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Abstract

Despite the success of artificial neural networks in solving numerous tasks, they face
significant challenges, including difficulties in online adaptation and rapidly increasing
energy consumption. As a biologically plausible alternative, spiking neural networks
offer promising capabilities for efficient cognitive computing. Recently, a three-element
spiking neuron model consisting of a threshold selector, a tunnel diode, and a capacitor
was proposed. In this work, we experimentally validate this model using a threshold
selector hardware emulator and demonstrate its dynamical equivalence to the biologically
plausible Izhikevich neuron model. To evaluate the novel neuron’s applicability for cogni-
tive computing, we implement a liquid state machine (LSM) reservoir architecture with
spatially dependent random topology for synaptic weight distribution. Our simulations
on the MNIST and Fashion-MNIST benchmarks demonstrate competitive classification
accuracy (97.9% and 89.5%, respectively) while offering estimated energy efficiency and
processing speed enhancements compared to existing FPGA-based and memristor-based
spiking reservoir implementations. The developed reservoir is feasible for processing
neuromorphic sensors output, including visual perception tasks.

Keywords: reservoir computer; liquid state machine; neuromorphic computing; MNIST
benchmark; analog neuron model; spiking neuron

1. Introduction
1.1. Deep Learning Paradigm Issues, and Reservoir Computing as an Alternative

Artificial neural networks (ANNs) are currently used to solve a wide range of problems,
including classification, recognition, data generation, and others [1]. Classical algorithms
involve deterministic processing of input data based on predefined rules. In contrast,
neural networks, during the training process, form their own internal model of information
representation by identifying complex, non-obvious patterns in data. This allows them
to be effectively applied to problems where providing an explicit, formalized description
of the algorithm is difficult. However, the stable application of neural networks faces a
number of obstacles, which include, in particular, the vanishing and exploding gradient
problems that disrupt the learning process [2]. Other challenges include the ever-increasing
energy consumption and computational resource requirements, directly linked to the
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growing size of models and the volume of data to be processed [3,4]. In this regard,
one might argue that deep learning faces a paradigm crisis. A potential way out of
this crisis is to turn to biologically more plausible neuron models, network architectures,
and learning mechanisms.

Promising architectures include reservoir computing (RC). Reservoirs are a type of
neural network with recurrent connections between neurons [5]. Their core idea is that only
the output layers are trained, while the connections within the main body (the reservoir)
are fixed and provide a high-dimensional separation of input data through nonlinearity
and scale effects. In recent years, their effectiveness has been demonstrated in solving
numerous practical problems. In particular, Morando et al. [6] used reservoir computing
with automatic parameter optimization for fault diagnosis in proton exchange membrane
fuel cells (PEMFCs), demonstrating the possibility of real-time diagnostics without chang-
ing the system’s operating conditions. Zhang et al. [7] used reservoir computing for fault
diagnosis in 3D printers equipped with a low-cost position sensor.

1.2. Spiking Neural Networks: Motivation, Benefits from Reservoir Architecture, and
Hardware Implementations

Artificial neuron models, first proposed by McCulloch and Pitts in 1943 [8], form
the foundation of ANNs and are categorized into generations based on their operating
principles. First-generation neurons employ a step activation function, limiting them to
linearly separable problems, while the second generation overcame this constraint using
continuous, nonlinear activation functions such as sigmoid or ReLU [9]. This advancement
enabled complex multi-layer architectures and backpropagation-based training, forming
the basis of modern deep learning networks.

The third generation is based on spiking neurons, which are the most biologically
plausible as they replicate the dynamics of nervous tissue. Their operating principle is the
exchange of discrete spikes (action potentials); the distribution of spikes over time allows
encoding and processing of any information. Third-generation neurons also employ an
activation mechanism: upon reaching a certain threshold of input stimulation, a spike is
generated, after which the neuron’s potential resets, and a refractory period begins [10]. This
time-dependent operational mechanism characterizes the system as dynamic, consequently
providing the ability to work with time-varying data. However, this also introduces the
requirement for fundamentally new training methods. Here, reservoir computing holds
significant appeal: it does not require the training associated with adjusting the weights of
synaptic connections within the reservoir, and the output layer can be implemented by any
classifier, not necessarily one based on spiking neurons.

Key performance metrics for neural networks include their rate and energy con-
sumption [11], which impose a set of requirements on the computing hardware used to
implement the network [12]. Typically, instead of a central processing unit (CPU), a graphics
processing unit (GPU) is used for neural network operations, as it can perform numerous
parallel matrix operations. Alternatives to GPUs include tensor processing units (TPUs)
or neural processing units (NPUs), which are designed in a similar way. However, all
these accelerators face a fundamental limitation of von Neumann architecture: the need
to transfer data between computational units, memory, and the central processor, which
prevents fully asynchronous computation [13]. An alternative approach is represented
by hardware architectures specifically designed for implementing hardware-based neural
networks, known as neuromorphic architectures. In these systems, each neuron or group
of neurons (in the case of time-multiplexed systems) is represented by a separate hardware
module, interconnected with others in a multi-level structure [14]. This approach offers
significantly higher speed and energy efficiency. Examples of such systems include the
Intel Loihi [14] and IBM TrueNorth [15] neuroprocessors, and a number of FPGA imple-
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mentations [16]. Even more promising in terms of energy efficiency, speed, and neuron
density on a chip are neural networks implementing analog computations [13]. Emerging
neuromorphic paradigms are increasingly considered for secure, data-driven applications
where event-based processing and inherent physical unclonability offer advantages for
privacy-preserving edge intelligence [17].

1.3. Analog Electronic Spiking Neurons: Brief Survey and Contribution of the Current Study

Recently, a number of compact models of biologically plausible analog neurons have
been presented: based on a thyristor (SCR) [18,19], a uni-junction transistor (UJT) [20,21],
as well as numerous models based on volatile memristors, also known as threshold selec-
tors [22–25]. In the latter work [25], we propose a neuron model based on three elements: a
threshold selector (TS), a tunnel diode, and a capacitor, along with two auxiliary voltage
sources that modulate the neuron’s activity. This model is attractive due to its simplicity
and rich dynamics, which encompass three classes of excitability according to Hodgkin [26]
and the presence of chaotic regimes, whereas hardware neuron models based on a single TS
are integrators (Hodgkin’s class 1). A drawback of this neuron is the use of non-standard
elements: a promising argentum nano-dots selector (AND-TS) [27], which exists only as
experimental prototypes, and legacy germanium tunnel diode. However, the fabrication of
such elements or their counterparts in a chip is of fundamental possibility.

Putting together everything mentioned in this section, in the current study, we demon-
strate for the first time the feasibility of the energy-efficient compact three-element analog
spiking neuron for cognitive computing. In particular, the contribution and novelty of this
work are as follows:

1. We experimentally explore the hardware model of a neuron comprised of a threshold
selector, a tunnel diode, and a capacitor, which was previously proposed in [25] only
in simulation, and verify the validity of its mathematical model. In this model, we use
a simplified threshold selector equation, feasible for analog hardware implementation.

2. To evaluate the three-element neuron’s capability for cognitive computing, we de-
velop a numerical model of a reservoir computer on its basis, following a liquid state
machine (LSM) architecture with a recent biologically plausible spatially dependent
random synaptic weight assignment algorithm [28]. To improve computational ef-
ficiency for numerical experiments via GPU, the three-element neuron model was
replaced with the properly fitted Izhikevich model [29].

3. Based on simulation results, we demonstrate its feasibility on benchmark clas-
sification problems by quantitatively evaluating its accuracy, performance, and
energy efficiency.

2. Neuron Models
In this section, we propose experimental validation of the TS-TD neuron model and

discuss its approximation by the Izhikevich neuron model for efficient numerical simulation.

