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Chapter 3: Simplified neuron and population models



The leaky integrate-and-fire neuron

τm
dv(t)

dt
= −(v(t)− EL) + RI(t), (1)

v(t f) = ϑ. (2)

lim
δ→0

v(t f + δ) = vres, (3)
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The leaky integrate-and-fire neuron (cont.)

A.  External input RI      = 8 mV < threshold
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The LIF-neuron (cont.): Gain function

The inverse of the first passage time defines the firing rate

r̄ = (t ref − τm ln
ϑ− RI

vres − RI
)−1 (4)
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The LIF-neuron (cont.): Noise
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The Izhikevich neuron

dv(t)
dt

= 0.04v2 + 5v + 140− u + I(t)

du(t)
dt

= a(bv − u)

v(v > 30) = c and u(v > 30) = u − d
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A.  Fast spiking B.  Regular spiking C.  Chattering (bursting)



McCulloch-Pitts neuron

h =
∑

i

x in
i

xout =

{
1 if h > Θ
0 otherwise



The firing rate hypothesis
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Counter example: correlation code (?)
A. Stimulus envelope
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B. Rates of individual spike trains

C. Spike-triggered rate

From DeCharms and Merzenich 1996



Integrator or coincidence detector?

A.  Perfect integrator B.   Coincidence detector
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Population model
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Population dynamics
For slow varying input (adiabatic limit), when all nodes do practically
the same, same input, etc (Wilson and Cowan, 1972):

τ
dA(t)

dt
= −A(t) + g(RIext(t)). (5)

Gain function:
g(x) =

1
t ref − τ log(1− 1

τx )
, (6)
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Other gain functions

Type of 
function  

Graphical Mathematical formula MATLAB implementation

 
Linear 

 
 

 
 

X 

 
Step   

floor(0.5*(1+sign(x))) 

 
Threshold - 

linear 

  
 

x.*floor(0.5*(1+sign(x))) 
 

 
Sigmoid 

 

 

 
 

1./(1+exp(-x)) 

 
Radial-
basis 

 
 

 
 

exp(-x.^2) 

 

g lin (x ) = x

g step (x )= 1
0

if x > 0
elsewher e

g theta (x ) = x  (x )

g sig = 1
1+exp(  x )

{
Θ

ggauss = exp(  x 2)

(x )

(x )

represent.



Fast population response!!!
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