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Optoelectronic Oscillator (OEO) is a device widely used in modern electronic and photonic systems.

Its applications include but not limited to chaos communication systems, random number generation,

chaotic radar and lidar, ultra-pure microwave generation, and sensing systems. Moreover, it has rich

nonlinear dynamics suitable for studying phenomena like period-one (P1) oscillation, period doubling

(P2), and chaos.

Reservoir computing (RC) is a machine learning (ML) algorithm that breaks the traditional von

Neumann computational paradigm. It is able to learn directly from data and perform both the regression

and the classification tasks. Comparing to other machine learning algorithms like recurrent neural network

(RNN), it has a much simpler structure that allows it to avoid computationally expensive back-propagation

(BP) algorithm while maintains a competitive performance.

Recently, as an intrinsic time-delay system, optoelectronic oscillator has been introduced as a

machine learning platform to perform reservoir computing. Its ability to accept both the radio-frequency

(RF) signal and the optical signal make it an ideal machine learning platform for optical fiber communication

systems and radio-frequency communication systems.



In Ch. 1, we start the thesis with a general review of the history of artificial intelligence (AI) and

the recent development of microwave photonics. Then, we discuss the most recent advances that use

photonic devices for machine learning (ML) - one of the most important branches in the field of photonic

AI research.

In Ch. 2, we introduce different types of OEOs, namely the broadband OEO and narrowband OEO,

and how to mathematically model them. Specifically, we will derive the time-delayed equations that govern

their behaviors. For the narrowband OEO, we introduce the derivation of an envelop equation which is

suitable for the numerical simulations.

Following the introduction of mathematical models of OEOs, we delve into our research work of

the narrowband OEO-based RC, which is the first time a narrowband OEO is introduced into the field of

machine learning for a time-delay reservoir computer implementation in Ch. 3. In this chapter, we develop

the mathematical model required for studying the narrowband OEO-based RCs and introduce the concepts

of OEO-based RCs. We also numerically simulate this narrowband OEO-based RC and demonstrate its

suitability for processing IQ-modulated signals. Lastly, we train and test the narrowband OEO-based on

IQ-modulation classification tasks, which reaches state-of-the-art performance with a reduced training set

size.

In Ch. 4, we further extend the narrowband OEO-based RC to the field of RF fingerprinting -

a technology that is widely used to identify RF transmitters. In this chapter, we thoroughly evaluate

the performance of the narrowband OEO-based RC across a wide range of benchmark datasets. Our

simulation results demonstrate the suitability of the narrowband OEO-based RC for RF fingerprinting.

Moreover, we once again show that the narrowband OEO not only requires significantly less training data

for the IQ modulation classification task, as presented in Ch. 3, but also maintains excellent performance

under limited-resource conditions, extending its effectiveness to RF fingerprinting.

In Ch. 5, we further push the narrowband OEO-based RC to an extreme by further limiting its



computational source and training data size. We experimentally test the narrowband OEO-based RC’s

ability in such scenarios. Meanwhile, we propose a new metric named NET to measure ML platforms’

performances across different algorithms that takes into account the complexity of the algorithm, the

performance, and data size required for training. Lastly, we also show that this metric is useful to

quantitatively analyze the diminished returns of scaling the number of parameters in machine learning

algorithms.

It is known that nearly all OEO-based RCs require an expensive and bulky external modulator,

which poses a significant obstacle to their practical applications. To resolve this issue, in Ch. 6, we, for

the first time, introduce the concept of the directly laser-modulated OEOs for RCs (DL-OEO based RC).

In our proposed scheme, we cancel the external modulator and replace it by directly modulating the laser,

which not only significantly reduces the system size, but also the total budget for implementation an OEO-

based RCs. This implementation makes our DL-OEO based RC one of the simplest OEO-based RCs ever

known. First, we start by deriving mathematical models for this proposed scheme. Then, we show our

numerical results of using the DL-OEOs for reservoir computing. Lastly, we discuss the usefulness of

the nonlinearity introduced by the DL-OEO and how it could contribute the a significant improvement in

performance in comparison with traditional OEO-based RCs.

In Appx. I, we revisit the concepts of time-division multiplexing, time-delay differential equation,

and how to use them to numerically simulate the OEO-based RC.

In Appx. II, for the first time, we show the relationship between the number of cavity modes

NCM supported by OEO and the total number of virtual nodes N required by OEO-based RCs. We

conduct extensive simulations of both types of OEO-based RCs (including narrowband and wideband

configurations) across a diverse set of datasets. Our simulation shows that the total number of virtual

nodes N required for sufficiently good performance of OEO-based RC can be as less as the total number

of cavity modes NCM .
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If you look at this universe, you will �nd a small blue planet located in the third place near the sun in

the solar system in the Oriohkn arm inside the Milky Way galaxy - one of the many barred spiral galaxies

in the Local Group that belongs to the Virgo Supercluster. This small blue planet is called Earth, where

about 15 million species dwell. Among these species, more than 90% remain unknown. For these known,

about 300 thousand are plants, 610 thousand are fungi, and 8 million are animals. There is one species

among all the animals named human. It has a population of 8.1 billion, and they deem themselves as the

only one that is “intelligent”. They feel lonely and desire for equals. Thus, they eagerly looked at the

starry sky above, setting up astronomical telescopes one after another, enthusiastically sending countless

probes from Voyager I to new Horizons, and continuously monitoring signals from the deep universe day

by day without a moment of rest – yet, they sadly found none. Thus, they dreamed (decided) to create one

(by their own): arti�cial intelligence. That is the beginning of the story.
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Chapter 1: General Introduction: Where Arti�cial Intelligence and Microwave Photonics Cross

1.1 Arti�cial Intelligence (AI)

When searching for the terminology “Arti�cial Intelligence (AI)” in the scienti�c literature, one

might be surprised to �nd the �rst usage of the word was quite “recent”. The �rst formal usage of AI as a

scienti�c term was in 1956, at a conference in Dartmouth organized by John McCarthy. This conference is

recognized as the “of�cial birth of AI as a �eld”. But the concept of creating a machine that shares human

intelligence could be dated back way earlier. In the year of 1920, the Czech writer Karel�Capek �rst created

the term “robot” in his most famous science �ction Rossum's Universal Robots where a company named

Rossum created robots that are organic and resemble humans' intelligence. Since then, the term robots is

widely accepted as a type of automatons that have a similar appearance and soul to humans. However, in

modern industry, the term robots often refers to mechanic systems that are programmed and designed to

execute a set of complicated actions. Before the invention of term robots, a close term android was created

by the French novelist Eug�ene Fromentin in his 1880 novel “L'Inhumain”. The term itself derives from the

ancient Greek word “aner” (man) and “eides” (form or shape) – which has the meaning of “man-like” or

“man-form”. Meanwhile, the idea of human-crafted automatons with human shape could be traced back to

the early history of human beings. For example, during the Warring States Period (about 475 BC -221 BC,

also known as Zhanguo), the ancient Chinese sage philosopher Liezi wrote a chapter entitled Tangwen

to record folk legends, fables, and mythological stories in the work named after himself, Liezi. In this
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chapter, Liezi recorded a very interesting story named Carpenter Creates Humans - a famous carpenter

presented King Mu of Zhou a human-made automaton as a gift. It vividly described how the automaton

behaves like the beings, even the King himself could not tell the difference between the automaton and

a real human being. Only by removing the wooden head, the automaton could not talk, by removing the

man-made kidney, the automaton could not walk, by removing the liver, the automaton could not see; did

the King Mu of Zhou realize how delicate the design was? Meanwhile, in ancient Greek (around 700BC),

a myth described a giant automaton named Talos was built by the god Hephaestus to protect the island of

Crete. However, there is a subtle difference between Talos and the automaton mentioned by Liezi. Talos is

a giant bronze man made by god – which makes himself closer to a species that is a counterpart of human-

beings. Meanwhile, before the year of 1956, there are a few early important theories in the scienti�c �eld

that deserve attention. In the year of 1950, the British mathematician and logician Alan Turing introduced

the concept of Turing Completeness and the Universal Turing Machine. It is at the same year, Turing

proposed the imitation game to test the machine's “intelligence” level to that of human beings. A machine

is regarded as equivalent, or indistinguishable from human beings, if humans could not tell a machine from

a human in a text-based conversation without knowing the identities they have dialogue with at �rst. This

was later known as the Turing test. Before we delve into scienti�c advances in “arti�cial intelligence”, a

question must be asked or answered �rst - what is “intelligence”?

1.1.1 What is Intelligence?

The separation from philosophy marks the formation of a discipline as a distinct �eld. The study

of human minds, and behavior and examining their mental process became an independent discipline in

1879 when Wilhelm Wundt (1832-1920) established the �rst experimental psychology laboratory at the

University of Leipzig, Germany. As a pioneer of psychoanalysis, Sigmund Freud (1856-1939) developed a

theory about the structure of the human mind, which is intertwined with his understanding of intelligence.
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Freud's theory on the structure of the mind provides a framework for understanding human behavior,

thought processes, and personality. In this theory, human minds are composed of three parts: Id, Ego,

and Superego. The id represents the unconscious, instinctual drives and desires. It is governed by the

pleasure principle, seeking immediate grati�cation of basic needs and urges, such as hunger, thirst, and

sexual desires. The id operates irrationally and is not concerned with reality, morality, or social norms.

Meanwhile, the ego develops to mediate between the id's demands and the realities of the external world.

It operates on the reality principle, seeking to satisfy the id's desires in a realistic and socially appropriate

manner. The ego is responsible for higher cognitive functions, such as reasoning, planning, and problem-

solving. Finally, the superego represents internalized societal and parental standards of morality. It acts

as a conscience, guiding the ego toward ethical behavior. Freud believed that much of human behavior

and thought, including aspects of intelligence, are in�uenced by unconscious processes. According to

Freud, the unconscious mind stores repressed memories, desires, and experiences that continue to affect

conscious thoughts and behaviors. Intelligent behavior, therefore, is not only the product of conscious

reasoning but is also shaped by unconscious motivations. However, the unconscious mind could also

hinder intelligent behavior. Repressed con�icts or unresolved psychological issues could lead to irrational

actions or cognitive distortions. Another trend in early psychology studying human intelligence is known

as psychometrics - a �eld that is devoted to testing, measuring, and assessing mental abilities.

Modern psychology views intelligence as a complex, multifaceted construct, moving beyond earlier

de�nitions that emphasized a single, �xed ability. It encompasses various theories and models that recognize

different types of intelligence, the in�uence of genetic and environmental factors, and the importance of

cultural and contextual variables. In 1983, Howard Gardner proposed that intelligence is not a single,

uni�ed construct but rather a collection of multiple, distinct intelligences. Each individual has a unique

combination of these intelligences. In his initial list of intelligences, he included a total of seven types

of intelligence: linguistic intelligence, logical-mathematical intelligence, musical intelligence, bodily-
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kinesthetic intelligence, spatial intelligence, interpersonal intelligence, and intrapersonal intelligence. This

list was further expanded by him later. Similarly, in 1985, Robert J. Sternberg argued that intelligence is not

limited to analytical abilities measured by traditional IQ tests. Instead, it encompasses three components:

analytical Intelligence, creative intelligence, and practical intelligence. In 1991, Daniel Goleman proposed

the concept of Emotional intelligence, which refers to the ability to perceive, understand, manage, and

regulate emotions in oneself and others.

In recent years, with the advent of information theory and complexity science, a new perspective

has emerged: intelligence is perceived as a property of systems that can manage and process information.

Informatics refers to the science of information processing, including the collection, classi�cation, storage,

retrieval, and dissemination of recorded knowledge. In the context of intelligence, informatics focuses on

how systems handle information to adapt, learn, and solve problems. Intelligence can be conceptualized as

the capacity to process information in a way that enhances an organism's or system's ability to adapt to its

environment. Complexity theory [9] [10] studies how interactions between components of a system give

rise to emergent properties that cannot be understood by examining the components individually. It focuses

on systems that exhibit non-linearity, feedback loops, adaptability, and emergence. Intelligence can be

seen as an emergent property that arises from the complex interactions of simpler components [11]. For

example, individual neurons interact in networks that give rise to consciousness, thought, and intelligent

behavior [12]. Self-organization is a key concept in complexity theory and is crucial for understanding

intelligence. In self-organizing systems, order and complexity arise from local interactions without a

central controller. Humans' neural networks self-organize based on experience, leading to learning and

adaptation. In biological systems, intelligence is a product of both informatics and complexity. The

neuronal system processes vast amounts of information using a complex network of neurons. This information

processing is highly ef�cient, allowing for quick adaptation to changing environments. Complexity theory

helps explain how the neuron structure and function result in emergent properties like consciousness and
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cognition [10].

1.1.2 What is Arti�cial Intelligence?

In the previous section, we have already seen the controversies on the de�nitions of intelligence.

These ongoing debates remain heated to this day. For example, Noam Chomsky, one of the founders

of modern linguistics, proposed the theory of universal grammar, suggesting that all human language

shares a common underlying structure. He argued that humans are born with an innate ability to learn

language, indicating a universal set of grammatical principles hardwired into the mind. Any single

language's grammar is just a subset of the universal grammar. His argument follows the traditions of

the rationalists. Meanwhile, Geoffrey Hinton, a British-Canadian computer scientist widely recognized as

one of the founders of deep learning is strongly against the idea of Chomsky. In his opinion, languages

are acquired through learning - denying the existence of innate language abilities, which aligns with the

tradition of the empiricists.

As an extension of the intelligence, de�nitions of arti�cial intelligence can be tricky, circular,

and even controversial. In the literal sense, arti�cial intelligence simply means intelligence made by

humans. For example, John McCarthy [13] de�nes AI as a science and engineering that aims to simulate

human intelligence processes by machines, particularly computer systems. With that de�nition, one could

naturally raise a question: are software programs AI? For example, in 1997, Deep Blue - a program

invented by IBM successfully defeated the world champion Garry Kasparov in a chess six-game match.

This was considered a milestone in the development of AI at that time. However, from a modern perspective,

Deep Blue is a software program that exploits tree-trimming algorithms to decide the best moves - all of

its decisions are hard-programmed and deterministic. Moreover, it can not learn from the data, which

simply means it is not different from a calculator that can perform addition, subtraction, multiplication,

and division much faster and more accurately than human beings. Thus, one might draw the strange
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conclusion that a calculator also has intelligence if a computer program can be accepted as AI. This could

lead to an even “weirder” conclusion that a hard drive storing voice information and a video recorder also

have intelligence since they can recite a poem like humans.

Meanwhile, researchers like Tom Stonier will argue that intelligence should not be a single phenomenon,

but a wide spectrum of phenomena [14]. However, even if Stonier's argument avoided the awkwardness

of regarding a video recorder as intelligence, it raises a new paradox: how wide should the spectrum of

phenomena should be that is enough to be considered as “intelligence”? In practice, the requirement for

human equivalent intelligence will result in the requirement for general AI - which is still impossible for

humans now. What's worse, if we push that conclusion a little longer, one might even supersede the scope

of anthropocentric intelligence and conclude that there is no such thing as intelligence. Therefore, recent

researchers started to de�ne arti�cial intelligence as a program that can learn and improve its performance

from the inputs - a key characteristic of philosophers and psychologists deem as intelligent, leading to

a new �eld known as machine learning. However, we think that de�nition is incomplete for AI. First,

learning or adapting is only a part of intelligence. Second, learning might not be the most dif�cult part of

AI [15], even if it is essential to build AI. Lastly, there is also an argument that distinguishes learning from

intelligence, i.e. learning is the process of acquiring intelligence - its outcome rather than the process itself

is the AI.

Therefore, it becomes essential to de�ne arti�cial intelligence with greater nuance and precision.

Currently, in both industry and academia, one way to navigate the ongoing debates is to distinguish

between two categories: weak AI and generational AI. Weak AI is also known as Narrow AI. It refers

to arti�cial intelligence systems designed and trained to handle speci�c tasks or applications. Typically, a

weak AI is task-oriented, which means that it is programmed to perform speci�c tasks or solve particular

problems and excels in its designated areas but lack the ability to perform tasks outside of its programming.

Another important characteristic of weak AI is that it does not possess self-awareness or consciousness. It
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operates based on algorithms and data without any understanding or awareness of its actions.

In contrast, general AI, also known as Strong AI, refers to hypothetical AI systems with the ability

to understand, learn, and apply intelligence across a wide range of tasks, similar to human cognitive

abilities. Except for the general cognitive abilities, Strong AI is also envisioned to have self-awareness,

consciousness, and an understanding of its own existence, similar to human intelligence.

At present, due to technological limitations and our incomplete understanding of the true nature of

intelligence, all existing AI systems remain within the realm of weak AI. As a rapidly advancing �eld in

both research and industry, weak AI has experienced unprecedented growth and has become increasingly

integrated into everyday life. To distinguish AI from software, software is often de�ned as a program that

performs speci�c, prede�ned tasks that follow explicit and static instructions coded by developers and can

not learn from the data or adapt itself. Meanwhile, AI often involves machine learning, where the system

improves its performance over time as it is exposed to more data.

1.1.3 Classical Techniques of AI

Currently, the most widely accepted and utilized approach to achieving AI in both academia and

research is through machine learning (ML). Before exploring machine learning in detail, it is helpful to

brie�y review several historically signi�cant techniques that were foundational in the development of AI.

The 1960s marked the �rst golden era of arti�cial intelligence, a period during which many foundational

concepts were introduced and AI research attracted signi�cant funding, particularly from governmental

organizations such as the Defense Advanced Research Projects Agency (DARPA). In 1958, John McCarthy

introduced LISP, the �rst programming language speci�cally designed for AI. A year earlier, in 1957,

Frank Rosenblatt developed the perceptron, a model now recognized as a single-layer neural network [16].

However, the enthusiasm surrounding AI at the time led to in�ated expectations and overly optimistic

predictions about the capabilities of these early systems. In 1969, Marvin Minsky and Seymour Papert
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published a critical analysis showing that perceptrons were incapable of solving certain basic problems,

such as computing the XOR function [17]. This revelation led to a signi�cant decline in interest and

investment in neural network research, ultimately triggering a broader retreat in AI development known as

AI's �rst winter.

While connectionism encountered a cold,Symbolic Arti�cial Intelligence (SAI) became the dominant

research �eld on AI from the 1950s to the 1990s. This method, often referred to as classical AI now, was

considered the ultimate solution for AI during that period. Its most successful applications are the rule-

based systems or the expert systems.