2.1. Wilson Neuron and Three-Element Spiking Neuron

The core idea of the TS-TD neuron originates from circuit approximation of the sim-
plified Hodgkin–Huxley model proposed by Wilson [30]. This model reveals the essential
dynamical principles that allow action potential generation, while keeping the simplicity
of FitzHugh–Nagumo neuron model, and is presented as follows:CV̇ = −gNa(V)(V − ENa)− R(V − EK) + Iext

τRṘ = −R + G(V)
(1)
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In this system: V is the membrane potential (mV), R is a recovery variable representing
slow potassium activation, C is the membrane capacitance (µF/cm2), gNa(V) is a voltage-
dependent sodium-like conductance (mS/cm2), ENa and EK are sodium and potassium
equilibrium potentials (mV), Iext is the externally injected current (µA/cm2), τR is the time
constant of the recovery variable (ms), and G(V) is the voltage-dependent steady-state
function of the recovery variable. According to Wilson, G(V) presents a linear function,
while gNa(V) is best fitted by a quadratic polynomial, which, multiplied by the term
(V − ENa), forms the cubic dV/dt isocline in a phase space.

The circuit model proposed by Ostrovskii et al. [25] is described by the equation of the
similar structure: CV̇ = −ITD(V −VTD)− GM(x) · (V −VM) + Iext

ẋ = f (V, x)
(2)

Here, V is a voltage on a membrane-imitating capacitor; threshold selector state
variable x corresponds to recovery variable R in (1); external voltage sources VTD and VM

replicate equilibrium potentials for sodium and potassium ENa and EK, respectively; and
ITD(y) is the tunnel diode current, which is roughly a cubic polynomial in shape, providing
the negative differential resistance region essential for action potential generation [31].
Combined with the threshold selector, it enables three classes of excitability according to
Hodgkin and chaotic regimes, distinguishing the TS-TD neuron from simple integrate-
and-fire models. GM(x) is the threshold selector conductance, which stays mostly in two
distinct states, namely the low-resistance state (LRS) and high-resistance state (HRS).

The mathematical model of the AND-TS device is presented in [25]. Here, keeping
the original model dynamical features, we propose a novel simplified phenomenological
AND-TS model based on smooth sigmoid-shape conductance transition between LRS and
HRS driven by piecewise state variable x switching:

GM(x) = K1 · arctan
(
ξπ(x− 0.5)

)
+ K2 (3)

where
K1 =

πGon

α

and

K2 = Goff +
Gon

α

(
π2

2
− β

)
.

The internal state has a piecewise voltage-driven drift:

ẋ =

(1− x) τ, VM ≥ Vset,

−x τ, VM ≤ Vreset

LRS and HRS conductances Gon and Goff, as well as set and reset voltages Vset and
Vreset, are parameters of the AND-TS device. The tunnel diode current is decomposed as

ID(V) = Idiode(V) + Itunnel(V) + Iex(V),

with

Idiode(V) = Is

(
exp
(

V
Vt

)
− exp

(
− V

Vt

))
,

Itunnel(V) =
Ip

Vp
V exp

(
−

V −Vp

Vp

)
,
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Iex(V) = Iv
(
arctan

(
D(V − E)

)
+ arctan

(
D(V + E)

))
.

The numerical parameters of the TS-TD neuron model are presented in Table 1.
From (3), it follows that AND-TS may be electrically emulated by comparator-driven
latch, keying on and off a low-resistance conductive channel. The proposed schematic is
presented in Appendix A. Figure 1b presents the comparison of the model and emulator
IV hysteretic curve in the domain of positive voltages, and Figure 1c shows the emulator
board design, as well as a photograph of the implementation. The relevance of emulation
of the AND-TS behavior in the region where VTS > 0 leads from the fact that capacitor C
discharges only to Vreset > 0 level, and normally VTS < Vreset.

a

b

c

1

2

3

⇔

Figure 1. Hardware design and experimental platform for the TS-TD neuron: (a) circuit diagram of
the TS-TD neuron [25] and its output sample from simulation; (b) voltage-current hysteretic curve
of the TS device model from [25], and its replication by emulator board, whose image is placed
in the right part of the panel; (c) photograph of the experimental bench with hardware prototype,
and oscilloscope demonstrating spiking dynamics similar to those obtained in simulation. Numbered
design parts: (1) AND-TS emulator board (Appendix A), (2) tunnel diode GI401A, (3) capacitor 2.2 nF.
Input current Iin is defined by external voltage source and a variable resistor, and Vout is captured by
digital oscilloscope Rigol DS1104. Modulating voltages VTD and VTS are also set by external voltage
sources. NI ELVIS III station is used for ±15 V power supply.

With only three elements, the TS-TD neuron replicates the main features of Wilson
model behavior, including three classes of excitation according to Hodgkin, and requiring
power only as low as 0.788 µW, or 150 pJ per spike [25]. This makes it a promising candidate
for use as a core element of power-efficient analog neuromorphic chips.
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Table 1. TS-TD neuron model parameters.

Symbol Value Description

C1 2.2 nF Membrane capacitance
Von 0.119 V AND-TS set threshold
Voff 0.03 V AND-TS reset threshold
Ron 806 Ω AND-TS low-resistance state
Roff 107 Ω AND-TS high-resistance state
ξ 800 AND-TS inner state transition slope
α 9.8761 AND-TS state transition scale factor
β 0.0025 AND-TS state transition shift
τ 107 s−1 AND-TS state rate constant
Is 1.16× 10−7 A Diode saturation current
Vt 1/15.2 V Thermal voltage
Ip 2.17× 10−5 A Tunnel peak current
Vp 0.09 V Tunnel peak voltage
Iv −3.22× 10−6 A Excess current amplitude
D 26 V−1 Excess current slope factor
E 0.14 V Excess current voltage shift

2.2. Izhikevich Neuron Model: Motivation and Description

Despite the biophysical relevance and the hardware-dedicated nature of the TS-TD
neuron, its mathematical model (2) is feasible only for single-neuron or small-network
studies; however, in large-scale simulations, computational cost becomes prohibitive.
Therefore, exploration of the cognitive computing capability of the TS-TD neuron requires
large-scale network simulation. For this reason, a computation-efficient model with sim-
ilar behavioral features is required. The Izhikevich neuron [32] is a fine candidate, as it
provides rich dynamical regimes and low cost for numerical simulation. Along with it,
Bolshakov et al. [33,34] recently proposed a novel recursive map by discretizing the model
of a neuron-like generator based on a phase-locked loop and band-pass filter. This map is
capable of regular spiking, bursting, and chaotic behavior, and may have an advantage in
computational costs over the Izhikevich model.

The Izhikevich neuron is a reduced phenomenological spiking model with two
state variables and four parameters. Its dynamics consist only of polynomial and linear
terms, together with a simple threshold-and-reset mechanism, making it computationally
lightweight while still capable of reproducing a wide range of spiking actions.

With an explicit time-scaling factor τ, the governing equations are

v̇ = τ
(

0.04v2 + 5v + 140− u + Iext

)
,

u̇ = τ a(bv− u),
(4)

where v(t) is the membrane potential and u(t) is the recovery variable. Other parameters
are given in Table 2.

A spike is detected when
v ≥ vth.

After spike emission, the state is reset according tov← c,

u← u + d.
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Table 2. Time-scaled Izhikevich neuron parameters.

Symbol Description

a Time scale of recovery variable u
b Sensitivity of u to membrane potential v
c Membrane potential after spike
d Increment of u after spike
τ Global time-scaling factor
Iext External applied current
vth Spike detection threshold

Compared to the TS–TD neuron, the Izhikevich model exhibits substantially lower
computational complexity per right-hand-side (RHS) evaluation.

