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A few biological facts

POMFA SODIO-POTASSIO

MNeurons are big cells covered by a
membrane to which are attached
different fibers emitting electrical
spikes generated by the neuron itself.

The outgoing signal passes through a
bigger fiber conduct called axon.

The axon splits into a smaller fibers

that are attached, through the e — g ‘

dendrites, to the external membrane ""-T-—‘—..p"_%_ /
—=

of other neurons. “?-‘/L\ 3 ffingl

The conjunction point of the dendrites Synapse Lo =e )
with the recipient neuron Is called | conducton | |
synapse.
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MNeuron's spike: action potential

An action potential occurs when the membrane

r’('; potential of a specific cell location rapidly rises and

falls: this depolarization then causes adjacent

locations to similarly depolarize. Action potentials

occur in several types of animal cells (e.g., neurons,

O muscle cells, endocrine cells, glomus cells) and in
some plant cells.

As an action potential travels down an axon, there is a change In
polanty across the membrane of the axon.

T

In response to a signal from another neuron, sodium (Na+) and Reeting Potailis —
potassium (K+) gated 1won channels open and close as the ;-r;-, Cam -l
membrane reaches its threshold potential. e

Na+ channels open at the beginning of the action potential, and Na+
moves into the axon, causing depolanzation. L R e &

Action Potential

Repolanzation occurs when the K+ channels open and K+ moves
out of the axon, creating a change in polanty between the outside of L
the cell and the inside. PR

e = =3 = etia

The impulse travels down the axon in one direction only, to the axon
terminal where it signals other neurons.
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Extracellular Fluid
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lon movement during an action potential

a) Sodium (Na+) ion

b) Fotassium (K+) ion

C) Sodium channel

d) Fotassium channel

e) Sodium-potassium pump

In the stages of an action potential, the permeability of the membrane of the neuron
changes. At the resting state (1), sodium and potassium ions have limited ability to pass
through the membrane, and the neuron has a net negative charge inside.

Once the action potential is triggered, the depolarization (2) of the neuron activates sodium
channels, allowing sodium ions to pass through the cell membrane into the cell, resulting in
a net positive charge in the neuron relative to the extracellular fluid.

After the action potential peak is reached, the neuron begins repolarization (3), where the
sodium channels close and potassium channels open, allowing potassium ions to cross the
membrane into the extracellular fluid, returning the membrane potential to a negative value.

Finally, there is a refractory period (4), during which the voltage-dependent ion channels are
inactivated while the Na+ and K+ ions return to their resting state distributions across the
membrane (1), and the neuron is ready to répeat the process for the next action potential.
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THE STRUCTURES OF NEUROTRANSMITTERS
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Synaptic cleft and vesicles

Synapses can be either excitatory or inhibitory.

An active neuron emits an electrical wave that travels along the axons, through the
different dendrites.

At the end of this process there I1s an electrical potential on the synapse of the
recipient neurons.

: i The emission of these packs happen when the
J \L/’”'“'”'" total svnaptic potential, i.e., the sum of the
JF potentials received from Gther neurons, IS

higher than a certain threshold U~

Synaptic vesicles store wvarious
neurotransmitters whose release is
regulated by voltage-dependent
Ca channel.

Essential for propagating nerve

one RO C:
( # Impulses and constantly recreated
/ by the cell.

https://fwww_youtube.com/watch?
v=WhowHOkb7nO

synaptic clefi

(ROC means n:-Lﬂp'lur operated channeb)

EFigure adopted from hiips 2 Aeoo. g g Aviiv
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The effect of presynaptic spikes on postsynaptic heuron

)

=] ] -
ffr - ad Jiz I rest % ' r
}\"— "x__ﬂ-rr ) 1 4* J_ . I I e T
et j=2 s S VO ) Ben Q) ;2
e s 1 17— S
(1) 2)

A postsynaptic neuron J/ receives input from several presynaptic neurons (in fig.
=1,2). Each presynaptic spike evokes an excitatory postsynaptic potential that
can be measured with an electrode as a potential difference u;(r) — u gt

Input spikes from different neurons that arrive shortly after one another adds
together. It overall the potential reaches the threshold U* an action potential is
triggered. As a consequence, the membrane potential staris a large positive
pulse-like excursion (on the voltage scale of the graph, the peak o the pulse is out of
bounds).

After the pulse the voltage returns to a value below the resting potential.
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TaseLia 11. NEUROTRASMETTITORI

NEL SISTEMA

SERVOSOD CENTRALE B PATOLKGIE NELLE QUALD SO0 COMNVOLTIC
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~Servono almeno 2 millisecondi x ripristinare I'equilibrio elettrico (Na+/K+) ma
anche quello chimico (riportare il neurotrasmettitore Nelle vescicole sinaptiche):
accenna alla diversita di short/long term effects di chi inferisce con questi meccanismi
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Biological neuron model

This model, also known as spiking neuron model, is a

mathematical description of the properties of neurons
(and other cells in the nervous system) that generate
sharp electrical potentials

8

Voltage [mv]
e &

0 10
Time [ms]

Biological neuron models aim to explain the mechanisms underlying the operation of the
nervous system for the purpose of restoring lost control capabilities.

