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1 Introduction

Over the last decades, Moore’s law has held for digital computers, stating that the number of
transistors on an integrated circuit doubles every year. [1], [2], [3] Even though the physical
limits have almost been reached (such as source-to-drain leakage, limited gate metals), there
are new technologies mostly involving spintronics, tunnel junctions, and nano-wiring, which are
promising. [4], [5], [6]

To address these problems, several proposals have proposed using physics in computing
and building architectures that operate in fundamentally different ways than conventional
computers [7]. To create such systems, computational problems must be investigated from a
fundamentally different perspective. Furthermore, it is necessary to map the usual computational
problems to physical ones to exploit physics for computing, similar to quantum computing. [8]

Most computing paradigms that leverage physics, using some variation of energy minimization
or ground-state finding, are optimization problems. Naturally, all systems are trying to converge
to their own minimal energy configuration, which should be the true solution (or one of the
solutions) with appropriate setting. [9]

Additionally, by leveraging physics for computation, computational devices are increasingly
shifting toward biologically inspired architectures, as neural systems and mammalian brains
appear to use oscillatory signals in their functions to achieve a given capacity.

In this thesis, I will introduce a novel direction in analog neuromorphic computing using
oscillatory networks.

In this thesis, I present the foundations of the architectures I have developed and explain why
scientists from various fields, namely neuroscience, physics, and computer science, converged.

First, I introduce the relevant fields and the results most influential to my research from
these areas, such as the Hodgkin-Huxley model in neuroscience and the Kuramoto model, whose
development was also motivated by biological oscillators.

Subsequently, I introduce two electrical circuit representations of oscillators that are easy to
use in simulation or software environments.

The thesis and my subsequent research can be divided into three segments. First, I discuss
how I developed the ODE system to simulate a ring-oscillator-based neural network and how
I trained it to solve specific tasks (Thesis I). Subsequently, I outlined time-independent and
time-dependent tasks and solutions using ONNs.

For the time-independent, static problem, I used the MNIST dataset for regular handwritten
digit recognition as a binary and a multiclass problem (Theses II, III, and V).

Meanwhile, for the other time-dependent problem, I used audio recognition, specifically vowel
recognition. There, I introduce a frequency-based computing architecture using both Kuramoto
and ring oscillators for vowel recognition (Theses IV and V).

Furthermore, in the following sections, I will highlight two projects involving several research



groups and companies to emphasize the motivation for reconsidering how computers are thought

about, rather than as humanity has before.

1.1 The shared interest of Intel, BMW, and IBM for a novel

computing paradigm

In the past couple of years, I have had the opportunity to work with several companies and
research groups on various projects. In the following paragraphs, I will highlight the ones relevant

to this dissertation and the intended applications of the companies.

1.1.1 Hierarchically Interconnected Multi-layered Oscillator Networks (HIMON)

In this project, Intel Corporation sought an energy-efficient, low-cost alternative to conventional
computing paradigms to solve computationally hard problems on hardware.

They were motivated to either develop full-scale devices for NP-hard problems or to create an
accelerator for various high-computational-cost algorithms, such as in silico learning.

Several research groups were encompassed. Practical research included on-chip design for NP-
hard problems [10]; meanwhile, there were more theoretically focused works, such as higher-order

Ising machine solutions [11].

1.1.2 Phase Change Materials for Energy Efficient Edge Computing (PHASTRAC)

In this project, the two companies—IBM and BMW-—and the research group at TU Eindhoven
were interested in two distinct research areas that converged. The primary application was from
BMW, which sought a rapid solution to several classification tasks arising within a car. This is
mainly due to the fact that cars today have a lot of sensors, even inside the car, and a lot of
data to process, but limited options to

On the other hand, IBM was motivated to find a way to use the phase change materials
to provide energy efficiency in edge computing using relaxation V Os oscillators as a basis for
emulating the behavior of neurons and couple them together with ReRAM. [12].

From these two projects, it is evident to me that interest in and need for novel, non-Boolean

computing paradigms are on the rise and will continue to grow in the next chapter.



2 Methods and Tools

2.1 Computational models for ONNs

I primarily used ring oscillators and Kuramoto oscillators in this dissertation to address the tasks

outlined.