TheRule Based System(RBS) was initially proposed as a concept in the early 1960s and became

mainstream during the revival of AI in the 1970s. The philosophy behind this approach is to list a set of

rules and program the computer to reason based on these prede�ned logics, mimicking the human decision-

making process. It typically includes a knowledge base and a general-purpose reasoning process to solve

problems in a speci�c domain. For example, DENDRAL [18] developed at Standford University in the

1960s is one of the earliest rule-based systems. Its major purpose was to assist scientists in determining

the structure of organic molecules from their mass spectrometry data. Its success has inspired the MYCIN

system - one of the most successful rule-based systems for blood infection diagnosis in the mid-1970s.

MYCIN, a medical expert system developed in the 1970s, was designed to identify bacteria responsible

for sepsis and recommend appropriate antibiotic dosages. Remarkably, its diagnostic performance was

comparable to that of human medical experts.

The development of Symbolic AI relies on a range of tools and algorithms, including but not limited

to, logic programming, production rules, and semantic networks. Meanwhile, it is also worth mentioning

that since the era of machine learning, especially the surge of neural networks, many hybrid algorithms that

use machine learning algorithms and neural networks together with symbolic AI have been developed. For

example, in order to incorporate uncertainty reasoning into symbolic AI systems, hidden Markov models
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and Bayesian networks have been popularized in this �eld, which led to the development of Markov Logic

Networks or Probabilistic Soft Logic. In recent years, there has been a resurgence of interest in Neuro-

symbolic AI—a �eld that seeks to combine the strengths of both neural networks and symbolic AI to

enhance the robustness, reasoning, learning capabilities, and cognitive functions of arti�cial intelligence

systems.

1.1.4 Machine Learning for AI

Throughout history, humanity has progressed through three major stages of language: natural

language, mathematical language, and programming language. Today, machine learning emerges as

the fourth and most recent language - a powerful tool for understanding, modeling, and describing the

world around us. While mathematics provides an axiomatic language that enables a more precise and

quantitative description of the world than natural language, programming languages take this a step further

by translating these descriptions into sets of executable, prede�ned processes or actions. Machine learning,

as a new language built upon the foundations of mathematics and programming, takes a fundamentally

critical step forward - it learns executable processes directly from data, rather than relying on explicitly

programmed instructions. Originally developed as a statistical tool for data analysis, machine learning

evolved rapidly, soon surpassing the boundaries of traditional statistics and emerging as an independent

research �eld in its own right.

Based on the different types of data used to train the algorithms, machine learning can be classi�ed

into the following categories. Supervised learning refers to a type of machine learning where the data used

to train the algorithm are labeled. The machine learning algorithm learns a mapping from the input to

the output so that the model can predict the correct label for new, unseen data. Meanwhile, unsupervised

learning involves training a machine learning algorithm on data without labels. The goal is to discover

patterns, structures, or relationships within the data. It is often used for clustering or dimensionality
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reduction. Semi-supervised learning falls between supervised learning and unsupervised learning. It

uses a dataset where only a small portion is labeled. The model is trained on both the labeled data and

the unlabeled data, leveraging the structure in the unlabeled data to improve learning. Reinforcement

Learning (RL) is a type of machine learning where an agent learns to make decisions by interacting with

an environment. The agent receives feedback in terms of rewards or penalties and aims to maximize the

total rewards. RL differs from other forms of machine learning because it focuses on learning a strategy

and is well-suited to problems when a long sequential decision-making process is involved.

In the past decades, the �eld of machine learning, particularly techniques based on arti�cial neural

networks (ANNs), has experienced unprecedented growth and transformation. The pace of development

has been so rapid that new frameworks are introduced and state-of-the-art performance benchmarks are

surpassed every few weeks. To better understand this evolution from a technical perspective, we categorize

the history of machine learning into three distinct stages: the era of classical machine learning, the rise of

deep neural networks, and the dominance of large language models (LLMs).

1.1.4.1 Classical Machine Learning

Classical machine learning refers to the techniques developed prior to, or alongside, the emergence

of deep neural networks, but notably, excluding neural network-based approaches. It dominated the �eld

before the rise of deep learning and is characterized by algorithms with well-established mathematical

and statistical foundations. Unlike deep learning, classical methods are typically more interpretable and

grounded in mature theoretical frameworks. These algorithms have proven effective across a range of

tasks in supervised, unsupervised, and semi-supervised learning. However, one of their key limitations

lies in their dependence on manual data preprocessing and feature engineering—the process of extracting

relevant features from raw data to achieve high performance. This step often requires signi�cant domain

expertise and effort.
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In the research �eld of supervised learning, labeled data - i.e., data with known outcomes - can be

categorized based on the type of predicted value: discrete or continuous. When the label is a discrete

value, the task is known as a classi�cation problem, where the model learns to assign inputs to prede�ned

categories or classes. In contrast, when the label is a continuous value, the task becomes a regression

problem, where the model is trained to predict a range of numeric values, often forming a continuous

output or trend over time. Here, we provide an overview of some of the most important and widely used

classical machine learning algorithms.

Linear regression algorithm is considered one of the most straightforward and simplest regression

algorithms. Given an output variabley and input variable vectorx, a linear regression model assumes that

the relationship between output variabley and input variable vectorx is linear. It is a good method when

the relationship between input and output is known to be linear. Moreover, the linear regression can be

extended to multivariate linear regression, where the output variabley is assumed to be linearly related

to multiple variables. However, it is not recommended in most application scenarios since it makes an

oversimpli�ed assumption about the data being processed in the real world. The meaning of this algorithm

is that it paved the way for the gap between statistics and machine learning.

Despite its name, logistic regression is actually a classi�cation algorithm, not a regression method.

It is one of the simplest and most commonly used techniques for binary classi�cation, predicting the

probability that an input belongs to one of two categories. Much like linear regression, logistic regression

can be generalized to multiclass classi�cation problems, where the model outputs the probability distribution

across multiple categories. Logistic regression is particularly effective for linearly separable problems and

demonstrates a certain robustness to noise. However, it shares a key limitation with linear regression: its

decision boundary is linear, making it poorly suited for complex or nonlinear relationships in the data.

Additionally, logistic regression is prone to over�tting, especially when irrelevant or redundant features

are present. Its performance heavily depends on effective feature selection and preprocessing, as failing to
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identify and include the correct independent variables can signi�cantly degrade model accuracy.

The decision tree is a supervised machine learning approach that can solve both regression and

classi�cation problems. The operating principle of this algorithm is that it continuously divides the data

according to prede�ned parameters stored in leaves. Using a tree data structure, the input data passes

through nodes at different layers in the tree and �nally falls into a bottom node where the output is speci�ed

for a certain category (classi�cation problem) or a value (regression problem). The merits of the decision

tree algorithm are obvious. First, it can solve both classi�cation and regression problems much more

explainably compared with other machine learning algorithms. Moreover, the tree traversal algorithms

allow it to operate at a fast speed. Lastly, the data required to train the decision tree is small. However, it

is known that the decision tree could easily over�t the data. The tree size grows faster when increasing the

training dataset size, making the tree data structure unmanageable. Thus, the decision tree is only suitable

for low-resource machine learning problems. Another issue is that the decision tree can only be trained to

a local optimal solution, which further limits its performance.

Support Vector Machine (SVM) [19], introduced by Vladimir Vapnik at Bell Labs in 1995, was

considered one of the most powerful and versatile supervised machine learning algorithms before the era

of deep learning. Taking advantage of the concept of kernels, it optimizes the margins of each class

to the decision hyperplanes. The kernel trick offers the possibility to map input data into an arbitrarily

high-dimensional feature space. As a max-margin machine learning algorithm, SVM is resilient to noise

and guaranteed to reach the global optimal solution. The algorithm can also be easily extended from

classi�cation to regression problems. As one of the most heavily studied machine learning algorithms, the

mathematical theories behind SVM are clear and elegant. SVM can handle structured and semi-structured

high-dimensional data that require complex decision boundaries. Given proper kernel functions, SVM, in

theory [20], has the capacity to universally approximate arbitrary functions. Lastly, SVM is also known

for not getting stuck in local optima. The major critiques of SVM are as follows: �rst, its performance
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deteriorates signi�cantly as the dataset size increases. Moreover, �nding suitable kernel functions can be

dif�cult. Lastly, as a max-margin classi�cation algorithm, its �nal output is not a probability, which makes

the results harder to interpret.

Nä�ve Bayes is one of the simplest probabilistic supervised machine learning algorithms. It assumes

conditional independence between all pairs of feature variables given the output variable and applies

Bayes' theorem to simplify the probability distribution equations. Then, Maximum A Posteriori (MAP)

estimation is applied to estimate the probability of a certain input. Na�̈ve Bayes has the following advantages:

it works well on small training datasets and is easy to implement. It can estimate the probability of

binary or multi-classi�cation problems. The major disadvantage of this algorithm is that the Na�̈ve Bayes

assumptions can sometimes be too simple for real-world applications, since the features can be highly

correlated.

Compared to Nä�ve Bayes, the Bayesian network is a more complicated probabilistic machine

learning model that involves the graphical representation of the conditional probabilities or dependencies

between different variables. The graph used to represent the probabilistic dependencies between the

variables is a directed acyclic graph (DAG). Each edge inside the graph represents a direct conditional

dependency, while each node represents a variable with an underlying Bayesian assumption: it might be

an observable quantity, a latent variable, or some unknown parameters.

1.1.4.2 Arti�cial Neural Networks

Arti�cial neural networks have revolutionized the whole machine learning �eld by their unprecedented

performance in complex tasks. The concept of the �rst arti�cial neural network is not recent—it can be

dated back to the era of the perceptron. Despite the proof that the perceptron can't solve the XOR problem,

which caused the �rst AI winter and the transition of mainstream AI technologies to symbolic AI, the

impact of deep neural networks (DNNs) is signi�cant.
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The idea of getting “deep” - which simply means adding an extra layer into the fully connected

perceptron model to solve the XOR problem—has a far-reaching impact: it indicates the revival of fully

connected neural networks, a predecessor of a type of AI technology that has come to dominate—and still

dominates—the AI �eld today. Dating back to 1989, Cybenko [21] proved that fully connected neural

networks (FC-NNs) with three or more layers could universally approximate arbitrary functions, which

saved the endangered connectionism in AI. Even though the deep neural network was proposed very

early—the �rst fully connected neural networks trained by the backpropagation algorithm can be traced

back to 1967 in an article published by Amari,et al. [22]. However, it was not until the last two decades

that neural networks became the dominant machine learning algorithm. This is related to the fact that

the training and testing of neural networks not only require extremely large datasets but also have strict

requirements for computational power. It was not until 2003 that major research interest in deep learning

was brought back by a publication by Yoshua Bengio,et al, which gained huge success in language

modeling using a deep, fully connected neural network [23].

Except for the fully connected neural networks (multi-layer perceptrons), many deep neural network

structures have been proposed and utilized in many other �elds. The Convolutional Neural Network (CNN)

is one of the most important deep learning techniques in the computer vision and image processing research

�elds. The �rst CNN in the modern sense that specializes in processing image data was proposed in 1989

by Yann LeCun [24],et al., to recognize ZIP codes. The �fth version of this CNN, proposed in 1998

- the LeNet-5, is the most well-known of this series of works. The LeNet-5 features 3 convolutional

layers with 2 subsampling layers and a fully connected layer. With a total of 60,000 parameters, it was

designed to identify the images of handwritten digits in the MNIST dataset and reached state-of-the-art

performance at that time. The invention of LeNet-5 convinced the industry and the research community

that CNN is a promising technique for image-related tasks. Moreover, convolutional layers and pooling

layers introduced by LeNet have become standard and have been widely used in modern CNNs. Lastly, its
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structure has inspired nearly all the CNNs afterward. For example, the ReLU activation function—the most

commonly adopted activation function in modern CNNs - was hugely inspired by the sigmoid function in

the LeNet.

The emergence of AlexNet in 2012 [25], one of the most famous CNN architectures, completely

revolutionized the �eld and marked a new era of computer vision research. Before AlexNet, CNN-based

techniques were still in intense competition with traditional machine learning techniques like SVMs. The

outperformance of AlexNet by such a large margin compared to traditional machine learning algorithms

set a completely new standard for computer vision performance. What's more, it adapted LeNet-5 to a

structure with deeper layers—8 layers—and overcame the vanishing gradients problem to achieve unprecedented

high performance. Its success drew the attention of scientists to the importance of depth in the design of

deep neural networks and inspired the invention of nearly all larger and deeper neural network structures

thereafter, including but not limited to VGG, GoogLeNet, and ResNet. Since then, making neural networks

deeper has been a trend and a golden rule in designing DNNs. During its development, it catalyzed the

usage of graphics processing units (GPUs) for fast training and testing of such neural networks. It also

revealed the potential of exploiting super-large datasets with deeper layers to gain higher performance.

Simultaneously, the recurrent neural network (RNN) and its variants changed the research �eld of

processing sequential data, including but not limited to time series, natural language, and audio. One of

the most important differences between recurrent neural networks and other feedforward neural networks

is that RNNs feature feedback loops inside their structure. These feedback loops, often referred to as

recurrent links, offer RNNs the �exibility to track long-temporal information. In the research �eld of

arti�cial neural networks, the �rst RNN can be traced back to Rosenblatt [26], Frank's discussion of a

three-layer perceptron model, where the middle layer was connected back to the �rst layer in 1962.

Then the research on RNNs fell into a quiet period until the resurgence brought by the Jordan

Network [27] and Elman Network [28] in the 1980s. Even though these two neural networks only have
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three layers - not deep enough in the modern sense of deep learning, they feature the most important

characteristics, as well as the basic building blocks that are required for modern RNNs in deep learning.

These simple yet elegant structures pioneered most RNNs that are still used today.

Meanwhile, in the deep learning era, RNNs are often based on two main structures that are suitable

for building deep-layered models: long short-term memory (LSTM) [29] networks, which were invented

by Hochreiter and Schmidhuber in 1995, and bidirectional recurrent neural networks (BRNN) [30], invented

by Schuster in 1997. Since then, LSTM has become the default setting for RNNs in deep learning, as

it mitigates the exploding and vanishing gradient problems that RNNs often encounter. In 2006, the

BRNN based on LSTM — or bidirectional LSTM — began transforming speech recognition by surpassing

traditional models in speci�c applications. It enhanced large-vocabulary speech recognition [31], text-to-

speech synthesis [32], and was integrated into Google Voice Search and Android dictation. Additionally,

LSTM set new benchmarks in machine translation, language modeling, and multilingual language processing.

When combined with convolutional neural networks (CNNs), it also contributed to signi�cant advancements

in automatic image captioning [33].

Compared to traditional RNNs, BRNNs feature two hidden layers that process the input information

in opposite directions, increasing their ability to memorize temporal information. It is worth mentioning

that the Gated Recurrent Unit (GRU) [34], originally introduced in 2014 and often serving as a simpli�ed

version of the LSTM, has a gating mechanism to forget certain features of the inputs. This feature allows it

to maintain the same level of performance as LSTM while greatly reducing the total number of parameters.

Meanwhile, as a powerful tool that excels at processing sequential data, RNNs have also evolved to

process sequential data with more complicated structures. For example, a video is often considered a

sequence of 2-dimensional data (frames). Thus, a combination of CNN and RNN, also known as CNN-

RNN [35] structures, has been proposed. Compared to 3D CNNs, this type of structure has the bene�t

of remembering long temporal information and is more suitable for extracting logical connections and
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Figure 1.1: Encoder-Decoder structure implemented on RNN with attention mechanism. This �gure is
contributed by Daniel Voigt Godoy fromhttps://github.com/dvgodoy/dl-visuals/ .

potential dependencies between a frame and its long-past predecessors. PixelRNN[36] often serves as a

generative model to predict the nearby pixels in both directions.

Among all the variants of the RNN, one of the most important structures that later revolutionized

the whole machine learning �eld is the encoder–decoder model. The concept of the encoder and decoder

originates from digital logic circuit design, where the encoder takes2N inputs and converts them intoN

outputs, while the decoder does exactly the opposite. The encoder–decoder in RNNs is similar to that of the

digital logic circuit. As shown in Figure 1.1, it uses two RNNs connected front to back - one RNN serves

as the “encoder”, and the other serves as the “decoder”. The idea behind the encoder–decoder structure

is inspired by the application of neural machine translation (NMT): the �rst RNN is used to encode the

source language into a sequence of hidden vectors that serve as an intermediate representation, and then the

second RNN acts as the “decoder” that decodes these intermediate representations into the translation of

the second language. With a proper attention mechanism, this model achieved state-of-the-art performance
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in neural translation from 2014 to 2017 and also inspired one of the most important inventions of a type of

super scalable arti�cial neural networks - large language models (LLMs).

1.1.4.3 Large Language Models

In 2017, Vaswani Ashish,et al., published an article titled “Attention Is All You Need” [37], which

introduced the Transformer – a model that later became the foundation of modern neural network research

and the cornerstone of famous AI applications, including but not limited to ChatGPT and Gemini. In this

article, they proposed self–attention mechanisms to replace the RNN. This mechanism is so signi�cant

that it has become the default setting for nearly all large language models.

There are many advantages of Transformers over RNNs. First, instead of processing one word at

a time, the self–attention mechanism allows Transformers to process all the words in parallel. Moreover,

the self–attention mechanism ensures that, even though Transformers handle sequential data in parallel,

the model still retains long-term dependencies without losing information. In addition, the self-attention

module is more scalable compared with traditional RNNs – in theory, its number of parameters can be

in�nite. This feature is crucial because it paves the way for industrial applications – all you actually need

are data and computational resources! Since then, large companies like Apple, OpenAI, and Google have

started building LLMs upon Transformers and entered the �eld of deep neural networks with parameter

counts in the billions. Lastly, it is worth mentioning that LLMs support pre–training followed by �ne-

tuning, enabling task-speci�c adaptation at a reduced cost.

1.1.5 Reservoir Computing

In contrast to all the previously mentioned ANNs that try to reduce errors by increasing the total

number of parameters, reservoir computing is an ANN with minimal design. As a variant of recurrent

neural network (RNN), it only has three layers inside: the input mask, the reservoir layer and the read-out
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Figure 1.2: The reservoir computing forms a minimal style recurrent neural network. Only weightsWout
in the read-out layer are trained, while all other weights are randomly initialized. This �gure is reproduced
from ref. [1].

layer. This structure greatly simpli�es training by keeping the internal network - called the reservoir - �xed

and only trains the read-out layer. The reservoir is a dynamic system that transforms input signals into a

rich set of spatiotemporal patterns, enabling the system to capture complex temporal relationships.

