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Abstract. The purpose of this work is to compare dynamical modes in the ensemble of hardware electronic
generators of neuron-like activity with dynamical modes in SPICE simulator and mathematical model in order to
detect whether the difference in oscillation amplitude, form and bifurcation value of control parameter between
the hardware generators and simulation is a result of model imperfection, or this difference can be explained
by features of the used electronic elements. Models and methods. Mathematical models, SPICE simulations and
three hardware copies of the tunable generator are considered. The dependence of the excitation threshold and
the oscillation amplitude on the control parameter is determined for different nonlinearities due to the number of
diodes in the feedback loop. The mutual information function is used to compare the waveform. Results. It is shown
that the existing differences can be fully explained by standard variations in the parameters of semiconductor
components and other circuit elements used for the construction of electronic neurons. In this case, the simulation
model can be considered as one of the generators, the parameters of which could be precisely controlled, and its
components had zero tolerances. Conclusion. Modern simulation models are able to give a fairly good description
of a full-scale experiment, it is impossible to distinguish the time series of the simulator from the experimental
ones; at the same time, the experimental implementations themselves may differ due to random variations in the
properties of the components.
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Introduction

The creation of artificial neurons could potentially have a number of important applications. These
are the creation of new types of artificial neural networks for the construction of human-like artificial
intelligence [1], neuroprosthetics and neurorehabilitation [2], verification of models of the nervous system
of living organisms, etc. In addition to applied tasks, hardware models of neural networks and systems are
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also necessary for conducting fundamental research aimed at understanding the work of the brain. Since
the appearance of the first hardware realization, many circuits of electronic neurons have been developed.
Some of them were improvements to the original scheme proposed by Mahowald and Douglas [3], for
example [4,5]. Later, schemes based on various mathematical models were implemented, such as the
FitzHugh—Nagumo model, the Morris—Lecar model, as well as simplified versions of the Hodgkin—Huxley
model using electronic components. Since the nonlinear functions in the FitzHugh-Nagumo model are
the simplest, in most cases hardware realizations somehow approximate it directly [6-8] or take the basic
principles of organization from it [9,10] due to the simplicity of its realization.

Hardware realizations constructed by the method of circuit modeling of equations, as in works
[7,8], theoretically should be quite stable in terms of parameters (this issue is actually poorly studied),
since the approximation of nonlinear functions in them relies on direct analogues of mathematical
functions: addition and multiplication using hardware methods. With modern components, this should
work relatively accurately at low frequencies ranging from hundreds of hertz to tens of kilohertz, on
which such neurons operate. This does not apply to models based on the approximation of nonlinear
functions by the current—voltage characteristics of semiconductor elements, such as diodes, as is done in
works [9, 10], since when designing neurons in this case, very approximate theoretical characteristics
are implied. Although the structural stability of the constructed models often makes it possible to
obtain modes close to the original ones, and even work with relatively large ensembles of such hardware
neurons [11], it is still not clear how much the basic oscillation modes depend on a specific realization.

When developing electronic generators of neuron-like activity, simulators of electronic circuits [12]
are often used, for example, Multisim, LtSPICE or ngSPICE. The quality of such simulations may depend
on many factors, including the degree of elaboration of the models of individual components in them.
Of course, even the most realistic models approximate the components uniquely, while in an actual
experiment, the properties of diodes and transistors will differ, even if they are taken from the same
batch. Construction hardware neural networks involves both scaling up the production of individual
electronic neurons and, as a necessary step, construction models of such networks in simulators to control
the results, eliminate installation errors, and simplify the study of dynamics. In this regard, an important
question arises: are the differences observed between the signals of electronic neurons in simulators and
(if available) mathematical models the result of the imperfections of such models, or are they the result
of variations in specific instances of semiconductor elements used in the actual experiment?. In fact, we
can ask: is the model in the simulator, in terms of the generated signals, one of the instances of electronic
neurons (simply because all parameters were accurately controlled for this instance), or is it fundamentally
different from the actual realizations because significant systematic inaccuracies were introduced during
its construction? The purpose of this study is to answer this question for a promising model developed
in [9].

1. Methods

1.1. Circuit modeling. The simulation was performed in the open-source circuit simulator
ngSPICE [12]. Since ngSPICE itself is a solver of systems of equations and a component library, but not
a development environment, the environment QUQS-S [13]| that is currently being actively developed,
including by domestic developers, was used as a visual assistant. The FitzHugh—Nagumo neuron circuit
published in [10] was used as a basis. This circuit was then reduced in [9], resulting in a more than
twofold reduction in the number of circuit components while adding a signal shape control element
through a variable number of diodes and increasing the pulse duty cycle, making the generation modes
more neuron-like. Fig. 1 shows the neuron circuit developed in [9].