2.1.1 Description of the ring oscillator model

The ring oscillator model I used is shown in Figure 2.1.
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Figure 2.1: Circuit diagram of a two-oscillator system with both of the coupling

schemes. Here in the middle, a two oscillator system can be seen, coupled together
in the two possible ways — positive and negative — with numbered voltage nodes.
The oscillators are built using 7 inverters. The zoomed-in regions at the four corners
represent the different node types that a given system can have. In those four
highlights, nodes of the same color are at the same voltage levels, and v;_1 and v; 41
denote the nodes preceding and following v;, respectively, due to the circular design.
The green arrows symbolize the agreed-upon directions of the currents. The 0-labeled
current denotes 0A, as by definition the input current to inverters is 0. Also, the v_
and vy are symbols for the voltage node of another oscillator, which is coupled to
the particular oscillator negatively and positively, respectively. The Input-labelled
waveform generators can be any source of external input voltages to the system. Note
that these input generators can also be current sources; in that case, the connecting
resistor is absent.

Quantitatively, the ODEs used for simulation, training, and inference are given by the following

equations derived using Kirchhoff’s law of currents [13]:



e Voltage generator:

Coupling dynamics

dv 1 1
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e Current generator:

Coupling dynamics
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Intrinsic dynamics External dynamics

where again, f(x) was used as the behavioral model of the inverters:
f(x) = —tanh(ax), (2.3)

Here, a € R*. Furthermore, 7 is a permutation, such that

1 23 45 6 7
T = , (2.4)
71 2 3 4 5 6

and P € {0,1}™>*(™) i a block matrix for which every 7 x 7 matrix-block in the main
diagonal, there is a permutation matrix corresponding to 7. This orders the voltage nodes in
the ring oscillator to calculate the voltage differences arising between the two endpoints of the
resistors placed in between two inverters.

B’ ¢ ]R{gg )k 55 the connector matrix for the inputs, assuming that the input w € R¥, which is
typically a sinusoidal voltage or current generator, but in a later chapter a non-coherent signal
will be used as voltage levels for a voltage generator. C’ € ]R{gg (™M) s the modified coupling
matrix which is to be constructed from the real, humanly readable coupling matrix C € R™*",
The parameters R,C € R>q are fixed for the oscillators, but the actual resistance between the
inverters might change — either through learning or manual tuning — to set the frequency of
the oscillators. This is done by the introduction of the A’ € ]R{gg ) Block diagonal matrix.

This is directly related to the oscillators’ frequency.

Note that I used A’, B’ and C’ to train the network to solve various tasks.

2.1.2 Kuramoto model

Later, in developing this thesis, I also used the Kuramoto model as a proof of concept for
frequency-based computing. This model is purely mathematical, so its properties and behavior
are superior to those of ring oscillators, but it was a valuable first step to assess whether the
frequency-based approach is feasible in theory.

This model was introduced in 1975 by Yoshiki Kuramoto and remains fundamental in the

mathematical modelling of synchronization in large populations of coupled oscillators with



non-homogeneous frequencies [14].

The model I used in the simulations is the following:

Coupling dynamics

1 do; N , al ,
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2w dt ;
j=1 k=1
~—
Intrinsic frequency External dynamics

This model may differ from the basic model, but the only addition is the external dynamics.
There, I represented the external stimuli as a network oscillator with a predefined frequency and
a unidirectional connection to the computing oscillators, so that the input oscillators remained

constant over time.

2.2 Learning methods

I used both gradient-based and gradient-free learning methods in order to train the networks to

solve various tasks.

2.2.1 Backpropagation Through Time

Backpropagation is the de facto standard algorithm for training neural networks [15]. After
each neural network inference, the gradient of the aforementioned properly defined loss function
is computed efficiently with respect to the system’s trainable parameters. Subsequently, the
gradient is used to update the system’s trainable parameters, thereby driving them to converge
to the — possibly local, but ideally global — minimum of the loss function.

BPTT is backpropagation applied to a dynamic system (i.e. an ODE-based description). The
ODE can be solved using any standard time-stepping technique—implicit or explicit—using a
discrete time step. This discretized solution can be viewed as a many-layer neural network, with
one neural layer corresponding to a temporal snapshot of the system dynamics. The BPTT
algorithm computes and stores these layers (snapshots) during the forward pass, then calculates
the derivatives of the loss function with respect to the trainable parameters in the backward pass.