1.1.6 Re�ections: The More, The Better?

Historically, we have observed a trend in the development of the semiconductor industry - both in

hardware and machine learning – toward the evolution from complex modules with limited scalability to

simpler modules that are highly scalable. With the rise of parallel processing units, GPUs have become the

primary computational resource, replacing the earlier role of complex, sequential processing units inside

CPUs. Similarly, in machine learning, the complex and less scalable modules found in CNNs or RNNs

have been replaced by the uniform and simple self–attention mechanism used in Transformers. It seems

we have entered an era where nearly all available linguistic resources of humanity are being used to train

large language models. Major companies have been drawn into a path of investing billions of dollars in

GPUs and building AI infrastructure to enhance their capabilities. Even the surprisingly low–cost large

language model DeepSeek, recently developed in China, required millions of dollars for training. Many
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researchers have fallen into a myth: that the only way to build better, more intelligent AI is to spend more

money. Some even believe that LLMs and scale are the gold standard, and that other machine learning

algorithms are obsolete.

However, diminishing returns from increasing the size of LLMs have become apparent. Scaling up

computation resources by a factor of 10 no longer yields equivalent performance gains. DeepSeek has

demonstrated that with less than 1% of the expenditure, a model can still achieve performance close to the

most advanced systems like GPT–4. Moreover, in many research �elds, it remains extremely costly and

dif�cult to gather enough data to train these arti�cial neural networks – especially large models.

1.2 Microwave Photonics

Microwave photonics is a multidisciplinary �eld that investigates the interaction between optical

and microwave signals. Speci�cally, it involves the use of photonic devices to generate, process, transmit,

and detect microwave and millimeter-wave signals. The �eld has demonstrated signi�cant potential in a

variety of applications, including broadband wireless access networks, sensor networks, radar systems, and

satellite communications. Over the past two decades, numerous research topics have emerged, with several

gaining substantial traction and adoption in both academia and industry. These include photonic generation

of microwave and mm-wave signals, radio-over-�ber (RoF) systems, analog-to-digital conversion (ADC)

enabled by photonic architectures, and optically controlled phased array antennas. In recent years, machine

learning (ML) techniques have been increasingly integrated into microwave photonics research. Broadly,

this integration follows two principal directions. The �rst focuses on employing machine learning algorithms

to assist in the modeling, analysis, and optimization of microwave photonic systems, with the goal of

enhancing system performance, robustness, and adaptability. This includes applications such as parameter

tuning, fault diagnosis, and behavioral prediction of complex photonic subsystems. The second direction

explores the use of photonic systems themselves as computational platforms for implementing machine
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learning algorithms. Due to the inherent high-speed and parallel processing capabilities of photonic

hardware, this approach presents a promising pathway for developing ultra-fast, low-latency machine

learning accelerators. Such systems could be especially advantageous for real-time, high-throughput

applications in signal processing and intelligent communication systems.

1.2.1 Generation of Microwave and mm-wave Using Photonic Devices

It is highly desirable to design microwave or millimeter-wave (mm-wave) sources with ultra-low

phase noise and frequency tunability. These characteristics are critical for applications in radar, satellite

systems, and sensing technologies. Traditionally, high-frequency microwave sources are implemented

using electronic circuits that rely on multiple stages of frequency doubling or up-conversion. However,

this process inevitably introduces phase noise and signal degradation. Moreover, when the generated

microwave signal must be delivered to a remote location, transmitting it via free space or electrical cables

(e.g., coaxial lines) becomes impractical due to high transmission losses. To address this limitation, radio-

over-�ber (RoF) technology—where microwave or mm-wave signals are transmitted through optical �bers

via modulated optical carriers—has been proposed and is now widely adopted in modern communication

systems. As a result, microwave or mm-wave sources that are inherently compatible with RoF systems

can signi�cantly simplify system architecture and reduce hardware complexity. Photonic generation of

microwave and mm-wave signals has emerged as a promising solution. This approach not only integrates

seamlessly with RoF systems but also offers signi�cant advantages over traditional analog electronic

circuits. In particular, the generated microwave or mm-wave signal is the beat note of two optical carriers,

eliminating the need for electronic frequency scaling or multiplication. Finally, photonic-based microwave

and mm-wave sources are intrinsically less vulnerable to electromagnetic interference, further enhancing

their reliability and robustness in complex environments. In general, assumes that we have two optical
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signals at two different frequencies:

E1(t) = E01 cos(! 1t + � 1) (1.1)

E2(t) = E02 cos(! 2t + � 2) (1.2)

whereE01 andE02 are amplitudes,! 1 and! 2 are angular frequencies, and� 1 and� 2 are phases. When

these two optical signals form a beat node at a photo detector (PD), a radio frequency signal can be

generated with following equation:

I RF = A cos[(! 1 � ! 2)t + ( � 1 � � 2)] (1.3)

whereA is the new amplitude of the RF signals.

1.2.2 Radio-over-Fiber (RoF) systems

An optical �ber offers the advantages of ultra-low loss (typically around0:2 dB=km), extremely

high bandwidth, and resistance to electromagnetic interference. These qualities make it the foundation

of modern communication systems. The transmission of radio waves through optical �ber has been

extensively studied and widely applied in industrial settings. The concept of the �rst radio-over-�ber (RoF)

system dates back to as early as 1990 [38], when a four-channel 2G telephone signal was successfully

transmitted through a single-mode �ber using subcarrier multiplexing. The baseband signal, operating

in the frequency range of 864 MHz to 868 MHz, directly modulated a carrier signal generated by a

multi-longitudinal mode laser operating at 1300 nm. To increase system capacity, various multiplexing

techniques such as wavelength division multiplexing (WDM) and network topologies including tree [39]

and ring [40] architectures [2] were proposed and investigated. In recent years, with the rapid expansion

23



of 5G cellular networks and Internet of Things (IoT) applications, the demand for advanced RoF systems

has signi�cantly increased. To meet these demands, RoF systems operating at millimeter-wave and even

terahertz frequencies have been explored [41]. To address the power consumption challenges of such high-

frequency systems, new approaches like optically powered RoF systems [42] have also been developed.

Notably, due to the extremely low loss and ultra-wide bandwidth of optical �bers, no signs of saturation or

fundamental limitations have yet emerged for RoF systems. It is therefore reasonable to conclude that RoF,

as a mature and robust technology, will continue to serve as a core component of modern communication

systems in the foreseeable future.

1.2.3 All Optical Microwave Signal Processing

In recent years, a noticeable shift has occurred in the research community—from merely transmitting

microwave signals through radio-over-�ber (RoF) systems to processing microwave signals using all-

optical methods. This trend is driven by several key factors. First, RoF is a mature and well-established

technology, extensively studied from 1990 to 2015. It remains highly effective in supporting modern

communication systems, including �fth-generation (5G) networks, with minimal modi�cations. As a

result, its research momentum has naturally slowed. Second, signal processing is inherently more complex

than signal transmission. Photonic devices operate at much higher frequencies—typically in the terahertz

range—compared to traditional electronic circuits, which function in the megahertz (MHz) to gigahertz

(GHz) range. Since a system's processing capability is generally tied to its clock rate, photonic devices

have a natural advantage in terms of speed and bandwidth. Lastly, electronic circuits capable of operating

at high frequencies tend to be costly and often incompatible with standard communication infrastructure.

This makes the idea of processing microwave signals entirely in the optical domain particularly attractive

to both research and industry, offering a promising pathway to achieving higher performance with lower

cost and greater scalability.
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1.2.3.1 Using Optical Fiber as Delay-Line Filters

It can be dated back as early as 1976 that optical �bers can serve as a delay line [43] to process

signals, as they have low loss and high bandwidth. The key idea behind this scheme is to take advantage

of a group of parallel delay lines with delays equal toT; 2T; :::; nT , using a �nite impulse response (FIR).

When these responses are combined, they form all-optical �lters. In real-world implementations, these

parallel optical �ber delay lines can be realized with optical couplers [44, 45], Fiber Bragg Gratings

(FBGs) [46], or arrayed waveguides [47]. Other implementations of parallel optical �ber delay line arrays

exploit negative refractive index [48] or complex refractive index [49], offering a wider dynamic range and

tunability.”

1.2.3.2 Optical Implementation of Logical Gates

One of the most direct ways to boost the operating frequency of circuits is to implement the

logic gates with all-optical devices, which are not only compatible with communication systems but also

exploit the ultra-fast processing speed of optical devices. However, there is an underlying challenge to

such implementations: electron-electron interactions can be easily manipulated in the presence of an

electromagnetic �eld, whereas controlling photon-photon interactions on a large scale and maintaining

precision under noise remains dif�cult. Moreover, compared to their counterpart, CMOS devices in

electronic circuits which can be integrated at the million or even billion-device level per chip, the integration

of photonic devices is still limited to at a small scale.

The earliest idea of implementing all-optical �ip-�ops can be traced back to 1975, when optical

bistability [50]was observed in a cavity with nonlinear effects. Since then, this property has been exploited

to fabricate all-optical �ip-�ops, known as cavity-based all-optical logic gates. In 1980, the �rst experiment

demonstrating the feasibility of this concept was conducted. Using Fabry-Pérot etalons [51], a logic gate

was constructed by coupling two optical triode switches. However, this experiment used large, bulky,

25



and discrete photonic devices, which required high energy consumption to produce a strong nonlinear

effect, making it unsuitable for large-scale implementations. Following this, research has focused on

microcavities with the potential for integration while maintaining low power consumption. In the early

2000s, micro-ring laser-based cavities were proposed as bistable switches with trigger energies as low

as femtojoules (fJ ) per gate [52]. Meanwhile, other passive implementations of all-optical logic gates

were also proposed. For example, 2D photonic crystal nanocavity-based �ip-�ops were theoretically

demonstrated [53] and experimentally examined [54]. In 2014, leveraging large-scale photonic crystal

nanocavity arrays built on silicon photonic devices, researchers achieved 105-bit operations [55]. More

recently, all-optical and all-in-one systems using liquid metal plasmon nonlinearity have also been proposed

and tested [56]. Nonetheless, progress in cavity-based or cavity-array-based all-optical logic gates remains

in the laboratory stage. The technology is still far from industrial applicability due to limitations in total

operating bits.

Aside from cavity-based all-optical logic gates, semiconductor optical ampli�er (SOA)-based all-

optical gates have also garnered signi�cant attention. Compared to cavity-based implementations, SOA-

based gates have an intrinsic advantage in scalability, as manufacturing an SOA on a wafer is much

easier than fabricating a cavity. Additionally, SOA-based gates have lower power consumption. Similar

to their cavity-based counterparts, SOA-based all-optical gates rely on the nonlinear effects within the

optical medium. Initially, for a single SOA device, only one logic function could be implemented using a

speci�c nonlinear effect, such as four-wave mixing (FWM). However, it was soon discovered that multiple

logic functions could be implemented in a single SOA, processing signals in parallel by simultaneously

exploiting all available nonlinear effects [57]. This discovery greatly enhances the potential of SOA-based

logic gates, as there are various nonlinear effects within the SOA, including, but not limited to, cross-gain

modulation (XGM), cross-phase modulation (XPM), and cross-polarization modulation.

Research on all-optical logic gates is still facing challenges in on-chip integration, although current
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progress in all-optical logic devices using photonic crystals, silicon ring resonators, and plasmonic microstructures

[56] has already signi�cantly reduced the feature size to the level of hundreds of�m .

1.2.3.3 Integrated Microwave Photonics

In recent years, microwave photonics has seen a research trend towards integration, that is, the

integration of all photonic and electronic components into a single chip. Integrating all components onto

a single chip not only signi�cantly reduces the overall size of the microwave photonic system but also

promises lower costs and greater compatibility with other components, such as RF circuits in communication

networks. The advancements in the fabrication processes of indium phosphide (InP ), silicon-on-insulator

(SOI ), and silicon nitride (Si3N4) have enabled many impressive applications. For example, Ref. [58]

demonstrates a plasmonic modulator with an ultra-small size that achieves a bandwidth of 170 GHz.

Moreover, researchers have also demonstrated the possibility of a programmable signal processor by

integrating the building blocks of the Mach-Zehnder interferometer (MZI) into two-dimensional (2D)

meshes, which can then be programmed to synthesize a variety of optical functionalities, including �lters,

delay lines, and unitaryN � N transformations [59].

1.3 Photonic Machine Learning

In previous sections, we have brie�y described the history of AI technologies and recent advances

in microwave photonics. It can be seen that, in recent years, connectionism has become the dominant

philosophy in AI research. Various variants of arti�cial neural networks (ANNs) have emerged and

become the leading approaches in different research areas and industrial applications. Traditionally, most

of these arti�cial neural networks run on digital circuits—ranging from central processing units (CPUs)

and graphics processing units (GPUs) to tensor processing units (TPUs) and application-speci�c integrated

circuits (ASICs), targeting the acceleration of speci�c machine learning algorithms. Meanwhile, modern
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communication frameworks heavily rely on �ber-based photonic systems that offer low loss and ultrawide

capacity. Moreover, photonic devices operate at much higher frequencies compared to electronic devices,

presenting the potential to signi�cantly improve signal processing capabilities. Thus, it is natural to wonder

whether it is possible to develop machine learning systems that operate on photonic devices. Over the past

decades, there has been a surge in research interest in developing such photonic machine learning systems,

accompanied by various research trajectories and diverse platform architectures being proposed.

1.3.1 Photonic Accelerator for Traditional Machine Learning Algorithms

While arti�cial neural networks dominate contemporary AI research, traditional machine learning

algorithms, such as principal component analysis (PCA), remain widely used in applications that require

low computational resources and work with limited data. In addition to using photonic universal computation

platforms or photonic logic gates to implement and accelerate these algorithms, it is worth mentioning

other research that takes advantage of nonlinear effects within photonic devices and exploits these nonlinearities

for superfast computing. For example, in digital circuits, a Fourier transform often involves multiple

stages of digitization and multiplication. Meanwhile, light propagating through a concave lens undergoes

a Fourier transform. These properties were originally exploited for computation, as mentioned in previous

sections, and have also been demonstrated to be suitable for machine learning applications. For instance,

in Ref. [60], a microring resonator (MRR) weight bank is used as a photonic machine learning platform to

perform PCA analysis. The authors experimentally demonstrate a two-channel photonic PCA system,

showing strong agreement between the resulting principal components (PCs) and those derived from

traditional software-based PCA. Ref. [61] proposes the �rst application of four wave mixing (FWM)-

based nonlinear signal processing within the context of machine learning and neuromorphic computing.

Through numerical simulations, they demonstrate that FWM can serve as a �exible and effective nonlinear

activation function, with the potential to enhance dimensionality reduction in extreme learning machine
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(ELM) architectures.

1.3.2 Photonic Arti�cial Neural Networks

The increasing demand for machine learning and arti�cial intelligence in �elds such as telecommunications

and high-performance scienti�c computing has spurred interest in new hardware solutions. At the same

time, the development of digital electronics for arti�cial neural networks has revealed key limitations in this

domain, most notably, issues related to processing latency. To address this challenge, photonic computing

has emerged as a promising direction, driven by advancements in optoelectronic components and photonic

integration platforms. Photonic integrated circuits (PICs) have enabled ultrafast arti�cial neural networks,

forming the foundation for a new generation of information processing systems.

In modern arti�cial neural networks, the computation paradigm often differs signi�cantly from

traditional computer algorithms supported by the Von-Neumann architecture. ANNs typically require

large-scale parallel processing of data rather than sequential computing, meaning that highly distributed,

low-latency computations are more important and favored than ever. The computations within an ANN

can generally be divided into two types of highly parallel operations: linear operations and nonlinear

operations. Additionally, the communication time between processing units must be minimized. These

requirements make photonic circuits particularly well-suited for implementing high-performance processing

units for arti�cial neural networks, due to two key advantages: their ability to support dense interconnectivity

at superfast speeds and their ef�ciency in performing both linear and nonlinear operations. It is known

that the most frequently computed operations in arti�cial neural networks, such as CNNs, RNNs, or

LLMs, are matrix multiplication (dot product), addition, and nonlinear operations (e.g., sigmoid or ReLU).

In photonic circuits, optical signals can be ef�ciently multiplied by transmitting them through tunable

waveguide elements and then added using wavelength-division multiplexing (WDM) to accumulate carriers

in a semiconductor [62, 63] or through electronic currents [64, 65]. Moreover, nonlinear transformations
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Figure 1.3: Fully connected optical neural networks implemented by MZI to perform weights
multiplication. This �gure is reproduced from ref. [2].

can be ef�ciently implemented using the intrinsic nonlinear effects within photonic devices. Compared to

the digital implementations of data centers built with distributed computing clouds, photonic data centers

offer signi�cant advantages in interconnecting each computation unit using optical waveguides or optical

�bers, which have much lower loss, higher bandwidth, and generate less heat than metal waveguides.

Finally, one major advantage of photonic devices is their potential for parallel computations, further

enhancing their suitability for high-performance applications.

In recent years, with the rapid development of silicon photonics, the integration of photonic devices

has experienced a large-scale increase, making it possible to create a scalable photonic computational

platform for implementing arti�cial neural networks. For example, Ref. [2] proposes a fully connected

optical neural network (FC-ONN) using an array of Mach-Zehnder interferometers (MZIs) in silicon

photonics for programmable weight multiplications, and optical interference units (OIUs) to implement

optical nonlinear units (ONUs) that perform activation functions. The proposed scheme is shown in
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Figure 1.4: Fully connected optical neural networks implemented by array of semiconductor optical
ampli�ers(SOAs). This �gure is reproduced from ref. [3].

Figure 1.3. This implementation of the FC-ONN has improved latency by two orders of magnitude

compared to fully connected neural networks based on digital circuits. For the implementation of optical

neural networks, two key factors must be considered: �rst, how to leverage photonic devices for matrix

multiplication, and second, how to exploit nonlinear effects to function as activation functions. This opens

up the possibility of using many different candidates, rather than relying solely on MZIs. For example, the

microring weight bank mentioned in Ref. [66] could also serve as the weight multiplication mechanism for

an optical neural network (ONN). Similarly, as shown in Figure 1.4, an array ofInP -based semiconductor

optical ampli�ers (SOAs) is proposed for weight multiplication in an ONN [3]. Additionally, as shown in

Figure 1.5, a FC-ONN utilizing phase change materials (PCMs) for matrix multiplication and wavelength-

division multiplexing (WDM) multiplexers as nonlinear activation functions has been proposed [67].

