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Abstract

Oscillatory neural networks (ONNs) provide a neuromorphic computing framework that
exploits the phase dynamics of coupled oscillators for parallel and energy-efficient pat-
tern recognition. In this study, we design a single-layer, fully connected ONN to clas-
sify handwritten digits from the MNIST dataset. Input images were downsampled to
6 × 6 binary patterns, which were optimized using a genetic algorithm to evolve effective
templates, as experiments with higher-resolution inputs showed only marginal accuracy
improvements at significantly increased computational and energy costs. Coupling weights
were determined using Hebbian learning, and the network dynamics were simulated using
the Kuramoto model to encode information via phase relationships. To the best of our
knowledge, this is the first work to apply genetic algorithm optimization to design the
templates used by an ONN and to combine evolutionary template generation with Hebbian-
based ONN training for image classification. The results show that the ONN achieves
75–76% accuracy in the full 10-class MNIST task, with outputs exhibiting stable sinusoidal
behavior and resilience to moderate noise. These findings highlight the potential of ONNs
as a practical, low-power alternative to conventional deep learning models, particularly for
real-time edge-level applications where energy efficiency and robustness are critical.

Keywords: oscillatory neural networks; neuromorphic computing; VO2 oscillators; kuramoto
dynamics; hebbian learning; GA-based optimization; low-power image recognition

1. Introduction
In this work, we design an oscillatory neural network (ONN) for classifying hand-

written digits from the MNIST dataset. The system uses a single-layer network of 36 cou-
pled oscillators governed by the Kuramoto model. Input images are downsampled to
6 × 6 binary patterns and set as initial phases. Reference patterns for each class are op-
timized with a genetic algorithm, and coupling weights are formed using the Hebbian
learning rule. Classification relies on the final phase relationships among the oscillators.
Simulations show 75–76% in the full 10-class problem, with stable sinusoidal outputs even
under moderate noise. This design addresses the need for energy-efficient alternatives to
neural networks, especially for edge devices with limited resources.

The concept of synchronization-based computation traces back to Winfree’s early work
on coupled oscillators [1], later formalized by Kuramoto’s phase-interaction model [2],
which forms the basis of modern ONN architectures. ONNs offer several advantages over
conventional deep learning models such as CNNs: they rely on phase alignment rather
than gradient-based updates, enabling inherently parallel and low-power computation.
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CMOS and VO2 oscillators provide scalable, room-temperature implementations with
energy consumption in the femtojoule range [3–5].

Moreover, recent demonstrations of large-scale neuromorphic arrays, including wafer-
scale optoelectronic computing devices [6] and monolithic oscillatory chemoreceptive
chips [7], further validate the practical scalability of oscillatory computing architectures.

These properties make ONNs well suited for pattern recognition at the edge. Recent
experimental studies on VO2 and CMOS oscillators have shown that their phase dynam-
ics can be accurately modeled using Kuramoto-type abstractions, suggesting that ONN
architectures are compatible with practical hardware implementations [8].

For an ONN to operate as an associative circuit, each class requires a template that the
network can match against its input. To optimize ONN templates without extensive manual
trial and error, genetic algorithms (GAs) provide a powerful tool. Inspired by natural
evolution, GAs evolve populations of candidate solutions through selection, crossover, and
mutation to identify effective parameters such as coupling strengths or training templates.
The concept was first introduced by Holland in his seminal work on adaptation in natural
and artificial systems [9], and subsequent studies have demonstrated their versatility
across engineering and machine learning applications [10]. In neuromorphic contexts, GAs
have been shown to complement Hebbian learning by improving robustness under noisy
conditions [11]. Building on this, our work employs GA-based optimization to generate
effective training patterns for Hebbian-trained ONNs [12,13].

The Kuramoto-based ONN architecture we introduce in this work is in fact a model of a
real analog circuit. Large ONNs were built for different purposes, such as the Ising-machine
architectures [14]; our design is a relatively simple one for classification tasks.