A single RHS evaluation of the TS–TD neuron requires approximately

• 15–16 additions/subtractions;
• 11–12 multiplications;
• 9 divisions;
• 3 exponential and 3 arctangent evaluations.

These values originate primarily from the nonlinear volatile memristor conductance
and tunnel-diode current expressions.

In contrast, one RHS evaluation of the Izhikevich model involves

• ∼5 additions/subtractions;
• ∼7 multiplications.

As one can see, in this case there are no divisions and no transcendental function calls.
The spike-reset mechanism introduces only a single additional addition and conditional
branch when a spike occurs.

Using standard operation cost proxies (1 division ≈ 4 multiplications; 1 exp or
atan ≈ 25–50 multiplications, depending on hardware), the effective computational load
per RHS evaluation can be expressed in multiplication-equivalents:

CTS-TD ≈ 170–330, CIzh ≈ 10–15.

Thus, replacing the TS–TD equations with a parameter-matched Izhikevich surrogate
reduces the per-step arithmetic cost by approximately an order of magnitude. Moreover,
in Appendix C, we show that in the same simulated time scale, the TS-TD neuron requires
a high-order integration method, such as Runge–Kutta fourth order, while the Izhikevich
model may be simulated with the same accuracy using a lightweight Euler method and
10 times higher integration step. The overall computational profit of using the Izhikevich
surrogate may be estimated as decreasing the simulation time by 2–3 orders of magnitude.

The presented approach establishes a practical bridge between hardware-validated
single-neuron dynamics and large-scale network simulation: the Izhikevich model accu-
rately reproduce the spike-train behavior of the TS-TD neuron (as will be further shown in
Section 4.3), remaining computationally affordable at the scale of entire network simulation
using CPU/GPU.

3. Reservoir Architecture
3.1. Reservoir Types

In reservoir computing, the reservoir is a hidden recurrent layer with a randomly
initialized, sparse, and fixed connectivity structure. Its function is to nonlinearly project the
input sequence into a high-dimensional state space, where complex temporal dependencies
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become linearly separable for a simple readout layer. A reservoir possesses two key
properties: it consists of individual nonlinear units and has the capacity to store information.
The nonlinearity manifests in each unit’s response to an input signal, enabling the solution
of complex problems. Reservoirs process data by interconnecting units in recurrent loops,
where past input influences subsequent output. This ability to adapt responses based on
prior states allows one to train computers to perform specialized tasks.

Many types of reservoir computers have been developed, and the most often used
types of them are summarized in Table 3. Note that in the table, an artificial neuron serves
as a basic element of a reservoir, though it is not principally limited to use other nonlinear
systems, e.g., chaotic flows [35].

Table 3. Main types of reservoir computing architectures.

Type Neurons Used Description References

Context Reverberation Network 2nd gen An early implementation of reservoir computing. [36,37]

Echo State Network (ESN) 2nd gen A sparsely connected recurrent network with fixed
randomly assigned connections [38,39]

Liquid State Machine (LSM) 3rd gen A type of reservoir computing that uses a spiking
neural network. [40,41]

Adaptive Reservoir 2nd or 3rd gen
An approach of enhancing the reservoir efficiency
through selecting the most suitable one by using
an algorithm or a reservoir cluster.

[42,43]

Given the context of subsequent transfer of the reservoir implementation from soft-
ware to hardware, the LSM architecture was chosen. The reason is that ESN is designed
for second-generation (non-spiking) neurons, while reservoir adaptation requires either
evaluating multiple reservoirs or creating a single, very large one. This would introduce
additional complexities in the development of a neuromorphic architecture, which may not
be justified relative to the potential performance gains of the reservoir computer by using
TS-TD neurons.

3.2. Output Layer

The output layer is responsible for providing the link between the complex dynamics
of the reservoir and the task to be solved. Unlike the reservoir, it is trainable, converting the
high-dimensional spiking activity into useful output signals (classes, predictions, control
commands) [44]. The detailed description of types with references is given in Table 4.

Table 4. Output layer types.

Type Description References

Linear Output
Layer

A layer that performs reservoir state transformation via matrix multiplication.
The resulting value is used by a trained linear regression model. [45,46]

Support Vector
Machine

Maps the high-dimensional reservoir states into a higher space to find an optimal
hyperplane for classification or regression. [47]

Random Forest An ensemble method that builds multiple decision trees on reservoir states. [48]

Perceptron A perceptron as output layer is used to add nonlinearity to reservoir state
transformation. It is trained via backpropagation. [49,50]

Spiking Output
Layer

The type of layer capable of taking spikes from reservoir unchanged, but requires
special training algorithms. [51,52]

Recurrent
Output Layer

Recurrent layer adds memory for accounting the history of reservoir activity. Used
for data with long-term dependencies. [53,54]
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There are several ways to organize the output layer, with the choice depending on
the specific task being addressed. In the further study, we explore several types of output
layers to find the best choice for a particular dataset under classification.

3.3. LSM Reservoir with Spatially Dependent Random Topology

The recent work by Zhang et al. [28] proposes an approach to form an LSM as a
network of neurons organized into a pseudo-spatial three-dimensional structure, where
connectivity follows a rule dependent on the probability of a synaptic connection based on
the Euclidean distance between neurons. This reservoir architecture maintains a biologically
plausible ratio of excitatory to inhibitory neurons [5]. In the current work, this spatially
dependent random topology algorithm for LSM is used. Its core concept lies in making the
probability of forming a connection between neurons dependent on their coordinates in
three-dimensional space. After the topology is formed, a fixed weight is assigned to each
connection based on the types of interacting neurons, whether excitatory or inhibitory.

The model comprises a three-layer spiking architecture with the input layer of 784 neu-
rons, a recurrent reservoir of LSM type of 7840 neurons, and an output layer connected to
the number of selected neurons, as presented in Figure 2a.

Each neuron in the input layer corresponds to one image pixel. Pixel intensities
Ipixel ∈ [0, 255] are mapped to constant external currents. Defining

p =
Ipixel

255
,

the injected current is computed as

Iext = 70 + 50p1.5,

resulting in currents within [70 . . . 120] (model units), which correspond to [4 . . . 40] spikes
in a 1 ms time window. The input remains static during the simulation of a single image;
therefore, temporal dynamics emerge exclusively from recurrent reservoir interactions.
All neurons (input and reservoir) follow the Izhikevich model described in (4). The same
intrinsic dynamics are used for all neurons.

Reservoir neurons are arranged in a three-dimensional lattice of size

14× 16× 35,

with 6237 excitatory (80%) and 1603 inhibitory (20%) neurons [5].
Recurrent connectivity is distance-dependent. The probability of a synaptic connection

from neuron i to neuron j is

Pij = Ctype(i,j) exp

(
−
(dij

λ

)2
)

,

where dij denotes the Euclidean lattice distance, λ = 3.0, and connections are limited to a
radius of 3λ. The type-dependent coefficients are

C =

[
0.4 0.4
0.5 0.0

]
,

corresponding to (E→E, E→I; I→E, I→I). Inhibitory-to-inhibitory connections and autapses
are disallowed; reciprocal connections are preserved.
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a

b

Figure 2. Hardware-accelerated reservoir computing architecture of spiking neural network. (a) Work-
flow schematic: the input pattern is presented in the form of spike trains, formed by an input layer
(yellow), and then processed through a recurrent reservoir network, and recognized by the external
classifier. The reservoir comprises neurons of excitatory and inhibitory types, interconnected via
excitatory (green) and inhibitory (red) synapses. (b) Hardware implementations: the conceptual
analog neuromorphic chip consists of TS-TD neurons, interconnected in array by transistor-based
synapses. The classifier is implemented as a digital block, which analyzes analog neuronal array
dynamics. To efficiently simulate this conceptual design, the computationally low-cost Izhikevich
neuron model is used in a reservoir computation accelerated on GPU, while a classifier is run on CPU.