Apart from fully connected neural networks, other types of photonic deep neural networks, such as
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Figure 1.5: Fully connected optical neural networks implemented by phase change materials. It uses
WDM multiplexer to perform nonlinear activation functions for neural networks.This �gure is reproduced
from ref. [3].

photonic convolutional neural networks (CNNs) and photonic recurrent neural networks (RNNs), have

also been proposed. For example, Ref. [68] proposes and examines a large-scale photonic CNN based

on distributed feedback laser diodes (DFB-LDs) that leverages biological time-to-�rst-spike coding for

performing convolutions. Similarly, as in Ref. [3], Ref. [69] also exploits SOAs for weight multiplication

and incorporates WDM multiplexers for nonlinear activation. However, instead of FC-ONNs, they experimentally

demonstrated the �rst all-optical RNN with a gating mechanism. The list of technologies and research

trajectories for all-optical neural networks using integrated photonic devices is extensive and continues to

grow.

Parallel computation plays a crucial role in enabling the high-speed implementation of arti�cial

neural networks. In integrated photonic systems, individual components within the photonic circuit,

each performing fundamental operations such as multiplication or addition in parallel, constitute what

is commonly referred to as device-level parallelism. However, the inherent capability of photonic devices
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Figure 1.6: Fully connected optical neural networks implemented by taking advantage of Kerr-combs. It
forms a frequency level parallelism for fully-connected arti�cial neural network implementations. This
�gure is reproduced from ref. [4].

to facilitate parallel computation extends far beyond this device-level scope, offering a broader and more

profound potential for computational acceleration. It is important to note that there are various forms

of parallelism inherent in photonic systems. These parallelisms have already been widely accepted and

utilized in optical communication research, typically under the concept of “multiplexing”. If leveraged by

photonic computation techniques, these forms of parallelism could unlock signi�cantly enhanced computational

capabilities. Moreover, these parallelisms are compatible with the device scaling-law of photonic integrations,

making them even more promising for large-scale applications. For example, Ref. [4] studies a fully

connected optical neural network (FC-ONN) implementation based on a microring resonator (MRR).

As shown in Figure 1.6, an MRR generates an optical Kerr-comb with frequency components evenly

distributed in the frequency domain. Each comb is then modulated by the weights of a layer within
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Figure 1.7: Photonic CNNs implemented by Kerr-combs. This �gure is reproduced from ref. [5].

the deep neural network in the temporal domain. A photodiode (PD) is used to sum the weights of the

network. These Kerr-combs together form a fully connected neural network. Compared to previously

discussed methods, this approach exploits parallelism in both the frequency and temporal domains. It is

important to note that this method is not limited to FC-ONNs. Figure1.7 illustrates how it can be adapted

to implement a convolutional neural network (CNN) [5]for image classi�cation, achieving a processing

speed of 11 Tera�ops.
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1.3.3 Photonic Delay Line based Reservoir Computer

As mentioned in Sec. 1.2.3.1, a delay line is often used to process signals as �lters in microwave

photonics. In 2011, a key property of delay lines - its in�nite dimensionality in the temporal domain,was

found to be extremely useful for the implementation of a machine learning algorithm known as reservoir

computing. In that framework, expanding information in the temporal domain via a delay line was

proposed for constructing a reservoir computer. Since then, this approach has become a hot research

topic and numerous schemes have been proposed and studied. Since the 1980s, recurrent neural networks

(RNNs) have been widely used to process temporal or sequential signals. The primary training method for

RNNs is the gradient-based backpropagation algorithm, which is computationally expensive and does not

always guarantee a globally optimal solution. In the early 2000s, echo-state networks (ESNs) [70–72] and

liquid state machines (LSMs) [73] were independently proposed and studied. These two types of arti�cial

neural networks share similar concepts with reservoir computing but differ signi�cantly from traditional

RNNs. One of the most notable differences is that these networks avoid the use of backpropagation

algorithms.

Reservoir computing (RC), a variant of recurrent neural networks, has a much simpler structure.

It typically consists of three layers: the input layer, the reservoir layer, and the output layer. The inputs

are projected into a much higher-dimensional space after being multiplied by the input weights, making

the data more separable. The reservoir layer performs similarly to the recurrent layers in an RNN, giving

RC the ability to retain long-term information. Unlike most arti�cial neural network models widely used

today, RC avoids the time-consuming backpropagation algorithm. One of RC's most notable advantages

over other types of ANNs is that it can be trained with signi�cantly less data, making it particularly suitable

for low-resource machine learning scenarios.

The idea of implementing a reservoir computer using a delay line was initially proposed in 2011. As
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Figure 1.8: Photonic CNNs implemented by Kerr-combs. This �gure is reproduced from ref. [6].
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shown in Figure 1.8, Ref. [6] introduces the concept of temporal multiplexing to project the input signal

into a higher-dimensional space for the reservoir layer. In such implementations, the temporal information

in the delay line is considered as neurons equally distributed along the delay line. One key advantage is

that this idea can be widely applied to systems with a delay line and nonlinearity. For example, Ref. [74]

proposes using a digital Proportional–Integral–Derivative (PID) controller with a feedback delay line to

implement delay line based RC, Ref. [75] utilizes an active-ring resonator comprising a magnetic thin-

�lm delay line for better integration, Ref. [76] uses a three-stage monolithic integrated ampli�ed feedback

laser that concatenates a distributed feedback laser (DFB) laser, a passive phase section, and an ampli�er

section to form a feedback loop, and Ref. [77] uses Mackey-Glass time-delay system for implementing an

RC. Currently, the number of time-delay-based RC implementations with different structures and dynamic

systems is still skyrocketing and the rate of increase in related publications is expected to continue growing

rapidly in the future.

Among all of these time-delay based reservoir computing implementations, the implementation of

reservoir computers based on optoelectronic oscillator (OEO) has been extensively studied and is the most

widely accepted. It was not accidental that the �rst proposed time-delay photonic reservoir computer

(RC) was based on an optoelectronic oscillator (OEO). The suitability of the OEO for photonic RC

implementations can be justi�ed by the following reasons. First, the optoelectronic oscillator (OEO) is a

key device widely used in optoelectronics, offering exceptional compatibility with modern communication

systems and infrastructure. It not only contains a photonic component that can be seamlessly integrated

into optical �ber communication systems, but also includes a radio frequency (RF) component capable of

directly handling and processing RF signals generated by technologies such as Wi-Fi, Bluetooth, and �fth-

generation (5G) networks, which are widely used in today's wireless communication. Second, it features

a delay line, a necessary condition for the time delay RCs. Lastly, it has rich nonlinear dynamics inside.
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Chapter 2: Optoelectronic Oscillator and Its Mathematical Modeling

The optoelectronic oscillator (OEO) is an autonomous, nonlinear, and dissipative optoelectronic

device that features a delay line within its closed loop. Originally invented to generate ultra-pure microwave

signals with extremely low phase noise, it has now become a versatile and essential device widely used

in various modern communication system applications. As mentioned in [7], the earliest prototype of

a modern OEO can be traced back to 1968 [78], where an optical path was concatenated back into the

electrical path to stabilize mode locking between the longitudinal modes of a He-Ne laser. The �rst

optoelectronic oscillator in the modern sense was a breakthrough achieved in 1994 at the Jet Propulsion

Laboratory (JLT) at California Institute of Technology [79,80], offering a novel method for generating low

phase-noise microwave signals by combining photonic and electronic components in a closed feedback

loop. The idea was to introduce the optical �ber as a high-quality factor (high-Q) component to store

energy. Compared to the traditional oscillators that often exploit RF components, for example, a Fabry-

Perot resonator, to store energy, the idea of incorporating an optical �ber for an oscillator was revolutionary.

Due to its ultra-low loss and material stability of optical �bers at room temperature, it became possible to

generate ultrapure microwave with extremely low phase noise.

In the past 30 years, due to its rich nonlinear dynamics and widespread applications in microwave

photonics, the number of publications related to OEO has grown at a steady rate. It has already become one

of the most studied optoelectronic devices [81]. Its applications have evolved beyond ultra-pure microwave

generation and now include, but are not limited to, chaos synchronization and communications, OEO-

based sensing technologies, and reservoir computing. For fundamental research, the OEO also serves as
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a good exemplar for studying the dynamics of time-delayed systems, which the following equation can

characterize:

_x = F(x; x t ) (2.1)

wherex is N -dimensional �ow with x = ( x1; x2; � � � ; x l ) and xT is a time delayed part ofx with

xT = x(t � T).

Compared to the regular differential equations, it is not only required to have initial conditions with

a �nite set of values att = 0 as regular differential equations to solve Eq. 2.1, but it is also mandatory to

have the initial conditions for the time delayed part de�ned in the interval[� T; 0] with a speci�c function

g(t). Thus, a set of in�nite values have to be known to fully characterize a solution for such systems.

This is in full agreement with mathematical theories that time delayed differential equations (DDEs) are

inherently in�nite-dimensional [82]. It is known that timescales and delay time inside the OEO can have 10

orders of magnitude difference, making it an ideal system to investigate the interactions between in�nite-

dimensionality and nonlinearity, the complex dynamical states such as slow-fast oscillation, chaos, and

even superchaos.

2.1 Mathematical Modeling of a Time Delayed System

To date, aside from the original OEO implementation proposed by Yao and Maleki [80], which

utilized a narrowband �lter and a single optical feedback loop, numerous variants and implementations

have been proposed and studied. However, the essence of all these variants remains the same and can

still be characterized by a generic representation, as shown in Figure 2.1: an OEO is an optoelectronic

system that features both an electrical and an optical path with a time delay line. Energy inside the system

�ows through the loop, converting from electrical form to optical form via an electrical-to-optical (E/O)

converter, and then back from optical to electrical form through an optical-to-electrical (O/E) converter,

�nally feeding back into the input via the electrical path. With a loop structure featuring both an optical
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Figure 2.1: A general representation of an optoelectronic oscillator with simpli�ed structures. Energy
�ows through the loop and converts from electrical form to optical form with an electrical-optical (E/O)
conversion, and then converts back from optical form to the electrical form and feeds back to the input with
an electrical path following the optical-electrical (E-O) converter. This �gure is reproduced from ref. [7].

path and an electrical path, modern implementations of OEOs can simultaneously generate and output an

optical signal (� 50 THz to 500 THz) and a microwave signal (� 30 kHz to 200 GHz) by inserting an

optical coupler and an RF coupler into the optical and electrical paths, respectively. It is also worth noting

that, despite their structural differences, most of these implementations can be conveniently realized using

off-the-shelf components. For example, optical-to-electrical conversion can be easily achieved using a

phase and polarization insensitive device (e.g., a photodiode), which makes the experiment more robust

and controllable by relaxing the requirement for light coherence.

In general, the study of mathematical modeling for OEOs is closely related to a type of time-delayed

equations originally proposed by Ikeda [83]. The Ikeda delay differential equation (Ikeda-DDE) has the

following form:

� + � _� == A2f 1 + 2B sin[� (t � T)] + Cg (2.2)

This equation was originally used to describe the dynamics and distribution of the laser �eld in a four-

mirror ring optical cavity when laser light was propagating freely in a small nonlinear medium. Inside the

equation,� represents the optical phase shift due to the interference of the ring feedback in the nonlinear

40



Figure 2.2: An Ikeda-like OEO can be characterized by four key components: a nonlinear functionf NL , a
linear gain� , a spectrum �lterĤ , and a time delayT. This �gure is reproduced from ref. [7].

medium. � is the response time of the low pass �lter inside the feedback loop.T counts the total delay

inside the loop. Eq. 2.2 represents a class of optical systems introduced by Bonifacio,et al. [84,85]. One

of the major impacts of this system is that it illustrates that a simple model with nonlinearity and time

delay can evolve to complex dynamical states that include chaos. Moreover, the study of these equations

provides insights into a particular type of OEOs that we will discuss in the following section - the Ikeda-

like OEOs.

2.2 Mathematical Model of Ikeda-like OEOs

As shown in Figure. 2.2, a typical optoelectronic oscillator (OEO) can be further divided into four

parts: a nonlinear functionf NL , a linear gain� , a spectrum �lterĤ , and a time delayT. To study its

behavior, equations similar to Eq. 2.2 can be of great importance.

Assuming that a scalar dynamical variablex(t) is used to characterize the system's dynamics in the

time domain with its Fourier transform counterpart written asx(t) F�! X (i! ), the equation that governs
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the behavior of an Ikeda-like OEO in the frequency domain can be express as follows:

H � 1(iw )X (i! ) = �F NL (i! )e� i!T (2.3)

whereFNL (i! ), andH (i! ) are the Fourier transform off NL , andĤ , respectively. If the �lter is passive (a

condition that often holds for most implementations), the �lter can be characterized by an impulse function

h(t) in the time domain, which is the inverse Fourier transform ofĤ (i! ), with h(t) = 0 for t < 0, and

R+ 1
0 jh(s)jds < + 1 . Thus, performing an inverse Fourier transform on both sides of Eq. 2.3 yields an

equation in the time domain that is suitable for all types of Ikeda-like OEOs:

Ĥ f x(t)g = �f NL (x(t � T)) (2.4)

whereĤ f x(t)g is a linear integro-differential operator with its output equal to the input:Ĥ (xout ) = x in .

By de�nition, Eq. 2.4 is an Ikeda-like equation. Inside the equation, the four key components - a nonlinear

function f NL , a linear gain� , a spectrum �lterĤ , and a time delayT inside the OEO loop together

determine the dynamical behaviors of an OEO.

2.3 Mathematical Model of Low-pass Filter and Broad Bandpass Filter OEOs

Currently, there are many variants of OEO implementations existing in the literature. For example,

increasing the number of loops within an OEO has been proven to be an effective method for improving

output stability and reducing phase noise. Thus, in Ref. [86], a dual-loop OEO has been proposed and

examined. Following this trend, theories and experiments have been extended to multi-loop OEOs that

include a triple-loop OEO in Ref. [87]. However, these structures often require more optical and electrical

components and often involve more complex mechanisms that are beyond the scope of our OEO-based

RC. Thus, in this thesis, we only consider the OEO structure that has a single loop. Figure. 2.3 shows the
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Figure 2.3: The OEO implementations that involve an external Mach-Zehnder Modulator (MZM). PC:
Polarization Controller; DL: Delay Line; AMP: Ampli�er; MC: Microwave Coupler. This �gure is
reproduced from Ref. [7].

con�guration of single-loop OEOs that involve an external Mach-Zehnder Modulator (MZM).

Figure 2.4: The OEO implementation that uses direct modulation from the laser. PC: Polarization
Controller; DL: Delay Line; AMP: Ampli�er; MC: Microwave Coupler. This �gure is reproduced from
Ref. [7].

Different from the OEOs that originally proposed to generate ultrapure microwave in Ref. [80],

this con�guration of OEO is known as the wideband OEO - as it features a linear low-pass RF �lter or

a Bandpass RF �lter. Inside the OEO, the MZM brings the nonlinearity into the loop. Compared to

this implementation, there is a similar but simpli�ed wideband OEO implementation of OEO that takes

advantage of directly modulating a laser as shown in Figure. 2.4. Both of these implementations of OEOs

can be characterized as broadband OEOs that are governed by similar equations.

43



First, let's consider the low-pass �lter case and derive the equations. Since inside the equation, only

the �rst order of the low-pass �lter with a high cut-off frequency should be considered, we can easily

replace theĤ f x(t)g as:

Ĥ f xg = x + � _x (2.5)

where� = 1=2�f H is the time constant introduced by the �lter. Combining Eq. 2.4 and Eq. 2.5, we can

easily obtain a generic form of equations that rule both these types of OEOs with a low-pass �lter:

x + � _x = �f NL (x(t � T)) (2.6)

This equation can be further simpli�ed as a �rst-order differential equation as follows:

_x = �
1
�

x +
�
�

f NL (xT ) (2.7)

wherexT is a time-delayed counterpart of thex and thef NL is a nonlinear function solely determined by

the modulator (an external modulator or directly modulating the laser).

Then, let's consider the case of a broadband bandpass �lter. One of the most straightforward ways

to derive this equation is by modeling the bandpass �lter as a combination of a low-pass �lter and a

high-pass �lter, with a high cut-off frequencyf H and a low cut-off frequencyf L . In the Fourier domain,

the introduction of these two linear �lters modi�es the operatorĤ , which can be mapped back into the

time domain as an integro-differential equation. Recall the Eq. 2.4 and the four key components in the

con�guration of OEOs, the only change is to replace a low-pass �lter with a bandpass �lter. Thus, it can

be easily concluded that the new OEO equation can be derived by replacing the nonlinear operatorĤ in

Eq. 2.5 with:

Ĥ f xg = (1 +
�
�

)x + � _x +
1
�

Z t

t0

x(s)ds (2.8)
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Similarly, if we combined the above equation with Eq. 2.4, an equation can be conveniently derived to

describe the broad bandpass �lter OEOs as follows:

� _x + (1 +
�
�

)x +
1
�

Z t

t0

x(s)ds = �f NL (xT ) (2.9)

where� = 1=2�f H and� = 1=2�f L . In general, for a broadband OEO, it always hasf L � f H , leading

to �=� �! 0 and(1 + �
� )x ' x. Thus, Eq. 2.9 can be further simpli�ed as follows:

_x + x +
1
��

Z t

t0

x(s)ds =
�
�

f NL (xT ) (2.10)

It can be seen that Eq. 2.10 has a similar form to Eq. 2.7 - with a nonlinear functionf NL solely determined

by the modulator.

2.4 Mathematical Model of Narrowband OEOs

A single-loop narrowband OEO can be implemented by simply replacing the low-pass or bandpass

�lter to a narrowband �lter as shown in Figure. 2.3. Since it has almost the identical con�guration as a

bandpass �lter OEO, the steps to derive the equations ruling its behavior is almost exactly the same. The

key is to determine the behavior of the �lter and study the narrowban OEO under the framework of Eq. 2.4.

Different from broad bandpass OEOs inside which the �lters can be viewed as two cascaded �rst-order

�lters, the �lter used to contruct narrowband OEOs should be characterized as a single and resonator �lter.

If we model this �lter by linearly approximating it with a central angular frequency
 0 and a bandwidth

of �
 , the nonlinear operator̂H inside Eq. 2.4 can be expressed as:

Ĥ f xg = x +
1

�

_x +


 2
0

�


Z t

t0

x(s)ds (2.11)
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Following the same steps in Section. 2.3, the equation that rules narrowband OEO can be written as:

x +
1

�

_x +


 2
0

�


Z t

t0

x(s)ds = �f NL (xT ) (2.12)

where thef NL is determined by the MZM.

