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Pedepar

WmiynbcHble HEMPOHHBIE ceTu [1—-3] SBISIOTCS MCKYCCTBEHHBIMU HEUPOHHBIMU
CeTSIMU TPETHhEro NMOoKoJIeHHs. B paboTe mpennaraerca METo[ MaTeMaTHYECKOTO MO-
JeJIMPOBAHUS TAaKUX CETEH C IMOMOIIBIO HBOJIIOLMOHHBIX ONEPATOPOB C 0OOOIICHHBI-
MU MMITYJbCHBIMU XapaKTEPUCTUKAMH, KOTOPBIE CBEPTHIBAKOTCA C MPSMBIMH CTEIIE-
HSIMU BXOJIHBIX BO3/ICHCTBHIA.

[IpenmymecTBo Moaenu XOKKHHA-XAKCIM B TOM, YTO ONHMCAaHUE HEMPOHOB
OYEHb TOYHOE, HO CII0KHOCTb BBICOKas U OHA HE MOAXOAUT Il HCIIOJIb30BaHUS B
OOJBIIMX HEHUPOHHBIX ceTsX. Takke Obula mpenjiokeHa mpoctas moaenb LIF ms
MOJICJIMPOBAHUSI HEUPOHOB, HO HEKOTOPBIE CBOWCTBA HEMPOHOB B TAKOW MOJICIIM WT-
HOPHUPYIOTCS M3-3a TOT'O, YTO Takas MOJEIb CIMIIKOM JakoHW4yHa. E.M. Mxukesny
[3[ ynpoctui monens XomxkkuHa-Xakeau B 2003 rony. B cratbe paccmarpuBaeTcs
MOCTPOEHUE UMITYJICHOW HEMPOHHOW CETH Ha OCHOBE MOJICNIM HEMPOHOB M>kukeBnya.

KuiroueBbie c10Ba: UMITYJIbCHBIE HEMPOHHBIE CETH, MATEMATUYECKOE  MOJEIH-
POBAaHHE HUMITYJIbCHBIX HEWPOHHBIX CETEH, MaTeMaTh4ecKas MOJENb XOJKKWHA-
Xakciau, Matematndeckas mozaens LIF, marematndueckas monens MkumkeBuda, 3BO-
JIFOLMOHHBIM HEJIMHEUHBIN OIepaTop, CUCTEMA UMITYJIbCHBIX XapaKTEPUCTUK IBOJIIO-
LIHOHHOT'O OIepaTopa,

EVOLUTIONARY IZHIKEVICH NEURON MODEL
AND ITS APPLICATION

Y. M. Vuvunikian, Wanli Chen

Abstract

Pulse neural networks [1-3] are third generation artificial neural networks.
The paper proposes a method for mathematical modeling of such networks using evo-
lutionary operators with generalized impulse responses that convolve with direct
powers of input actions.
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The advantage of the Hodgkin-Huxley model is that the description of neurons is
very accurate, but the complexity is high and it is not suitable for use in large net-
works. A simple LIF model has also been proposed for modeling neurons, but some
properties of neurons in such a model are ignored due to the fact that such a model is
too concise. E.M. lzhikevich [3] simplified the Hodgkin-Huxley model in 2003.
The paper considers the construction of impulse neuron network based on Izhikevich
neuron model.

Keywords: impulse neural networks, mathematical modeling of impulse neural
networks, Hodgkin-Huxley mathematical model, LIF mathematical model,
Izhikevich mathematical model, evolutionary non-linear operator, evolutionary op-
erator impulse characteristics.

Introduction
The Izhikevich model is defined by the following system:

du
—=a(bv-u
™ ( )

dv )
U+—=av" + pv+
i

With the auxiliary after-spike resetting:

If v>30mV . then {V“C .
Uu«—u+d

Here, u,v and g are functions of a temporary variable t. The variablev represents
the membrane potential of the neuron and u represents a membrane recovery varid-
ble, which accounts for the activation of K* ionic currents and inactivation of Na*
ionic currents, and it provides negative feedback to v. After the spike reacher it apex
(+30mV), the membrane voltage and recovery variable are reset.

Main part. The evolution operator of the considered model
From the first equation of the system we obtain the following equality
u=abde ™ xv, where * is the convolution operation and ¢ - Heaviside function. Sub-

stituting the obtained into the second equation of the system, we obtain the evolution-
ary integro-differential equation:

abHea‘*v+3—\t/:av2 +pV+g,
which can be written in the following form:
(@bBe™ +8' - BO) *V+S,((~ad ® ) *v*) =g,
where 5 is the Dirac delta function, &'is the generalized derivative of the function s,
S, is the second-order variable reduction operator.

