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Abstract

Oscillatory neural networks have so far been successfully applied to a number of computing
problems, such as associative memories, or to handle computationally hard tasks. In this
paper, we show how to use oscillators to process time-dependent waveforms with minimal
or no preprocessing. Since preprocessing and first-layer processing are often the most
power-hungry steps in neural networks, our findings may open new doors to simple and
power-efficient edge-Al devices.

Keywords: oscillators; learning; computing; vowels; multi-layer network

1. Introduction

Oscillatory neural networks (ONNs) are analog circuits built from oscillatory building
blocks. They encode information in the phase, frequency and amplitude of these oscillations
and use oscillator-oscillator couplings to process data [1,2]. Given that oscillators are
ubiquitous in the physical world and can be implemented with very simple circuits, ONNs
have the potential to become a practical circuit technology. It is also argued that oscillatory
dynamics may naturally handle computationally hard problems [3,4].

There are a number of processing tasks where ONNs were used successfully: Hopfield-
network-like associative memories [5], Ising machines [4], reservoir-like devices [6],
and they were even used as image classifiers with considerable success.

In many cases, ONNs do not need any training. For example, this is the case in
oscillator-based Ising machines, where the problem statement itself defines the circuit
parameters. If training is needed, these networks mostly use simple Hebbian learning rules
to define their computing function [7]. Recently, we have shown that it is possible to use
gradient-based machine learning methods directly on the circuit model of oscillators [8],
which significantly extends the range of problems that such oscillator networks could solve.
Also, it is possible to use equilibrium propagation [9-11] or other novel algorithms to create
and train ONNs.

One of the main benefits of ONNSs is that they offer the possibility of using very simple
building blocks: oscillators are ubiquitous in the physical world or can be realized by just a
few transistors (such as ring oscillators). However, the simplicity of ONN processing is
undermined by the need for input pre-processing. For example, ONN-based associative
memories should receive an input oscillation with a stable phase, which is not at all trivial
to generate.

Pre-processing is also needed if the ONNSs are to be used on time-domain data. ONN-
based associative memories operate on images (i.e., on stationary patterns such as an image
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encoded in a phase pattern), so the time-domain data have to be first converted to an image,
such as a spectrogram. This way the rich oscillatory dynamics is likely not exploited to
full extent.

In this paper, we attempt to alleviate the above-mentioned problems, trying to use
ONN:s for the classification of time-dependent signals with minimal preprocessing. Our
case studies will be on speech (vowel) recognition.

Speech recognition is one example of time-dependent processing problems. In most
current algorithms it is reduced to an image processing task as most conventional neural
network models are solving it by using the Mel Spectrogram of the audio signal as input to
the network [12].

ONNs are dynamical systems with inherently rich dynamic behaviors. So it seems
that their capabilities are not used to the full extent when only their stationary (converged)
states are used in the computations. For example, if a Hopfield-type classifier is realized by
an ONN, then a stationary input (an input image or pattern) is presented, and at the end, a
stationary phase configuration is read out. The dynamics of the system are interesting only
until it ensures convergence to a well-defined computational ground state.

When ONN:Ss are used to process time-dependent signals, this is usually conducted
in the framework of reservoir computing [13,14]. Likely, the main reason for that is that
dynamical systems are difficult to train, and reservoirs do not require training of the said
dynamical systems.

The novelty of our paper is that we follow a different route, attempting the design of
ONN s that do not rely on reservoirs. While reservoirs have a complex, unknown internal
structure, the ONN-based layers we design act as filters that extract or classify spectral
features of the input signals.

In this paper, we design two types of ONN architectures, where a first layer of os-
cillators does the lion’s share of processing on input auditory signals. This first layer of
oscillators can directly take a time-domain signal and may output a classification result or a
slowly time-varying signal that may be further processed by a traditional neural network.

The first ONN architecture consists of a hidden layer, with oscillator frequencies tuned
to the dominant frequency components of the incoming signals. The inputs of this ONN
are the formants of the vowels to be classified. Due to the injection locking, groups of
oscillators may synchronize to each other (and to the input), signaling the presence of
certain components in the input. The synchronizing oscillators in the first layer may induce
synchronizations in the subsequent layers, indicating the joint presence of characteristic
frequency components. We show that the couplings’ strength and the frequencies of the
oscillators can be optimized by machine learning methods. For certain vowel classes, we
reach high (close to 100 %) classification accuracy with the oscillators alone.