The resulting reservoir contains 351,074 recurrent synapses. The mean indegree and
outdegree are both 44.78 (standard deviation ≈ 13.8), indicating a moderately sparse but
homogeneous connectivity regime across the reservoir. Excitatory neurons exhibit a higher
mean indegree (47.08) than inhibitory neurons (35.83), which follows from the absence of
inhibitory-to-inhibitory projections and the imposed E/I ratio (80/20). Consequently, exci-
tatory neurons integrate a broader set of inputs, while inhibitory neurons act predominantly
as regulatory elements within the network. The normalization of incoming weights ensures
that the effective synaptic drive remains bounded and prevents structural over-excitation.

Weights are sampled independently from a Gamma distribution with shape parameter
k = 2.0 and mean equal to a type-specific base value:

Wbase =

[
0.8 0.6
−0.8 0

]
.
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The sign of each weight is fixed by its connection type, ensuring strictly positive
excitatory and strictly negative inhibitory synapses. All incoming weights of each neuron
are normalized by its indegree to maintain bounded excitation and stable network activity.

Synaptic transmission is implemented via a threshold-based transduction mecha-
nism. The continuous presynaptic membrane potential is not directly injected into the
postsynaptic neuron. Instead, it is converted into a discrete synaptic output level:

Vout =

Vsyn, vpre > −40,

Vrest, vpre ≤ −40.

Thus, when the presynaptic neuron exceeds the activation threshold (−40), the synapse
switches to a high-output state; otherwise, it remains at a controlled baseline level.

Maintaining a finite baseline Vrest keeps postsynaptic neurons within a subthreshold
oscillatory regime, preventing full relaxation to the resting equilibrium. This biasing
reduces the amplitude and duration of external stimulation required to elicit spikes and
accelerates convergence toward stable cyclic activity.

The transduction mechanism effectively implements a gated voltage-level coupling:
presynaptic activity controls the activation of a predefined synaptic driving level rather
than continuously transmitting analog membrane fluctuations. The resulting coupling can
be interpreted as gated level-based interaction: presynaptic threshold crossing activates
a predefined synaptic driving level, while subthreshold fluctuations do not continuously
propagate. This bounds the magnitude of synaptic drive and decouples synaptic activation
from detailed presynaptic waveform shape, yielding well-controlled recurrent excitation in
the reservoir.

For input-to-reservoir connections:

Vsyn = 120, Vrest = 30, α = 1.0.

For reservoir-to-reservoir connections:

Vsyn = 120, Vrest = 40, α = 3.0.

The synaptic current contribution to the postsynaptic neuron is proportional to

Isyn ∝ α w (Vout − vpost),

where w is the normalized synaptic weight. We emphasize that all reservoir neurons in
the simulation follow the Izhikevich model with parameters fitted to the experimentally
validated TS-TD neuron. This ensures that the reported classification performance and
energy estimates are grounded in the physical behavior of the proposed hardware neuron,
while the surrogate model enables simulation of networks at a scale relevant for practical
neuromorphic applications.

4. Results
4.1. Experimental Setup

To validate the TS-TD neuron model, we designed and fabricated a hardware prototype
using conventional components. The prototype, shown in Figure 1, consists of three main
parts: the AND-TS emulator board mimicking the threshold selector behavior; germanium
tunnel diode GI401A, providing negative differential resistance; and ceramic capacitor
2.2 nF for the neuron membrane capacitance.
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The AND-TS emulator replicates the negative voltage branch of threshold switch-
ing with set voltage Von = 0.119 V and reset voltage Voff = 0.03 V, matching the ap-
propriate parameters of the physical AND-TS device [27]. Key design considerations
included: (1) bandwidth ≥ 1 MHz for all active components to ensure proper switching
dynamics; (2) low-pass filters for noise immunity in comparator stages; (3) MOSFET-
based set-reset flip-flop for hysteresis implementation compatible with ±15 V comparators;
and (4) MOSFET-based conductive channel applicable for positive voltage drop across
emulator’s top and bottom electrodes (TE and BE, respectively). The board was fabricated
on two-layer FR4 textolite using rapid prototyping technology. Appendix A provides a
circuit schematic and additional details.

Testing conditions were as follows. Input current Iin was generated via Rigol DG1032Z
arbitrary waveform generator with 1 mV accuracy through series resistor Rin = 10 kΩ.
Output voltage Vout was captured by Rigol DS1104 digital oscilloscope (100 MHz band-
width). Phase portraits were observed using analog oscilloscope C1-83 for zero-latency
visualization. All measurements were performed at room temperature (25± 2 °C) with a
stabilized ±15 V 40 W power supply of the NI ELVIS III station.

4.2. Experimental Validation of TS-TD Neuron Circuit Dynamics

Following exploration of the basic spiking patterns presented by Ostrovskii et al. [25],
we performed experiments to validate the similar dynamics. Figure 3 demonstrates experi-
mentally recorded output waveforms VC(t) of the TS-TD neuron circuit under an external
signal, along with corresponding simulations. The external signal was generated via the
arbitrary waveform generator Rigol DG1032 producing voltage Vin(t), converted by series
resistor Rin = 10 kΩ into current Iin(t) ≈ (Vin(t)−VC(t))/Rin. Stimuli waveforms (shown
in Figure 3 as red lines) were beforehand synthesized in MATLAB R2024a, saved as CSV
files, and then reproduced by the arbitrary waveform generator with matching of time and
amplitude characteristics. Thus, stimuli for both simulation and experiment were kept the
same. Recording was performed with a Rigol DS1104 four-channel 100 MHz bandwidth
digital oscilloscope.

Figure 3a demonstrates integrator behavior: cumulative subthreshold charging pro-
vides spiking only above a critical pulse repetition rate. Figure 3b confirms the all-or-none
principle by distinct response to three subthreshold versus three superthreshold input
pulses of different amplitudes; specifically, subthreshold stimuli evoke only small output
potentials, whereas superthreshold stimuli exceeding the tunnel diode peak current Ip

trigger full-amplitude action potentials with AND-TS switching. In Figure 3c, the refractory
period ≈ 0.11 ms is demonstrated, driven by threshold selector reset kinetics. Figure 3d
shows class 1 excitation, which means that the spiking rate increases with the increase of
the input voltage. This behavior is different from that presented in [25] due to a lower level
of input signal.

Across all tests, experimental data (lower axes) exhibit good agreement with MATLAB
R2024a simulations (upper axes). Minor discrepancies are attributed to circuit parasitic
parameters, temperature drift, and interferences, providing cycle-to-cycle instabilities.
These results validate the general consistency between the TS-TD neuron model and real
circuit behavior.
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a b

c d

Figure 3. The spiking patterns generated by the proposed spiking neuron model (Rin = 10 kΩ):
(a) integrator, (b) all or none, (c) refractory period, (d) class 1 excitation.

4.3. Consistency Between Izhikevich and TS–TD Neuron Models

To enable efficient large-scale simulations, we identify parameters θ⋆ of an Izhikevich
surrogate such that its spike-train statistics match those of the TS–TD neuron under the same
stimulus. The identification is posed as

θ⋆ = arg min
θ

J(θ),

where J penalizes mismatches in (i) steady-state ISI, (ii) early transient timing, (iii) spike-
frequency adaptation, and (iv) total spike count (Appendix B). Importantly, the fit targets
spiking behavior (ISI structure and adaptation) rather than pointwise waveform agreement.