The code for the simulation and training of various ONNs has been written in PyTorch[16]. The
autograd feature of PyTorch makes implementing backpropagation and BPTT straightforward.
Additionally, torchdiffeq[17] package was used for implementing backward-differentiable ODE
solvers in some cases, but sometimes a self-implemented solver was used for controlled voltage
extraction. torchdiffeq is an external, third-party library built on PyTorch that provides various
differentiable ODE solvers implemented in PyTorch. A useful feature is that it can apply the
adjoint method to the backward step [18] and compute gradients with a constant memory cost.

It should be noted that BPTT is computationally demanding for complex dynamic systems such
as ONNs. The time-domain solution of an oscillating architecture typically consists of thousands
of time steps. As BPTT unwraps the time-domain solution of an ODE into a many-layer neural
network, it must handle a network with many thousands of layers, which may lead to memory

bottlenecks during training.



Backpropagation through many layers also inevitably suffers from the vanishing or exploding
gradient problem [19]. This arises from the inherent structure of backpropagation, which uses
the chain rule of differentiation. When traversing many layers during the backward pass, the
gradients may become nearly zero, preventing meaningful learning, or they may converge to
infinity quickly, which again makes learning impossible. I found that my algorithm produces
functional gradients up to a few thousand time steps (layers). The ONNs introduced later are

designed to converge safely within this time frame.

2.2.2 Nevergrad: a gradient-free library

Gradient-free optimization, also known as derivative-free optimization, refers to a class of
algorithms that optimize objective functions without relying on gradient information. These
methods are particularly useful when gradients are unavailable, unreliable, or prohibitively
expensive to compute, such as in simulations, black-box functions, or highly non-differentiable
landscapes. Instead of gradient descent, gradient-free optimization relies on direct function
evaluations to iteratively improve candidate solutions.

Nevergrad is an open-source Python package developed by Facebook AI Research for gradient-
free optimization [20]. It provides a wide range of optimization algorithms, including evolutionary
strategies, CMA-ES, PSO, and bandit-based methods, under a unified API. Nevergrad is
designed to handle continuous, discrete, and mixed-variable optimization problems, making it
highly flexible for both academic research and industrial applications. Additionally, it integrates
well with machine-learning workflows and provides benchmarking tools for comparing optimizer
performance. Its accessibility and versatility have made it a widely adopted tool in black-box
optimization tasks.

I used this library to solve the vowel formant recognition problem; however, it should be
noted that this small architecture could also have used BPTT. Having said that, I wanted to
experiment with a potentially useful approach for the future, as BPTT has limitations if the

number of oscillators gets to a point where it would consume too much memory.



3 New Scientific Results

Thesis 1.

I have developed a computational framework for designing oscillatory neural networks composed
of electrical-circuit components and for training them using Backpropagation Through Time
(BPTT). I have created two simple architectures: one for wave generation and one mimicking a

perceptron, to demonstrate that Oscillatory Neural Networks (ONNs) can implement such devices.
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Figure 3.1: Phase-based computing by two ring oscillators. On (a) an in-phase configura-
tion is realized, because the two oscillators were connected through the same voltage,
i.e., V3 and V3, see Fig 2.1. However, on (b) an anti-phase configuration is depicted,
where the two oscillators were connected by their different voltage nodes, e.g., V3
and Vg, see Fig 2.1-it does not have to be necessarily these two nodes, but because of
the delay of inverters it has to be different ones and the bigger the gap between the
nodes, the bigger will be the phase difference. The oscillators are coupled via resistors,
which drive them to the desired phase configurations. If phases correspond to pixels
of a grayscale image, the phase dynamics may be used to converge to predefined
patterns [21]. The illustrations of the convergence to ‘A’, shown on (c), are taken
from [22]



This part of the work was implemented in PyTorch to simulate the dynamics of the oscillatory
neural network circuit and to train the machine learning algorithm to infer the physical values
of the circuit components. Due to the limitations of BPTT — namely that it represents the
incremental, numeric solution of the dynamics described by the set of Ordinatry Differential
Equation (ODE) of the network as a deep neural network having hundreds or thousands of layers
— I simplified the implementation of inverters to a mathematical function, f(v) = — tanh(a - v),

to facilitate learning. The Figures 3.1,2.1,3.2 show how this procedure works in practice.
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Figure 3.2: Learning the in-phase and anti-phase couplings for a two-oscillator system.
On (a), the simulation’s result can be seen for the positively coupled oscillators,
meanwhile on (b), there is the same for the negatively coupled 2-oscillator system.
The loss changed in both cases from high to low. Additionally, the orange curves
indicate the learning parameters in C rather than the actual resistor values. Note
that in (b) the parameter value corresponding to R— is going below 0, which would
mean a negative resistance because of the connection of the parameters in C to the
physical parameters in this experiment, but this is only the mathematical solution;
for a given simulation, the parameters were clamped to be non-negative. If they hit
zero, the connection was removed.