The second ONN we demonstrate is a single-layer ONN, which needs no preprocess-
ing at all: instead of receiving formant frequencies, this ONN receives vowel waveforms
directly and groups of oscillators respond directly to such stimuli. This ONN needs ad-
ditional layer(s) of traditional neural networks for a high accuracy output, but we will
demonstrate that the “heavy lifting” is still conducted by the ONN layer.

Both architectures belong to frequency-based ONNSs, where the input and output of the
computation are encoded in frequencies instead of phases [15,16]. These types of oscillators
arise in various oscillator-based computing fields, such as computational neuroscience [17]
and mathematical oscillators, such as modified Kuramoto-oscillators [18].

It is important to emphasize that the goal of our work is not to further the state-of-the-
art in neural network accuracy or to compete with large-scale models containing millions
of parameters. Instead, our aim is to demonstrate that oscillator-based systems can serve
as simple, energy-efficient front-end layers in neural networks. Such systems have the



Information 2025, 16, 611

30f17

potential to reduce or even eliminate the need for components like analog-to-digital (A/D)
converters and spectrum analyzers.

Our work paves the way for direct processing of dynamic, time-domain signals. This
likely results in significant energy savings; as in a typical edge-Al architecture, the first
layer is the one that should process raw data and also this layer is responsible for the
majority of the task at hand; energy savings in these layers could be the most impactful.

2. Materials and Methods
2.1. Simulation of Coupled Ring Oscillators

Ring oscillators are one of the simplest oscillators. They are built from an odd number
of inverters connected in a ring shape [8]. They are easy to implement, but they possess
inherent nonlinearities that make them suitable for complex, dynamic computing tasks.

Ring-oscillators can be coupled together by one of their nodes, and depending on
which nodes are coupled together, there can be either a positively or a negatively coupled
oscillator pair [19]. The former means that the oscillators would try to align in phase and
the latter means the opposite, so they will try to align in an anti-phase state. In both cases,
their frequency will pull toward each other. Since we are interested in a frequency-based
ONN (i.e., phases are not directly relevant), we only use positive couplings.

In our computational study, we use a differential-equation-based (ODE-based) model
of ring oscillators, following the formalism of [8]. This should give results very closely
matching a behavioral SPICE simulation model.

Several oscillators coupled together can be described mathematically by the following
ODE as presented in [8].

Coupling dynamics
—N—
do 1, 1, 1y, .
cZ = A (f(P,Tv)—v))+R—CCv—E<B ©@ou ))1 (1)

Intrinsic dynamics External dynamics

This ODE is derived using Kirchoff’s law and, for specific parts, see Figure 1. The P,
in the equation is a permutation matrix to set the voltages according to the ring structure.
A’ is a diagonal matrix and is used to set the frequency of the oscillators by modifying the
resistance between the inverters in a given oscillator. C’ and B’ are coupling matrices used
for couplings between the oscillators and between the input generators (denoted by u) and
oscillators. The f() function describes inverter nonlinearity. In this particular equation the
input generators are considered to be voltage generators but current generators can also be
used with a slightly modified ODE.

Any kind of ring-oscillator-based architectures can be designed by figuring out the
A’, B and C’ matrices. In physics, this translates to setting the values of resistances
appropriately. This can be conducted by either a machine learning method based on some
learning criteria or for a smaller system, these can also be set by a trial-and-error method
“by hand”.

2.2. Frequency-Based Computing

Our frequency-based computing scheme is based on the simple fact that two oscillators
that are synchronized to a common driving signal, become synchronized to each other as
well, a phenomenon well known in the mathematial literature of synchronization [5,20].
So, certain frequency components in the driving signal can be detected by detecting the
mutual synchronization of otherwise independent oscillators.
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Figure 1. The architecture of a two-oscillator system. The oscillators are coupled both positively
(node 3-3 connection) and negatively (node 6-3 connection). Also, the different types of nodes in
terms of connectivity that can occur in a ring oscillator are highlighted on the sides. For generality,
the figure shows both positive (in-phase) and negative (anti-phase) couplings, but we only used
positively coupled oscillators in this work.