Thus, the left side of the considered equation represents a nonlinear evolution
operator [4] of the second order with the following impulse characteristics:
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a,=abfe™ +5'-p5, a,=—ad®7 .

The principle of image recognition by impulse neural network

Like the traditional ANN, when recognizing a picture, the size and data format of
the picture are first converted. To put it simply, in ANN, we can perform convolution
recognition by directly reading the data of the picture. In SNNs, it's similar, but with
two differences. One is to perform pulse coding on the data of the picture, so that it
becomes a pulse code that can be recognized by the pulse neural network; the other is
to recognize the picture by using the excitement of neurons instead of performing
convolution during recognition.

Bindsnet

BindsNET]2] is built on top of the PyTorch deep learning platform. It is used for
the simulation of spiking neural networks (SNNs) and is geared towards machine
learning and reinforcement learning.

BindsNET takes advantage of the torch.Tensor object to build spiking neurons
and connections between them, and simulate them on CPUs or GPUs (for strong ac-
celeration / parallelization) without any extra work. Recently, torchvision.datasets has
been integrated into the library to allow the use of popular vision datasets in training
SNNs for computer vision tasks. Neural network functionality contained in
torch.nn.functional module is used to implement more complex connections between
populations of spiking neurons.

At its core, BindsNET provides software objects and methods which support the
simulation of groups of different types of neurons (bindsnet.network.nodes), as well
as different types of connections between them (bindsnet.network.topology). These
may be arbitrarily combined together under a single bindsnet.network.Network ob-
ject, which is responsible for the coordination of the simulation logic of all underly-
ing components. On creation of a network, the user can specify a simulation timestep
constant, dt, which determines the granularity of the simulation. Choosing this pa-
rameter induces a trade-off between simulation speed and numerical precision: large
values result in fast simulation, but poor simulation accuracy, and vice versa. Moni-
tors (bindsnet.network.monitors) are available for recording state variables from arbi-
trary network components (e.g., the voltage v of a group of neurons).

Bindsnet installation

In the linux environment or google colab, use the command to install.

pip install https://github.com/BindsNET/bindsnet/archive/refs/tags/0.3.1.zip

pip install docker #Link to Docker repository,which installed BindsNET and all
its dependencies.

Note that the latest version of bindsnet must be installed. If you do not specify the
version to install, the data file will not be able to be loaded.

Izhikevich neuron mathematical modeling
Izhikevich neuron mathematical modeling function by python
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class IzhikevichNodes(Nodes):

def _init_ (
self,
n: Optional[int] = None,
shape: Optional[lterable[int]] = None,
traces: bool = False,
traces_additive: bool = False,
tc_trace: Union[float, torch.Tensor] = 20.0,
trace_scale: Union[float, torch.Tensor] = 1.0,
sum_input: bool = False,
excitatory: float =1,
thresh: Union[float, torch.Tensor] = 45.0,
rest: Union[float, torch.Tensor] = -65.0,
Ibound: float = None,
**Kwargs,

) -> None:

Instantiates a layer of Izhikevich neurons.

:param n: The number of neurons in the layer.
:param shape: The dimensionality of the layer.
:param traces: Whether to record spike traces.
‘param traces_additive: Whether to record spike traces additively.
:param tc_trace: Time constant of spike trace decay.
:param trace_scale: Scaling factor for spike trace.
:param sum_input: Whether to sum all inputs.
:param excitatory: Percent of excitatory (vs. inhibitory) neurons in the layer;

inrange [0, 1] .
-param thresh: Spike threshold voltage.
‘param rest: Resting membrane voltage.
:param lbound: Lower bound of the voltage.
super().__init_ (

n=n,

shape=shape,

traces=traces,

traces_additive=traces additive,

tc_trace=tc_trace,

trace_scale=trace_scale,

sum_input=sum_input,

self.register_buffer("rest", torch.tensor(rest)) # Rest voltage.
self.register_buffer("thresh", torch.tensor(thresh)) # Spike threshold voltage.
self.Ibound = lbound

self.register_buffer("r", None)

self.register_buffer("a", None)

self.register_buffer("b", None)
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self.register_buffer("c", None)
self.register_buffer("d", None)
self.register_buffer("S", None)
self.register_buffer("excitatory", None)
if excitatory > 1:

