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Modelling single neurons {

0 Different levels omorphologicadetail: from multicompartment
to point neuron models

Multi -compartment neuron models describethe activity of
each neuron element (dendrites, axons, X) taking into
account morphological features Example from the neo
cortexmicrocircuit[Markramet al., CellReports 2015

Point neuron models
describe the activity of
neuronsas collapsedin a
single point, neglecting
compartment differences
and morphological
features They represent
more the computational
properties of neurons,
than the electricalactivity
andits spatialdistribution
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Modelling single neurons

O Different levels otlectricaldetail: HodgkirHuxley (HH) and Leaky Integrated-Fire (LIF)

v, N lin HH membrane potential V,,
computed considering the resting
potential (§) and the contribution of
E, E rev each membrane ion channel

T T (representedby the conductanceg,

andreversalpotential E®Y).
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VmNthreshoId

Only passive membrane
properties are considered

——1
>V, b> SPIKE (capacitance G, and
resistanceR,). Theoutputisa
— spike train, correspondingto
time instants of threshold
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Modelling single neurons: the Leaky Integrate and Fire neuron'™>

In the Leakylntegrateand-Fire (LIF)neuron,the subthresholddynamicsof the membranepotential
ismodelledthrougha singlepassiveterm:
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A _. isthe membranetime constant(_,, = R, iG,, where R, and G, are the = relracicey pediod

membraneresistanceand capacitancerespectively) 5 & 0 50 o0e

. . . T
A E isthe restingpotential 'me (m)

A 1 istheinputcurrent

A Action potentials are approximatedas single spike instants. whenever V,, reachesa firing threshold V,,, the membrane
potentialisresetto afixedvalueV,.;andgoesbackto firing after t,
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ED
Modelling single neuronsiological plausibility vs computational load ¢y
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(efficient) implementation cost (# of FLOPS) (prohibitive)

Compromise between biological plausibility and implementation cost:

A

A LIF point neuron modelSbiologicalplausibility ~ computationalload

HH multicompartment models with morphology representation biologicalplausibilityOcomputationalload

A Multi-dimensional LIF models:

- Izhikevich(non linear)

Adaptive Exponential Leaky Integrate and Fire (LIF) model (non linear)

- Generalized LIF (linear)

A Fitting with experimental traces for OPTIMIZAT QM0 optimization has a cost!
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g
Multi-dimensional LIF models ¢y

Izhikevichmodel: —— peak 30 mv
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A multiple electroresponsiveroperties based on parameter values

[Brette and Gerstner JNeurophysigl2005 A replacement of the strict voltage threshold by a more realistic smooth spike initiation zone.
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Multi-dimensional LIF models: Generalized LIF neuroh:

The model:
0 ¢w (9 Qégwo O) qo O Membrane Potential
(o) 0 ¢g00 Spike -triggered
current
O OF@O 0) ogn (0 ®) Spike -triggered threshold
\

[Pozzoriniet al.,PlosComp Bio) 2015;MihalasandNiebur, NeuralComput, 2009]
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(b (O p) I A ﬂ) m O thresl’:{old

Membrane Escape-rate Spiking
] linear filter T nonlinearity mechanism

Block representation The membrane acts as a low-passfilter ¢ 6 @anthe | K J A G e
. . . nput-» = o & }_- Spike
input current I(t) to produce the modeled potential V(t). The exponential v Spike-triggered
nonlinearity (escaperate) transforms this voltage into an instantaneous current
firing intensity < 0 acgaxdingto which spikesare generated Eachtime a n
spikeis emitted, both acurrent’ 6 anda movementof the firing threshold L — )

1 Gaiedriggered
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G
. . b:I_Pr
Synaptic Iinputs ¢y
An additional currentl,, is provided as an input to the model membrane potential to model the
contribution of input spikes (conductandmsed model):
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— Exponential
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gsyn/Gmax

Followinga spike,the synapticconductanceg,,, canchangeasan
exponentialfunction (directdecay)or asan alphafunction (riseand
decay)
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Olivocerebellasingleneurondynamics Ly

