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3.1 Basic spiking neurons

Conductancdéased model is too heavy to a large
network simulation

Integrateandfire neuron model
§ The form of spike generated by neuron is very stereotypet

The precise form of the spike does not carry
Information.

The occurrence of spikes is important.

§ The relevance of the timing of the spike for information
transmission.

S Neglect the detailed ieohannel dynamics.
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3.1.2 The leaky integrat@ndfire neuron
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Fig. 3.1 Schematic illustration of a leaky integratetfire
neuron. This neuron model integrates(sums) the external
input, with each channel weighted with a corresponding
synaptic weighting factons;, and produces an output spike
if the membrane potential reaches a firing threshold.



3.1.2 Response of IF neurons to constant
iInput current (1)

Simple homogeneous differential equation,
S Initial membrane potential O
§ u(t=0)=1. very short input pulse.
S Equilibrium equation of the membrane potential after a constant

current has been applied for a long t' (36)

IF-neuron driven by a constant input curr il
§ Low enough to prevent the firing. w D (3.7) (3.8)

§ After some transient time, the membrane potential dose not change
The differential equation for constant input (current) for all times after the
constant currert,,= constis applied:

(3.5)

u(t =0) -t/[m)

ut) =RIA- e Y'm + e
© ( RI (3.9)

§ Exponential decay of potential &t=0)
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3.1.2 Response of IF neurons to constant
Input current (2)
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Fig. 3.2 Simulated spike trains and membrane potential of a leaky intagifiee neuron. The

threshold is set at 10 and indicated as a dashed line. (A) Constant input current of Rirergt

which is too small to elicit a spike. (B) Constant input current of streRgthl2, strong enough

to elicit spikes in regular intervals. Note that we did not include the form of the spike itself

figure but simply reset the membrane potential while indicating that a spike occurred by pl

a dot in the upper figure.
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3.1.3 Activation function

The timet' is given by the time when the membrane reaches

the firing thresho (M -

Activation or gain function define as the inversé' of the
ﬁring rate R J- Rl

)N (3.11)

u..- RI

res

§ Absolute refractory tim{§g
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This function quickly reaches
an asymptotic linear behavior
§ A thresholdlinear function is
often used to approximate

the gain function of IfFheurons
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Fig. 3.3 Gain function of a leaky integrate
andfire neuron for several values of the
reset potential,.and refractory time'®".
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3.1.5 Thdzhikevichneuron (1)

A model which is computationally efficient while still being a
ble to capture a large variety of thgbthresholdlynamics of t
he membrane potential.

§ Subthresholdlynamics

du(t)
dt

dult)
dt

0.04v%(t) + 5v(t) + 140 —u + I(t)

albo — ),

§ Firing and reset condition

v{v > 30) =c and u{v > 30} =u—d.
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3.1.5 Thdzhikevichneuron (2)

A. Fast spiking B. Regular spiking C. Chattering (bursting)
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Fig. 3.4 Different spike pattern of a lzhikevich neuron by varying some parameters around their base values a =
002, = 0.2, ¢ = —65 and d = 2. The bar on the bottom of the graphs indicates the times at which a constant current
of 10 mA was applied. (A) Fast spiking results from a fast recovery constant, a = 0.1. (B) Regular spiking with a
large reset value of the recovery variable, d = 8. (C) Bursting behaviour simulated with d = 2 and a high value for the
wltage reset, ¢ = —50.
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3.2 Spike time variability

ISI-histogram from cell data B. ISI-histogram from Poisson spike train [l MECESIINIgnEl 72l R IS Gl CI N EENEISVIE

018 intervals(ISIs). (A) datafrom recordingsof one

P(ISI) cortical cell (Br o d maanea 465 that fired

Sl without taskrelevant characteristicswith an

0.12 averagefiring rate of about 15 spikes/s The

01 coefficientof variationof the spiketrainsis C, &

55 1.09. (B) Simulated data from a Poisson
' distributed spike trains | which a Gaussian

0.08 refractorytime hasbeenincluded The solid line

0.04 representshe probability densityfunction of the

0.02 exponentialdistribution when scaledto fit the

. i — normalizedhistogramof the spiketrain. Note hat
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Neurons in brain do not fire regularly but seem extremely noisy.

Neurons that are relatively inactive emit spikes with low frequencies that
are very irregular.

High-frequency responses to relevant stimuli are often not very regular.
The coefficient of variatiorGC, =U/e (3.18)
§ C,a0.51 for regularly spiking neurons in V1 and MT
Spike trains are often well approximated by Poisson proCess,
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3.2.1 Biological irregularities

Biological networks do not have the regularities of the
engineeringike designs of the Haeurons

Consider irregularities from different sources in the biological
nervous system

§ The external input to the neuron
§ Structural irregularities

Use a statistical approach
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3.2.2 Noise models for tkeurons

Noise Iin the neuron models
§ Stochastic threshold
1
J - J+h()(t) (3.22)
§ Random reset
ures _ ures_l_h(Z) (t) (323

§ Noisy integration
du

Random reset

+h9(t)

[ ,—=-Uu+RI
dt

ext

(3.24) £

The stochastic process of a neuron & Noisy integration

S Appropriate choices for the random
variablesd®, d@, andd®).

Fig. 3.6 Three different noise models of 1&F neuro
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3.2.3 Simulatingrariabllitly of real neurons(1

The appropriate choice of the random process, probability
distribution, time scale
§ Cannot give generanwers
§ Fit experimental data

Noise in IF model by noisy inp

loa = lex+/ With A1 N(0.) 88

§ Central limit theorem

Lognormal distribution

- (og(®)- m?

E

lognormay .. —_ 252 . . . S s
pdf tX, /775) = e Fig. 3.7 Simulatethterspikeinterval (IS1) distribution of a leaky
XS~ 20 (3.26) IF-neuron with the threshold 10 and time consgnL0. The
underlying spike train was generated with noisy input around th
mean valudl = 12. The fluctuation were therefore distributed
with a standard normal distribution. The resulting ISI histogram
well approximated by a lognormal distribution (solid line). The
coefficient of variation of the simulated spike trailCisa 0 . 4 &
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3.2.3 Simulatingrariabllitly of real neurons(2

Simulation of an IFheuron that has no internal noise but is
driven by 500 independent incoming Poisson spike trains.

Fig. 3.8 Simulation of IF-neuron
that has no internal noise but is
driven by 500 independent
incoming spike trains with a
correctedPoissondistribution (A)
The sumsof the EPSPs simulated
by an U-function for eachincoming
spikewith amplitudew = 0.5 for the
upper curve and w = 0.25 for the
lower curve Thefiring thresholdfor
the neuron is indicated by the
dashed line. The ISI histograms
from the correspondingsimulations
are plotted in (B) for the neuron
with EPSPamplitudeof w = 0.5 and
in (C) for the neuron with EPSP
amplitudeof w = 0.25.
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