excitatory = 1
elif excitatory < O:

excitatory =0
if excitatory == 1:

self.r = torch.rand(n)

self.a = 0.02 * torch.ones(n)

self.b = 0.2 * torch.ones(n)

self.c =-65.0 + 15 * (self.r**2)

self.d =8 - 6 * (self.r*2)

self.S = 0.5 * torch.rand(n, n)

self.excitatory = torch.ones(n).byte()
elif excitatory == 0:

self.r = torch.rand(n)

self.a=0.02 + 0.08 * self.r

self.o =0.25-0.05 * self.r

self.c =-65.0 * torch.ones(n)

self.d = 2 * torch.ones(n)

self.S = -torch.rand(n, n)

self.excitatory = torch.zeros(n).byte()
else:

self.excitatory = torch.zeros(n).byte()

ex = int(n * excitatory)

inh=n -ex

# init

self.r = torch.zeros(n)

self.a = torch.zeros(n)

self.b = torch.zeros(n)

self.c = torch.zeros(n)

self.d = torch.zeros(n)

self.S = torch.zeros(n, n)

# excitatory

self.r[:ex] = torch.rand(ex)

self.a[:ex] = 0.02 * torch.ones(ex)

self.b[:ex] = 0.2 * torch.ones(ex)

self.c[:ex] =-65.0 + 15 * self.r[:ex] ** 2

self.d[:ex] =8 - 6 * self.r[:ex] ** 2
self.S[:, :ex] = 0.5 * torch.rand(n, ex)
self.excitatory[:ex] = 1

# inhibitory

self.r[ex:] = torch.rand(inh)
self.a[ex:] = 0.02 + 0.08 * self.r[ex:]
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self.b[ex:] =0.25 - 0.05 * self.r[ex:]
self.c[ex:] = -65.0 * torch.ones(inh)
self.d[ex:] = 2 * torch.ones(inh)
self.S[:, ex:] = -torch.rand(n, inh)
self.excitatory[ex:] =0
self.register_buffer("v", self.rest * torch.ones(n)) # Neuron voltages.
self.register_buffer("u", self.b * self.v) # Neuron recovery.
def forward(self, x: torch.Tensor) -> None:

Runs a single simulation step.

‘param X: Inputs to the layer.
# Voltage and recovery reset.
self.v = torch.where(self.s, self.c, self.v)
self.u = torch.where(self.s, self.u + self.d, self.u)
# Add inter-columnar input.
if self.s.any():

X += torch.cat(

[self.S[:, self.s[i]].sum(dim=1)[None] for i in range(self.s.shape[0])],
dim=0,

)
# Apply v and u updates.
self.v +=self.dt * 0.5 * (0.04 * self.v**2 + 5 * self.v + 140 - self.u + x)
self.v +=self.dt * 0.5 * (0.04 * self.v**2 + 5 * self.v + 140 - self.u + x)
self.u += self.dt * self.a * (self.b * self.v - self.u)
# Voltage clipping to lower bound.
if self.lbound is not None:

self.v.masked_fill (self.v < self.lbound, self.lbound)
# Check for spiking neurons.
self.s = self.v >= self.thresh
super().forward(x)

def reset_state variables(self) -> None:

Resets relevant state variables.

super().reset_state_variables()
self.v.fill_(self.rest) # Neuron voltages.
self.u = self.b * self.v # Neuron recovery.

def set_batch_size(self, batch_size) -> None:
Sets mini-batch size. Called when layer is added to a network.
:param batch_size: Mini-batch size.
super().set_batch_size(batch_size=batch_size)
self.v = self.rest * torch.ones(batch_size, *self.shape, device=self.v.device)
self.u = self.b * self.v
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Add Izhikevich neuron node

class-
bindsnet.network.nodes.lzhikevichNodes(n:Optional[int]=None,shape:Optional[ltera
ble[int]]=None, traces: bool=False, traces additive: bool = False, tc_trace: Un-
ion[float, torch.Tensor] = 20.0, trace scale: Union[float, torch.Tensor] = 1.0,
sum_input: bool = False, excitatory: float = 1, thresh: Union[float, torch.Tensor] =
45.0, rest: Union[float, torch.Tensor] = -65.0, Ibound: float = None, **kwargs)

The meanings of the parameters are:

n — The number of neurons in the layer.

shape — The dimensionality of the layer.

traces — Whether to record spike traces.

traces_additive — Whether to record spike traces additively.
tc_trace — Time constant of spike trace decay.

trace_scale — Scaling factor for spike trace.

sum_input — Whether to sum all inputs.

excitatory — Percent of excitatory (vs. inhibitory) neurons in the layer; in range [0, 1].
thresh — Spike threshold voltage.

rest — Resting membrane voltage.