Interestingly, due to the large ratio between the fastest and slowest dynamical timescales in the

above equation (
 2
0=�
 � 107), it is actually hard to directly study the dynamics of narrowband OEO

by numerically simulating Eq. 2.12. Instead, an slowly varying envelop equation with a smaller timescale

difference introduce by Ref. [88] becomes foundations for time-domain analysis of such system and our

study of narrowband OEO-based RCs. Thus, we re-derive a few key steps here following [88]. Due to the

narrowband �lter residing in the OEO loop, only microwave that within its band could pass through. Thus,

the microwave variablex(t) can be written in complex form as follows:

x(t) =
1
2

A(t)ei 
 0 t +
1
2

A � (t)e� i 
 0 t ; (2.13)

whereA = jAj ei� is the complex envelop, and� is phase of the envelop. Considering that fact that

envelop is varying slowly relative to the central frequency of the �lter, we have:

j _Aj � 
 0jAj (2.14)

In the case for narrowband OEO with an external MZM, the nonlinear function can be written as follows:

f NL (xT ) = cos2(xT + � ) (2.15)
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Taking advantage of the Jacobi-Anger expansion:

eiz cos� =
+ 1X

n= �1

i nJn (z)ein� ; (2.16)

whereJn is then-th order of �rst-kind Bessel function. Given thatcos2 a = [2 cos (2a) + 1] =2 andx(t) is

nearly sinusoidal around
 0, Fourier spectrum ofcos2(xT + � ) will be a series of frequency components

distributed around harmonics of
 0. With the narrowband �lter centered near
 0 in the OEO loop, a

equation can be derived by combining Eq. 2.12, Eq. 2.13 and Eq. 2.15:

x(t) + �
dx
dt

+
1
�

tZ

t0

x(s)ds = � � sin 2� � J1(2jA (t � T)) cos(� (t � T)) ; (2.17)

where� = 1=�
 and� = �


 2

0
. To cancel to integral term1

�

tR

t0

x(s)ds in above equation, we can use an

intermediate variableu(t):

u(t) =

tZ

t0

x(s)ds: (2.18)

Assuming that:

u(t) =
1
2

B(t)ei 
 0 t +
1
2

B� (t)e� i 
 0 t : (2.19)

If we insert Eq. 2.19 into Eq. 2.17, and assuming that the slowly-varying condition also holds forB with

j •Bj � 
 0j _Bj � 
 2
0jBj , following equation can be obtained:

i 
 0 _B(t) + i� 
 0B = � �
J 1(2
 0jBT j)e� i 
 0T ei T ; (2.20)

where T = A T =jA T j.

It is worth noting thatA ' i 
 0B. Inserting this condition into Eq. 2.20, an equation in terms of the

complex envelopA of the microwave variablex(t) can be derived as:
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_A(t) = � � A � 2�
J c1 (2jA (t � T)j)A (t � T)e� i� (2.21)

where� = 
 0T, andJc1 is the Bessel-Cardinal function with a de�nition ofJc1 (x) = J1(x)=x.

2.5 Conclusion

In this chapter, we derived the time-delayed differential equations that govern the behaviors of both

narrowband OEO and broadband OEO in the same framework. For numerical simulation, we also derived

the envelop equation for narrowband OEO.
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Chapter 3: Classi�cation of IQ-Modulated Signals based on Reservoir Computing with Narrowband

Optoelectronic Oscillators

In general, the OEOs used for reservoir computing are wideband and are processing analog signals

in the baseband. However, their hardware architecture is inherently inadequate to directly process radiotelecom

or radar signals, which are modulated carriers. On the other hand, the high-Q OEOs that have been

developed for ultra-low phase noise microwave generation have the adequate hardware architecture to

process such multi-GHz modulated signals, but they have never been investigated as possible reservoir

computing platforms. In this chapter, we show that these high-Q OEOs are indeed suitable for reservoir

computing with modulated carriers. The dataset (DeepSig RadioML) is composed with11 analog and

digital formats of IQ-modulated radio signals (BPSK, QAM64, WBFM, etc.), and the task of the high-Q

OEO reservoir computer is to recognize and classify them. We show that with a simpler architecture, a

smaller training set, fewer nodes and fewer layers than their neural network counterparts, high-Q OEO-

based reservoir computers perform this classi�cation task with an accuracy better than the state-of-the-art,

for a wide range of parameters. We also investigate in detail the effects of reducing the size of the training

sets on the classi�cation performance.

3.1 Machine Learning for Modulation Classi�cation

The impact of machine learning is expected to be transformational in wireless communications

networks, which are submitted to a (genuinely) exponential increase of traf�c, en route to reach a zettabyte

per year within3 years. Therefore, the radiofrequency (RF) spectrum is becoming increasingly congested
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with signals sharing the same frequency band. Processing this amount of information is an unprecedented

and dif�cult challenge, which could be in part addressed by machine learning [89].

Effective adoption of ML for wireless networks is nevertheless facing several challenges. The �rst

one is that it is quite common for ML approaches to be solely based on software, that is, the input

signal needs to be converted to a computer-compatible format before ML-software processing. Along

the same line, in most instances, the machine learning platform requires transduction or conversion at

both the input and output stages. A second challenge is that in the spectral domain, wireless signals are

generally narrowly centered around a carrier frequency – up to70GHz for the next generation of wireless

networks. An optimal ML platform should be able to process the modulated signal, without demodulation

to the baseband. A third challenge is that high throughput wireless networks need to be interconnected

with optical �ber networks both at the backhaul and fronthaul level, since optical �ber is the optimal

technological solution to ensure high-bandwidth connection between the network nodes. Consequently,

from the hardware perspective, ML solutions should ideally have the capability to handle both microwave

and lightwave signals, in order to interact seamlessly with both types of signals in these heterogeneous

wireless-�bered networks.

Reservoir computing (RC) based on optoelectronic oscillators is a machine learning approach that

can address the three aforementioned challenges. OEOs have a hybrid architecture that concatenates a

laser-driven optical �ber line and an electronic branch, and they have been thoroughly investigated from

both the fundamental and applied points for view (see review article [7] for a survey of OEO science and

technology).

A few years ago, it was shown that wideband OEOs have the capability to perform machine learning

based on reservoir computing (or RC) with RF and/or optical input signals [90,91]. Subsequently, wideband

OEOs have been proven to be a robust RC-compatible platform by numerous studies, achieving state-

of-the-art performances with several benchmarks such as spoken digit recognition, nonlinear time-series
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prediction, packet header recognition, signal radar forecasting, and even cancer data classi�cation (see for

example refs. [1, 90–100]). This analog computing has also investigated for all-optical systems as well

(see for example refs. [101–116]). This computational power is partially rooted in the fact that RC only

features3 layers (input, reservoir and output, as explained in detail in refs. [72, 73, 117]), and requires to

train only the output layer while the reservoir (or network) layer is �xed: this distinctive property results

in a drastic reduction of processing latency, ideal for large throughput.

An important property of OEOs for wireless networks is their versatility, in the sense that they can

process input information either in the microwave domain (RF signals) or lightwave domain (optical �ber

data, etc.). Noteworthy is the fact that OEOs can operate virtually at any frequency up to100GHz, and

have the intrinsic capability handle high-bandwidth signals and perform ultrafast processing, such as in the

experiment reported in ref. [96] where OEO-based RC permitted to achieve a record of one million words

per second.

In this chapter, we will extend the concept of OEO-based RC for the classi�cation of RF modulated

signals. Wideband OEOs are not suitable for this task, as they essentially operate in the baseband.

However, narrowband OEOs, initially developed for the purpose of ultralow phase noise microwave

generation, are capable of processing RF modulated signals despite the fact that they have never been

considered for the purpose of RC or ML in general. Our main objective here is to therefore to show,

for the �rst time to the best of our knowledge, that narrowband OEOs can be used for RC in wireless

communications. Another objective is to show that even with a reduced training set size, the reservoir

computer can still provide a high level of performance – sometimes better than the state-of-the-art – with

a faster computing speed in comparison to other ML alternatives. We consider a benchmark where an RF

signal is IQ-modulated using11 different formats, and with different levels of signal-to-noise ratio. The

task of the RC computer will be to classify these incoming signals with the highest accuracy but smaller

training set sizes.
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Figure 3.1: Schematical representation of the reservoir computer based on a narrowband OEO. DL: Delay
line; LNA: Low-noise ampli�er. MZM: Mach-Zehnder modulator; PD: Photodiode.

3.2 The Narrowband OEO System

The system under study is a narrowband single-loop OEO with an input port in the RF branch for the

signal to be processed. The major difference of narrowband OEO and wideband OEO is that narrowband

OEO often features a much higher quality factor Q (typically at several hundred) while the wideband

OEO often has a quality factorQ � 1. A schematic representation of this oscillator is displayed in

Figure. 3.1, and it consists of the following elements in a closed feedback loop:(i ) A wideband integrated

Mach-Zehnder modulator, seeded by a continuous-wave (CW) semiconductor laser of optical powerP;
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the modulator is characterized by a DC half-wave voltageV� DC and an RF half-wave voltageV� RF , which

are both of the order of few volts.(ii ) The modulated laser beam at the output of the modulator is launched

into an optical �ber delay line of lengthL = 4 km and group velocity indexng, that creates a time delay

of T = ngL=c = 20 � s, wherec is the velocity of light in vacuum; This delay line also induces microwave

ring-cavity modes with a free-spectral range (FSR) equal to
 T =2� = 1=T = 50 kHz. Note that for our

purpose, a physical optical �ber delay line is not an absolute necessity; the time delay can be implemented

using a digital signal processing (DSP) of �eld programmable gate array (FPGA) board.(iii ) The time-

delayed optical signal is converted into an electrical signal by a photodiode with a conversion factorS, in

units of V/W.(iv ) The electrical signal is then sent to narrowband microwave RF �lter, that has the role to

select the carrier frequency
 0=2� and the allowed bandwidth�
 =2� around it. This central frequency

can be anywere in the1-100GHz range, while the bandwidth is typically few tens of MHz wide. In all

cases, the RF quality factorQRF = 
 0=�
 of the narrowband RF �lter is generally in excess of100.

(v) The �ltered electrical is subsequently ampli�ed with a gain factorG, before being connected back

as a voltageV(t) to the RF electrode of the Mach-Zehnder modulator. All optical and electrical losses

are accounted for with a single attenuation factor� . (vi ) The IQ-modulated RF signal to be processed is

eventually inserted in the feedback loop via a microwave coupler, placed just before the RF electrode of

the modulator.

It is important to emphasize here the essential differences between narrowband and wideband OEOs.

As discussed in the Ch. 2, both systems are Ikeda-like oscillators characterized by the very same four

elements (linear gain, �lter, delay and nonlinearity) and feature similar bandwidth-delay products (�
 �

T � 100), but the difference in parameters�
 andT leads to substantially different dynamical properties.

Indeed, wideband OEOs feature short time delay and a large bandwidth �lter, while conversely,

narrowband OEO feature a long time delay and a narrow bandwidth �lter. The wideband OEOs generally

output spectrally �at and broad signals, including hyperchaotic ones. As a consequence, it is intuitively
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Figure 3.2: Bifurcation diagram of the narrowband OEO as the effective gain
 is increased. The system
undergoes a Hopf bifurcation at
 = 1 , and a Neimark-Sacker bifurcation at
 = 2 :31. The timetraces
in blue inserts display the transient dynamics of the non-driven OEO to the �nal state for5 gains values
of interest. The best classi�cation accuracy achieved with a training set of230 � 11 = 2530 samples
and SNR = 18 dB is indicated as well for these5 gain values (� is scanned from1:5 to 2:5). The
highest classi�cation accuracy in our RC simulations (88:94%for 
 = 2 :2 and� = 1 :63) is obtained with
only 1 trained layer: It outperforms the state-of-the-art accuracy of87% which is achieved using neural
networks with5 trained layers and� 4800(i.e twice as many) training samples [8]. Interestingly, our
work shows that optimal performance is achieved around the Neimark-Sacker bifurcation, andnot around
the primary Hopf bifurcation like in RC using broadband OEOs.

logical to use them to process baseband electrical signals through RC. However, narrowband OEOs were

intended to generate a single tone RF signals, so that it is less intuitive to foresee how they can be useful

for RC. Nevertheless, as it will be shown in this article, RF modulated signals have a spectral spread that

falls within these narrowband OEO bandwidths, and can therefore be processed.
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3.3 System and Model

3.3.1 The Narrowband OEO Model

There are several models proposed to study to dynamics of OEOs [80,88,118,119]. Following [88,

118], we utilize the delay-differential model to study dynamics of narrowband OEO-based RC, which has

already discussed in Sec. 2.4, where a nonlinear time-delay differential equation Eq. 2.12 to describe its

behavior has been developed. The integro-differential equation that narrowband OEO obeys can be further

written under the simpli�ed and dimensionless form as follows:

x + �
dx
dt

+
1
�

Z t

t0

x(� )d� = � cos2[xT + � ] ; (3.1)

wherex(t) = �V (t)=2V� RF is the dimensionless voltage at the input of the Mach-Zehnder modulator,

xT � x(t � T) is its time-delayed counterpart,� = ��GSP= 2V� RF is the normalized feedback gain,

� = �V B =2V� DC is the Mach-Zehnder off-set phase. In wideband OEOs, the parameters� = 1=2�f H and

� = 1=2�f L are the typical timescales corresponding to the low- and high-frequency cutoffsf L andf H of

two cascaded �rst-order �lters. However, in narrowband OEOs, they are written instead as� = 1=�
 and

� = �
 =
 2
0 and jointly describe the characteristic timescales associated with the resonant bandpass �lter.

However, in Sec. 2.4, it has been shown that Eq. (3.1) is not suitable for the study of the narrowband

OEO because of the very large splitting between the various timescales [88]. This problem is circumvented

by acknowledging that the narrowband �lter forces the oscillations to be quasi-sinusoidal with frequency


 0, so that their complex envelope carries all the relevant dynamical information. Therefore, we can

write the solution of Eq. (3.1) as signal with a carrier of frequency
 0, which is slowly modulated by a

complex-valued amplitudeA(t) following

x(t) =
1
2

A(t)ei 
 0 t +
1
2

A � (t)e� i 
 0 t (3.2)
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where the envelopeA(t) = A(t)ei (t ) varies slowly relatively to the carrier of frequency
 0 – a condition

that mathematically translates toj _A(t)j � 
 0jA (t)j.

Following [88, 118, 120], we have already shown in 2.11 that the envelop of the modulated signals

follows Eq. 2.21. For demonstration purposes, we rewrite this equation here as Eq. 3.3:

_A = � � A � 2�
e � i� Jc1[2jA T j]A T ; (3.3)

where� = �
 =2 is the half-bandwidth of the radio-frequency �lter,
 = � sin 2� is the effective gain

of the feedback loop,� = 
 0T is the round-trip phase shift of the microwave,Jc1 is the Bessel-cardinal

function de�ned asJc1(x) = J 1(x)=x [88, 118, 120]., andA T � A (t � T). The phase condition of the

oscillation is
e � i� = � 1, and it is convenient to set� = � (modulo2� ), so that
 � 0.

Equation (3.3) typically has four dynamical regimes as a function of
 [118]. For 
 < 1, the

system does not oscillate and the trivial �xed point is stable (A = 0 ). At 
 = 1 , the system undergoes a

primary Hopf bifurcation and the system oscillates with a constant complex-valued envelope , i.e.x(t) is

a sinusoidal signal corresponding to a stable limit-cycle (this regime is the one that is useful for ultrapure

microwave generation). As the gain is increased and reaches the critical value
 cr = f 2Jc1[J� 1
0 (0)]g� 1 '

2:31, the oscillator undergoes a secondary Hopf bifurcation, also known as a Neimark-Sacker bifurcation,

where the amplitude of the sinusoidal signal becomes periodically modulatedx(t) – in other words,

envelope undergoes a primary Hopf bifucation and the limit-cycle bifurcates to a torus. This (multi-)

periodic regime bifurcates to chaos when the gain is increased beyond a value around2:8.

3.3.2 The Narrowband OEO Model with IQ-modulated Signal Injection

In order to perform RC on the narrowband OEO for RF �ngerprinting, we need to inject the I/Q

modulated RF signals into the electrical feedback loop of OEO. Before delving into working principles of

narrowband OEO-based RC, we need to derive an dynamical model for the I/Q signal driven narrowband
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OEO �rst.

The modulated I/Q signal could be expressed as:

s(t) = I (t) cos 
 0t + Q(t) sin 
 0t (3.4)

where “I” stands for thein-phasecomponent and “Q” stands for thequadraturecomponent of the baseband

signal. With I/Q modulation scheme, they are encoded onto a RF carrier
 0 that could be up a few hundreds

GHz. Now, taking this I/Q modulated signals back into the narrowband OEO equations Eq. (3.1), we can

get following equation for an OEO with I/Q modulated signal injection:

x + �
dx
dt

+
1
�

Z t

t0

x(� )d� = � cos2[xT + �s (t) + � ] ; (3.5)

where� is a dimensionless amplifying factor of the signals(t) in the feedback loop. Due to similar reasons

for Eq. (3.1), Equation (3.5) is also not suitable for study the I/Q signals driven narrowband OEO. Thus,

an envelope equation for the I/Q signal driven narrowband OEO needs to be derived. First, we can rewrite

the modulated term inside the nonlinearcos2 as

xT + �s (t) = q(t) cos 
 0t + r (t) sin 
 0t (3.6)

where

q(t) = �I (t) + AT cos( T � � ) (3.7)

r (t) = �Q (t) � AT sin( T � � ) (3.8)
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with

AT � jA (t � T)j and  T � argA(t � T) : (3.9)

Then, we can rewrite the signal injected into RF electrode of the Mach-Zehnder modulator as

xT + �s (t) =
1
2

Z (t)ei 
 0 t +
1
2

Z � (t)e� i 
 0 t (3.10)

with Z (t) being its complex-valued envelope explicitly de�ned through

jZ (t)j =
p

q2(t) + r 2(t) (3.11)

argZ (t) = arctan
q(t)
r (t)

�
�
2

: (3.12)

Following the same procedure as the one leading to Eq. (3.3), we now obtain

x(t) + �
dx
dt

+
1
�

tZ

t0

x(s)ds = � � sin 2�J 1(2jZj ) cos(
 ot + arg Z ) (3.13)

Finally, we can get

_A = � � A � 2�
 Jc1[2jZj ]Z (3.14)

which is the envelope equation that governs the dynamics of the narrowband OEO envelope when driven

by an I/Q modulated signal.