Next, three hardware realizations of this circuit were created. The models and component values
of all three realizations were identical. The components, such as diodes, capacitors, and inductor coils,
were taken from the same batch. Fig. 2 shows the hardware realizations of the three generators.
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Fig. 1. Circuit diagram of the simple tunable generator of neuron-like activity. Operational amplifier subcircuit
consist of operational amplifier O P1 of type LM358, resistors R1 = 1 kQ and R3 = 1 kQ, potentiometer R, diode
D,,, of type 1N4148. Diode subcircuit consists of n 4+ 1 diodes of type 1N4148. Oscillatory subcircuit consists of
capacitor C; = 300 nF, inductor coil L1 = 1 mH, resistor Ry = 2 Q (color online)

1.2. Mathematical model of an electronic neuron. The mathematical model of the developed
generator is actually a generalized van der Pol generator, which can be written as follows:

d?Vy  dVi (Ry  p4+pp | 1 dp  dpp
- - - _ - 7‘/ 0 -
dt? dt <L1 * Ch * c ot (dV1 * avy *
1
+L101 V1 (1+(p+pD)R4) —0, (1)

where p is the conductivity of the operational amplifier subcircuit, and pp is the conductivity of the diode
subcircuit. At small amplitudes (in linear modes), all diodes are closed, so the conductivity pp — 0, and
in the operational amplifier subcircuit, the current flows only through the resistor R;, but not through the
diode D), so subcircuit conductivity can be expressed as p = — R?I%ts (for more details, see the derivation
based on Kirchhoff equations in [9]), which is simply a constant responsible for amplifying oscillations, it
is an external energy source or negative friction. In this case, the dependence of p on the applied voltage

disappears, and therefore, d—d‘% = 0. Thus, in linear modes, including near the bifurcation value of the
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Fig. 2. The photo of three different items — hardware realizations of the simple tunable generator of neuron-like
activity (color online)

parameter Ro responsible for the supercritical Andronov—Hopf bifurcation, the model equations can be
approximated by the equation of a linear dissipative oscillator:

d2V1 dV1 R4 RQ 1 R2
e 1— =0. 2
az *a <L1 R1R301> * L101V1< R1R3R4> 0 @)

It is obvious that the excitation condition for such an oscillator is the equality of zero to the
coefficient before the first derivative, that is:

Ri R
L1 RiR3Cy’ ®)

This relationship corresponds to the loss of stability of a focus and the birth of a cycle. As we can
see, it is affected by the values of most of the resistors, the capacitor, and the inductor coil, including
the potentiometer Ry and the inductor coil resistance Ry, and it directly follows from (3) that Ry is
proportional to Ry, which is relatively small (2 Q).

1.3. Mutual information function. The mutual information function was used to evaluate the
similarity of the waveform. The mutual information function M1 is a universal measure of the similarity
of two experimental samples X (consisting of the values {x;}¥,) and Y (consisting of the values {y;}}¥ ).
It is important here that each x; has its own y; associated, that is, these are precisely pairs of values that
can be indicated by points on the (X,Y") plane. Traditionally, the mutual information function is defined
in terms of joint Hx y and individual Hx and Hy entropies as follows:

foyy:Hx-‘rHy—nyy. (4)

It is often used for signal analysis; in this case, we talk about non-directional connectivity or
synchrony, including because the measure is sensitive to the frequency difference of the signals under
consideration, just like the correlation function, but it reveals both linear and nonlinear dependencies.

The direct method of calculating M I using formula (4) requires estimating all three entropies from
experimental data: Hx, Hy and Hx y, for example, by dividing the entire measurement area into bins
and counting the hits in each bin. but this approach can lead to big errors and requires huge amounts
of data. Therefore, in practice, it is not the mutual information function itself that is calculated, but
its estimate, for example, the so-called Kozachenko—Leonenko entropy [14]. This is exactly the approach
described in [15], and is used in this article. To speed up calculations, the sorting algorithm described
in [16] is used.

To calculate the Kozachenko-Leonenko estimate, neighbors are searched for each i-th point (i =
1,...,N) on the (X,Y) plane, and the distance between the i-th and j-th points is defined as the
maximum of the coordinates’ distances, using formula (5):

d;j = max(|z; — x5, |y — yj)- (5)
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Next, the K-th neighbor in terms of proximity is found, and the distance to it is denoted by &/2.
Then, the number of neighbors is calculated separately for X — nx and for Y — ny. In this work, K = 4.