1.1. Hopfield Neural Networks (HNNs) and Auto-Associative Memory (AAM)

Hopfield Neural Networks (HNNs) are classical energy-based models capable of auto-
associative memory, where stored patterns are retrieved by converging to stable attractor
states [12,13]. This property enables robust pattern recall from noisy or incomplete inputs
and has inspired a wide range of neuromorphic architectures, including phase-based and
oscillator-driven models such as phase-locked loop networks [15] and more recent deep
oscillatory frameworks [16]. While HNNs illustrate how collective dynamics can support
memory and computation, their scalability and classification performance remain limited.
Building on this associative principle, the proposed ONN replaces binary neuron states
with continuous phase dynamics, enabling more robust and scalable synchronization-based
computation. Here, we employ an ONN layer with Hebbian-inspired coupling to encode
6 × 6 binary patterns through coupled phase dynamics.

1.2. Preliminary Work and Basics

In ONN architectures, information is typically encoded in the relative phase difference
between oscillators. For classification tasks, two stable synchronization modes are com-
monly employed: in-phase locking (∆θ ≈ 0◦) representing one class and anti-phase locking
(∆θ ≈ 180◦) representing the other. Coupling between oscillators is generally achieved
through resistive or capacitive elements. For instance, resistive coupling enhances the
interaction between oscillators whose phases align during training and allows for weight
adjustment via continuous analog modulation rather than discrete digital updates. Operat-
ing fully in the analog domain enables ONNs to perform continuous, parallel computation
without clock cycles, which is advantageous for real-time edge applications. Previous
studies have demonstrated that ONNs employ nonlinear devices to achieve phase syn-
chronization under specific operating conditions. Sharma et al. demonstrated how phase
coupling in oxide-based oscillators can be controlled to support neuromorphic comput-
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ing [17]. Similarly, Wang et al. modeled memristor-based oscillators for ONN pattern
recognition, highlighting their potential for robust synchronization [18].

1.3. State of the Art in HNNs and ONNs for Image Classification

Hopfield Neural Networks (HNNs) and Oscillatory Neural Networks (ONNs) have
recently been investigated as energy-based alternatives for image classification. Early work
by Belyaev and Velichko [19] applied the Storkey learning rule to Hopfield networks and
achieved approximately 61% accuracy on a deskewed 14 × 14 MNIST dataset, highlighting
the limitations of associative memory models when used for classification. Building on this,
Abernot and Todri-Sanial [20] extended the approach to ONNs, reporting 65.2% accuracy
for HNNs and 59.1% for ONNs on a simplified 10 × 10 MNIST set. They also introduced
the AAM-EP algorithm, which improved performance to 67% and 62.6% respectively.
More recently, Sabo and Todri-Sanial [21] proposed ClassONN, a Kuramoto-based ONN
model, and demonstrated classification of the full 28 × 28 MNIST digits with approximately
70% accuracy on the training set and 72% on the test set. Recent reviews such as Todri-Sanial
et al. [22] emphasize that ONNs are energy-based computing models whose dynamics
can be described by synchronization phenomena and formalized through the Kuramoto
model. Synchronization not only enables information encoding in phase relationships but
also provides intrinsic memory to the network. Other works explore advanced training
strategies, including machine-learning-based ONN design [23]. In parallel, Cai et al. (2025)
introduced OscNet v1.5, a Hopfield-inspired ONN implemented on CMOS oscillator fabrics
for energy-efficient image classification [24]. While these works highlight the potential
of more complex and hardware-oriented ONN architectures, our approach focuses on a
simple and lightweight design, which makes implementation easier while still achieving
competitive performance.

To the best of our knowledge,this is the first work to apply genetic algorithm optimiza-
tion directly to the design of oscillatory neural networks, combining evolutionary template
generation with Hebbian-based ONN training for image classification. Table 1 summarizes
these frameworks and positions our work among them.

Table 1. Summary of progress in neuromorphic computing frameworks.

Framework MNIST Acc. Key Idea

HNN (Storkey rule) ∼61% Energy-based associative memory
Kuramoto ONN (10 × 10) 59–65% Phase synchronization
ClassONN 70–72% Full-size Kuramoto ONN
This Work 75–76% GA-optimized Kuramoto ONN

The closest prior approach is ClassONN [21], which uses the same Kuramoto ONN
dynamics and Hebbian-trained templates on the same task; the key distinction is our
GA-based template optimization, which improves accuracy beyond manually designed or
Hebbian-only templates without adding network complexity.