The resulting parameter set is

θ⋆ = (kI , a, d, τ, b, c) = (3.694× 106, 0.1726, 20.2734, 84640, −0.7844, −61.4219),

yielding a low feature-mismatch objective value J(θ⋆) ≈ 1.56× 10−5.
Figure 4 compares representative regimes reproduced by the surrogate: regular tonic

spiking, class 1 excitability, integrator-like behavior, and spike-frequency adaptation.
A practical limitation of the TS–TD model is its stricter time-step requirement: sta-

ble and spike-faithful integration typically requires h ≲ 10−6 s, whereas the Izhikevich
model remains spike-consistent for h ∼ 10−5–10−4 s (Appendix C). Together with its lower
per-step computational cost, this yields an overall speedup, approaching three orders of
magnitude in large-scale simulations.
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Figure 4. Comparison of TS-TD neuron and equivalent Izhikevich neuron dynamics: (a) regular tonic
spiking behavior, (b) class 1 behavior, (c) integrator behavior, and (d) spike-frequency adaptation.

4.4. Reservoir Benchmarking

The computational experiment was conducted on a machine with the specifications
presented in Table 5. The reservoir was stimulated with 30,000 images from the MNIST and
Fashion-MNIST datasets. For each stimulus, neuronal activity was summarized by the total
number of spikes generated during the presentation interval, forming a high-dimensional
feature vector for every image.

Table 5. Computational environment specifications.

Component Specification

Hardware
CPU AMD Ryzen™ 7 9800X3D @ 4.7 GHz (8 cores)
GPU NVIDIA® GeForce RTX™ 5070 Ti (16 GB VRAM)
RAM 64 GB DDR5 @ 6400 MHz

Software
MATLAB R2024a

Python 3.13
C++ compiler MSVC 19.44.35222
CUDA toolkit 13.1 (NVCC 13.1.115)

Given that each image is represented by a high-dimensional spike-count vector, the re-
sulting feature space is characterized by strong redundancy and inter-neuronal correlations,
which are typical for randomly connected reservoirs. In such settings, irrelevant or weakly
informative neurons may degrade generalization due to the curse of dimensionality and
increased variance of the classifier [55]. Feature selection therefore acts not only as a di-
mensionality reduction mechanism but also as a regularizer that improves the stability and
interpretability of the readout layer [56,57].
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In particular, sparsity-inducing methods such as L1-regularized models promote
compact subsets of neurons with non-zero contributions to class discrimination [58], while
ensemble-based approaches (e.g., random forests) can capture nonlinear feature interactions
and provide robust importance estimates in the presence of correlated inputs [59,60]. Such
mechanisms are especially relevant for spike-based reservoirs, where multiple neurons
may encode partially overlapping dynamical responses to the same stimulus.

To evaluate the discriminative capability of the reservoir, a systematic study of feature
selection, dimensionality reduction, and classifier performance was performed. Five feature
selection strategies were considered: ANOVA F-score [56], χ2-criterion [61], absolute
correlation with class labels [62], feature importance estimated by a random forest [59],
and sparsity-driven ranking based on L1-regularized logistic regression coefficients [63].
For each method, features were ranked in descending order of significance. Spike raster
plots evoked by a single T-shirt/top sample from the Fashion-MNIST dataset are given in
Figure 5.
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Figure 5. Spike raster plots evoked by a single T-shirt/top sample from the Fashion-MNIST dataset,
together with membrane potential traces of a representative input neuron (a) and a reservoir neuron
(c) receiving its projections. Panels (a,c) illustrate that the externally driven input induces stronger
instantaneous responses compared to the intrinsic LSM dynamics. (b) Spike activity of the 784-neuron
input layer. (d) Population response of the 7840-neuron LSM reservoir, where recurrent interactions
transform the feedforward stimulus into structured spatiotemporal activity patterns. Dots denote
spike events (threshold crossings of the membrane potential).

From these rankings, subsets of the top-k features were formed with k ∈ 100, 200, . . . , 1000.
Each subset was used as input to a range of classifiers, including linear support vector
machine (SVM), support vector machine with radial basis function (RBF) kernel, k-nearest
neighbors, random forest, ridge classifier, logistic regression, and multilayer perceptrons
with 3 and 5 hidden layers (with and without dropout regularization). For every combi-
nation of feature selector, number of selected features, and classifier, models were trained
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and evaluated using an 80%/20% train–test split with stratification by class. This resulted
in a large-scale sweep across the joint space of feature selection methods, dimensionality
levels, and classifier types, allowing identification of the most effective configurations for
each dataset.

After this stage, the best-performing classifiers, RBF SVM and the multilayer percep-
tron, were further fine-tuned using Bayesian hyperparameter optimization to obtain the
final reported results and confusion matrices.

Figure 6 presents plots of the reservoir’s classification accuracy versus the number of
neurons used. For the MNIST handwritten digits dataset, the best accuracy was 97.05% for
the five-layer perceptron using data from 200 neurons, and 97.9% for the SVM-RBF using
data from 400 neurons. A confusion matrix for the latter is shown in Figure 6d. For the
Fashion-MNIST clothes images dataset, the best accuracy was 85.67% for the SVM-RBF
using data from 700 neurons, and 89.55% for the five-layer perceptron using data from
600 neurons. A confusion matrix for the latter is shown in Figure 6h.

SVM(RBF)

MLP-3(DO)

MLP-3
MLP-5(DO)

MLP-5
kNN RF Log.Reg.

Linear SVM

Ridge

80

85

90

95

100

B
es

t
ac

cu
ra

cy
,
%

MNIST Fashion-MNIST

S
V
M

(R
B
F
)

M
L
P
-3

(D
O

)
M

L
P
-3

M
L
P
-5

(D
O

)
M

L
P
-5

k
N
N

R
F

L
o
g.

R
eg

.
L
in

ea
r
S
V
M

R
id

ge

ANOVA

@2

Corr

RF

L1-LR

80 90 100

S
V
M

(R
B
F
)

M
L
P
-3

(D
O

)
M

L
P
-3

M
L
P
-5

(D
O

)
M

L
P
-5

k
N
N

R
F

L
o
g.

R
eg

.
L
in

ea
r
S
V
M

R
id

ge

ANOVA

@2

Corr

RF

L1-LR

80 90 100

0 500 1000

Selected features

90

95

100

A
cc

u
ra

cy
,
%

Train.

Test

0 500 1000

Selected features

94

96

98

100

A
cc

u
ra

cy
,
%

0 500 1000

Selected features

80

90

100

A
cc

u
ra

cy
,
%

0 500 1000

Selected features

80

90

100

A
cc

u
ra

cy
,
%

0 1 2 3 4 5 6 7 8 9

Predicted

0
1
2
3
4
5
6
7
8
9

T
ru

e

0 50 100

0 1 2 3 4 5 6 7 8 9

Predicted

0
1
2
3
4
5
6
7
8
9

T
ru

e

0 50 100

a

b c f g

d e h i

Figure 6. Performance estimation of classification models combined with feature selection methods
on MNIST and Fashion-MNIST. (a) Best achieved test accuracy for each model. Training and test
accuracy as a function of the number of selected features for SVM-RBF and MLP-5-DO on (b,c) MNIST
and (f,g) Fashion-MNIST. Normalized confusion matrices (percentage of true class) for the best-
performing model–selector configuration and heatmaps of best test accuracy for combinations of
feature selectors and classifiers on (d,e) MNIST and (h,i) Fashion-MNIST.
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We acknowledge that MNIST and Fashion-MNIST, while widely adopted for ini-
tial validation of neuromorphic classifiers, represent relatively simple visual recognition
tasks. Their use in this work follows the established practice in reservoir computing litera-
ture [40,41] to enable direct comparison with prior LSM implementations. The TS-TD-LSM
demonstrates competitive accuracy while offering substantial improvements in estimated
energy efficiency and throughput as is shown in Section 4.5. However, we note that cross-
platform comparisons should be interpreted with caution due to differences in simulation
regarding hardware implementation, output layer complexity, and measurement method-
ologies. Future work will include evaluation on more complex, event-based datasets such
as N-MNIST [64] to further assess the scalability of the proposed approach.