Using this framework, I formulated a wave-generation task for 5 oscillators, employing MSE
as the loss function. This resulted in near-perfect convergence, and although the problem was

simple, this has never been achieved before. This is presented in Figure 3.3.
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Figure 3.3: Learning a given wave pattern with 5 coupled oscillators. On (a), the initial
output of the sum of the oscillator and the ground truth voltage in the time domain
and frequency domain can be seen. In (b), it is evident that convergence occurred,
and the algorithm produced a waveform that is qualitatively much closer in both the
time and frequency domains than at the start of learning.

Additionally, to test whether conventional neural network components can be reproduced
using Oscillatory Neural Networks, I created a simple two-dimensional problem in which I had to
separate two blobs of data. To that end, I used 4 oscillators to mimic the behavior of a standard
software-based perceptron. The 4-oscillator system I created performed well, achieving nearly

100% accuracy on both the training and test sets. The results are shown on Figures 3.4-3.5..
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Figure 3.4: Architecture for binary classification with ring oscillators as perceptrons.
The black-filled circles represent oscillators, while the generators are on the left-hand
side, connected to the first two oscillators.

The framework can simulate and train not only ring-oscillator-based neural networks but also
other oscillator types, such as the Kuramoto oscillator.
Publications related to this thesis are: [J1], [C1]

Thesis I1.

I have designed an Oscillatory Neural Network-based associative memory trained using the
Backpropagation Through Time method with both nearest neighbor and fully connected coupling
schemes. Both achieved lower Mean Squared Error (MSE) on the given set than a network trained
by Hebbian Rule.

This part of the work was conducted to compare ONNs trained with BPTT to ONNs trained

with the Hebbian learning rule. One of the most limiting factors for new neuromorphic chips is
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Train/Test Split with Class-wise Coloring

Figure 3.5: The generated synthetic blobs dataset and the result of training On the
left side, the dataset can be observed with the training and test set having different
colors. On the right, the training results across epochs are shown. The network
achieved almost 100% accuracy in separating the two blobs, which is a strong result,
as it demonstrates that ring oscillator networks can simulate a perceptron for this
binary classification task.
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Figure 3.6: The circuit diagram and logic of the entire computational layer with the
input generators. Input signal generators generate sinusoidal signals whose phases
correspond to an input pattern, such as the pixels of an image. These generators are
connected to the computing oscillators, whose phase pattern provides the solution to
the problem. The 3 — 6 marks on the oscillators indicate the input and output nodes
in the ring oscillators’ circuit. The values of the green, red, and blue-colored circuit
elements are learned during the learning process, and the phases indicated in orange
are the inputs. In the schematic figure, the purple connections indicate both positive
(red) and negative (blue) couplings, as both can occur for optimal convergence. The
grayscale pixel value is read from the image, converted into phase information, and
then the sinusoidal current generators are connected to the oscillators in a one-to-one
mapping. The yellow arrows show that the output is read from the oscillators and an
image is formed.

connectivity. Most such architectures use an all-to-all coupling scheme, which is infeasible for

physical implementation beyond a certain number of oscillators. To circumvent this limitation, I
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created not only a fully connected ONN but also a nearest-neighbor connected one by arranging
the oscillators on an IV x N grid matching the size of the MNIST images and connecting each
oscillator only to its nearest neighbors. In Figure 3.6, this particular setup is visualized.

For this problem, I used a subset of the handwritten digits from the MNIST database and
scaled them to either 14 x 14 or 7 x 7 images, as the BPTT method can have memory issues

with large networks.
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Figure 3.7: Output association comparison of the differently trained ONNs. Here, the
comparison of the results of the fully connected, nearest neighbor connected, and
the Hebbian-rule-based networks can be seen. There are two blocks of 5 inputs,
shown side by side. The first column in each block corresponds to the input digit;
the next three columns are the outputs of the systems—ordered from left to right:
fully coupled, nearest-neighbor coupled, and Hebbian-based. The last column in
both blocks shows the target digit. It is apparent that the fully connected system
performed best, but even our other proposed nearest-neighbor connected topology
outperformed the Hebbian-based architecture.