3.4 IQ-modulation Classi�cation Dataset

The data set we have chosen to evaluate the performance of narrowband OEOs is made of radiofrequency

signals with IQ modulation (“I” forin-phase, and “Q” for quadrature). The waveformsI (t) andQ(t) are
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Figure 3.3: Examples of normalized timetraces of the I (blue) and Q (red) signals for our11 modulation
formats, when theSNR = 0 dB. Each timetrace has128sample points.

baseband signals, and the IQ-modulation scheme encodes them onto a radio carrier whose frequency can

be as high as few hundred GHz. This modulation scheme is popular in modern architectures of wireless

networks because it allows to transmit high-capacity modulation formats (constellations with more bits

per symbol), and therefore permits to optimize the bandwidth of the transmission link.

As the airspace becomes crowded by many RF signals sharing the same frequency band allocation,

it becomes critical to have the capacity to identify, and the large throughput of data favors hardware analog

recognition in order to avoid latency and network congestion. Typical tests involve for example emitted

modulation formats or RF �ngerprinting hardware imperfections. In this chapter, we are considering

the former case, which is particularly important in many instances such as for dynamic spectrum access

protocols, which require the optimization of spectrum allocation. The ef�ciency of this optimization

procedure greatly relies on the ef�cient radio recognition, and while prior works are mostly based on

feature engineering from temporal signals, analog computing techniques are promising for directly processing

these signals in the physical layer.

From the perspective of machine learning, the radio modulation recognition task could be characterized

as a classi�cation problem that requires correct prediction of the modulation scheme directly from the
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radio signals. In order to train and test our proposed narrowband OEO-based RC, we will exploit the IQ

radiofrequency modulation dataset proposed by O'Shea, Corgan and Clancy (Deepsig dataset RADIOML

2016.04C – see refs. [8,121]). This dataset consists of11 modulation signals generated by GNU radio, as

displayed in Figure. 3.3. Eight of these modulations are digital modulations, namely BPSK (binary phase-

shift keying), BFSK (binary frequency-shift keying), QPSK (quadrature phase-shift keying), CPFSK

(continuous phase-frequency-shift Keying), PAM4 (4-level pulse-amplitude modulation), 8PSK (8 phase-

shift keying), 16QAM (16 quadrature amplitude modulation), and 64QAM (64 quadrature amplitude

modulation), while the remaining three are analog modulations schemes, namely WB-FM (wideband

frequency modulation), AM-SSB (single-sideband amplitude modulation), and AM-DSB (double-sideband

amplitude modulation).

Each example in the dataset contains128sampled points for both in-phase and quadrature components.

For each type of modulation, signals are collected with different signal-to-noise ratio (SNR) ranging

from � 20 dB to 18 dB with a step of2 dB. Hence, the in-phase and quadrature components of one

example could be expressed by two vectors of length 128 written asf X i
I (1); X i

I (2); : : : ; X i
I (128)g and

f X i
Q(1); X i

Q(2); : : : ; X i
Q(128)g, where subscriptsI andQ indicates the signal is in-phase or quadrature

component and the superscript indicates that it corresponds to thei th example in the dataset.

3.5 Conventional Reservoir Computer

Reservoir computing is a particular subset of supervised machine learning algorithm that arose as a

one of the leading paradigms in the area of neuromorphic computing. This approach, which is conceptually

close to the ones of echo state network (ESN) or a liquid-state machine (LSM), is a neuromorphic framework

that can perform ef�cient and real-time processing for temporal information [72,73,117,122]). Unlike the

usual neural networks where the full connectivity matrix is updated via a backpropagation algorithm (for

example), reservoir computing is based on the optimization of “read-out” coef�cients only. The reservoir
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computer therefore encodes the information signal to be processed into the highly dimensional dynamical

system.

There are two main advantages justifying our choice of reservoir computing for our project:(i) Only

the output layer needs to be trained, while the reservoir remains static. This feature greatly simpli�es

the determination of the optimal weights. Once the optimal read-out coef�cients are obtained, they are

used to project the nonlinear transient dynamics of the reservoir onto an identi�able target state.(ii) The

second advantage is that this simpler architecture permits faster training and testing than in conventional

neural networks. Since, high-throughput inherently imposes a stringent constraint on computation time,

the possibility provided by reservoir computing to expedite the training appears as a critical advantage for

our purpose.

The signals at the input layer are fed into the RC, such that the reservoir and output statesx andy

are sequentially updated at discrete time-stepsn 2 N following

x(n + 1) = fNL [W in � u(n) + W � x(n)] (3.15)

y (n + 1) = W out � x (n + 1) ; (3.16)

whereu(n) is the input signal whilefNL is a nonlinear vector function. The optimal readout connectivity

matrix W out is obtained via ridge regression through

W opt
out = M y � M T

x � [M x � M T
x + � � I ]� 1 ; (3.17)

whereM x is a matrix that suitably concatenates the internal statex generated with some speci�c training

input vectorsu, while M y is the target (orteaching) matrix yielding the desired classi�cation outcome,I

is the identity matrix and� � 1 is a small regularization factor for to avoid the over�tting of the inversion

problem. The prediction task becomes a regression problem if the teaching matrix is high-dimensional
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Table 3.1: Classi�cation accuracy as a function of gain and SNR (with� = 1 :61and660training samples)

SNR � 6 dB 0 dB 6 dB 8 dB 10 dB 18 dB

 = 0 :9 19% 44% 63% 65% 50% 32%

 = 1 :1 19% 46% 67% 67% 60% 59%

 = 1 :6 22% 47% 71% 73% 68% 79%

 = 2 :2 22% 47% 76% 77% 69% 82%

 = 2 :4 22% 47% 76% 77% 69% 83%

 = 3 :0 22% 48% 73% 78% 70% 75%

(quasi-continuous approximation), and a classi�cation problem when it is low-dimensional. Despite its

simplicity, RC provides a powerful analog computing algorithm with performances comparable to or even

better than RNNs on several benchmarks [123]. Interested readers could refer to [124] for a more general

and detailed review.

3.5.1 Narrowband OEO-based RC implementation

Theoretically, any time-delay system is in�nite-dimensional, which indicates that any input data

with �nite dimensions could be mapped into arbitrary high dimension space within a single delay line.

This property is exploited by OEO-based RC to excite a large number of virtual nodes in temporal domain

as traditional RC does in spatial domain. In the narrowband OEO-based RC, each sample point of the

example is mapped into aN dimensional space after multiplying with a mask signal withN random values.

The expansion of the original sample at the temporal domain is known as time-division multiplexing.

The reservoir layer is obtained by dividing the delay line into a total of N intervals using time-division

multiplexing and the values of each� T = T=N inside the delay line are sampled to represent the value

of N virtual nodes. Unlike digital RC that needs an explicit implementation of the non-linear function, the

non-linearity of RC based on time-delayed system is introduced implicitly directly from nonlinear property

of the system itself. The �rst successful implementation of RC with a time-delayed system was introduced

in 2012 using an electronic Mackey-Glass oscillator [6]. We refer the reader to that reference, as well as

to [90,91] for an in-depth presentation of RC using time-delayed systems.
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With a simple structure of three computational layers inside, wideband OEO-based RC has achieved

state-of-the-art performance on several benchmarks: spoken-digit recognition, time series prediction, radar

signal regression at super-fast speed [90–96]. In ref. [96], a wideband OEO-based RC achieved a record

of one million words per second speed for spoken-digit recognition. The surprisingly simple yet powerful

structure of RC, combining with ultra-fast OEO device, leads to its unbeatable low processing latency

together with a faster training procedure and makes it a potentially ideal ML platform for IQ-modulated

signal related tasks. However, the wideband OEO-based RC mentioned above is not suitable for this task

as it operates at baseband.

To deal with IQ-modulated signals, an ideal ML platform should be able to directly process the

modulated signals. Meanwhile, the narrowband OEO, which was originally invented to generate ultra-low

phase noise microwave is capable of processing such RF modulated signal. Therefore, in this paper,

our main objective is to demonstrate the suitability of a narrowband OEO-based RC to perform RF

�ngerprinting. Another objective is to show that the OEO-based RC can still provide high level performance

with greatly reduced training set size. Similar to its wideband counterpart, narrowband OEO-based RC

also requires the time-division multiplexing procedures to map input signal into reservoir layer. The core

difference is that narrowband OEO-based RC needs to calculate the complex-valued envelope equation

Eq. (3.14) while the wideband is driven by the original Ikeda-like integro-differential equation Eq. (3.1).

In order simulate the envelope equation Eq. (3.14), the �rst step is to determiner (t) andq(t) from the

input data. As shown in next section, the original dataset containing RF �ngerprinting signals are discrete

sampled in-phase and quadrature components. In order to simulate the continuous time-delayed envelope

equation, another two continuous time series are generated by holding each sampled data point in-phase

and quadrature componentX i
I (k) andX i

Q(k) for system delay timeT, where the superscripti indicates it's

thei th example in the training set, subscriptI andQ indicates it's the in-phase or quadrature components

of the I/Q modulated signals, andk indicates is thekth data point of thei th training example. In this
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way, two continuous time series are generated from discrete sample points of one training example which

satis�es:

I (t) � X i
I (k); (k � 1)T � t � kT (3.18)

Q(t) � X i
Q(k); (k � 1)T � t � kT : (3.19)

Comparing with most digital implementation of RC with computer-hardware that maps all the signals

of one training example into high dimensional space in parallel, OEO-based RC projects input data

sequentially into temporal domain with a �xed separation between virtual nodes. Exploiting the concept

of time-division multiplexing, the narrowband OEO-based RC only feed one data point into RC layer

during one delay timeT. In each duration of delay timeT, a data point is coupled to the virtual nodes after

multiplication with the input mask. To stimulate a total number ofN equally distant virtual nodes in the RC

layer, the weight values of the mask must have the same separation time between two consecutive weight

with � T = T=N as two virtual nodes (for our caseN = 400). As masks contain �xed weights for all

the data point, it's produced as a continuous signals with period equals to the delay-timeT. Following the

approach proposed in [91], the weights of masks are uniformly sample from six values. As the input data

contains two streams corresponding to in-phase and quadrature components, in this article, we introduce

two masksmI (t) andmQ(t) to couple them into RC layer following:

JI (t) = I (t) � mI (t) and JQ(t) = Q(t) � mQ(t) : (3.20)

In order to train the RC, the values of envelopeA(t) from the middle point of each interval� T are

sampled to represent the reservoir states for each virtual nodes. This leads to the output of RC layer value
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corresponding toj th virtual node ofi th example of input data as:

Aij = A[i � T + ( N � j ) � � T ] : (3.21)

Concatenating all the virtual nodes' states in the RC layer of the whole training set forAij gives the

suitably designed matrixA , which is then used to optimize the read-out layer. The process of obtaining

the optimal read-out layer weightsW RO leads to an optimization problem of searching for:

W RO
opt = argmin

W RO

NTrainX

i =1

kW RO A i � � Y i k2 + � kW RO k2 (3.22)

whereA i � is the RC states ofi th training example, andY i is the corresponding label. This optimization

problem could be solved by ridge regression algorithm [123]:

W RO
opt = A (A T A + � I ) � 1Y (3.23)

whereY stands for the labels of training set and� is a small regulation term to prevent over�tting.

3.6 Simulation Results and Discussion

We consider the following parameters for our numerical simulations: The delay time isT = 20 � s,

the narrowband �lter bandwidth is�
 =2� = 20 MHz, the roundtrip phase shift is� = 
 0T = � , the

insertion gain for the input data is� = 5 , and the regularization term for ridge regression algorithm is

� = 0 :001.

Here we use the dataset mentioned in Section 3.4 as benchmarks to test our narrow band OEO-

based RC. Unless otherwise stated, we extract60 training samples and60 test samples for every type of

modulation and for each SNR, which leads to a training set and a test set with equal size of660. Before
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Figure 3.4: Variation of the classi�cation accuracy of the narrowband reservoir computer with the SNR,
for 
 = 2 :2. We have considered various set sizes for the training samples (TS), ranging from� 100 to
� 1000(note that the typical set size for training in neuronal-network-based ML is� 5000– see [8]). The
purple line with triangle symbols corresponds to the accuracy when the training set has110patterns (10
for each of the11modulation formats); The green line with diamond symbols corresponds to the accuracy
when the training set involves220patterns (20 for each of the11 modulation formats); etc. The dashed
line indicates the performance of a random classi�er (1=11 ' 9:09%) For very low SNR (i.e., very high
levels of noise), the reservoir computer does not performs better than a random classi�er. However, as
the SNR is increased, the reservoir computer accuracy signi�cantly improves and achieves a performance
approaching90%.

multiplying with input mask, we normalized these signals �rst so that each training example's power sums

to one, following:

X i 0
I;Q [j ] =

128X

k=1

X i
I;Q [j ]

q
X i

I [k]2 + X i
Q [k]2

(3.24)

As a classi�cation task, the performance metrics is the classi�cation accuracy, which is de�ned as the

percentage of correctly predicted modulation samples with regard to all predicted samples. We also

introduce the confusion matrix as another pertinent indicator that helps understand where are the sources

of error in our RC classi�er.

As explained in Figure. 3.2, our best accuracy performance is88:94% (with a training set size of
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Figure 3.5: Confusion matrices for
 = 2 :2, and for two different training sample sizes. The testing set
size is contains660items, so that the sum for each line must is always60(the number of testing samples).
One can observe that most errors mainly come from a confusion between WBFM and AM-DSB analog
formats, and from a confusion between the digital formats QAM64, QAM16, and the PSK (8, Q, and B).

2530samples and� = 1 :62), which is better than the state-of-the-art at87%(with a training set size of

4800samples). The OEO-based RC is already demonstrating its potential with this performance, but in

this work, one of our key objectives is to investigate how the RC performs with evensmallertraining set

sizes.

Our results are presented in Table 3.1, which displays the accuracy of our classi�er as a function of

the gain
 and the signal-to-noise ratio, when the training set size is reduced to660samples. As shown

in Figure. 3.2, the parameter
 is directly related to the dynamical regime of narrowband OEO. We can

see from the table, the RC performs poorest when
 = 0 :9, which corresponds to the oscillator being in

the trivial equilibrium when not driven by the IQ-modulated signal [x(t) � 0 andA(t) � 0]. This result

seems to be in contradiction with the conventional wisdom gained from RC with broadband OEOs, where

normalized gain values below unity provide optimal performance. In the case of narrowband OEOs, the
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dynamical regime where RC is the most ef�cient is located around the secondary bifurcation, i.e., the one

where the envelope (and not the carrier) undergoes a Hopf bifurcation. This situation actually makes sense

when one realizes that the I and Q signals only contribute to the envelope dynamics, and not to the one

of the carrier: as a consequence, only the Hopf instability related to the envelope might contribute to the

RC performance. This is exactly what is observed as the value of the gain is increased: The RC ef�ciency

is ameliorated when
 is in the area surrounding the Neimark-Sacker bifurcation at
 cr = 2 :31. It is

indeed unconventional to operate a reservoir computer beyond a �xed point but previous work had already

shown that this approach is valid under certain conditions for RNNs [125]. To the best of our knowledge,

RC has never been operated in a chaotic regime, but in our case, the performance at
 = 3 remains

comparable to the maximal ef�ciency of our classi�er. This is explained by the fact that chaos in for this

gain parameter remains low-dimensional, in many points similar to the laminar chaos recently discussed

in the literature [126]. However, our simulations show that if the gain is increased any further, the system

becomes more chaotic and the performance steadily decreases: For anSNR = 0 dB, the accuracy drops

to ' 50%for 
 = 3 :5, and to� 40%for 
 = 4 :2.

As shown in Figure. 3.4, we have also investigated the effect of SNR on the RC performance, for

the �xed gain value
 = 2 :2, but different training size sets sizes. We can �rst note that as expected,

the RC ef�ciency is poor when the SNR is low (typically,SNR < � 10 dB). In that case, the reservoir

computer basically operates as a random classi�er, allocating the11labels following a uniform probability

distribution with accuracy1=11 ' 9:09%. As the noise is reduced, the reservoir computer progressively

begins to outperform the random classi�er, and it is noteworthy that even when the noise is4 times more

powerful than the signal (SNR = � 6 dB), RC can still distinguish features and perform much better

than a random guess. Higher SNR values lead to a signi�cant increase of performance, but quite counter-

intuitively, higher SNR does not systematically lead to better accuracy. These anomalies (also present in

Table 3.1) are be explained by the variability of the dataset.
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The confusion matrices of Figure. 3.5 give us an insight in relation to the origin of misclassi�cations.

We have reported such matrices for two sets of parameters yielding good performance. It appears that there

two confusion clusters generate most of the errors. The �rst one involves the analog formats WBFM and

AM-DSB, and it can be seen that when the reservoir computer classi�es one of them with high accuracy,

it performs very poorly for the other. This is consistent with the results from [8], where the classi�cations

is performed with neural networks. The second confusion cluster involves the5 digital formats QAM64,

QAM16, 8PSK, QPSK and BPSK, which are sometimes shuf�ed by the classi�er.

3.7 Conclusion

In this chapter, we have investigated the performance of high-Q OEO-based RC for the classi�cation

of IQ-modulated signals. We have shown that they have an performance better than the state-of-the-

art, while featuring a simpler architecture, which leads to a faster computing capability. We have also

explored the effect of training set size reduction, and shown using about ten times less training samples

that the state-of-the-art neural networks leads to only a marginal reduction of accuracy for our RC. This

robustness property gives to OEO-based RC an edge for real-time computing or ML with nonstationary

datasets, and positions them as promising ML systems for the processing of radio signals. Our results also

indicate that since OEOs can process both lightwave and microwave signals, they are suitable as real-time

analog computing nodes in the physical layer of the next generation of networks, where wireless and �ber

communications links are interconnected.
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Chapter 4: RF Fingerprinting based on Reservoir Computing using Narrowband Optoelectronic

Oscillators

Radiofrequency (RF) �ngerprinting refers to a range of technologies that recognize transmitters

by their intrinsic hardware-level characteristics. These characteristics are often introduced during the

fabrication process and form a unique �ngerprint of the transmitter that is very hard to counterfeit. RF

�ngerprinting often serves as a security measure at the physical-layer of communication networks against

potentials attacks. In recent years, neuromorphic computing techniques such as convolutional neural

networks (CNNs) have been explored as classi�ers for RF �ngerprinting. However, in radiofrequency

communication networks, the transmitted signals are I/Q modulated on multi-GHz carriers while most

conventional machine learning algorithms operate at the baseband. Therefore, the I/Q modulated signals

have to be demodulated and converted into compatible formats before applying to these platforms – a

procedure that that inevitably slows down the processing speed. Moreover, the deep learning technologies

often require a large amount of data to train the arti�cial neural networks (ANNs) while in practice,

the available amount of data for a new transmitter is limited. Reservoir computing (RC) provides a

relatively simple yet powerful structure that is capable of reaching state-of-the-art performance on several

benchmarks. However, traditional digital RC also operates at baseband, which is not suitable for directly

processing the I/Q modulated signals. In Ch. 3, we have illustrated that the narrowband OEO-based RC

can be used for IQ Modulation classi�cation task. In this chapter, we further extend the narrowband

OEO-based RC to the �eld of RF �ngerprinting. We successfully train and test our narrowband OEO-

based RC on three publicly available benchmarks, namely the FIT/CorteXlab RF �ngerprinting dataset,
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the ORACLE RF �ngerprinting dataset, and the AirID RF �ngerprinting dataset. We show that for all

three datasets, the narrowband OEO-based RC demonstrates competing accuracy with much less training

data comparing to CNNs, and achieves an accuracy as high as97%.