It can be observed that if a sinusoid signal arrives to one of the nodes of an oscillator,
then the oscillator is capable of synchronizing its frequency to the frequency of the input
signal, given that the frequency of said input signal is sufficiently close to the principal
frequency of the oscillator to which it is connected. This interaction with several oscillators
can be seen on Figure 2. The oscillator frequencies are grouped in the image, so it contains
four groups of six oscillators having frequencies close to each other inside the groups,
but relatively far away from each other between the groups. The frequency of an input
sinusoidal voltage generator is swept with a frequency shown on the x axis. It can be
seen that when the frequency gets close to the frequency of a group of oscillators, all the
oscillators in that specific group jump together ( synchronize) in frequency.

Frequency response of oscillators to various input frequencies

540

5201

500 4

480 ﬁ )

440

Oscillator frequency (MHz)
=
N
o

400

350 375 400 425 50 475 500 525 550
Input frequency (MHz)

Figure 2. Frequency synchronization of oscillators to input sinusoid with certain frequencies. A
frequency sweep over a range of frequencies for a single input sinusoid voltage generator connected
to a 24-uncoupled oscillator network can be seen. The four different groups of oscillators are either
synchronizing to the input signal or not synchronizing to it, depending on the frequency of the input.
In each group, the oscillators synchronize to the input signal’s frequency one-by-one, until all of
them are synchronized, then they run together for a specific frequency range, and then they depart in
frequency from the rest of the group one-by-one again.
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2.3. Vowel Database and Preprocessing

To test our ONN system, we used a relatively simple, well-tested set of English spoken
vowels, as described in [21].
The database we used is comprised of 12 vowels: “ae”, “ah”, “aw”, “eh”, “ei”, “er”,

Zanr A
7

“ih”, “iy”, “0a”, “00”, “uh”, “uw”. Also, the dataset we used had signals of maximum 1 s
long spoken vowels with 16,000 Hz as sampling frequency. First, we padded all the vowels
with zeros to have exactly 1 s length. There are recordings by both men and women in
the dataset.

These vowels have two to four dominant frequency components, but in most cases,
their two most dominant frequency components are significant enough to extract them
and use them as preprocessed, synthetic sinusoidal signals as inputs to an oscillator-based
architecture. The scatter plot of all the vowels’ first two formants can be seen in Figure 3.
The two distinct regions where the data points are scattered—the two parallel lines—are
coming from the gender differences between the speakers.

For our simulations, we utilized both the raw waveforms and the formants extracted
from them. In each case, the time axis was scaled so that vowel frequencies, originally in
the 100-1100 Hz range, were shifted to the 100-1100 MHz range. This scaling was necessary
to ensure realistic parameters for the oscillator network, bringing its frequencies into the
high MHz to low GHz range.

2 most dominant frequencies of vowels

™
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Figure 3. Scatterplot of all the first and second most dominant frequencies of all the vowels in the
dataset. The two different lines the data points are gathered around are possibly arising from the fact

that these vowels were recorded by either male or female speakers and female speakers tend to have
a higher pitch.

2.4. Vowel Recognition by Frequency-Based Computing

The key to the operation of our scheme is that oscillator groups detect frequency
components in the input waveform. This phenomena can be used to detect audio signals
comprised of a few amount of dominant frequency components, like English vowels.

A key requirement for the operation of this scheme is the proper choice of oscillator fre-
quencies, which match typical vowel frequencies. The frequencies are learnable parameters
that can be determined either by gradient-based or gradient-free optimization techniques.
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2.5. Optimization of Parameters

Optimizing the ONN networks means finding the right parameters in the A’, B’ and
C’ matrices from Equation (1). In the simplest case, this can be done by a trial-and-error
method, for example, frequencies can be estimated from Figure 3. Other methods can also
be used, like Backpropagation Through Time (or BPTT) [22], or gradient-free optimization.
We decided to use the first trial-and-error and third gradient-free optimization approaches
as we showed earlier that BPTT for ONNs consumes a lot of memory and it takes a lot of
time to use [8]. As opposed to this, gradient-free optimization can be a great way to free
ourselves from the burden of a method with a heavy computational cost.

Gradient-Free Optimization

Gradient-free optimization is often used when calculating the derivative of some
kind of loss function is costly or even impossible. The base idea is the same as it is for
the gradient-based methods, so the goal is to optimize some kind of cost or loss function.
There are a lot of variations for this kind of optimization, such as evolutionary algorithms.
In order to utilize gradient-free optimization, we used the Nevergrad Python package [23].
We use this method for finding the right natural (free-running) frequencies of the oscillators.