Ibound — Lower bound of the voltage.

Conclusion

Although the establishment of the Izhikevich mathematical model by bindsnet is
relatively complicated, the training results can clearly explain to us what is the action
of each step in the process of training the spiking neural network model, which is also
the role of the monitor in the spiking neural network model, so that Because we have
a clear observation of each step, it is beneficial to the optimization of the subsequent
neural network model and the adjustment of parameters.
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VJIK 664

VUMIIOPTO3AMEIIEHUE B IUIIIEBOI INPOMBIIIJIEHHOCTH
B YCJIOBUAX CAHKIIMOHHOI'O BO3JIEUCTBUA HA PD

Tasnoecxkan I'.B.*, Camconenxo M.P.?
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AHHOTALUA

B crathe paccMoTpeHbl 0COOEHHOCTH MpoBeAcHUs: Poccueil moJuTUKU UMIIOPTO-
3aMEICHUS B MUILIEBON MPOMBIIUIEHHOCTH B YCJIOBUAX AHTUPOCCUMCKHX CAHKIIUU.
OnpeneneHa akTyallbHOCTh MOJUTHKA HWMIOPTO3AMEUIEHUS B NMUIIEBOM MPOMBIII-
neHHoctu Poccum. IIpoBeneH aHanmv3 COCTOSIHHSI COBPEMEHHOTO KOMILJIEKCA OTEYe-
CTBEHHOW MUIIEBOUW MPOMBIIIIEHHOCTH, B TOM YHCJIE €r0 CTPYKTYpPa, CBSI3b OTPACIH C
IPYTUMH OTpPAC/IsIMM HAllMOHAJIBHON SKOHOMHUKH, A TAKXE BBIJCIICHBI KIIFOUEBBIC
mpo0JieMbl B OTPACiu: BHEIIHUE (HECTAOMIBLHOCTh IIEH Ha MPOJIOBOJBLCTBEHHOE ChI-
pbE€ Ha MUPOBBIX W HAIMOHAJIBHOM PBIHKAaX, U3MEHEHHE MHPOBBIX JIOTUCTHYECKUX
KaHAJIOB, CAaHKIIMOHHOE JaBJIEHWE HAa POCCHICKYI0 IKOHOMHUKY) U BHYTpPEHHHE (OT-
CTaJIOCTh MaTepUaAIbHO-TEXHUYECKON 0a3bl, 3aBUCUMOCTh OT UMIIOPTHBIX KOMIIOHEH-
TOB M 00OpYJOBaHUs, HEJOCTATOUHbIC MHBECTUIIMU B OTpaciiid U Mp.). BeiaeneHsl
HaIpaBJICHUS PEATN3alUU MOJIUTUKA UMIIOPTO3aMELIECHUS B MUILIEBOW MPOMBIIIIEH-
HOCTHM M TIPOBEJIEH WX KpaTkuii aHanu3. CrenaH BBIBOJ 00 M3MEHEHHUSX B MUIIEBON
MIPOMBIIIIJICHHOCTH B PE3YyJIbTaTE€ MPOBOJMMBIX TOCYAAPCTBOM MEpP MO MOMJICPIKKE
MPEANPUATANA MUIIEBON OTpaciu. BeisiBiIeHO, uTO Hanbosee OTYETIIMBBIC MTPOOTIEMBI
3aBUCUMOCTH OT UMIIOPTHOTO CHIPhsI HAOJIFIOMAIOTCS B MSICHOM M MacloJelbHON OT-
paciii MUIIEBOM MPOMBINUIEHHOCTH. ClenaH akIeHT Ha BaXKHOCTH MPOBEACHUS Me-
POIPUATUI N0 JATBHENIIEMY PAa3BUTHIO NUILEBOM OTPACIIH, B TOM YHUCJIE: CHUXKECHUE
3aBUCUMOCTH OT UMIIOPTHOTO CHIPhsI, MPUBJICYCHUE (PUHAHCOBBIX CPEICTB OTEYE-
CTBEHHBIX U 3apyOEXHBIX HHBECTOPOB B OTpaciib, MPOBEACHUE MEPOIPHUITHIA
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