2. Materials and Methods
We developed an oscillator-based neural network (ONN) to perform image clas-

sification. The model leverages synchronization dynamics of coupled oscillators, with
parameters optimized through a genetic algorithm. The following subsections describe the
system architecture, dynamical framework, and evaluation methods in detail.
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2.1. Kuramoto Dynamics and Parallel Classification Framework

The classification mechanism is governed by the Kuramoto model dynamics:

dθi
dt

= ω +
N

∑
j=1

Wij · sin(θj − θi),

where θi denotes the phase of the i-th oscillator and ω is the uniform natural frequency
across all oscillators. The initial phases θ(0) are provided by the preprocessed MNIST
images, mapped to {−π/2,+π/2}, drawn from the training split during GA optimization
and from the test split during final evaluation, while the coupling weights W, derived
from prototype patterns via the Hebbian rule, remain fixed during classification. The
system dynamics are numerically integrated using the Runge–Kutta (RK45) method to
ensure accuracy and stability. To reduce computational cost, simulations for different test
images are distributed across multiple CPU cores. The Kuramoto equation yields temporal
phase trajectories for each test image, from which binary outputs are extracted. Oscillator
phases are mapped into binary states through a normalization and thresholding process,
similar to approaches in oscillatory neural networks where binary states are represented by
synchronized versus desynchronized phase relations [15]. The ONN architecture consists
of a network of phase-coupled oscillators governed by the Kuramoto model, with class-
dependent coupling structures generated through a Hebbian learning rule and refined via
a genetic algorithm.

2.2. System Architecture and Evolutionary Training Process

Our oscillatory neural network (ONN) consists of 36 coupled oscillators. Data pre-
processing employed the MNIST handwritten digit dataset for binary classification. Each
28 × 28 pixel image was cropped to 24 × 24, downsampled to 6 × 6 resolution (yielding a
36-dimensional vector), binarized, and then mapped to binary values {−1,+1}. As part of
preprocessing, these values were multiplied by π/2, resulting in initial oscillator phases
of {−π/2,+π/2} to align with the system dynamics. In this configuration, each pixel
of the 6 × 6 image corresponds to one oscillator, resulting in a network of 36 oscillators
that collectively represent the input pattern. The test images serve as the initial phases
in the system. The preprocessing steps described are illustrated in Figure 1A. Prototype
patterns for each class were generated using a genetic algorithm. These patterns then
determine the coupling weights according to the Hebbian learning rule, so that the weight
matrix is not directly evolved but instead derived from the optimized class prototypes. The
resulting weights constitute the trained network parameters that process the inputs through
the Kuramoto dynamics. The GA-optimized templates enhance the ONN by producing
class-specific patterns that maximize phase separability and improve the quality of the
Hebbian weight matrix.

The Kuramoto model governs their dynamics, with the phase of each oscillator evolv-
ing according to the coupling interactions. Figure 1B illustrates the ensemble of binary
classifiers used in this work. Specifically, we employ 45 two-class classifiers, which together
cover all pairwise combinations of the ten digit classes (0–9). As an example, one such
binary classifier distinguishing between class 0 and class 1 is shown in this part of the
figure. Given the input pattern and the synaptic weight matrix constructed by the ONN,
the network produces a binary output representation. The decision of each binary classifier
is then obtained by processing the ONN output using three different decision methods,
which are described in detail later in this paper. Figure 1C presents the decision aggregation
process and the final classification stage. In this step, the outputs of all binary classifiers
are collected and accumulated into a vote count matrix, where each classifier contributes
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one vote to one of the digit classes. Among the proposed decision strategies, the minimum
energy criterion is visualized in this figure. Based on the computed energy values for each
class, the corresponding votes are assigned and the vote matrix is populated. Finally, the
predicted label is determined using majority voting, where the class receiving the highest
number of votes is selected as the final output. This ensemble-based voting mechanism
improves robustness and ensures a reliable final classification result.

Figure 1. Overall pipeline of the proposed ONN for MNIST digit classification. (A) Input prepro-
cessing and phase encoding of the 6 × 6 binary pattern. (B) Ensemble of 45 binary ONN classifiers
covering all digit pairs. (C) Decision aggregation via a vote-count matrix and final majority voting.