4.5. Neuromorphic Chip Energy and Throughput Estimation

Along with classification accuracy, the important parameters of the neuromorphic
chips that drive their development are power consumption and throughput. The total
energy consumed to process a single input frame is determined by the cumulative energy
of all spikes generated throughout the network during the temporal integration window:

Eframe = Espike · Nspikes ≈ Espike · Nneurons · r̄, (5)

where Eframe is expressed in joules per frame (J/frame), Nneurons is a total number of
neurons in LSM, and r̄ (spikes/neuron/frame) is a mean firing rate for a single neuron. The
inference rate per frame is constrained by the temporal integration window for processing:

fframe =
1

Tsim
(6)

where fframe denotes the frame rate in frames per second, and Tsim represents the simu-
lation duration per frame in seconds. For a particular TS-TD-LSM, Table 6 summarizes
the key parameters for required estimation. Substituting the values from Table 6 into
(5) and (6) yields:

Eframe ≈ 1.5 · 10−10 × 7840× 20.5 = 2.4 · 10−5 J/frame, (7)

fframe ≈
1

2 · 10−3 = 500 frames/s (8)

Table 6. Parameters for energy and throughput calculations of TS-TD-LSM.

Parameter Symbol Value

Energy per spike [25] Espike 1.5 · 10−10 J
Simulation time per frame Tsim 2 · 10−3 s
Mean spikes per frame Nspikes 20.5
Number of neurons Nneurons 7840

The second key value to estimate is the energy consumed by synaptic interaction.
A convenient hardware-agnostic proxy for synaptic workload is the number of synaptic
operations (SynOps), defined as one delivered presynaptic spike event per outgoing synapse
(fanout). For capacitive switching, the dynamic energy per transition is

Edyn ≈ 1
2 Ceff(∆V)2, ∆V = Vsyn −Vrest. (9)

Typical node capacitance estimates for nanoscale CMOS can be obtained from per-
length capacitance: Cgate ≈ 1 fF/µm and Cdiff ≈ 0.8 fF/µm [65]. For a transmission-gate-
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style switch with effective device width on the order of 1 µm, the switched capacitance per
synapse is therefore on the order of a few femtofarads; we use

Ceff = 5 fF (10)

as a representative value (two devices + parasitics).
If the gate remains enabled for duration τon, an additional leakage/bias term can

be included:
Egate ≈ 1

2 Ceff(∆V)2 + (IleakVDD)τon. (11)

For 28 nm-class technologies, VDD ≈ 0.9 V is typical [66]. Leakage depends strongly
on device flavor and sizing; reported off-currents span from picoampere-scale in long
devices [67] up to ∼1 nA/µm for low-power transistors [68].

In our simulator, ∆t = 10−7 s, and we assume that the gate is active for 100 steps per
presynaptic event; hence,

τon = 100∆t = 10−5 s. (12)

For reservoir-to-reservoir synapses, Vsyn = 0.119 V and Vrest = 0.03 V, so ∆V = 0.089
V. Then, the switching term evaluates to

Edyn ≈ 1
2 · 5× 10−15 · (0.089)2 ≈ 2.0× 10−17 J (≈ 0.020 fJ), (13)

which is typically negligible compared to the on-time leakage term for long τon. For two
illustrative leakage regimes:

Ileak = 10 pA ⇒ Eleak ≈ 10−11 · 0.9 · 10−5 ≈ 9× 10−17 J (≈ 0.9 fJ), (14)

Ileak = 1 nA ⇒ Eleak ≈ 10−9 · 0.9 · 10−5 ≈ 9× 10−15 J (≈ 90 fJ). (15)

Thus,
Egate ≈ Edyn + Eleak ≈ 0.09–9 fJ per synaptic activation, (16)

depending on leakage.
Finally, the recurrent synaptic energy per frame under the gate proxy is

Egate
syn,frame ≈ Nsynop,rec Egate. (17)

Using Nsynop,rec ≈ 7.2× 106 synops/frame gives

Egate
syn,frame ≈ (6.62× 10−10)–(6.48× 10−8) J/frame (for Ileak = 10 pA–1 nA). (18)

As seen from (18) and (8), synaptic energy is a few orders lower than energy consumed
by neurons; thus, it is not considered in the final comparison presented in Tables 7 and 8.

Table 7. Comparison of spiking reservoir classifiers of MNIST benchmark.

Neural Classifier Accuracy, % Energy Efficiency, J/Frame Speed, Frames/s

LSM-SOM N(0,1) [28] 90.0 No data No data
Two-Level Inhibition SNN [69] 94.1 No data No data

NALSM [70] 97.6 No data No data
ELSM-7000 [71] 97.8 No data No data

1024-1024-60 LSM [16] 94.9 1.3 · 10−3 89
784-135-26 LSM [72] 96.6 1.3 · 10−1 12
Memristive LSM [73] 93.8 4.0 · 10−5 250

TS-TD-LSM (this work) 97.9 2.4 · 10−5 500
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Table 8. Comparison of spiking classifiers on Fashion-MNIST benchmark.

Neural Classifier Accuracy, % Energy Efficiency, J/Frame Speed, Frames/s

MAdapter LSM [74] 86.7 No data No data
Astrocyte-controlled LSM [75] 87.3 No data No data

NALSM [70] 85.8 No data No data
ELSM-7000 [71] 88.4 No data No data

1024-1024-10 FPGA-NHAP [76] 85.1 4.2 · 10−3 128
TS-TD-LSM (this work) 89.5 2.4 · 10−5 500

We emphasize that the energy estimates presented in this section are based on CMOS
proxy models and device-level estimations from [25]. In a real neuromorphic chip, sev-
eral factors may cause deviations from these estimates: (1) process variation in nanoscale
transistors affecting leakage currents and switching thresholds; (2) temperature-dependent
behavior of tunnel diodes and threshold selectors; (3) parasitic capacitances and resistances
in interconnects; and (4) overhead from peripheral circuitry (biasing, routing, I/O). Stud-
ies comparing estimated vs. measured energy in fabricated neuromorphic chips report
typical deviations of 20–50% [14,73]. Despite these uncertainties, the order-of-magnitude
advantage of the TS-TD-LSM in energy efficiency (Table 7) still suggests robust potential
for hardware implementation.

4.6. Comparison with Recent Reservoir Architectures

The developed reservoir was compared with similar models implementing liquid state
machines (LSMs) based on key metrics: accuracy, energy efficiency, and speed, as shown in
Table 7. Recent advances in neural cell architectures [77] also demonstrate efficient spiking
networks, though our TS-TD approach offers specific advantages in analog hardware
implementation. In terms of accuracy, the TS-TD-neuron-based reservoir significantly
outperforms the LSM-SOM N(0,1) model [28], which served as its basis.

The 1024-1024-60 LSM [16] and 784-135-26 LSM [72] reservoirs were implemented
in FPGA hardware; therefore, additional metrics such as inference energy efficiency and
inference speed were calculated for them. A similar comparison was made for the Fashion-
MNIST dataset (see Table 8).