With this method of introducing the distance, it is asymptotically unbiased, that is, for N — oo
having a mathematical expectation equal to the true value of M I, the estimate of the mutual information
function can be calculated using the following formula:

My = (N) +p(K) = (P(na (i) + 1) +(ny (1) + 1)), (6)

where 1(n) is the digamma function.

2. Results

2.1. Visual signal analysis. Signals from all three hardware realizations were recorded for
different numbers of diodes (n = 1,3,5) and at different resistor resistance Ry (changed from 500 Q to
1600 Q in 50 Q increments). Similarly, time realizations for the mathematical model and the simulation
model from the ngspice simulator were recorded.

To begin with, let us consider the dependence of the amplitude of the signal voltage on the resistance
of the control resistor Ry (Fig. 3) for one, three and five diodes connected in the forward direction in
the diode subcircuit. Since it was originally assumed that the oscillations should be highly nonlinear, the
range between the minimum and maximum values of the signal was taken as the «amplitude». The main
differences between the curves are in the resistance at which oscillations occur. Moreover, the moment of
oscillation for each specific realization does not depend on the number of diodes in the diode subcircuit.
In mathematical and simulation models, oscillations occur at Ry &= 600 Q. The three physical realizations
showed different results relative to each other and to virtual models. The first neuron has oscillations at
Ry ~ 900 Q, while the second and third have oscillations at Ry ~ 750 Q. These differences can be easily
explained within the framework of the bifurcation ratio (3) by the fact that the actual resistance of the
inductor coil turned out to be higher than the nominal in all realizations, and a slight deviation, by tenths
of an ohm, leads to a significant, by hundreds of ohm, a shift in Ry since , all other things being equal,
Ry is 500 times less than Ry. This is an obvious weak point of the circuit, which can be eliminated by,
for example, increasing the nominal value of R4 and simultaneously reducing the nominal value of R3 or
Ry by the same amount. At the same time, this disadvantage does not significantly affect the nonlinear
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Fig. 3. Dependance of voltage amplitude of resistance in controlling resistor Re. a — n = 1; b — n = 3;

¢ — n = 5. Orange line corresponds to the mathematical model, red line — to the ngspice simulation, blue
line — to the neuron #1, green line — to the neuron #2, purple line — neuron #3 (color online)
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Fig. 4. Time series of the circuit output voltage V1 at: a — R2 =750 Q (n = 1,3,5); b — R> = 1300 Q (n =1); ¢
— Ry =1300 Q (n =3); d — Re = 1300 Q (n = 5). Orange line corresponds to the mathematical model, red line
— to the ngspice simulation, blue line — to the neuron #1, green line — to the neuron #2, purple line — neuron
#3 (color online)

target modes for the generator under consideration, that is, it is not significant.

Next, all the graphs show a sharp increase in the oscillation amplitude to U, =~ 1 V. Then, the
oscillation amplitude increases slowly (for the mathematical and simulation models), slightly faster (for
neurons Ne2 and Ne3), or almost instantly (for neuron Nel) to a value that is approximately the same for
different realizations, but varies for different numbers of diodes in the diode subcircuit. When the number
of diodes is n = 1, the amplitude increases to U, ~ 1.6 V, and when n = 3 and n = 5, the amplitude
increases to U, =~ 2.9+ 0.2 V.

Next, let us look at the waveform, to do this, let us pay attention to the signals themselves at several
characteristic values of Ry: 750 Q (the moment of the first sharp increase in amplitude for neurons Ne2
and Ne3) and 1300 Q (the moment of reaching the second «plateau» of the oscillation amplitude of
all three hardware neurons). The time realizations for small Ry (up to about 900 Q) look the same
for all the diodes considered in the work (n = 1,3,5). Fig. 4, a it can be seen that when the value
Ry = 750 Q is mathematical (meaning full model (1), although in this mode its oscillations are visually
indistinguishable from the oscillations of reduced model (2)) and simulation models already demonstrate
sinusoidal oscillations of high amplitude, neurons Ne2 and Ne3 demonstrate sinusoidal oscillations, but
still of small amplitude, and neuron Nel is still in the subthreshold mode. At values of Ry > 900 Q,
the number of diodes connected to the diode subcircuit already affects the final waveform. Fig. 4 b, ¢, d
shows that at Ry = 1300 Q, the amplitude increases with increasing number of diodes in the circuit. The
waveform also depends on the number of diodes in the diode subcircuit.