\% \% \Y \Y \ \Y \
12 Hz (« band)
\% \% \%
(« band)
\% \% \% V
40-80 Hz
\% \% \% \%
10-30 Hz
\% \ n.a. (V) spike \%
1-4 Hz

g
;.@J: 100
=

G0

| g
AAANAN /| E
A a ]
. +10pA | L v ]
Adapted from Solinas et al, Front Cell CAAN A £
Neurosci, 2007a,b Z0my
100 ms 204

I
0 5 10 15
Stimulus frequency (Hz)

RisingNet workshop 1 10 Dec 2020



-
Towards a unified point neuron model for cerebellar neurons @

A Aim: a model able to reproduce all the cerebellarelectroresponsive
mechanismswhile keeping
simplification @)
" E-GLIF
point neuron

i Neurophysiologicalrealism (elements in the model z biophysical
mechanisms)

i Lowcomputationalload 6 inearand analyticallysolvable to increase il
simulation step without loosing precision within largescale Spiking Action Potentials Spikes
NeuralNetworks- SNNSs) 0 I ——
i Generalizedeatures(not fitting on singletraces) 3 % 5
-5
i Different sets of parameters for different cells, reproducingall the it w0pa || 200 p
electrophysiologicaproperties of each population, i.e. spike patterns 0 05 1 0 05 1
more than sub/suprathresholdmechanismgsincewithin SNN) o 45
Subthreshold V,, Subthreshold V,,
EE -69/\/\/\’\/"\/\/\ %750/\/\/\/\/\/
70! s 1DpA 78 = 1ﬂpA

Time [s] Time [s]
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Extended-Generalized LIF neuron model (E-GLIF) <)

A State variables

) 1/C
Membrane potential V(1) = o (I_m (Vn (O) — EL) + Lstim + Lo + Tgep (£) — Lngap (f))

m m
Adaptive current I;dap (t) = kadap (Vm (t) - EL) — k> Iadap (t)
Spike -triggered depolarizing current I:;tep (t) = —ky f'dep )

A Spike generatiomt t:
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[Geminianietal, Front Neuroinform 201§
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Extended-Generalized LIF neuron model (E-GLIF)

Parameters

‘O = external stimulation current;
0 = membranecapacitance

t = membrane timeonstant

‘O = resting potential;

‘O= endogenous current;

‘Q ,"Q = adaptation constants;

Q =l4e,decayrate; P
@ = threshold potential: Artificial parameters

Biological quantities/parameters

_,T =escape rate parameters;
0 =time instant immediately following the spike tirhg,

= reset potential;

0 ,0 = model currents update constants.

[Geminianietal, Front Neuroinform 201§
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Optimization

k » hot damped

A0 edep
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./ k.= 1/T

Different solution
regimes depending on

parameters kand
k

adap

RisingNet workshop 1 10 Dec 2020

/' OSCILLATORY
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Model analytical
solution (blue)
VS
simplified target area
(green)

/4

Evaluation of error on spike
times during different
stimulus () conditions
+
Mathematical and
electrophysiological
constraints

Sequential Quadratic
Programming optimization
algorithm



Cost function

excs
<& excz
exc1

E
_% 0
inh

Input current step

Expected output

Corresponding property

I'stim = zero_stim

Firing attonic_freq

Autorhythm

Istim=excl >0

Firing atfreqland adaptation
with gainl

I'stim = exc2 > excl

Firing atfreq2and adaptation
with gain2

I'stim = exc3 > exc2

Firing atfreq3and adaptation
with gain3

f-lsim relationship
Depolarizatiorinduced
excitation

Spikefrequency adaptation

start steady-state
Time
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Istm = inh <0

Silence period during
hyperpolarization and return to
spiking with at least-3pike
burst (faster thatonic_freq
when hyperpolarization stops.

Postinhibitory rebound
bursting




E-GLIF 7 implementation, optimization and validation

nest::
simulated()
st

-

A Autorhythm

frequency
(zero_stim

A SubThreshold
Oscillations

A

A

Starting frequency, f;,, and
ending frequency, f,,, during
three  excitatory phases
(exG 53

A Adaptation(gain, , ;)
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A~ Rebound burst

—
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[Geminianietal, Front Neuroinform 2018

nest::
simulated()

python