2.6. Time-Domain Vowel’s Effect on Oscillators

In the scenario of Figure 2, the oscillators are subjected to a coherent, sinusoidal
injection signal. Waveforms to be classified are typically a far cry from this: most time series
are wideband signals with continuously and abruptly shifting frequencies, and typically,
many different frequencies are acting simultaneously on a particular oscillator.

In the circuit model, an arbitrary waveform (such as a vowel waveform) can be
straightforwardly applied to the oscillators. We have conducted this by connecting an
additional voltage generator through a resistor to a ring oscillator node.

The effect of a vowel waveform on an oscillator is exemplified in Figure 4. The actual
waveform is given in Figure 4b and its Fourier spectra is in Figure 4c. As described above,
the sampling frequency was scaled to fall close to the natural frequency of the oscillator.

In Figure 4a the instantaneous frequency of the oscillator is shown, this was simply
determined from the time period of the oscillation. The time-dependent waveform is
continuously pulled to the dominant frequency of the waveform as long as the vowel
waveform is acting on the oscillator.

It is evident that when the vowel is actually spoken in the recording, the frequency of
the oscillator is changed and synchronized to the principal frequency of the input vowel
for the time being, and when the speaker stops saying the vowel, it goes back to the natural
frequency of the oscillator.

Clearly, the effect of the oscillator may be viewed as a “filter'—its frequency is pulled
when a close-by frequency component appears in the input. Importantly, this effect survives
even in the case of the highly incoherent input.

To use this effect for vowel recognition, we apply the oscillator waveforms simulta-
neously to a number of oscillators, whose frequencies span the range of frequencies in
the vowel. The behavior of an oscillator filter bank for one particular input is shown in
Figure 5, where again the instantaneous frequencies are plotted as a function of time. One
can see that groups of oscillators (with closely lying frequencies) jump together when
the vowel waveform is acting. Oscillators with farther-away frequencies are affected by
the vowel, but they do not sync in frequency. It is important to note that oscillators that
frequency-synchronize in this scenario are typically not phase-synchronized, and their
waveforms do not overlap.
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Figure 4. (a) The effect of a time-domain waveform on a single oscillator’s frequency. (b) depicts a
single vowel in time-domain. (c) shows the frequency domain of the vowel. It is evident that the most
dominant frequency components of this particular vowel is around 3.50 MHz. Note that this vowel
has been increased in speed, hence in frequency, by applying it over 100 us instead of 1s. On (a), the
frequency response of a single oscillator can be seen, through which the input vowel has been fed
by a voltage generator. It is evident that the oscillator’s frequency is changed when the input vowel
is spoken on the recording and synchronized to around 350 MHz, and then it goes back up to its
intrinsic frequency of around 330 MHz. This shows that ring oscillators are capable of reacting to
external stimuli with their frequency, even if the input is not coherent.
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Figure 5. Layer of oscillators frequency response to a single, time-domain input vowel. The oscillators
with intrinsic frequencies close to the frequency peaks are synchronized in frequency to each other
for the time the vowel is actually spoken and then return back to their original frequencies. Colors
are used only for better visibility.



Information 2025, 16, 611

8of 17

Qualitatively, the oscillator layer may be looked at as a filter bank, where the presence
of a particular frequency component is signaled by the synchronization of oscillators around
that frequency.

2.7. Integrating the ONN Layer with Traditional Neural Networks

For some of the results below, we used the ONN in tandem with traditional layers;
these were used to improve the results coming from the oscillator layers.

For the training of this conventional, multi-layered perceptron introduced in the next
section, we used standard training methods, such as Adam optimizer and cross-entropy
loss. These were implemented in Pytorch [24]. Due to the small nature of this added
network, the learning itself was fast and lightweight.

3. Results

In this section, we introduce two architectures for vowel classification.

The first architecture is a two-layer neural network entirely made of oscillators. This
one uses two of the extracted dominant frequencies (formants) of the spoken vowels
as inputs.

The second architecture uses ONN as a first layer, and classification is conducted in
the second, conventional (perceptron-type) layer. This structure takes the vowel waveforms
directly as inputs, with no preprocessing.

Both architectures are tested on a binary classification problem to prove that they are
capable of solving tasks accurately.

