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Neuronal network
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Neuronal network

Neuronal activity

time
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Neuronal dynamics: leaky integrate-and-fire model
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Neuronal dynamics: leaky integrate-and-fire model

Viit) = —Vi(t) + Li(t)
K;
L(t) = > wy(t)) 6(t—t5)
j=1 k
Vi voltage I; synaptic input
K; in-degree w;;  synaptic weight
Vi spike threshold V. reset potential t
—

This problem has been studied™ for networks with
a fixed in/out-degree distribution
and
homogeneous and constant weights: w;;(t) = w for all 7, j,¢
* N. Brunel. J Comput Neurosci, 8(3): 183-208, 2000

A. Roxin et al. J Neurosci, 31(45): 16217-16226, 2011
M. Vegué and A. Roxin. Phys Rev E, 100(2): 022208, 2019
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Neuronal dynamics: leaky integrate-and-fire model
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Plastic weights




Neuronal dynamics: leaky integrate-and-fire model
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Neuronal dynamics: leaky integrate-and-fire model
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Goal:

from

the neuronal dynamics
the connectivity structure
the plasticity rule

infer

the stationary distribution of firing rates



Isolated neuron
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Neuron in a network
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Neuron in a network
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Neuron in a network
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Neuron in a network
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Neuron in a network

/

v firing rate

o~—— K  ind
. //‘/\\‘ . ® In-aegree
o o

w; synaptic weight of ¢-th input

V:¢(“aa) =V

o o X Vj firing rate of i-th input
; ¢ @]
o o ® o
&, L v=a¢(u,o)
°
K m, = E[’wzl/z]
14 W;V; m %4
(02):Z<w2y K(m“)+\/E(Z) m, = E[w?y]
i—1 i Vi a si = Var(w;v;)
2 2
W s? ¢ s; = Var(wjy;)
~ f— H o
( 7 ) N(O, 2)7 by ( Cror 83 ) Cpo = COV(’LUz'I/i,’LU,LzI/i)
\
random variables para;nfters

~— 7 N

2 2
K,W,Z, my,mes,s,,5;,Cuo




Neuron in a network
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Neuron in a network
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An observation...
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The out-degree of in-neighbors tends to be larger
than the out-degree of nodes
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r>20
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r>20

r<2o
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Closing the loop
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plasticity rule dependent on pre-synaptic activity
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steady state weight-rate relationship
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rate distribution | _ parameters m,, My, S5, Sz Cuo
(m, = F, (mu,ma,si,sg,cw)
me = Fy, (mu,ma, si, s2, cw)
g Si - Gu (muamaasiasgacpa)
2 = Gy (m“,mm si, s2. Cw)
\ Cuo = H(mu,ma,si,sg,cw)



rate distribution | ~ _ parameters m,, My, S5, Sz Cuo
(m, = F, (mu,ma,si,sg,cw)
me = Fy, (mu,ma, si, s2, cw)
(*) \ Si — Gu (mua Mme, Sia Sg, Cua)
2 = Gy (m“,mm si, s2. Cw)
\ Cuo = H(mu,ma,si,sg,cw)

Solve (x) for the unknowns m,, ms, s>, S, Cuc
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Once the parameters m,,me, s, S5,

cuo are computed:
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Once the parameters my,, ms, s},, S5, Cuoc are computed:

the distribution of K and (W, Z) is known
and

the firing rate of a neuron with K =k, (W = w, Z = z)

can be computed through

L 2 .2
V=V (k, Wy 2y My s Moy Su? Sos CMO’)
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Once the parameters my,, ms, s},, S5, Cuoc are computed:

the distribution of K and (W, Z) is known
and

the firing rate of a neuron with K =k, (W = w, Z = z)
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This allows us to reconstruct the firing rate distribution



Once the parameters m,, mes, si, 3(2,, cuo are computed:

the distribution of K and (W, Z) is known
and

the firing rate of a neuron with K =k, (W = w, Z = z)
can be computed through

L 2 .2
V=V (k, Wy 2y My s Moy S;,n Sos CMO')

This allows us to reconstruct the firing rate distribution

empirical
analytical
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This formalism ...

can be extended to networks

with different neuronal populations
with plasticity rules dependent on pre- and post-synaptic activities

and can help to

explore the way in which plasticity shapes activity in neuronal networks