In the following, we describe in detail the process of constructing the weight matrices
using the Hebbian learning rule and the genetic algorithm. The overall procedure is
illustrated in Figure 2. The coupling weights wij adapt via the Hebbian learning rule,
defined by the weight matrix:

Wij =

 1
N xixj if i ̸= j,

0 if i = j,
(1)

This formula computes the weight matrix from the outer product of the input pattern with
its transpose, normalized by the pattern dimension N. The resulting matrix W captures
the correlations between the input patterns, which is fundamental to the Hebbian learning
rule. Here, xi ∈ {−1,+1} are binary vectors, N = 36 is the pattern dimension, and Wii = 0
prevents self-coupling. This supports stable synchronization, local learning, and sparse
connectivity. This setup lets us examine how the system preserves synchronization under
different initial conditions, coupling matrices, and input patterns.

To optimize the binary prototypes for each digit class, we implement a genetic al-
gorithm (GA) that iteratively evolves a population of candidate templates. The GA be-
gins with an initial population of 30 individuals, where each chromosome represents a
6 × 6 binary pattern (36 bits, encoded as 0/1 for phase mapping). The search space is
bounded to integer values [0, 1] for each bit, ensuring feasible binary representations. The
algorithm runs for a maximum of 100 generations or terminates early if no improvement is
observed for 100 consecutive iterations, balancing exploration and convergence.

Selection employs tournament sampling with a tournament size of 4, where the fittest
parent from each group advances, promoting diversity while favoring high-performing
candidates. Crossover uses a two-point method with a probability of 0.5, recombining
segments from two parents to generate offspring. Mutation applies bit-flip operations at a
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probability of 0.06, introducing small variations to escape local optima. An elite ratio of
0.5 preserves the top 50% of the population unchanged, and parents constitute 50% of the
next generation, ensuring a balanced mix of inheritance and innovation.

These parameter values were chosen to balance exploration and exploitation in a 36-bit
binary search space. A tournament size of 4 provides sufficient selective pressure without
premature convergence, while crossover at 0.5 and mutation at 0.06 are moderate rates
effective for binary optimization problems of this scale. The elite ratio of 0.5 and 50% parent
contribution preserve high-quality solutions while allowing adequate variation. These
settings follow standard recommendations and common practices for genetic algorithms
in template optimization tasks [25], supporting stable convergence toward digit-specific
features that enable robust phase synchronization in the ONN.

For each digit pair, fitness was evaluated on 2000 training samples; all final accuracy
results are reported on the held-out MNIST test set of 10,000 images. For each prototype p,
Hebbian weights are computed as W = 1

N ppT (with diagonal zeroed). This metric directs
the GA toward templates that capture key digit features, such as loops or lines.

The GA-evolved prototype patterns are optimized for phase separability within the
Kuramoto dynamics and are not necessarily visually resemble the target digit classes.
We observed that for certain digits, such as digit 0, the evolved prototypes retain some
resemblance to the actual digit shape, whereas for others, such as digits 1 and 7, the
prototypes differ substantially in visual appearance from the corresponding digit.

Figure 2. Hebbian weight matrix (36 × 36) derived from GA-optimized reference patterns for the
digit pairs (0–1 and 1–7). The 0–1 patterns look similar to their digits, whereas the 7–1 patterns do not
visually match the digit shapes.
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Figure 2 illustrates the methodology of the evolutionary algorithm applied to pattern
generation. The top row visualizes the evolutionary process for Class 0, where each
chromosome is represented as a 6 × 6 binary matrix. The process initializes with entirely
random configurations (Generation 1) and undergoes iterative selection and variation,
progressively converging toward a coherent structural pattern over successive generations.

The row below depicts the analogous evolutionary pathway for Class 1, with each
generation’s chromosome directly rendered as a 6 × 6 image. The algorithm initiates from
random prototypes for both classes and refines them through a defined fitness function.
The highest classification accuracy for the system was attained at Generation 100. The
optimized reference patterns for both Class 0 and Class 1 were subsequently extracted from
the population at this convergence point. Once the reference patterns have been obtained,
the corresponding weight matrix is subsequently constructed from them and presented
as a heatmap in Figure 2. The genetic algorithm improves each class-specific prototype
by evolving a population of candidate patterns and selecting those that yield better class
separation under the Hebbian-based coupling.