The results were promising: both the fully connected and nearest-neighbor connected BPTT-
trained ONNs outperformed the Hebbian-rule-trained ONN, demonstrating that it is not necessary
to use an all-to-all coupled system. Not only did the BPTT-trained networks outperform in terms
of quantitative accuracy, meaning that the resulting patterns from the BPTT-trained networks
were closer to the real patterns in terms of MSE, but also in terms of parameter count, as the
nearest neighbor connected ONN used much fewer parameters than the fully connected, Hebbian-
rule-based network. This is mainly because the Hebbian rule assumes all-to-all connectivity.
Quantitative comparisons of the results are presented in Table 3.1, and qualitative comparisons

are shown in Figure 3.7.
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Method Hebbian Proposed fully connected Proposed NN-connected

#Params 1176 2352 312
MSE 0.068 0.020 0.047

Table 3.1: Parameter count and MSE performance comparison for the different train-
ing methods on ONNs. The MSEs of all the elements from the set and their
respective ground truths for the different methods in the case of associative learning.
It is apparent that the fully connected network performed the best, but even the
nearest neighbor connected layer is good enough to beat the Hebbian learning in terms
of quantitative association.

Publications related to this thesis point are: [J1], [C1]

Thesis III.

I have designed an ONN-based architecture for binary and multiclass classification on the
MNIST dataset. I have created a two-layer ONN for binary classification of the 0 and 1 classes,
with all-to-all and nearest-neighbor couplings in the hidden layer, and compared the results.
Managed to reach, on average, 99% accuracy and observed no consistent patterns in the hidden
layer, confirming that the algorithm learned structures that are not necessarily recognizable to the
human eye. I have also developed several purely ONN architectures for multiclass classification
on the MNIST dataset and compared their performance with a standard neural network. In terms
of accuracy, it is behind State-of-the-Art (SOTA) solutions, but in terms of energy efficiency,
ONN-based approaches pull ahead.

Although state-of-the-art solutions for MNIST classification achieve over 99% accuracy, they
often have hundreds of thousands, or even millions, of parameters. To reduce this number, it is
possible to leverage ONN dynamics.

Classification is a standard task in artificial intelligence. Dynamic systems, such as oscillatory
neural networks, may not be the best choice for classifying static data. This is mainly because,
in that case, the oscillators’ inherent dynamics are not fully utilized. That said, classification

remains possible using ONNs.
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Figure 3.8: A simple two-layer classifier showing also the patterns forming in the
hidden layer. On the left, the architecture can be seen that I used for binary
classification. It might appear to be in a Feedforward-like arrangement, but this is
merely a clearer visual representation. In reality, all the oscillators were connected
bilaterally. On the right side, samples from the binary classification of 0 and 1 are
shown, along with input, hidden-layer pattern, and output-prediction triplets. The
two red numbers indicate the network’s prediction errors. I want to highlight that,
in some cases, there is an apparent structure in the hidden layer, as some phase
patterns there resemble either 0 or 1, but this is not universal; at other times, there
is no apparent, humanly visible structure at this stage of the architecture.

In Figure 3.8, it can be seen that a network that resembles regular artificial neural networks
but assumes bilateral flow of information can be used to distinguish between binary classes of
MNIST. On the figure, I also showcased the ability of the network to classify 0 and 1. It was not
always true, but sometimes there existed a humanly recognizable structure inside the hidden
layer. The quantitative performance of the net was excellent, achieving 99% prediction accuracy

on the test set.
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Figure 3.9: Multilayer network for multiclass classification of MINIST. The structure
is similar to the one shown in Figure 3.8, but the output layer has 10 oscillators
instead of just one. Additionally, the hidden layer is flattened here to improve overall
network clarity, while its gridlike structure is depicted in the bottom-right corner.
The pd, values represent the phase difference of the output oscillators and a reference
oscillator. These pd, values will be the input of the cross-entropy loss function
alongside the real class values.

For multiclass prediction, I tried two approaches: a regular ANN-like architecture, as shown in

Figure 3.9, and a distributed, binary-classifier-based solution with ten competing networks. The

logic of the latter can be seen in Figure 3.10.
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Figure 3.10: Two of the three tested architectures for the time-independent MINIST
classification. Both consist of individually trained, nearest-neighbor-connected
subnetworks, which were designed to distinguish between a single class and the rest
of the classes using a binary cross-entropy loss function. The top block diagram
illustrates the algorithm: to select the prediction, we take the maximum of the
individual network outputs. The more sophisticated version is shown in the bottom
block diagram. Here, I used the individual classifiers’ output probabilities as inputs
to a small, regular FFNN and trained it as a 10-class classification problem using
cross-entropy.