4.1 Machine Learning for RF Fingerprinting

Wireless communication systems have evolved to the era of 5G, and the next generation is just

underway. The unprecedented bandwidth and low latency granted by these technologies have reshaped

the communication industry and incubated huge amounts of new applications with a remarkable growth

of wireless devices connected to the network. The undergoing Internet of Things (IoT) technology is

even more ambitious, as it aims at constructing a network that physically connects nearly everything into

cyberspace [127]. The smooth operation of all these devices heavily relies on the successful switching of

small formatted units of data known aspackets. Unlike other layers in the Open Systems Interconnection

(OSI) model, signals transmitting at physical layers are not under protection of any cryptographic protocol

but only use headers to provide guiding information and prevent transmitter identi�cation error. Inside

the IoT systems, the portion of headers might even outweight the payloads. As security is always the top

priority and the most fundamental requirement of any communication systems, it becomes critical to design

certain transmitter identi�cation technologies at this layer to authenticate prior connected transmitters and

prevent misuse or penetration from malicious transmitters [128].

As a type of transmitter identi�cation technology, radiofrequency (RF) �ngerprinting refers to a

method that recognizes transmitters with their hardware level characteristics. Indeed, because of manufacture

imperfections during the fabrication process, even two RF frontends with exactly the same con�guration

and speci�cation feature slight difference introduced by imperfect components like power ampli�ers and

local oscillators. Unlike software-level signatures [129], these hardware-level differences form a unique

�ngerprint of one speci�c RF transmitter and are very hard to forge [130]. On top of these differences, RF
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�ngerprinting builds up a classi�cation system for the purpose of disambiguating legitimate from malicious

transmitters.

The concept of RF �ngerprinting is not recent. For example, the idea of extracting features from

the transient signals [131, 132] when the transmitters' status changes and using these features for RF

�ngerprinting had already been proposed. The major dif�culty of this type of RF �ngerprinting is the

requirement of precisely locating the start point of the transient signal from channel noise [132,133]. Later

on, researchers switched to methods that directly perform recognition on steady-state signals. Before the

era of arti�cial neural networks (ANNs), machine learning algorithms applied to RF �ngerprinting mostly

required complex feature engineering to achieve good performance [134–136]. In the last decades, deep

neural networks (DNN) have revolutionized the �eld of pattern recognition and achieved state-of-the-art

performance in many tasks like video, image, voice and speech recognition. In the last 5 years, this

technique has been introduced into the �eld of processing RF signals and has gained wide acceptance [89,

137].

Compared to traditional machine learning algorithms, CNN provide an end-to-end approach which

captures essential features directly from original signals. However, effective adoption of neural networks

(NNs) into processing RF signals still faces several challenges. The �rst challenge arises from the coordination

between hardware and software. In the spectral domain, RF signals are narrowly centered on a carrier

frequency – up to70 GHz – while most implementations of NNs are based on GPU, a piece of computer

hardware designed for high-throughput parallel digital baseband signal processing operating at only a

few GHz. This means that the modulated RF signals must be demodulated �rst before being processed

into computer compatible format. The demodulation and format conversion inevitably slow down the

processing speed. The second challenge is the requirement of large dataset and time exhausting procedures

to train NNs. For application scenarios that need frequent updates of transmitter list with newly connected

transmitters, it becomes unrealistic to collect a large amount of training examples for unseen transmitters
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and re-train the whole CNN.

Therefore, an ideal machine learning (ML) platform for RF �ngerprinting should have following

properties. First, it should be con�gured fast enough to process RF signals. Ideally, it should be a hardware

platform with integration of software. Second, it should be able to directly perform classi�cation on

the modulated signals without the need of demodulation. Finally, it should require the smallest possible

number of training examples to be collected when being trained for new transmitters.

Unlike other deep neural networks that all the weights in all layer are trained via computational

expensive back-propagation algorithms, the RC randomly initializes the weights of all its three layers and

only optimizes the read-out layer, leading to a super-fast re-training when receiving new data. Moreover,

the reservoir layer maps input data into a higher dimensional space, making the data more linearly separable.

A rigorous theoretical proof has shown that RC satis�es three critical properties, namely separation property,

fading-memory property and approximation property [73], which makes it an universal approximation to

arbitrary function [138].

Comparing with deep neural network, there are several advantages for the choice RC for RF �ngerprinting.

(i) Only the read-out layer needs to be trained while the other two layers are randomly initialized [73]. This

greatly simpli�es the optimization for training. For RF �ngerprinting with frequent update of transmitters,

the training time is greatly reduced when new transmitters are connected. Unlike DNN optimization which

often inevitably gets stuck at local optima, the global optimal solution of RC optimization could be easily

achieved. Once optimal read-out layer is obtained, it could be immediately applied to project the I/Q

modulated signals into an identi�able target state. As shall be shown in numerical simulation part later, the

training set size needed for RC is also reduced signi�cantly, which further reduces time for sampling data.

(ii) The simpler structure of RC permits faster training and testing and allows its faster deployment, where

high-throughput and real-time processing of RF modulated signals is in demand.(iii) The RF signals are

timeseries that could be regarded as a sequential data. Unlike CNNs that are most often used as a tool
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Figure 4.1: Top rows: Ten transmitters (from Tx1 to Tx10) in the FIT/CorteXlab are set to transmitting
static bit sequence with QPSK modulation. This �gure includes a full packet of data (600 points) from
10 different transmitters. The orange line and black line are corresponding to the in-phase and in-
quadrature components. Bottom rows: The power spectral density (PSD) of 10 different transmitters from
FIT/CorteXlab are shown here. The signals across different transmitters have very similar PSD, making it
hard even for a human expert to recognize a transmitter merely from the PSD.

to process 2D image data, as a special type of RNNs, RCs are powerful tools with excellent ability to

memorize temporal information and process sequential data.

In Ch. 3, we have demonstrated that narrowband OEO-based RC can ef�ciently process IQ-Modulation

Classi�cation tasks. Now, we will further examine the possibility of introducing this platform for RF

�ngerprinting applications.

4.2 RF Fingerprint Dataset

RF �ngerprinting exploits hardware level characteristics to recognize transmitters. The usefulness

of this technology lies in two aspects: communication security and spectrum ef�ciency. Communication

security is the most basic and critical requirement for communication systems. Nowadays, the signals

transmitting through communication channels are divided into small packets. In the OSI model, due to
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Figure 4.2: Top rows: Ten transmitters (from Tx1 to Tx10) are considered. Over 200 million samples are
collected for each transmitter in the ORACLE RF �ngerprinting dataset. The samples extracted from each
transmitters are pre-processed into training and test set �rst. Each example in the training set and test set
contains 256 data points. This �gure shows representative time series from 10 transmitters. The orange
line and black line are corresponding to the in-phase and in-quadrature components, respectively. Bottom
rows: The transmitters in the ORACLE RF �ngerprinting have similar PSD.

Figure 4.3: Top row: In AirID RF �ngerprinting dataset, the transmitters are installed in UAVs. Samples
of 4 transmitters inside the AirID are pre-processed in examples each contains 256 data points. This
�gure shows representative time series from these 4 transmitters. The orange line and black line are
corresponding to in-phase and in-quadrature components. Bottow row: he corresponding power spectral
density (PSD) of 4 different transmitters from AirID RF �ngerprinting dataset.
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the bandwidth limit, these small packets transmitting at the physical layer are the only exceptions to the

protection of cryptographic protocols. Thus, it becomes urgent to add a physical layer protection that could

prevent malicious transmitters. Meanwhile, today's airspace are congested by RF signals within the same

frequency band allocation. The identi�er of different transmitters are convoyed through small packets

known as headers. For applications like IoT, there always exists a huge number of different nodes that

are transmitting these packet simultaneously. Inevitably, lots of the packets transmitting through channels

are headers. Effective and fast identi�cation of transmitters through their hardware level characteristics

could not only prevent the packets from malicious transmitters but also greatly reduce the cost of identi�er

transmission.

The hardware characteristics that differs one transmitter from the other could be divided into three

categories. The �rst category of difference is the channel effect, which arises from the impact of channels

between the transmitter and receiver. The loss caused by path length varies the power at the receiver end

and the relative distance between two transmitter and receiver could be used to recognize transmitters. The

second type of difference is known as I/Q imbalance that are caused by the power ampli�er imperfections.

The third kind of difference is the frequency shift at the transmitter end due to local oscillator imperfections.

In this thesis, we will utilize several publicly available RF �ngerprint datasets to train and test the

narrowband OEO-based reservoir computing (RC) system, demonstrating its broad applicability in RF

�ngerprinting.

4.2.1 FIT/CorteXlab RF Fingerprinting Dataset

The �rst RF �ngerpriting dataset we used to train and test our narrowband RC is FIT/CorteXlab [139].

This dataset contains I/Q signals generated from 21 different transmitters under the guidance of GNU

Radio. Each of the transmitters is generated by a National Instruments USRP N2932 software de�ned

radio (SDR) and collected under different scenarios. There are mainly two different scenarios.
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1) Type of Transmitting Signals

- Static packet: all emitters are sending exactly the same bit sequence of the 802.15.4 preamble with QPSK

modulations.

- Random packet: all emitters are sending randomly generated bit sequence with same modulation schemes.

- Noise packet: all emitters are sending payloads that are randomly generated from a uniform noise source.

The difference between noise packet and random packet is that the signals are not undergoing through any

modulation schemes.

2) Transmission Complexity

- Plain: all emitters are sending signals with the same amplitude. Nothing moves on the transmission path

between RF transmitters and receivers.

- Varying Amplitude: the amplitude of each transmitter is varying its amplitude to emulate the different

path loss of each transmitters without moving them. Inside the experimental room, nothing moves so that

the multi-path parameter is still static.

- Robots: all emitters are sending payloads with varying amplitudes as previous settings. Besides that,

a robot with metallic sheet cover is introduced, and randomly moves inside the room, which leads to a

constantly changing re�ection to randomize multi-path parameters.

In this chapter, we mainly focus on using I/Q imbalance, the most dif�cult characteristics for

classi�ers to learn for the RF �ngerprinting. So we extract the training and testing data from the static

packet that transmitting with plain amplitude, which allows the RC to recognize transmitters solely by I/Q

imbalance.

Each of example in the data set contains a complete small packet sent by a transmitter with both I/Q

components (“I” forin-phase, and “Q” forquadrature). A full packet of one example contains600sampled

points of the I/Q modulated signals. The total number of data collected for one transmitter contains about

35000 packets.
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Figure 4.1 shows representative time series of a packet sent from 10 different transmitters. It could

be seen that these signals are similar in amplitude and only under distortion of I/Q imbalance. It can also be

seen that that all of these 10 transmitters have similar power spectrum, making it not possible to recognize

the source by frequency shiftting.

4.2.2 ORACLE RF Fingerprinting Dataset

The ORACLE RF �ngerprinting dataset contains I/Q modulated signals generated from 16 different

USRP X310 transmitters. In this dataset, all 16 USRP X310 transmitters are set to generate bit-similar

signals under the guidance of it IEEE 802.1a standards. All the data frames transmitted through transmitters

contain a random payload with the same address �elds. For each of the transmitter, over 20 million of

data points are sampled. The whole dataset contains signals transmitted at different distance between the

transmitter and receiver. In the paper, we select a subset of the dataset that stress the I/Q imbalance.

Figure 4.2 shows representative time series and power spectrum density (PSD) of 10 transmitters.

It can be seen that these 10 transmitters are transmitting very similar signals and have similar PSD.

4.2.3 AirID RF Fingerprinting Dataset

Comparing with previous two datasets that focus on using I/Q imbalance for RF �ngerprinting, the

AirID dataset has the most complicated channel conditions. It contains raw I/Q signals that transit over-

the-air of 4 USRP B200mini radios, which are installed as transmitters on DJI M100 unmanned aerial

vehicle (UAV). As the UAVs are hovering with varying distance from the receiver, the channel condition

varies greatly. At the transmitter side, specially designed I/Q imbalance is purposely introduced such that

the RF �ngerprint of transmitter could be exploited for identi�cation of UAVs.

Figure 4.3 displays some representative time series and power spectrum density (PSD) of 4 transmitters.

It can be seen that these 4 transmitters are transmitting very similar signals and have similar PSD.
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4.3 Simulation Settings and Results

Unless otherwise speci�ed, for our numerical simulations the narrow OEO parameters are set as

follows : The delay time isT = 20 � s, the narrowband �lter bandwidth is�
 =2� = 20 MHz, the

roundtrip phase shift is� = 
 0T = � , and the regularization term for ridge regression algorithm is

� = 0 :0001. For the RC, the total number of virtual nodes inside the RC layer isN = 400. If not

otherwise speci�ed, all results are obtained with
 = 2 :4.

4.3.1 Numerical Results on FIT/CorteXlab Dataset

4.3.1.1 Latency and accuracy trade-off

Latency is de�ned as the processing time of one example. It is corresponding to the narrowband

OEO-based RC's speed. In this section, we discuss over the trade-off between data truncate length, a

parameter that directly proportional to latency, and the narrowband OEO-based RC's performance.

In principle, to excite virtual nodes in the narrowband OEO-based RC system, each data sample

in an example is fed into the delay line and being held for the narrowband OEO's delay timeT. Thus,

the latency for processing one example is directly proportional the total number of samples points one

example contains. As real-time processing speed is highly desired for RF �ngerprinting applications, it is

critical to reduce the total number of samples of each example while maintain a high level of accuracy. It

is worth mentioning that truncating the examples into shorter length also has the bene�ts of reducing the

total number of samples need to be collected of each transmitter, which is critical to application scenarios

that frequent update of transmitters and re-train the RC is in demand.

Following settings for training and testing a CNN in [139], we start our simulations by training and

testing the narrowband OEO-based RC without any truncation of example's length at all. Each of these

full length examples has 600 samples inside. To reduce latency, the example size is then truncated into
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128 and 256, which simply means that only the �rst 128 or 256 samples in each example will be kept to

train and test the narrowband OEO-based RC.

In this simulation, the training set size is limited to 200 per each transmitter. For full length

examples, the total number of samples needed to train the narrowband OEO-based RC is only 0.51%

of that being needed to train a CNN in [139]. When further truncating the example size to 256 or 128, the

total number of samples needed to train to RC is further reduced to 0.21% or 0.11% needed by training a

CNN.

As shown in Figure 4.4, in the task of classi�cation of 10 different transmitters, the best accuracy

achieved is93:17% for full packet size (with� = 10:61) and92:67% for truncate length of 256 (with

� = 11:61). This simulation result indicates the latency for classi�cation of a transmitter could be reduced

to less half being needed using full packet data (5:12 ms v.s.12 ms) by truncating the data length to 256

with a slight trade-off of0:5% accuracy. When example size is further reduced to 128, the time needed to

process one example could be reduced to as low as2:56ms while maintaining the accuracy at a high level

of 88:33%(with � = 10:61). The reduction of accuracy when data length is truncating into 128 is not to

our surprise since the �rst 128 samples contain lots of steady state signals.

4.3.1.2 Role of injection amplifying factor� and stability analysis

The injection amplifying factor� is a parameter corresponding to the ampli�cation of the I/Q

injected signals, which has signi�cant impact on the narrowband OEO-based RC's performance. To further

explore the RC's stability under different injection amplifying factor, we scanned through different� to

train and test the narrowband OEO-based RC with three data truncate length. As shown in Figure 4.4,

for the same example truncate length, the RC's performance is sensitive to the injection amplifying factor

� with an accuracy variation of7%, making� an important hyper-parameter that should be �ne-tuned

during the training process. Moreover, it can been seen that the accuracy of data truncating at 128 with
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Figure 4.4: The left �gure shows the scanning across different injection amplifying factor� for different
data truncate length on the FIT/Cortex dataset. This classi�cation task involves 10 different transmitters.
For full data length (600 points), the highest classi�cation accuracy93%at � = 10:61. With a small trade-
off of performance, truncating the data length to 256 reduces the narrowband OEO-based RC's processing
time to less than half required by using full packet data. The right �gure shows a narrowband OEO-based
RC that is trained and test on classi�cation of 4 transmitters using AirID dataset with
 = 2 :4, � = 9 :61.

� = 10:61 is even2% higher than full packet data at� = 7 :61. It can also be seen that under the same

injection amplifying factor� , increasing the data length always improves the classi�cation accuracy of a

narrowband OEO-based RC. Thus, determining injection amplifying factor� becomes a critical step in

training a narrowband OEO-based RC system. Finally, for region of the injection amplifying factor� < 2,

the RC's performance degraded to� 10%, which could be interpreted as that RC is making random

prediction. This can be explained by Eq. 3.6 to Eq. 3.10 that the in�uence to the system's dynamics

of weakly injected I/Q signals is very limited. The weakly injected signals makes it hard to pass the

information in the I/Q signals to virtual nodes.

4.3.1.3 Training set size optimization

The bene�t of reducing the training set size while maintaining the performance at a certain level is

obvious. In application scenarios where new transmitters often connect in and training examples of these

transmitters need to be collected for re-training the classi�er, real-time processing becomes an impossible

task if the classi�er requires a training set size at the level of tens of thousands for each transmitter.