Unlike the “artificial neuron”™ models, biological neuron models allows experimental validation,
and the use of physical units to describe the experimental procedure associated with the model
predictions.

As for the relationship between neuronal membrane currents at the
input stage and membrane voltage at the output stage, the most
extensive experimental inquiry was made by Hodgkin—Huxley in the
early 1950s using an experimental setup that punctured the cell
membrane and allowed to force a specific membrane voltage/current.
(Nobel Prize in Physiology and Medicine 1963)

Metodi Matematici per I'Intelligenza Artificiale, Lezione Undici, I Neurone Biologico ed Artificiale A. Barra 02/30



Integrate-and-fire model

It models each neuron as a leaky capacitor with membrane resistance Rm, membrane

capacitance Cm and resting potential E.. Below the action potential threshold, the voltage
of this capacitor decays (or “leaks”) to the resting level E.:

di‘in{t} o I‘(;n{ﬂ EL
T TR

where [ is the injection current.

Realistic values for the parameters are E;=-70 mV, Fm=10 MQ, and Cmn= 50 pF, V(t=0)=EL. To
model the spiking of the neuron when it reaches threshold, one assumes that when the

membrane potential reaches Vu=-55 mV, the neuron fires a spike and then resets its
membrane potential t0 Vieset=-75 mV.

E—-—~ o, ff

Indeed, the exact shape of the action potential does not ;’f i __“’f ﬁ
matter here: since all action potentials sent down the axon o . e &
are to a good approximation identical, the only informative 'i:?'-r:i{;?: Y o
feature of a neuron’s spiking is the fimes at which the _Jx&g_'%ﬂ &
action potentials occur. 7
E 104 T T T T T T T T T ,.ff_.- — % %
= ,,-*..-f .irlzf'] iy
P _ ' g
=t 50 700 150 200 250 300 350 400 450 500 | HI f"| Vit

Time in ms " ‘ /
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>V E' i [ g ‘:
= & II . |.|||r- "I'l Lo E ........................ g r.!
R | IV lﬂ—_ — - ¥
(’3 § T | vy L Z|Va S, H
* 5 e & #
1 ol ok ol U'lll > o— >
== = = Time Input (1)
(a) (b) (c)

(a) Leaky integrate-and-fire neuron circuit model, (b) For input (/< /m), Vm(t) never exceeds V- hence
neuron never spikes. However, for /= Iy, neuron will fire when Va(f) = Vim and immediately resetie. Vin(h)
=Ei, (¢) With higher input (e.g. /= /w), firing rate or the frequency increases like a biological neuron while
for low input (/< Iy), frequency is zero. The output frequency (fgo) vs. iInput is the signature neuronal
function to be mimicked artificially.

Analytical insight into the firing activity of the noisy neuron
Estimate spike density, role of topology, mean time taken to
reach an absorbing boundary, etc.
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Stein’s mode|

Overall input current on a neuron is assumed as a Poissonian process
Nie = number of active synapses connected to the neuron
ALe = firing rate

wi,E = magnitute of input AVin(t)  Vi(t) dNg(t) dN;(t)
et SR g g S
dt . dt dt
dVom (1) _ _Lm(t} LT JdB'[t} Ornstein-Uhlenbeck (OU) processes
dt T dt % ;
p=wrNgAg —wiNpA
A S W e L r 2 T
‘. ek b= \,afﬂ-'?s-'""v EAE +wiNrA S
il alt) et B :
Moise - B _. -.‘r ey g |
s i S e | 3 Intreduction to
el e Rkt ) T thearetical neurchinlogy
S e e el ] - Volume |
R, W= AL Schematic illustration for the network e e
e D : ' model: individual cells are connected via
o excitatory (red) and inhibitory (blue) synaptic
[- e . connections. B. Synaptic connectivity matrix.
. f R Ll F Weights are randomly distributed arcund a
fa g i mean value g=—10mV/Hz. C. Sample network
B Rk ¥ s, activity. D. Power spectral density of the
e ER N o T i network mean activity.
% ::‘ld"-ﬁk.fj_h-f-;f".;s",-'\,"";" ‘F:l."{n- £
e % SR ) N A. Hutt, A. Mierau, J. Lefebvre, PLoNE (2016)
Tireaz {83 -:-DE:I Frequanacy Hei -:_ﬂ:f:iil'

HC Tuckwell, Introduction to theoretical Neurobiology, (Cambridge University Press, Cambridge, 1988).
HC Tuckwell, Stochastic Processes in the Neurosciences, CBMS-NSF Conference Series in App. Math. (1989).
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“Neural” Computation of Decisions in Optimization Problems Bialogica!