Unfortunately, the performance of the purely ONN-based networks did not reach the desired

levels, so I moved on with a combination of ONN and Artificial Neural Network. The comparison

of such networks can be seen in Table 3.2.
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ONN WTIA Augmented MLP

#Param 40180 16000 16325 16363
Perf. (%) 72.3 (70-75) 66.7 (65-70) 95.1 (93-97) 94.4 (93-95)

Table 3.2: Quantitative comparison of multi-class classifiers. ‘Perf. (%)‘ is in the format
of ‘mean (range). The Augmented network uses a two-layer MLP as the final decision
function. Note that the reported parameter count for the pure ONN version refers
to the version with a 14 x 14 sized hidden layer, because the 7 x 7 layer performed
extremely poorly.

Publications related to this thesis point are: [J1], [C2], [C3]

Thesis IV.

I have created a frequency-based oscillatory neural network using both the Kuramoto and
ring-oscillator-based models. Managed to tune the parameters of the networks either manually or
with the utilization of a gradient-free optimization method. My network was capable of solving

the task at hand with 100% accuracy using both models and parameter tuning schemes.

Frequency response of oscillators to various input frequencies

540 A

520

500

480

460

440

420

400 1 .,:::::4""
380

350 375 400 425 450 475 500 525 550
Input frequency (MHz)

Oscillator frequency (MHz)

Figure 3.11: 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 oscillator groups either synchronize to the input signal or do not,
depending on the input frequency. 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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In literature, oscillators are mainly used as phase-based computers. That said, they can be
used as frequency-based architectures that exploit their frequency-synchronization property, as
depicted in Figure 3.11.

Building upon this principle, it is possible to design an architecture, depicted in Figure 3.12,
with a limited number of parameters, as can be seen in Table 3.3, and it can be used to distinguish

between two vowels represented by their two most dominant formant frequencies.

Vowel 1 Vowel 2

Output 1 Output 2 Output 3 Output 4

N / N / kY / N /

Y / Y / Y / Y /

N/ N/ N/ N/
Group 1 N Group 2 N Group 3 L4 Group 4 N
6 Uncoupled 6 Uncoupled 6 Uncoupled 6 Uncoupled

Oscillators covering Oscillators covering Oscillators covering Oscillators covering
a frequency range a frequency range a frequency range a frequency range

1st most .

dominant Input sinusoids {from vowels) 2nd :rrhzshgﬁmlnam

frequency quency

Figure 3.12: My 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 for detecting a specific frequency in the input signal.
The groups are synchronized in frequency if the input sinusoid lies within the group’s
frequency range. 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, certain frequencies can be signalled by different groups
found in the input sinusoids.
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Table 3.3: Neuron, coupling, and parameter counts for the proposed multilayer oscil-
latory network. The network is lightweight with only 72 couplings — including the
inputs’ couplings to the oscillators. Note that the network’s real parameter count is
the sum of the number of oscillators and couplings, as the former sets the oscillators’
frequencies and the latter sets the coupling strengths between connected oscillators.

Input Layer #1 Layer #2 All

# of neurons 2 24 8 34
# of frequencies 0 24 8 32
# of couplings to next 24 48 0 72
# of parameters 24 72 8 104

I successfully distinguished between the vowels "ah" and "it" using this network with 100%
accuracy, further demonstrating that a frequency-based architecture is feasible.

Additionally, it provided a useful parallel to the phase-based perceptron I introduced earlier,
as this network is somewhat equivalent to that architecture.

The tuning of the parameters, as shown in Table 3.4, is performed using both manual tuning
and a gradient-free optimization method to find the optimal parameters of the oscillatory neural
network. This method was employed to test its capabilities because the BPTT method can pose
significant challenges when the architecture reaches a point at which gradient-based methods

would consume an enormous amount of memory.

Table 3.4: Physical parameters of the ring oscillator network for formant recognition.
All these parameters were set by trial-and-error and used for the simulations.

Parameter Physical Value
C 1.0-1073 F
R 2.0 —-27-10%Q
Rin 1.0 - 10* Q
R, 1.2 —2.2-10° Q
Vin 1V

Publications related to this thesis point are: [J2], [C4].