For both architectures, we created a binary recognition problem to test their perfor-
mance. We picked the “ah” and “iy” vowels as our test case.

3.1. Vowel Recognition by Multi-Layered Oscillatory Neural Network

The first architecture we propose to distinguish two vowels from each other based on
their two most dominant frequency components is composed of two layers and can be seen

in Figure 6.
Vowel 1 Vowel 2
Output 1 Output 2 Output 3 Output 4
AY / AY / AY / AY /
AN / AN / AN / AN /
Group 1 \ / Group 2 \ / Group 3 \ / Group 4 \ /

Oscillators covering
a frequency range

Oscillators covering
a frequency range

Oscillators covering
a frequency range

Oscillators covering
a frequency range

6 Uncoupled

6 Uncoupled

6 Uncoupled

6 Uncoupled

1st most
dominant Input sinusoids (from vowels)
frequency

2nd most dominant
frequency

Figure 6. Our proposed architecture. The input signals are represented as sinusoid voltage generators.
The frequency of these generators is set by the first and second most dominant frequency components
of a given input vowel. These are connected to a single layer of unconnected oscillators grouped into
4 distinct groups to highlight their collective responsibility in detecting a certain frequency value
from the input signal. The groups are synchronized in frequency if the input sinusoid has a frequency
within the frequency range the group is covering. These groups are then connected to a pair of
oscillators covering the same frequency range. If the 6 oscillators in either group are synchronized in
frequency, then the pair of oscillators in the output layer will be synchronized in frequency as well.
This way, we can signal certain frequencies by different groups found in the input sinusoids.
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The two oscillator layers do not have any intra-layer couplings, so no oscillator in a
given layer is connected to any other oscillator from the same layer.

The two layers serve two distinct purposes. The first layer detects the frequency
components from the input signal, and the frequency synchronization of the two oscillators
shows the location of a certain frequency in the input. The second layer performs the actual
classification step by detecting the pair of formants that are characteristic of the vowel.

First, the two frequency values are turned into two distinct sinusoidal signals with the
given frequencies. These two signals are then fed to each of the oscillators in the first layer.

The oscillator groups in the first layer of Figure 6 are used for detecting the presence
of frequency components. Due to the fact that we used the two frequency components and
did binary recognition with the architecture, there are four possible different frequency
combinations. The first layer’s task is to signal whether these four frequency ranges are
present in the input sinusoids or not.

This frequency detection is then fed forward to the second layer. Each of the four
groups in the first layer is connected to two oscillators from the output layer. The mech-
anism in the second layer is simple: if the oscillators in the group from the first layer
are synchronized in frequency, then the two oscillators from the second layer that they
are connected to will also synchronize in frequency. This way, with a simple frequency
measurement in the second layer, it is possible to determine which frequency ranges were
present in the input sinusoids.

This is a very simple architecture with a low number of connections. The number of
couplings and oscillators is summarized in Table 1.

Table 1. Table of neuron, coupling and parameter counts for the proposed, multilayer oscillatory
network. The network is lightweight with only 50 couplings. Note that the real parameter count
for the network to figure out is the sum of the number of parameters and couplings as the former is
responsible for setting the frequency of oscillators and the latter is responsible for setting the strength
of couplings between each connected oscillators.

Input Layer #1 Layer #2 All
# of neurons 2 24 8 34
# of parameters 0 24 8 32
# of couplings to next layer 2 48 0 50

To test the performance of the network, we extracted the dominant frequencies of the
previously mentioned vowels. The scatter plot of these data points can be seen in Figure 7.
Both the baseline frequencies and the scaled frequencies are in the figure.

It is worthwhile to note that this network is expected to correctly classify only linearly
separable problems, which is the case for the vowels shown in Figure 7 above.

3.1.1. Choosing the Network Parameters for High-Accuracy Classification

In order to optimize the network of Figure 6, the frequency of oscillators and the
coupling strength between the input voltage generators and the hidden layer, and also
between the hidden and the output layers, have to be set. The coupling strength translates
physically to resistance values. In this section, we are showing the results of doing this by
simple considerations.

Since the problem involves four distinct frequency ranges—where vowels can be
differentiated based on their primary and secondary dominant frequencies—configuring
the frequencies for the hidden and output layers is somewhat easier. We only needed to
determine the frequencies of the grouped oscillators that could interact with the input
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sinusoids. Additionally, we had to select a coupling strength between the oscillators that

would avoid distorting the signals and prevent overlapping synchronization regions.