2.3. Performance Evaluation, Noise Robustness, and Output Analysis Methods

We assess robustness by introducing random phase deviations to the input phases in a
simple binary (0 vs. 1) classification task. This setup reflects realistic imperfections that may
occur in analog implementations, where the programmed initial phases can deviate from
their intended values. The updated results, now presented in Figure 3, demonstrate that
the GA-ONN maintains stability across a wide range of noise levels: the accuracy remains
above 97% for moderate deviations and only decreases to 94.5% at the maximum tested
perturbation (σ = 0.8 rad).

Figure 3. Resilience of the GA-ONN to increasing phase deviations in the binary (0 vs. 1) classification
task. The plot shows how accuracy changes as added phase noise (σ in radians) increases, with the
upper axis indicating the equivalent percentage of the total phase range.

To assess the effectiveness of the classification system, the output states from the
Kuramoto dynamics were compared with the optimized prototype patterns using several
complementary criteria, including distance-based similarity measures and energy-based
analysis. Detailed comparisons of the individual metrics are presented in Section 3.

2.4. Implementation Details

All simulations were implemented in Python 3.12 using the NumPy and SciPy libraries.
The most time-consuming step is the GA optimization to find the optimal binary prototype
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patterns for each digit pair. However, they have to be done only ‘once’ and this pays off for
inference-heavy tasks.

The Kuramoto dynamics were integrated with the Runge–Kutta (RK45) solver. To
accelerate computation, parallel processing was employed across multiple CPU cores,
allowing independent simulations for different test images to run concurrently. All reported
multi-class accuracy results were evaluated on the full MNIST test set of 10,000 samples.
The optimized prototype patterns for all digit pairs are publicly available in the GitHub
repository. Using these pre-computed patterns on a 32-core CPU, the full inference on the
MNIST test set requires approximately 3 to 4 h.

3. Results
3.1. Dynamics of Oscillator Synchronization

The temporal evolution of oscillator phases highlights how synchronization gradually
develops across the network, which is essential for classification. Figure 4 shows how
oscillator outputs converge toward stable states, while Figure 5 illustrates the stabilization
of phase relationships over time.

Figure 4. Temporal evolution of oscillator outputs (sin θ) showing convergence to stable synchroniza-
tion states during classification. Each colored curve represents the sinusoidal output of an individual
oscillator in the 36-oscillator network.

Figure 5. Stabilization of phase relationships over time. The unwrapped phase differences between
the reference oscillator and all other oscillators converge to stable values, indicating successful pattern
encoding through phase synchronization Each colored curve corresponds to one oscillator’s phase
difference relative to the reference.
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As shown in Figure 4, the oscillator outputs align within roughly 5 s of simulation
time, producing consistent sinusoidal patterns across the network. This convergence is
crucial for reliable classification because it guarantees that the network produces stable and
consistent outputs for every input. Figure 5 demonstrates how phase differences settle into
steady values, reflecting coherent synchronization among oscillators. During the initial
transient phase (0–5 s), the system adjusts to the input pattern. This is followed by stable
phase locking, which encodes the pattern and enables accurate recognition.

3.2. Multi-Class Architecture and Recognition Performance

A single ONN layer that would alone classify all 10 MNIST classes is likely not
feasible–even more involved training algorithms [23] did not yield reasonable results.

To extend digit recognition to all ten classes (0–9), we developed a framework based
on multiple binary ONN classifiers in a one-vs-one configuration. As shown in Figure 1,
the system processes MNIST digits through 45 specialized binary classifiers, with the final
decision obtained through majority voting.

The classification pipeline consists of four main stages:

• Input Preprocessing: Each MNIST image is cropped and resized into a 6 × 6 binary
grid, then mapped into the phase domain for oscillator compatibility.

• Binary Classifier Array: A set of 45 binary ONN classifiers, each optimized to distin-
guish between digit pairs (i, j) where 0 ≤ i < j ≤ 9.

• Output Matrix Construction: Classifier decisions populate a symmetric output matrix,
where each element Mij indicates the preferred class for the corresponding digit pair.

• Majority Voting: The final digit label is selected as the class receiving the highest
number of votes across all binary decisions.

Together, these stages extend binary ONN classification to the full 10-digit task, with
majority voting over the 45 pairwise classifiers producing the final label.

3.3. Classification Strategies

Beyond the multi-class architecture, we evaluated three distinct strategies for inter-
preting the oscillator network outputs. Each method leverages the binary nature of the
system in a different way, as described below.