The key limitation of this comparison is that the accuracy, energy efficiency, and through-
put were obtained in simulation, not in a real neuromorphic chip. Based on studies that
compare the hardware reservoir model and the real chip, e.g., [73], a slight decrease in all
characteristics can be expected, which in our case still keeps the developed design attractive
and promising. Another limitation is that the output layer is also not accounted for in the
estimation of energy consumption and throughput, but it has much simpler structure and
number of elements than the reservoir, and for initial evaluation, it can be omitted. Addition-
ally, systematic noise analysis was not included in this study. While the experimental results
in Section 4.1 demonstrate stability despite circuit parasitics and interferences, a detailed
evaluation of noise robustness in the SNN model is planned for future work.

5. Discussion
The experiments presented in this work demonstrate the feasibility of the TS-TD neu-

ron for both operations as a physically implemented device, and as a basic unit of efficient
large-scale neuromorphic network. However, several considerations are important for
transitioning from the discrete-component prototype to an integrated neuromorphic chip.

The first notable issue is the power estimation. The energy consumption of 150 pJ
per spike [25] results in 2.4 · 10−5 J/frame, and power consumption of the chip at the
proposed frame rate is, thus, P = 2.4 · 10−5 · 500 = 0.012 W, which is an ultimately low
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value for embedded applications, indicating that the proposed chip may operate without
any dedicated cooling. For comparison, the NVIDIA Jetson Nano consumes 5–25 W at
video stream processing tasks. However, the energy efficiency of the large-scale reservoir
may be further enhanced by power gating for inactive neurons, and by other techniques.

Another important issue is the potential for miniaturization. Our prototype occupies
approximately 50 cm2 on a PCB. For chip-level implementation, the AND-TS emulator
will be replaced with an actual Ag nanodots threshold selector device, fabricated in a
compact 5 × 5 µm footprint [27]. The tunnel diode can be fabricated as small as to occupy a
square of 0.1 µm2 [78]. The membrane capacitor is the most space-demanding part. Using
TaTiO high-k dielectric with capacitance of 23 fF/ µm2 [79], a 2.2 nF sample requires about
105 µm2, resulting in ≈10,000 neurons on a square of large server-grade chip. This is still
sufficient for implementing the proposed reservoir computer. With that, using a smaller
membrane capacitor, much higher integration density and operation rate are possible,
which is a subject for the further study.

The verification part of the current research focuses on hardware neuron dynamics,
while synaptic connections were simulated on the functional rather than physical level.
For the complete hardware implementation, semiconductor synapses with controllable
weights need to be introduced. Recent advances in memristive crossbar arrays provide a
promising pathway for dense, energy-efficient synaptic grids [73]. The key challenge with
memristors is their intercycle variability. However, reservoir computing does not require
precise weight tuning, as its performance depends primarily on spectral radius rather than
exact weight values [80]. This confirms robustness against moderate weights variations,
as well as persistent noise in the reservoir, which, moreover, may be specifically considered
at the training stage [81]. In total, the memristive synaptic grid is a promising subject for
further research and development, along with systematic study of its variable impact on
the network performance.

6. Conclusions
This work aims to design a reservoir computer based on a novel hardware model of

a spiking neuron, constructed from three elements (threshold selector, tunnel diode, and
capacitor), called a TS-TD neuron for short. This model implements a simplified version
of Hodgkin–Huxley neuron by means of analog electronics and can exhibit a variety of
behavior modes, e.g., it can work either as an integrator or a resonator, similar to the
computationally efficient Izhikevich model feasible for digital computers. The analog
nature of the TS-TD neuron allows a significant reduction of power and increases the speed
of large-scale neural networks.

To estimate the performance of a TS-TD neuron-based large-scale network, we devel-
oped a software implementation of a liquid state machine (LSM)-type reservoir computer,
utilizing 7840 neurons and 351,074 synapses between them, and executed on a GPU using
the CUDA library. For the output layer, we compared several classifiers, among which
support vector machine with radial basis function kernel and five-layer perceptron with
dropout gave the best results.

Solving the task of image recognition from the MNIST and Fashion-MNIST datasets
yielded a classification accuracy of 97.9% and 89.5%, respectively, which is a good result
for known LSM implementations. With that, the estimated frame rate of the reservoir, if it
was implemented on an analog neuromorphic chip, is compared with known implemen-
tations in FPGA, and surpasses them by two orders of magnitude in energy efficiency,
demonstrating consumption similar to state-of-the-art memristive chips.

Key limitations of the study include: (1) results obtained in simulation rather than
on a physical neuromorphic chip; (2) output layer energy consumption not included in
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estimates; and (3) hardware synapses needs to be proposed in detail. Future work will aim
to address these issues, as well as consider experiments on adaptation, including astrocyte
control, and further clarification of neuromorphic chip design.
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Abbreviations
The following abbreviations are used in this manuscript:

AND-TS Argentum nano-dots threshold selector
ANN Artificial neural networks
CMOS Complementary metal–oxide–semiconductor
CPU Central processing unit
ESN Echo state network
FPGA Field-programmable gate array
GPU Graphics processing unit
HRS High-resistance state
LRS Low-resistance state
LSM Liquid state machine
LSM-SOM Liquid state machine with stochastic organization mapping
MLP Multilayer perceptron
MNIST Modified National Institute of Standards and Technology
MOSFET Metal–oxide–semiconductor field-effect transistor
NPU Neural processing unit
NRMSE Normalized root-mean-square error
PEMFC Proton exchange membrane fuel cell
RBF Radial basis function
RC Reservoir computing
RK2 (3,4) Runge–Kutta methods of 2nd, 3rd, 4th order
SNN Spiking neural networks
SVM Support vector machine
TPU Tensor processing unit
TS-TD neuron Threshold selector and tunnel diode based neuron

Appendix A. AND-TS Emulator Board
The AND-TS emulator circuit, presented in Figure A1, replicates the threshold selector

behavior using conventional semiconductor components. Its operation is organized in
four functional blocks. The first block is a threshold-comparison stage employing a paired
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LM2903N comparator (U1A and U1B) that monitors the differential voltage Vdiff against
the set (Vset) and reset (Vreset) thresholds, producing the LogicSet signal when Vdiff > Vset,
and the LogicReset signal when Vdiff < Vreset. The second block is a state-retention latch
built with MOSFETs 2N7002 Q1 and Q2, maintaining one of two stable states (logical “0”
and “1”), and it drives the conductive channel-emulating transistor Q3. The signal from
each comparator to the latch passes through an appropriate low-pass filter formed by
Rx, Cx, and Dx, x ∈ [1 . . . 2], which also, along with the low-pass filter formed by R7-C3,
replicates the AND-TS device switching time delay. A conductive channel formed by
MOSFET Q3 and resistor R8 provides a low-resistance path in the set (LogicSet = “1”) state.
In the reset state, the conductive channel resistance is very low and is formed by parasitic
resistance of the board itself. At last, a differential amplifier U2 generates the signal Vdiff,
which is the differential voltage between top electrode (TE) and bottom electrode (BE) of
the threshold selector, and feeds it to comparators.

Vset and Vreset are positive voltages that are defined by voltage dividers implemented
as variable resistors.

The board is fabricated on two-layer FR4 textolite using a prototyping process involv-
ing toner transfer with subsequent copper etching.
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Figure A1. Schematic diagram for AND-TS emulator board.

Appendix B. Izhikevich Neuron Model Fitting
The objective is to construct an Izhikevich spiking model whose output spike train

matches the spiking statistics of the TS-TD neuron model under the same external stimu-
lation. Let vTS−TD(t) denote the TS-TD voltage trace (target) and vizh(t; θ) the Izhikevich
membrane potential produced with parameter vector

θ =
[
kI a d τ b c

]T
.

Here, kI is an input-current gain used to scale the applied current entering the Izhike-
vich model.