Second most dominant frequency (Hz)

Vowel frequencies

® @ ah ® @ ah
1000 A - -
o] o]
4 520 A v
.  J ® &
] “ ¢ o] “ ¢
800 4
° [ ) .. 510 A ° @ ..
i > ® %,
o ® =) )
600 4 ¢ ¢

400

Second most dominant frequency (MHz)

Modified vowel frequencies

500 A

490

4 >
s . s
500 4 480
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Most dominant frequency (Hz) Maost dominant frequency (MHz)

Figure 7. The dataset, consisting of two vowels “ah” and “iy” we used to test the proposed architec-
ture. This is a linearly separable problem, so the architecture should have no difficulty solving it.

On the left subfigure of Figure 8, the synchronization regions of the two-oscillator
groups in the output layer can be seen as dips in the different curves. On the x-axis, there is
a sweep of frequencies over an extended range of frequencies, incorporating the frequency
ranges of the vowel’s two most dominant frequency components. It can be observed that
the O1 and O2 groups are responsible for recognizing the lower frequencies, and the O3
and O4 groups are responsible for the higher frequencies. The synchronization regions do
not overlap.

In order to measure and algorithmically decide whether any group of oscillators is
synchronized or not, we simply used the following formula:

S=Y.(fi— )%
ij

where f; are the frequencies of the oscillators in the given group. This S value is then scaled
and used as a dimensionless number, because the magnitude of this difference is not rele-
vant, just the fact that it is low for synchronizing cases or high for non-synchronizing cases.

On the right subfigure of Figure 8, we can observe the synchronization values of
the four oscillator groups in the output layer by the input indices on the x-axis. The first
45 sample was from “iy” vowel and the other 45 sample was from the other, “ah” vowel.
It is clear that by using this synchronization metric, the decision is easy. If the sum of the
synchronization value of O1 4 O2 is lower than that of O2 + O3, we can say that it is an
“ah” vowel; otherwise, it is an “iy” vowel. It can be seen that for the first batch of samples,
the sum of O1 and O3 is close to zero, but the sum of the other two is high; meanwhile, for
the other part of the set with the other vowel, it is the other way around.
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Output layer synchronization Output layer
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Oscillator synchronisations
In-group synchronisations
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Figure 8. The left subfigure shows the synchronization value of the 4 pairs of output oscillators.
The input sinusoids’ frequency is swept over a given frequency range, and the synchronization
appears as a constant part of the well for the curves. On the right side, the same synchronization
value can be seen, but it is calculated after feeding the two types of vowels to the system. For the first
45 vowels, being “ah”, O2 and O4 pairs are synchronized, and for the other 45 vowels, being “iy”,
the O1 and O3 pairs are synchronized.

Also, from this we can conclude that the architecture is capable of solving this task
with 100% accuracy.
The physical parameters of the network are summarized in Table 2.

Table 2. Physical parameters of the resulting system All these parameters were set by trial-and-error
and used for the simulations.

Circuit Element Physical Parameter
C 1.0x 10713 F
R 2.0 x 103-2.7 x 103> O
R;y 1.0 x 10* Q
R, 1.2 x 100-2.2 x 10° Q
Vi, (amplitude) 1V

In our setup, the frequency difference for the oscillators should be around 20-40 MHz.
In this case, a coherent, sinusoidal injected signal can synchronize them. The precise value
of the frequency difference depends on the strength of the input; however, the input cannot
be overly strong because that would break the oscillatory behavior.

3.1.2. Gradient-Free Optimization of Network Parameters

To eliminate the somewhat heuristic procedure above, we used the Nevergrad package,
version 1.0.8, written in Python [23] to let the algorithm figure out the parameters of the
network, such as the optimal ring oscillator frequencies.

Now, on Figure 9, the same output layer synchronization can be seen at different
points in the learning procedure. The left-most figure is the initial state, the middle is
an intermediate step during the learning, and the last one is the state where the network
learned the 100% separation.

For this gradient-free optimization, we used a genetic algorithm to figure out the
frequencies and couplings.
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Figure 9. The synchronization value of the output pairs for the test dataset throughout different stages
of learning. The initial state of the left figure is random, then during learning, the synchronization
values start to settle to the desired values, and lastly, when the learning is finished, the synchronization
values indicate a 100% separation.