3.3.1. Energy-Based Classification (Accuracy: 75.5%)

In binary classification, each ONN classifier is trained to distinguish between two digit
classes, denoted as patterns pA and pB. For a given test output vector x ∈ {0, 1}n,

xbip = 2x − 1 ∈ {−1,+1}n

Each reference pattern is similarly converted:

pbip
A = 2pA − 1, pbip

B = 2pB − 1

The Hebbian weight matrix is constructed as

W = pbip
A (pbip

A )T + pbip
B (pbip

B )T

Then, the energy of the test output with respect to each pattern is computed as

EA = − 1
2 (x

bip)TWpbip
A , EB = − 1

2 (x
bip)TWpbip

B

https://doi.org/10.3390/electronics15132897

https://doi.org/10.3390/electronics15132897


Electronics 2026, 15, 2897 10 of 14

The predicted label is assigned to the pattern with lower energy:

ŷ =

A, if EA < EB

B, otherwise

To account for possible inversion in oscillator outputs, the same energy computation is
repeated for the complement 1 − x, and the final decision is based on the minimum energy
across both forms:

ŷ = arg min
y∈{A,B}

{
Ey(x), Ey(1 − x)

}
3.3.2. Reference Pattern Matching (Accuracy: 75%)

In this binary classification strategy, each ONN classifier compares the test output
vector x ∈ {0, 1}36 directly against two reference patterns: pA and pB. The classification
decision is based on exact or approximate similarity.

A test output x is assigned label A if it satisfies any of the following conditions:

• Exact match: x = pA.
• Inverse match: x = 1 − pA.
• Threshold similarity: ∑36

j=1 |xj − pA,j| ≤ θ.

• Inverse threshold similarity: ∑36
j=1 |(1 − xj)− pA,j| ≤ θ.

Similarly, label B is assigned if any of the same conditions are satisfied with respect
to pB. The threshold θ = 6 allows for up to six pixel mismatches, enabling tolerance to
minor distortions in the oscillator output. If the number of mismatches exceeds 6 pixels
(i.e., H(x, pA) > 6 and H(x, pB) > 6), the input is considered an unrecognized/distorted
image (or rejected as not belonging to either class A or B).

3.3.3. Hamming Distance Classification (Accuracy: 76%)

This strategy relies on minimizing the Hamming distance between the test output
and two reference patterns. For each binary ONN classifier, the reference patterns pA and
pB represent the two digit classes. Given a test output vector x ∈ {0, 1}36, we compute
the Hamming distance to both patterns and their complements. The Hamming distance
between x and a pattern p is defined as

d(x, p) =
36

∑
j=1

(xj ̸= pj)

For each pattern, we compute

dA = min(d(x, pA), d(x, 1 − pA))

dB = min(d(x, pB), d(x, 1 − pB))

The predicted label is assigned to the pattern with the smaller distance:

ŷ =

A, if dA < dB

B, otherwise

The consistent performance across all three methods (75–76% accuracy on MNIST)
confirms the robustness of oscillatory neural networks for pattern recognition tasks. Al-
though the three methods yield close accuracies (75%, 75.5%, and 76%), the Hamming
distance approach is preferred due to its simplicity and computational efficiency. Unlike

https://doi.org/10.3390/electronics15132897

https://doi.org/10.3390/electronics15132897


Electronics 2026, 15, 2897 11 of 14

the energy-based method, which requires matrix-vector multiplications, both the Hamming
distance and reference pattern matching methods rely only on simple comparisons. Among
these, the Hamming distance method offers a slight accuracy advantage while maintaining
low computational cost. These results underscore the potential of phase-coupled oscillators
as energy-efficient alternatives to conventional computing architectures for low-power
intelligent systems, particularly in edge computing applications where power constraints
are paramount.

As illustrated in Figure 6, the diagonal entries of the confusion matrix represent cor-
rectly classified samples, while the off-diagonal values indicate misclassifications between
classes. The visualization highlights that the model achieves high accuracy for several
digits, such as 0 and 1, and reasonably strong performance for digit 6, which shows rela-
tively low misclassification rates. These errors are largely concentrated between visually
similar digits, such as 4, 7, and 9, which are often confused in handwritten form due to
overlapping structural features.

Figure 6. The strong diagonal dominance reflects a high agreement between predicted and true class
labels, indicating reliable classification performance.

