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The goal: from spikes to firing rate
Schematic: Can we predict the firing rate of a Previous efforts: Solving for the firing rate requires tracking the voltage distribution Why this problem is hard: Boundary An approximation that simplifies
neuron as a simple function of an arbitrary with a Fokker-Planck equation. The boundary conditions make this difficult to solve. conditions make this difficult to solve. the boundary conditions:
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time-varying input: The Fokker-Planck equation for the standard Integrate-
and-Fire neuron is: If we think of voltage as a periodic variable and allow
» P 9 92 p flow in either direction across threshold, the dynamics
o A Mattia and Del Giudice derive an expression for the  Bruneland Hakim use an expansion around the steady-state solu- — =——[I —v)P]+ D— are effectively unchanged, provided that:
; = * time (ms) *° % %0 eigenfunctions and (approximate) eigenvalues of the  tion to obtain a linear approximation for the response to oscillat- 0t v v
E Fokker-Planck operator for the constant-leak IAF  inginputs of small amplitude. Approximating the firing rate dy- with the boundary condition that:
E ARV N L AR neuron. Their solution is of the form: namics v(t) as: P(6) =0 [=V,>D
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ol ey —, v(t) = O(p ,0%) + ‘2’—;65 Z cx, C(Ap)%eM! v(t) = vo [1 +enp(w)e™ + Ofe )] Intuitively, it is not surprising that this boundary condi-
< The real firing rate . . crre
g : n#0 they find that the linear response function is: tion makes the FP equation difficult to Isolve.
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Sharp changes in input cause transient synchrony. though this solution is quite general, the equations are extremely
while a simple rate model always exponentially unfriendly. This is only barely tractable for large network simula-
tions, let alone any anayltic work.
relaxes toward steady-state.
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Approach: assuming a simple form for P(v) Sample Results Extensions: A Simple Circuit Model
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Formulating the model: If we assume P(v) to be a Gaussian on a ring (von Mises distribution),
we can attempt to formulate a model by describing the dynamics of the voltage moments: " : - - . . o the Wilson-Cowan model:
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Approximations that simplify boundary conditions:
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|f|’;hﬁ input is sigr;iﬁ;:fantly beAOW trreshgld, tlgen thresh- If the input is significantly above threshold, a leaky Sl where each rate equation is now a function
old has a minimal effect on the voltage distribution imi ¥our . . L :
9 - model and a constant leak model behave similarly ol of the underlylng voltage distribution:
IS = s
b= S e S -~y 3 EJ g Zj ] X-sea Fl curve
g 3 for . 1 + (wee — 1)/ 2 P(0) — wes (LP(9) + /2 P:(6))
o} ® ' [
% _‘g OoJ 5 10 15 20 25 30 ) 1 — (Wee — 1)P-(0)
— time (ms)
S 5 167 4 wie (IPe(6) + /B Pu(8)) — (wis + 1)DP;(0)
o Vr - E 15+ | I L ' :
E é_ 1 H = =12 !"'l L f il T, il il - -4 " - ] Il il Iy Wyl ”_I ; | ﬂ' “ I 1 1 —I— (’U],Lz —|— ]_)P,L (9)
05T | | | | | | dlux L
tlme (mS) 1000_ > 10 15 20 25 30 dt o IZE (t) B ,LL.CC Brunel, Neural Comp., 2000
g do? o
ol L = 2D = O[-L,(t)]o
% 0OL=— < \ £ /% ] L\ - ¢l ! J ..
- ~ J ° 10 " & # ¥ We want to ask what firing
A unbounded constant-leak IAF for I > 6 Lol regimes are possible. In principle
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Temporal dynamics of the moments: Plugging in the Fokker-Planck equation into the right-hand side of the ’ ’ P et matches the parameter space

moment equations and computing the integrals, we have:

outlined by Brunel (2000) for a

d >~ 0P : .
am_ o d Comparing Fl curves:
dt /_OO VardV d—’z —I(t) — p P 9 network of leaky IAF neurons
dO_Z /oo OP d 9 i IAF
A — Vz_dv i _ 2D B @ —I " 0_2 phase model
i ). ot o —1(#)] _
Given a mean input / and input variance 2D, the evolution of the volt- where for the mean Qynamics, we ha.ve used .the 13?11(}’ m.ode?l fgr SUper- o A P———
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and in constant leak TAF f(I,v) =1 —k

V(t) = 8, (0) = @(1)+\/g P(0)
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