2.2. Quantitative signal analysis. In this work, our main task is to evaluate the degree of
similarity or difference of signals received from three hardware realizations of neurons, as well as from
mathematical and simulation models with the same circuit parameters (the same number of diodes, the
same ratings of all resistors and potentiometers). First, let us estimate the spectral composition of the
signals.

The amplitude spectrum were constructed at Ry = 750 Q and Ry = 1300 Q for one, three, and
five diodes in a diode subcircuit. At Ry = 750 Q, the spectra predictably look the same (Fig. 5, a) for
all the diodes considered in the work (n = 1,3,5). These are linear oscillations, and there are no higher
harmonics of the main oscillation frequency on the spectra. Fig. 5 b, ¢, d shows the amplitude spectra of

Takaishvili L. V., Grishchenko A. A., Sysoeva M. V., Ponomarenko V.1., Sysoev I. V.
304 Izvestiya Vysshikh Uchebnykh Zavedeniy. Applied Nonlinear Dynamics. 2026;34(2)



3 3
math math
—— spice —— spice
>2 — n#1 >2 —— n#1
5 —— n#2 5 n#2
1 —— n#3 1 1 n#3
0 0 A l ol L‘ J\l A
0 25 5.0 75 100 125 150 175 20.0 0 2.5 5.0 75 100 125 150 175 20.0
F, kHz F, kHz
a b
3 3
math math
—— spice —— spice
>2 — n#1 >2 — n#1
S5 — n#2 5 — n#2
1 — n#3 1 — n#3
0 JH | 0 A W L 1] |
0 2.5 10.0 125 15.0 175 20.0 0 2.5 . 75 10.0 125 15.0 175 20.0
F, kHz d F, kHz
C

Fig. 5. Amplitude spectrum for signal of the circuit output voltage V1 at: a — Re = 750 Q (n = 1,3,5); b —
R, = 1300 Q (n=1); ¢ — Ry = 1300 Q (n = 3); d — Rz = 1300 Q (n = 5). Orange line corresponds to the
mathematical model, red line — to the ngspice simulation, blue line — to the neuron #1, green line — to the
neuron #2, purple line — neuron #3 (color online)

the output voltage signal at the nominal value of the controlling resistor R = 1300 Q for one (Fig. 5, b),
three (Fig. 5, ¢) and five (Fig. 5, d) «direct» in the diode subcircuit. Firstly, the spectra show that the
received signals are highly nonlinear — the second and third harmonics of the signal are well expressed,
and the larger the n, the more energy is contained in the higher harmonics. Secondly, it can be seen that
at n > 3 the spectral structure no longer changes. Thirdly, it can be seen that the spectral structure
for all three hardware realizations of the neuron, as well as mathematical and simulation models, is very
similar, although the main oscillation frequencies are slightly different (Table 1). It was calculated by
how many percentages the obtained frequencies differ from each other using the symmetric percentage
difference formula: d,, = Afo—ful . 100%, where x is the first system, f, is the main oscillation frequency

T (fatfy)
of the first system, y is the second system, f, is the main oscillation frequency of the second system.

Table 1. The main oscillation frequency for signal of the circuit output voltage V1

Ry =750 Q Ry, = 1300 Q
math | spice | n#1 | n#2 | n#3 | math | spice | n#1 | n#2 | n#3
n=1 8.10 | 9.10 0 8.80 | 890 | 5.60 | 5.45 | 5.90 | 5.80 | 6.20
n=3 8.10 | 9.10 0 8.80 | 8.90 | 5.70 | 5.80 | 6.00 | 5.90 | 6.20
n=>5 8.10 | 9.10 0 8.80 | 890 | 5.50 | 5.45 | 5.90 | 5.80 | 6.20

F, kHz

According to the Table 2 it is clearly seen that the frequencies of all five considered signals differ by
no more than 13% for any values of Ry and n used. At the same time, the main signal frequencies of the
hardware realizations differ from each other by a maximum of 7%. The maximum difference is observed
between the frequency of the third neuron and the frequencies of the mathematical and simulation models.