Both models are driven by the same time-dependent current stimulus Istim(t), chosen
as a ramp:

Istim(t) =


I0 + (Iamp − I0)

t− tstart

tstop − tstart
, tstart ≤ t < tstop,

I0, otherwise,
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with tstop > tstart. The TS-TD model is simulated with Iin(t) = Istim(t), while the Izhikevich
model uses a scaled input

Iext(t) = kI Istim(t).

This extra gain compensates for differences in units and effective excitability between
the two dynamical systems.

Spike times are extracted from the membrane potential via upward threshold crossings
at Vth:

S = { tk | v(tk−1) < Vth ∧ v(tk) ≥ Vth }.

Let S = {t1, . . . , tN} denote the detected spike times. Inter-spike intervals (ISIs) are

ISIi = ti+1 − ti, i = 1, . . . , N − 1.

From the ISIs, we compute a compact feature vector

f =


ISI
A

ISI1

N

,

where

ISI =
1

min(M, N − 1)

N−1

∑
i=max(1,N−M)

ISIi.

is the mean of the last M ISIs (steady-state mean, with M chosen small, e.g., M ≤ 5),

ISI1 = t2 − t1

is the first ISI, and

A =
ISI− ISI1

ISI1

is an adaptation index (positive values correspond to spike-frequency adaptation, i.e.,
increasing ISI). The spike count N is included to penalize mismatched firing rates and
missing/extra spikes.

To ensure meaningful features, a validity condition is imposed: if N < Nmin (we use
Nmin = 4), the simulation is declared invalid and assigned J(θ)← Jpen.

Given target features f⋆ extracted from vTS−TD(t) and candidate features f(θ) from
vizh(t; θ), the scalar objective is defined as a weighted sum of errors:

J(θ) = wmean

(
ISI− ISI

⋆

ISI
⋆

)2

+ wadapt(A− A⋆)2 + wfirst

(
ISI1 − ISI⋆1

ISI⋆1

)2

+ wN

(
N − N⋆

N⋆

)2
.

If the candidate trace is invalid (insufficient spikes), the cost is set to a large constant

J(θ)← Jpen (invalid trace).

This formulation prioritizes matching the steady-state firing period, the degree of
adaptation, early transient timing, and overall spike count.

The optimization problem is

min
θ

J(θ) subject to ℓ ≤ θ ≤ u,
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where ℓ and u are lower and upper bounds chosen to restrict the search to physi-
cally/plausibly spiking regimes and to improve optimizer stability.

A derivative-free global method (pattern search) is used because: the reset introduces
discontinuities, spike detection yields a non-smooth objective, and numerical integration
plus peak-picking makes gradients unreliable. At each candidate θ, the Izhikevich system
is simulated using a fixed-step RK4 integrator, with a transient discard phase to remove
dependence on initial conditions, followed by a global window used for feature extraction.

Appendix C. Integration Stability and Errors for TS-TD and Izhikevich
Neurons Aiming Large-Scale Networks Simulation
Appendix C.1. Time Discretization and Reference Solution

Let h denote the integration step and T the total simulation time.
For a one-step explicit method m ∈ {Euler, RK2, RK3, RK4}, the numerical trajectory

is evaluated at

tk = kh, k = 0, . . . , N − 1, N =

⌊
T
h

⌋
.

A high-accuracy reference solution is computed using RK4 with href = 10−7. Let
vref(t) denote the corresponding membrane potential trace and {tref

i } its spike times.

Appendix C.2. Integrator Stability Criterion

A simulation is classified as integrator-stable if all state variables remain finite and
bounded:

∀k : y(tk) ∈ Rd, ∥y(tk)∥∞ < B,

where B is a predefined magnitude bound. Any occurrence of non-finite values or diver-
gence beyond B results in classification as unstable.

Appendix C.3. Spike Detection

Spike times are extracted from the membrane potential v(tk) via upward threshold
crossings at Vth:

S = { tk | v(tk−1) < Vth ∧ v(tk) ≥ Vth }.

Let S = {t1, . . . , tn} and n = |S|.

Appendix C.4. Spike-Timing Error

For valid runs, spike consistency is quantified using a composite relative error. The
first-spike timing error is defined as

et1 =
|t1 − tref

1 |
max(tref

1 , ϵ)
.

Let nu = min(n, nref). For nu ≥ 3, define mean inter-spike intervals (ISI):

ISI =
1

nu − 1

nu−1

∑
i=1

(ti+1 − ti),

ISIref =
1

nu − 1

nu−1

∑
i=1

(tref
i+1 − tref

i ),

and the relative ISI error

eISI =
|ISI− ISIref|

max(ISIref, ϵ)
.

https://doi.org/10.3390/bdcc10040115

https://doi.org/10.3390/bdcc10040115


Big Data Cogn. Comput. 2026, 10, 115 25 of 29

If nu < 3, set eISI = 0. The final spike metric is

Espk = 0.7 et1 + 0.3 eISI.

Reported values use log10(Espk).

Appendix C.5. Clipped Waveform Error

To reduce the dominance of spike amplitude and small timing shifts in waveform
comparison, the membrane potential is clipped at a level Vclip:

clip(v; Vclip) = min{v, Vclip}.

The reference trace is interpolated onto the test grid:

vref→h(tk) = Interp(vref, tk).

The clipped normalized root-mean-square error is

NRMSEclip =

√
1
N ∑N−1

k=0 (clip(v(tk))− clip(vref→h(tk)))
2√

1
N ∑N−1

k=0 (vref→h(tk)− vref→h)
2 + ϵ

,

where vref→h is the mean interpolated reference voltage.
Comparison shows that Izhikevich model allows integration steps much larger than

the TS-TD neuron model, which makes it a better choice for CPU/GPU-based large-scale
network simulation.

Figure A2. Convergence and validity maps for the memristive TS-TD neuron (top panels) and the
Izhikevich neuron (bottom panels) under varying integration methods and time steps. Color-coded
panels show the logarithmic spike-timing error and clipped waveform error relative to a high-
accuracy RK4 reference solution (h = 10−7). Gray regions indicate invalid simulations, corresponding
to numerical instability or incorrect spike generation (e.g., missing or spurious spikes).
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35. Kesgin, B.U.; Teğin, U. Implementing the analogous neural network using chaotic strange attractors. Commun. Eng. 2024, 3, 99.

[CrossRef]
36. Kirby, K. Context dynamics in neural sequential learning. In Proceedings of the 4th Florida Artificial Intelligence Research

Symposium (FLAIRS 1991), Cocoa Beach, FL, USA, 2–5 April 1991; Volume 66, pp. 66–170.
37. Kirby, K.; Day, N. The neurodynamics of context reverberation learning. In Proceedings of the Twelfth Annual International Conference

of the IEEE Engineering in Medicine and Biology Society; IEEE: New York, NY, USA, 1990; pp. 1781–1782.
38. Gallicchio, C.; Micheli, A. Deep tree echo state networks. In Proceedings of the 2018 International Joint Conference on Neural Networks

(IJCNN); IEEE: New York, NY, USA, 2018; pp. 1–8.
39. Jaeger, H.; Haas, H. Harnessing nonlinearity: Predicting chaotic systems and saving energy in wireless communication. Science

2004, 304, 78–80. [CrossRef]
40. Maass, W.; Natschläger, T.; Markram, H. Real-time computing without stable states: A new framework for neural computation

based on perturbations. Neural Comput. 2002, 14, 2531–2560. [CrossRef]
41. Schrauwen, B.; D’Haene, M.; Verstraeten, D.; Van Campenhout, J. Compact hardware liquid state machines on FPGA for real-time

speech recognition. Neural Netw. 2008, 21, 511–523. [CrossRef] [PubMed]
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