4. Discussion
This study shows that a simple oscillatory neural network (ONN) with 36 coupled

oscillators, optimized by a genetic algorithm and trained with Hebbian learning, can
achieve 75–76% accuracy in the full 10-class MNIST task. The outputs remained stable
under moderate noise, which confirms that phase synchronization is a reliable approach for
pattern recognition. We emphasize that both the training and the inference can eventually
be done on real oscillators (i.e., actual analog circuits)—even if our present study is a
computational study on a digital computer.

4.1. Scalability, Resolution Analysis, and Baseline Comparison

To evaluate the scalability of the proposed ONN architecture, we increased the input
resolution from 6 × 6 to 14 × 14. This change does not significantly affect the ONN’s
performance on the simple 0–1 binary task. Across all tested resolutions, the network
maintains accuracy above 99%, indicating stable behavior under different oscillator counts.

To further assess the performance of the proposed ONN architecture, we compared the
GA-ONN against a standard MLP under identical preprocessing conditions. The GA-ONN
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achieves an accuracy of 99.28% with only 630 coupling weights, compared to 99.39% for the
MLP with 1172 parameters. This marginal difference indicates that the GA-ONN remains
competitive with gradient-trained baselines while relying solely on local Hebbian learning
without any gradient computation.

4.2. Hardware Feasibility

The paper uses the Kuramoto model, which itself is not directly related to a physical
oscillator model (such as to the circuit-level description of a ring oscillator or relaxation
oscillator) but can be ‘translated’ to a real circuit as it was done in several cited papers.
With the likely valid assumption that the Kuramoto oscillators can be implemented by ring
oscillators, one can make a back of envelope calculation of the net power consumption and
on the benefits of ONN hardware.

As a back-of-the-envelope estimate, following the arguments of [23] and references
therein, a single ring oscillator consumes approximately 1 pJ per inference. For the oscilla-
tory neural network considered in this work, consisting of 1620 oscillators, this corresponds
to an estimated energy consumption of Einf ≈ 1620 × 10−12 J = 1.62 × 10−9 J, per inference,
i.e., approximately 1.6 nJ per inference. It should be noted that this estimate is likely conser-
vative. The assumption of a constant 1 pJ per oscillator is derived from a different, fully
connected hardware architecture and does not account for the significantly simpler connec-
tivity of the present network, where only small blocks of oscillators should be connected
directly. Consequently, the actual energy consumption of a hardware implementation could
be substantially lower than this simple scaling estimate.

For comparison, highly optimized lightweight conventional neural-network accelera-
tors achieve energy efficiencies in the range of 1 µJ per inference for comparable tasks [23],
while GPU-based implementations typically consume considerably more energy in ex-
change for higher model complexity and accuracy. Even under the pessimistic assumptions
used here, the projected energy consumption of the oscillatory neural network is approx-
imately three orders of magnitude lower than that of state-of-the-art lightweight digital
neural-network solutions, suggesting a significant potential advantage in power efficiency.

4.3. Future Work

The main takeaway is that GA-optimized templates deliver strong classification accu-
racy while preserving the simple structure of an ONN classifier.

A natural next step is to replace the Kuramoto abstraction with a CMOS-level circuit
model of the oscillators. While the Kuramoto framework provides a fast and analytically
tractable approximation of phase dynamics, validating the GA-optimized templates on
transistor-level or behavioral CMOS oscillator models would bridge the gap between
algorithmic simulation and practical hardware. Such an investigation would clarify how
inverter-level delay variations, supply fluctuations, and coupling nonidealities influence the
stability and separability of the learned phase patterns. Another promising direction is to
integrate the proposed ONN as a front-end processing layer within larger neuromorphic or
hybrid pipelines. Because the ONN efficiently extracts low-dimensional phase features from
binary or low-resolution inputs, it could serve as an energy-efficient preprocessing stage
before a lightweight digital classifier or a secondary ONN module. Exploring multi-stage or
hierarchical ONN architectures—where early layers perform coarse feature extraction and
later layers refine the decision—may significantly improve multi-class performance while
preserving low power consumption. Overall, extending the model toward CMOS-accurate
oscillator simulations and embedding ONN modules within larger hybrid architectures
represent two key steps toward practical, hardware-efficient oscillatory computing systems.
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