Since our task is to evaluate the similarity of the waveform, rather than its main frequency, for each
time realization, the time was adjusted for the oscillation period (the time series was purposefully divided
into T = 1/F). As a result, the characteristic period of all signals began to occupy 1 conventional unit.
Unfortunately, after this operation, the direct application of the mutual information function became
impossible, since now the sampling step has become unique in each signal and there are no simultaneous
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Table 2. Symmetrical percentage difference of the signal main frequencies. Lower
indexes: m — mathematical model, s — ngspice simulation, 1 — neuron #1,
2 — neuron #2, 3 — neuron #3

Ry, Q | Diodes | dpms | din1 | dm2 | dm3 | ds1 | de2 | dsz | di2 | di3 | da3
750 1,3,5 | 12% — 8% | 9% — 3% | 2% — — 1%
n=1 3% | 5% 4% | 10% | 8% | 6% |13% | 2% | 5% | ™%
1300 n=23 2% 5% (3% | 8% 3% | 2% | T% | 2% |3% | 5%
n=5 | 1% | 7% 5% |12% | 8% | 6% |13% 2% | 5% | T%

values. Therefore, cubic spline interpolation was performed next, and all five realizations were resampled
with the same new sampling frequency. For this purpose, the functions splev and splrep from the
module interpolate of the package scipy were used [17]. It was these re-selected series that were used
to compare the degree of similarity based on an assessment of the mutual information function. It should
be noted that this method also made it possible to get rid of the dependence on the quantization step
and the ratio of the dynamic range of the ADC to the oscillation range.

Table 3. Evaluation of the mutual information function M I. Lower indexes:
m — mathematical model, s — ngspice simulation, 1 — neuron #1,
2 — neuron #2, 3 — neuron #3

Ry =750 Q Ry = 1300 Q

n=1 n=3 n==5 n=1 n=3 n=>5
M1, 1.241 1.181 1.195 1.248 1.284 1.354
M1 0.835 0.813 0.810 1.468 1.493 1.339
M1, 1.194 1.330 1.181 1.301 1.200 1.235
MI,,3 1.598 1.224 1.385 1.275 1.234 1.269
Mg 0.837 0.821 0.818 1.256 1.877 1.663
Mg 1.221 1.291 1.277 1.380 1.266 1.366
Mg 1.480 1.272 1.276 1.599 1.313 1.252
M1, 0.461 0.280 0.165 1.489 1.252 1.275
M3 0.501 0.284 0.235 1.377 1.482 1.537
M3 1.269 1.257 1.284 1.408 1.275 1.267

Table 3 clearly shows that when the signals are clearly not similar (neuron Ne1 does not oscillate
at Ry = 750 Q), the mutual information function is less than one, in all other cases 1 < MT < 2. If we
compare three samples with each other at Ro = 1300 Q: hardware realizations with each other (Mo,
M3, MIs3), a mathematical model with hardware realizations (M1,,1, M Iz, MI,,3), a simulation
model with hardware realizations (Mg, M1z, MI,s), then it is clearly seen that their distributions
overlap. That is, hardware realizations differ from each other as much as they differ from mathematical
and simulation models.

Conclusion

Simulators of electronic circuits (also known as SPICE) have been used for many years to simulate
various nonlinear devices, including chaos generators [18-20]. A significant number of results related to
hidden attractors in electronic systems were also obtained using simulators [21]. At the same time, it
is still not clear to what extent such simulators accurately reproduce the modes in the real scheme. In
particular, the question remains open as to how much the inaccuracy of setting component values in a
full-scale experiment affects the difference between simulation and experimental signals.
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The work done shows that the models of semiconductor elements embedded in modern simulators
are generally quantitatively adequate for describing modes, including highly nonlinear (pulse) ones,
characteristic of electronic neurons. We can assume that the model in the simulator is an ideal representative
of its class, for which it was possible to accurately set the values of individual elements. Obviously, this
is not possible in the case of real devices, and moreover, we face the problem of using non-identical
identical elements in the same installation, rather than just non-identical elements in different instances
of the generator under consideration. It is important that the simulator shows not only qualitatively and
quantitatively (in terms of the shape of the oscillations) similar time series, but also gives a very similar
curve to the experimental dependence of the oscillation range on the control parameter, including for an
asymmetric diode subcircuit. At the same time, the existing quantitative differences in the amplitude of
the oscillations and the bifurcation value are easily explained precisely by the inaccuracy of setting the
parameters of the generators.

At the same time, the mathematical model constructed in [9], is obviously somewhat simplified
compared to the simulator, demonstrating signals similar in shape, inaccurately reproduces the curve
of the oscillation range depending on the magnitude of the gain (control parameter), showing growth
where saturation is present in the simulator and in the full-scale experiment. For electronic neurons
constructed using semiconductor elements to directly describe their nonlinear functions (for example,
due to their current—voltage characteristics), the problem of having an adequate mathematical model has
always occurred.
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