The result is very similar to the trial-and-error “by hands” learning as the last state of
the learning indicates.

3.2. Recognition of Raw Vowel Waveforms Without Preprocessing

In Figure 4 and in Section 2.6 we demonstrated that applying the vowel waveform
directly to the oscillator has a strong effect on its frequency—even if this effect cannot be
described as a clean phase and frequency synchronization to an injected signal. However,
the frequency correlations between the neighboring oscillators can be picked up using
appropriate circuitry.

In order to process raw waveforms, we use a single layer of oscillators with frequencies
spanning the spectral range of vowels. Unlike in the network of Section 3.1, we use a small-
sized traditional neural network as a second layer to do classification. Oscillators act only
as pre-processing layers. The schematic figure of this architecture can be seen in Figure 10.

. Oscillator
O Perceptron

Feature 2

Feature 3

50 Oscillator Perceptrons

Figure 10. Mixed architecture for time-domain binary vowel recognition. The first part of the
architecture extracts the frequency features of the time-domain vowels by measuring the frequency
synchronization strength of neighboring oscillators. The second part uses this feature set as input
data to do the actual binary recognition with a simple, multi-layer perceptron architecture.
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The first part of the architecture—shown on the left side of Figure 10—is entirely
oscillator-based. Its main function is to extract frequency components from the time-
domain vowel input by measuring the synchronization strength between neighboring
oscillators. Each oscillator’s output voltage is first converted into a binary signal using
comparators. Then, the outputs of adjacent oscillators are passed through XOR gates, which
operate as follows:

¢  If two oscillators do not have synchronized frequencies, then the output of their XOR'’s
duty signal will be constantly changing.

e  If two oscillators are synchronized in frequency, then the output of their XOR’s duty
signal will be constant over time

The output of the XOR gates passes through a low-pass filter. A circuit can straight-
forwardly conduct this; in our simulations, we used a moving average filter to emulate
its effect.

To create a single feature vector from the time-dependent filtered XOR signal, we can
count its zero crossings. Here, if we have a constant duty signal, indicating synchronized
oscillators, we will observe fewer zero crossings; otherwise, if the duty signal is constantly
changing for two non-synchronizing oscillators, then the number of zero crossings will be
high. The detailed changes in the signals coming from the oscillators as output voltages
passing through this apparatus are depicted in Figure 11.
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Figure 11. Transformations on the output signals of two neighboring synchronizing oscillators.
The transformations Conducted on the two oscillator signals via the small circuit after the oscillators
can be seen on (a—d): (a) output voltages of synchronizing oscillators near the synchronization time
frame and it can be observed that in the synchronizing region the two oscillators frequencies are not
changing relative to other, but before and after that oscillator 1 is constantly moving over oscillator 0
as the higher frequency oscillator; (b) after digitizing the output signals, two square signal can be
observed; (c) the XOR of the synchronizing signals shows similar behavior than (a) as the XOR is
changing with constant duty signal in the synchronization region but outside of it the duty signal’s
length is constantly changing; (d) after applying a mean filter for the whole XOR signal, we can see
the synchronization region clearly and if we count the zero-crossing on this signal we will receive a
lower value than we would if this synchronization would not have been present as it can be seen that
outside this region the smoothed XOR signal is sinusoid-like. Note that we took the inverse of this
value and transformed it to [0, 1] range to achieve the relative signal strength. This way, it is more
intuitive to call it synchronization strength.
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An example showing oscillators react to a time-dependent input, is shown in Figure 12.
It is clear from the figure that the oscillators with intrinsic frequencies close to the frequency
components in the vowel are synchronized, and the rest are not. On the right, however, we
can see the relative frequency synchronization strength between the oscillators. For under-
standing, the zero crossing values have been normalized to the [0, 1] interval and also they
were reversed so that it shows better where the frequency peaks are in the vowel.

We first used the oscillatory architecture to do the feature extraction on the two vowel
sets. After that, we used that resulting dataset as an input to the mentioned, low parameter
count multi-layer perceptron. It used 49 inputs and 2 outputs with 64 neurons in the first
and 32 neurons in the second hidden layer.

Frequency (GHz)

06 08 10 00 02 04 06 08 10
lative sync. strength

Figure 12. Example of feature extraction with oscillatory layer. The feature vector element values
are high if synchronization is present between two oscillators and low if there is no synchronization,
as desired. The frequency spectra of the vowel are on the left, rotated 90 degrees for clarity. The colored
curves are the instantaneous frequencies for each oscillator.