J. I Hopfield 12 and D. W, Tank* C)berms

5 Springer-Yerlag 1983

Biol. Cybern. 52, 141-132 (1985)

I Divigions of Chemisiry and Biology, California Instiute of Technolggy, Pasadens, CA 91125, USA
2 Department of Moelecular Riophvsics, AT& T Bell Laboratories, Murray Hill, BT 07974, TUSA

One of the central goals of research in neuroscience is to understand how the
biophysical properties of neurons and neuronal organization combine to provide
such impressive computing power and speed. An understanding of biological
computation may also lead to solutions for related problems in robotics and data
processing using non-biological hardware and software.

Conventional siliconE®
integrated circuits B

Neural computation
circuits

Each non-linear neural processor
(neuron) gets input from hundreds or
thousands of others and a collective
solution is computed on the basis of the
simultaneous interaction of thousands
of devices.

Each logic gate typically obtains inputs
from two or three others, and a huge
number of independent binary decisions
are made in the course of a computation
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DAITI DETERMINISTICI NEURONI DI MCCULLOCH-PITTS AGLI STOCASTICI SPIN DI ISING
la Stein, McCulloch e Pitts implicitamente

II.
Nella rappresentazione del neurone come di un integratore a soglia a

formalizzano il primo prototipo di rete neurale (completamente deterministica) come segue
' - ica J;; e,

Abbiamo ¢ che rappresenta /N neuroni dicotomici o; € 1 che interagiscono mediante la matrice sinaptica J;; ¢
possano emettere uno spike la somma degli stimoli afferenti deve superare il potenziale post-sinaptico &
readin =

affinche et
evolvendo mediante mappe rudimentali, e.g

o (t 4+ At) = r_:rgz Tyy0:(1t) _Fﬁl: O(h;).
- B
T

H'\-\.
zione di Heavyside per adottare una sigmoide, possiamo

Neuroni di « McCulloch&Pitt»
i . [ -'- 1 %)
\K Sy

Se invece rilassiamo 1'assunto ON/OFF indotto dalla f

introdurre una dinamica stocastica mediante

" f
= S e

\ | x‘x__m
o

N
Plo(t + At)] =H{i[1 —i'-f:l',:_li.l':l1!1][]]{.?ff.‘[ﬁff}:|}]}_ "

i=1
Neuroni di «lsing»: the good role of thermal noise...
Fondantalmente, anticipando alcuni concetti, se la matrice sinaptica e’ simmetrica, allora per capire « \ﬁ‘w\ ] CAInpoO,

(1)

hasta notare che il sistema ammette nna rappresentazione Hamiltoniana
Nnta' il campo magnetico gioca naturalmente il ruolo della sngllal
: aaia (2)

- —

hi(o, J,8) = Z Jijor; — &
(3)

—% Z Jijo0; + Z E"aﬂ:r-_:__ —l? E (o, J, 8)o;.

H(o|J,8) =
02/30
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McCulloch-Pitts neurons kel Skl et ssapai L i ety R
(1=t generation of neuron models)

Inputs  Weights

W,
S
Sy Wv_ﬂi.;"_ o == Output
53 W= ___——-:"T'-_ E ,"I ' ‘ ! ’
o ~—— T|"IFE;E.|'1D U_ Lr®
_ W
SN <

Simplifications:

- Binary neuron

- Effective synaptic connection

- lgnore spatial extension of the dendrite
- lgnore correlations among neurons
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McCulloch-Pitts neurons
(2rd generation of neuron models)

fgg wn
*& synapse
axon from a neuron
WoSe
N
cell bodvy I E S!.Hf’l.
W15+ ' 0

output axon
activation

WS- function

Sigrmeoeid Hyperbolic Tangeni
1 ] —
Traditional __/—._
Hon-Linear K, t
Auctivation
Functions g o : e o 1
s R B e e S W L Tk
Ra-cLified Linaar Linit
. E = Leaky Rell ) Exparsamiial LL
examples of activation function i : ,
Maodearn P l_/
Mom-Limear g i o
Activation
Functions ; T 1
-1 o y Y 0 1 A a 1
x, ks
weman{ B, ¥} YT N :-"{m;.n_l;._.:.:-:a

o= =mall const (=g 0.1
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Spiking neuron models ®Cognixia

(3rd generation of neuron models)
Neuromorphic

Computing-A
revolution in Al

integration
"\.\_
+ leakage %
S1——— ' K"«HH '." - refractory period
SE = | == A —
S , — O 1 L - Binary events
3 0
Sq - i
20019 neuromorphic computing
Competitive landscape®
- B——
Three best-known models: yrenac ST | I FEOT g = p———
- Hodgkin-Huxley model o —. ‘ 'f_'_‘; Sl | W
- lzhikevish model , | o == ) ————
: - - e Q= ; o
- Leaky integrate-and-fire model i — . '“ - "
= =1 i
- B :-.-l:-l-ﬁ-.rﬁ-|-_-ﬂ—l—|— H! =y
= -q-l: ~— t_ﬂ-\- : JI --&r :
o o o
,lr."n'r-:-LE
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