Thesis group V.

I have successfully demonstrated, in two tasks—MNIST and vowel recognition—and with both
phase- and frequency-based computing, that ONNs can be used effectively as preprocessing layers
when combined with standard neural networks. This emphasizes the power of ONNs in terms of

energy efficiency and the ability to handle large-scale problems.

Unfortunately, pure oscillator-based networks did not perform well enough. However, combining

the ONN with a standard ANN can achieve performance comparable to standard neural networks.

Thesis V.1: The best ONN network I designed for the MNIST classification task was combined
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with a standard ANN, yielding a hybrid ONN-ANN architecture that achieved an average accuracy
of 95.1% on a 10-class classification task. Comparing this to a reqular, an FFNN with the same

parameter size achieved an average 94.4% accuracy on the same problem.

Due to the purely oscillator-based network’s inability to reach a high percentage on the MNIST
dataset, even with a distributed, competing networks and the winner takes it all algorithm,
I decided to move forward with an approach borrowed from Convolutional Neural Networks,
meaning that after a couple of layers, there is a fully-connected multi-layered perceptron to take
care of the classification.

The architecture I used is shown in Figure 3.13, and a comparison of all multiclass classification

networks is presented in Table 3.2.

@ Oscillator as neuron
O Regular neuron
\ Input voltage generator
\\ Nearest neighbour intralayer couplings
"\ Interlayer couplings
- Input of regular FFNN
\\ Hidden layer - output layer connections

AN
DRSS
NS
NS

cross-entropy
loss

T
Oscillatory Neural Feed Forward Neural
Network Network

Figure 3.13: A network with ONN layers as pre-processors and a traditional neural
network working tandem. The easy-to-train output layer significantly improves
classification accuracy while keeping the network simpler than state-of-the-art
methods. Moreover, the bulk of the work is still performed by the ONNs as pre-
processors rather than by the small neural network at the end.

I was able to reach at most 96.7% classification accuracy with this combined network. In
comparison, a similarly sized, standard neural network achieved at most 95% accuracy, which is
a strong result given that the network was trained for only a few epochs due to computational
constraints and was very small in terms of the number of parameters.

Publications related to this thesis point are: [J1], [C2], [C3]

Thesis V.2: [ have created a mized network using ONNs as preprocessors and a Multi-

layered Perceptron (MLP) as the output layer to recognize spoken vowels from their original

time-dependent waveforms. On the problem set, the algorithm achieved 95% accuracy, and
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the main advantage of this solution is that the network is low-complexity and computationally
lightweight. This is because the ONN layer and the transforming layer that converted the ONN’s

output signal to static data were built using only simple electrical components.

Feature 1
Feature 2

Feature 3

50 Oscillator Perceptrons

Figure 3.14: 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 perform the actual binary
classification with a simple multi-layer perceptron architecture.

Building on the success of the combined ONN and ANN, I created a network to classify vowels.
For this task, I used time-dependent vowel waveforms rather than the dominant formants. The
first, oscillatory layer was responsible for extracting frequency information from the vowels by

creating a filter-like layer.
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Figure 3.15: 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) to (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 signals 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,
the synchronization region can be seen clearly and if zero-crossing are counted on
this signal it will result in a lower value than if this synchronization had not been
present as it can be seen that outside of this region the smoothed XOR signal is
sinusoid-like. Note that I inverted this value and transformed it to the [0, 1] range
to obtain the relative signal strength. In this way, it is more intuitive to refer to it
as synchronization strength.

This frequency representation is a downsampled version of the signal’s FFT, and the features

associated with a single vowel have been extracted using only simple electrical circuit components,

as shown in Figure 3.14. The feature extraction process is shown in Figure 3.15, and the resulting

features are demonstrated in Figure 3.16.
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Figure 3.16: Example of feature extraction with oscillatory layer. The feature vector element
values are high when synchronization is present between two oscillators and low
when it is absent, 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.

I tested the same vowels, "ah" and "it", and achieved 95% classification accuracy. This is a good
result, as most of the literature treats time-dependent audio signals as either one-dimensional
sequential data or converts them into representations such as Mel spectrograms and then uses
image recognition networks.

The approach I presented offers a new way to reduce the complexity of such classifiers and
paves the way for architectures that can receive data directly from sensors.

Publications related to this thesis are : [J2], [C4]
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