Performance on the Dataset

Due to the small dataset and the simple nature of this conventional neural network,
the training and evaluation of the architecture are fast.

The confusion matrix of the evaluation of the test set can be observed in Figure 13.

Confusion Matrix: 'ah' vs 'iy'

True label

F15

r10

Predicted label

Figure 13. Confusion matrix of “ah” and “iy” vowels with the mixed architecture. The architecture
made some errors, but overall its accuracy is 93%.
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Overall, in terms of accuracy, it performed slightly worse than the multi-layered
oscillatory network, but that is due to the fact that there the input signals were heavily
preprocessed, and here the pre-processing is conducted by the oscillatory layer. Also, do
note that the multi-layered perceptron is a very simple network, so it is prone to overfitting,
especially for a small dataset we had available.

In terms of the physical parameters here, all the oscillators had the same value for
the input resistor and that was 2.5 k(). Here, the remark from the end of Section 3.1.1 is
true with the added restriction that the difference between the frequencies of neighboring
oscillators should be at most 2025 MHz, so that 2—4 oscillators could synchronize in
frequency to the incoherent input signal for the duration of the speech.

4. Discussion

We presented ONN architectures for processing time-domain vowel signals.

Our first architecture consisted solely of oscillators, but its incoming signals require
some preprocessing, which receives formants (coherent oscillatory signals) extracted from
the vowels. If the oscillator frequencies are properly chosen, they can achieve a 100%
classification accuracy on simple vowels, correctly identifying their frequency constituents.

This way, the classification largely depends on the separability of the formant fre-
quency, especially the two most dominant ones. Although we did manage to reach 100%
accuracy for some classes, some performed worse, around 80-90%, depending on the linear
separability of the given vowels’ formant frequencies.

A key feature of this network is that it has two oscillator layers; frequency-domain
information is passed from the first layer to the second, akin to a feed-forward network.
We envision that this architecture can be developed to perform more complex processing
functions by making the second layer’s connections more complex.

The second architecture is a single-layered ONN that receives entirely unprocessed
signals, i.e., raw waveforms. For the injected broadband signal, a degree of entrainment
occurs between the oscillators. This synchronization cannot be passed to another oscillator
layer, but can be used to extract a feature vector by means of simple circuitry and further
processed by a simple, more conventional neural network.

For this architecture, the accuracy was less than for the first architecture on the test
case shown in this paper, but we emphasize that the first approach is using a preprocessed,
coherent signal, while this solution is using the pure waveform. Nevertheless, compared
with the 100 % for the first architecture on “ah” and “iy” vowels, we managed to achieve
93% on the test set, which is high for such a simple circuitry.

Also, we tried a multi-class classification using the second architecture with a 12 output
neuron, instead of 2, and we achieved great results on the training set. It reached 97% using
a training and validation set, which means that the oscillatory layer managed to extract
meaningful information from the raw signals, essentially transforming a time-dependent
signal into static data. It should be mentioned, however, that the network was overfitting,
failing to generalize to the test set in some cases, which was mainly due to the small amount
of samples per class in the test set.

We believe that the overfitting was likely due to the simplicity of the traditional
second layer, which is still an extremely simple and lightweight neural network. Work is in
progress to optimize the performance of the non-oscillatory layers in the architecture.

The motivation for this work is to achieve ultra-low power signal processing, ring
oscillator-based ONNs were shown to outperform the power efficiency of their digital coun-
terparts by two orders of magnitude for simple tasks [8]. Since the ONN we showed that
runs at several hundred MHz frequency can perform several ten thousand classifications
per second and consists of a few tens of ring oscillators, each of which may consume a mere
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few microwatts of power [25], the energy cost per inference will fall into nJ per inference
regime. This is in line with state-of-the-art hardware classifiers for static data [26] and
significantly better than the state of the art for preprocessing-hungry temporal processing.
Oscillatory Neural Networks (ONNs) are most commonly used in image process-
ing tasks, typically as associative memories. In contrast, processing dynamic signals
remains a relatively underexplored area—despite ONNs being inherently dynamic systems
themselves, making them potentially well-suited for such tasks. We hope that our work
encourages further research into the potential of ONNSs for dynamic signal processing.
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