
and statistics

¢ij(W(T)

ij

w1 1 7)

W= 0= 18 oy, 17 1) =0

Variational principle.

/ e There is a functional #”that decreases whenever \

synaptic weights change smoothly (regular periods).




Synaptic weight evolution. Dynamics and statistics evolution

aWij(t) = g(Wi(t), Lok, [wghy ) Changing synaptic weights

W(T) — W(T+1) wir
g (/R ¥ a Z(J' ) @
T changing membrane potential dynamics
= E?T( ) QSZJ(WZ(;-): [“g'(T)]a [wJ(T)]) Jmng y

Convergence changing raster plots dynamics
and statistics
=0

;=02 10 g, L) )

Variational principle.

/ e There is a functional #”that decreases whenever \

synaptic weights change smoothly (regular periods).

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




Synaptic weight evolution. Dynamics and statistics evolution
Wi (1) = g(Wia (1), lwls s, [wily oo
zg() g zg() [ z]t,t Ts [ j]t,t TS) Changing synaptic weights
(1) _ (41D (7)
W =W T - W ﬂ

— (T changing membrane potential dynamics

!

Convergence changing raster plots dynamics
and statistics

¢ij(W(T)

ij

w1 1 7)

W= 0= 18 oy, 17 1) =0

Variational principle.

/ e There is a functional #”that 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

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

« Check on numerical examples ?
> Which rule ?

> Checking numerically the validity of a statistical model ?
> Computing numerically the topological pressure ?

 Check on real data ?