CNN is known for its demanding requirements for huge training data. It's also known that CNN doesn't

perform well on low resource settings when training set size is limited to hundred level [140]. Even with

suf�cient data, the time-consuming back-propagation algorithms to re-train CNN for new transmitters
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make it inappropriate for real-time applications. In contrast, as shown in previous section, the narrowband

OEO-based RC could still achieve accuracy� 90%for a training set size of 200 even when each training

example length is truncated to 256. With the urgent needs of reducing the number of sample points for

re-training the narrowband OEO-based RC, we further explore the relationship between the performance

and the number of training examples of each transmitter in this section. Figure 4.5 shows a curve of

accuracy on different number of training examples. It can be seen that the performance has been improved

signi�cantly when the number of training examples for each transmitter increases from 10 to 100 and

then saturated at� 90% afterwards. This suggests that for a new transmitter, it is suf�cient to collect

100 training examples with a truncate length of 256 which further reduce the number of sample points to

0:055%required by CNN. This property of narrowband OEO-based RC could also be especially useful for

RF �ngerprinting with low-resource settings or pre-selection before high precision classi�cation. Lastly,

for FIT/CorteXlab dataset, it can be seen that a further truncation of data length to 128 and limit training

set size to 100 reduces number of sample points for training narrowband OEO-based RC to0:027%of that

required by CNN and halves the latency with a sacri�ce of3% accuracy, making it a tempting option for

radical optimization on processing speed.

4.3.1.4 Extending to more transmitters

In previous section, we limited our simulations to a task of classi�cation of 10 transmitters. In this

section, we investigate the narrowband OEO-based RC's performance when extending the classi�cation

task to include different number of transmitters.

As can be seen from the Figure 4.6, the narrowband OEO-based RC maintains a high level of

accuracy (� 90%) when the number of transmitters increases to 14. But when the classes of transmitters

further increases to 21, the accuracy decreases to72:28%. This can be explained by the very fact that the

narrowband OEO-based RC only uses0:11%sample points to be trained comparing with state-of-the-art
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Figure 4.5: For the FIT/Cortex dataset with a classi�cation task that involves 10 different transmitters, the
narrowband OEO-based RC's performance increases rapidly for both data truncate length when the number
of training example per transmitter is increased from 10 to 120 and saturated afterwards. Narrowband
OEO-based RC always has a slight loss of accuracy around3% on data truncate length 128 but has
double processing speed. For ORACLE dataset, the narrowband OEO-based RC is �rst trained and test
on classi�cation of 10 transmitters with
 = 2 :4, � = 9 :61. The narrowband OEO's performance is
saturated for both truncate length when number of training examples for each transmitter reaches 50. It
can be seen that the narrowband-OEO based RC reach above99%accuracy with only 50 training examples
for truncate length of 256. When further increase the number of different transmitters being classi�ed to
16, the narrowband OEO's performance is saturated at 50 training examples per transmitter for truncate
length of 256 but keeps increasing for data truncate length of 128 until training examples per transmitter
reaches 200. The overall accuracy for classi�cation all the transmitters in the dataset is still above95%
only requiring 50 training examples. For AirID dataset, the narrowband OEO-based RC is trained and test
on classi�cation of 4 transmitters with
 = 2 :4, � = 5 :61. The performance curves follows similar trend
when applying narrowband OEO-based RC to AirID dataset. Its performance is saturated after training
set size exceeds 100 per transmitter. The best accuracy obtained is� 97%with 200 training examples for
data truncate length of 256.
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Figure 4.6: The classi�cation becomes harder when increasing the number of transmitters. The left �gure
shows the trend of RC's performance when more transmitters are involved for FIT/Cortex dataset at two
different truncate length. For a total of 21 transmitters, the performance decreases to73%and63%for data
truncate length 256 and 128, respectively, which is not able to compete with CNN. But the classi�cation
accuracy remains competitive for classi�cation of less than 14 transmitters. It's also worth noting that
the narrowband OEO-based RC only uses0:11%or 0:05%of sampled points for training compared with
that of CNNs when truncating the data length from 600 to 256 or even 128. The right �gure shows the
trend of RC's performance when more transmitters are involved for ORACLE dataset. Here we examine
two settings. For truncate length of 256, the narrowband OEO is trained by 100 training examples per
transmitter, which aims at higher prediction accuracy. For truncate length of 128, the narrowband OEO is
trained by 60 training examples per transmitter, which aims at higher training and processing speed.

CNNs. Moreover, the simpli�ed network structure with only the read-out layer being trained limited its

ability to be extended to classi�cation of more transmitters.

However, we argue that the narrowband OEO-based RC has its own unique advantages over CNNs

in following aspects. First, the simpli�ed network structure, combined with ultra-fast photonic hardware

platform, grants it ultra-high processing speed without the need to demodulate the I/Q signals. The deep

layers of CNNs itself is a double-edged sword. Although it introduces more parameters and allows the

network be more easily adaptable for classi�cation of more transmitters at higher accuracy, the deep

network structure enforces the input data to be propagating forward the deep networks layer by layer,

which inevitably slows down the processing speed. For applications like RF �ngerprinting where real-

time processing is in demand, this drawback could be fetal. The complicate CNN structure also means

that more parameters should be trained, which brings another problem that a large training set size is

needed to avoid CNN's poor performance in low-resource settings. The time-consuming back-propagation

algorithms for training a CNN further deteriorate the situation when new transmitters are connected in
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and the whole CNN has to be re-trained. Narrowband OEO-based RC tackles the problem that CNNs

encountered and provide an alternative solutions for RF �ngerprinting of less transmitters in low-resource

settings. Its performance at fewer number of transmitters� 14 remains competitive with CNN while the

total number of samples for training could be reduced to only0:11%or even0:027%required by CNN.

What's more, the shallow network and simple Ridge Regression algorithm avoid time-consuming back

propagation algorithms, making it a great candidate for application scenarios where real-time processing

speed and frequent update of transmitters are needed. Nonetheless, it is more than complementary solution

to RF �ngerprinting with application scenarios that not suitable for CNNs. Its ultra-fast processing speed

also make it a great candidate for communication and security system where a pre-selection and blocking

of malicious transmitters is in need.

4.3.1.5 Different operation region


In this part, we study the dynamic regime of narrowband OEO operates on and its impact on the

RC's performance. Here, the narrowband OEO-based RC is trained and tested with the same injection

amplifying factor � but varying the parameter
 so that the narrowband OEO-based RC is operating

on different regime. The
 is set to be equals to0:9; 1:1; 2:2; 2:4; 3, respectively. These numbers are

corresponding to the dynamic regime before the Hopf's bifurcation, after Hopf's bifurcation, before the

second bifurcation, slightly after the second bifurcation and chaotic regime. The best accuracy obtained

for test set is61%; 90%; 93%; 92%; 90%, respectively. It seems a little bit strange that we can obtain 90%

accuracy at
 = 1 :1, slightly after the Hopf's bifurcation, which was proven not working well in previous

modulation recognition paper.
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4.3.2 Numerical Results on ORACLE Dataset

4.3.2.1 Latency and training set size optimization

Data truncate length and training set size are two parameters that most closely related to the narrowband

OEO-based RC's processing speed and time needed for training. In this section, we discuss the trade-off

between latency and accuracy, as well as the training set size optimization. We �rst limited the class of

transmitters to 10 and explore its performance with different number of training set size at two different

data truncate length. Then, the research is extended to a setting that all 16 different transmitters in the

dataset are involved.

Following previous section, the original samples of I/Q signal are �rst pre-processed into training

set and testing set where each example contains 256 or 128 samples. The hyper-parameters of narrowband

OEO-based RC is then �ne-tuned by scanning through different� and
 . The optimized values of� and


 (where
 = 2 :4, � = 9 :61) is then �xed when scanning through different number of training set size.

Figure 4.5 shows the narrowband OEO-based RC's performance with different number of training example

for each transmitter. A similar trend of performance to FIT/CorteXlab dataset can be observed here: for

both data truncate length, the performance �rst increases when more training examples are used to train the

RC. Then, its performance saturated when number of training example per transmitter reaches 50. With

a truncate length of 256, the narrowband OEO-based RC achieved nearly perfect classi�cation accuracy

of � 99:9% and only needs 50 training examples for each transmitter. For truncate length of 128, the

classi�cation accuracy is� 95%for 60 training examples per transmitter.

With the same simulation settings of classi�cation 10 transmitters, the narrowband OEO-based RC

is then trained and tested extending to all 16 different transmitters. As shown in Figure 4.5, it requires

only 50 training examples per transmitter for data length truncated at 256 to reach the best performance

� 94%. Interestingly, instead of saturating at 50, the narrowband OEO-based RC's performance keeps
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growing when the number of training examples per transmitter increases to 200. This can be explained by

that narrowband OEO-based RC is still under-�tted until the number of training example per transmitter

�nally reaches 200 since example length is reduced.

4.3.2.2 Extending to more transmitters

In this section, we examine the narrowband OEO-based RC's ability to classify different number of

transmitters. More training examples and longer data truncate length generally endorse a better performance

but inevitable increases the training and processing time. A careful trade-off should always be made

between the accuracy and speed. Here, we check the narrowband OEO-based RC's performance for

the classi�cation task from 2 to 16 transmitters. One setting involves more training examples (100

per transmitter) and each example contains more samples (256 samples per example), aiming at better

performance. The other system settings emphasizes the processing speed with limited training examples

(60 per transmitter) and each example contains less samples (128 per transmitter). Figure 4.6 shows the

prediction accuracy with transmitters from 2 to 16. For simpler classi�cation tasks that only involves

2 to 4 transmitters, both settings achieve perfect classi�cation. The performance of narrowband OEO-

based RC with less training examples and less samples started to degrade when the 5 or more transmitters

are involved. It maintains an accuracy above� 90% for the classi�cation of 12 transmitters but the

prediction accuracy severely degrades to� 80%when further increase number of transmitters from 12 to

16. Meanwhile, the narrowband OEO-based RC trained with more training examples and more samples

experiences less reduction in performance. The curve remains �at with a perfect classi�cation accuracy

for classi�cation of 2 to 10 transmitters. The prediction accuracy reduced slightly when increasing the

total number of transmitters from 11 to 16. It is able to main a very high prediction accuracy of� 94%

even for the most complicated classi�cation of 16 different transmitters. It's worth mentioning that even

with �rst con�guration that involves more training examples and large truncate length, the total number
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of sample points needs to train narrowband OEO-based RC is only25; 600per transmitter, which is only

� 0:2%that used to train a CNN.

4.3.2.3 Different operation region


Our �rst simulations is to train and test the narrowband OEO-based RC with a �ne-tuned� = 9 :61

by 100 training examples per transmitter. The RC is performing a classi�cation task of 10 transmitters with

truncate length of 256. We obtained a nearly perfect accuracy above99%for all 
 value of0:9; 1:1; 2:2; 2:4; 3.

In order to further check if narrowband OEO-based RC stills performs similarly across different operation

regime for this dataset, we purposely make it hard for the narrowband OEO-based RC by performing

a more complicated classi�cation task of 16 transmitters with further limiting the training set size to

60 per transmitter. Moreover, the truncate length is also set to the shorter 128. For
 value equals to

0:9; 1:1; 2:2; 2:4; 3, the best accuracy is77%; 78%; 78%; 80%; 79%, respectively. This result suggests that

for the ORACLE RF �ngerprinting dataset, there exists a wide range of operation regime that narrowband

OEO-based RC performs well.

4.3.3 Numerical Results on AirID Dataset

4.3.3.1 Latency and training set size optimization

Similar to previous ORACLE dataset, we start our analysis by examining two parameters that are

related to processing speed: data truncate length and training set size. Before fed into narrowband OEO-

based RC, the dataset is �rst pre-processed into training set and testing set where each example contains

256 or 128 samples. The optimal value of� is obtained via a scanning and remain �xed to 5.61 when

the narrowband OEO-based RC is trained with different training set size. As shown in Figure 4.5, the

performance curves follows similar trend when applying narrowband OEO-based RC to previous two

datasets. The narrowband OEO-based RC starts learning information with a limited number of 10 training
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examples per transmitter and the performance steadily increases when the number of training examples is

further increase to 90. Then, its performance saturated after training set size exceeds 100 per transmitter.

The best prediction accuracy obtained here is� 97%with 200 training examples for data truncate length

of 256. For data truncate length of 128, the performance has a gap of� 5%to that of 256.

4.3.3.2 The role of effective gain
 and injection amplifying factor�

Effective gain
 of the feed-back loop directly determines the operation regime of narrowband

OEOs. Meanwhile, the injection amplifying factor� indicates the signal strength being injected into

the OEO feedback loop. In this part, we examine the effects of these two parameters toward OEO-

based RC's performance. Figure 4.4 shows the OEO-based RC's performance with different injection

amplifying factor� in 5 typical effective gain
 values. As can be seen, the OEO-based RC performs

best when
 = 0 :9 and decreases when increase the
 from 0.9 to 3.0, which means that narrowband

OEO-based RC performs best near the �rst bifurcation and the performance constantly decreases when

the operation regime is moved the second bifurcation. With the same injection amplifying factor� , this

trend always holds. This suggests that for training a narrowband OEO-based RC on a dataset, these two

hyper-parameters could be �ne-tuned independently during the training. In general, a
 value having better

performance under one injection amplifying factor� value indicates it has better performance regardless

the� value.

4.4 Conclusion

In this chapter, we have proposed a scheme that utilizes narrowband OEO as ML platform to deal

with RF �ngerprint task - a task that high processing speed for I/Q modulated signal is desired. We have

numerically simulated the narrowband-OEO based RC and tested its performance with three different

datasets: the FIT/Cortexlab RF �ngerprinting dataset, ORACLE RF �ngerprint dataset and AirID RF
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�ngerprinting dataset. We have shown that with a greatly reduced training set size that is at the level

of 0:1% to 1% to that of CNN, the narrowband OEO-based RC maintains a high classi�cation accuracy

that is comparable to state-of-the-art. This greatly reduced requirement for training data of narrowband

OEO-base RC gives an edge for application scenarios where real-time classi�cation of unseen transmitters

is in demand. The simpler structure and fast training algorithm, combining with less hunger for training

data make it easy and fast to re-train the narrowband OEO-based RC when deployed. Our results also

shows that with the ability to directly process I/Q modulated signals, narrowband OEO-based RC is

suitable to be directly integrated into radio-over-�ber systems as a ML platform for next-generation of

smart communications systems.
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Chapter 5: Experimental Results on Narrowband OEO with Limited Resource and a New Metric

for Measuring the Performance

In the previous two chapters, we presented numerical simulation results of the narrowband OEO-

based RCs for IQ-modulation classi�cation and RF �ngerprinting. However, it is still challenging to

compare the performance of different ML learning algorithms that take into account the processing speed,

resources required to train, and the performance. In this chapter, we further push the resource to train the

narrowband OEO-based RC to a lower limit to test its performance. Moreover, we propose a new metric

that is able to compare performance across different machine learning algorithms.

5.1 Experimental Setup

1 In our experimental setup, we employed an MBX bias and power controller in conjunction with

an FPC562 �ber polarization controller (both from Thorlabs) to actively stabilize and manage the optical

output of a Thorlabs FPL1009S laser diode. The optical subsystem was further con�gured with an

EOSpace lithium niobate Mach-Zehnder intensity modulator (10 GHz bandwidth), a Coherent XPDV2120R

photodiode (50 GHz bandwidth), and approximately 1 km of Corning SMF-28 single-mode �ber to

complete the optical path. On the RF side, signal ampli�cation and �ltering were achieved using a

cascade of two Mini-Circuits ZFL-500LN+ low-noise ampli�ers, combined with a Mini-Circuits SBP-

21.4+ bandpass �lter (centered at 21.4 MHz, with a 19.2–23.6 MHz passband). A Mini-Circuits ZMDC-

10-1+ directional coupler was used to tap a portion of the RF signal for real-time monitoring and data

1The experiments are performed by Benjamin Klimko
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Figure 5.1: Schematic for the experiments of the narrowband OEO-based RC. PC: polarization controller;
MZM: Mach-Zehnder modulator; FDL: �ber delay line; PD: photodiode; AMP: ampli�er; CPL: coupler;
SC: signal combiner; AWG: Arbitrary waveform generator. (a) NARMA10 baseband signal is output
from AWG and mixed up to the passband; (b) IQ data is output from the AWG and modulated by a signal
generator. Either case (a) or (b) is connected to the OEO via the SC but not both simultaneously. The
optical path is shown in red, and the RF path is in black.

acquisition. To facilitate the injection of the external reference signal from the arbitrary waveform generator

(AWG) into the optoelectronic oscillator (OEO) feedback loop, a Mini-Circuits ZMSC-2-2 two-way power

splitter was integrated into the RF path. All RF components were sourced from Mini-Circuits. A detailed

schematic of the complete experimental con�guration is presented in Figure 5.1.

To mitigate systematic errors during data collection, a shared local oscillator was employed for

both upconversion and downconversion in the benchmarking experiments. This con�guration ensured

that frequency drift and phase noise were common-mode, thereby minimizing the introduction of artifacts

during post-processing. In the RADIOML experiments, the local oscillator was phase-locked to the signal
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generator via its 10 MHz reference output, establishing a shared frequency standard and reducing timing

and synthesis errors during independent generation and acquisition of the 20 MHz carrier.

The masked baseband signal is generated by a Siglent SDG6022X arbitrary waveform generator

(AWG) and subsequently upconverted to a 20 MHz intermediate frequency using a Mini-Circuits ZLW-

1-1+ mixer, with a Siglent SSG3021X-IQE signal generator providing the local oscillator (LO). The

circulating signal within the optoelectronic oscillator (OEO) loop was tapped via a Mini-Circuits ZMDC-

10-1+ directional coupler and digitized at a sampling rate of 12.5 MSa/s using a Siglent SDS5034X

oscilloscope. Downconversion to baseband was performed using a second Mini-Circuits ZLW-1-1+ mixer

driven by the same SSG3021X-IQE LO source, thereby maintaining phase coherence between upconversion

and downconversion stages. The acquired baseband signals were saved to disk and subsequently transferred

to a computer for of�ine analysis. Each experimental run was repeated ten times with the external

modulation signal applied to the Mach-Zehnder modulator (MZM) at an amplitude of2 Vpp . Upon transfer

to the analysis environment (MATLAB), the recorded data underwent a standardized preprocessing pipeline.

A conversion factor was computed to account for the discrepancy between the input data sample rate

and the oscilloscope acquisition rate, enabling reconstruction of the full-length example from the saved

data. Speci�cally, if the input signal was generated at 1 MSa/s with a sequence length of 1000 samples,

but recorded at 10 MSa/s by the oscilloscope, the resulting captured waveform would consist of 10,000

samples corresponding to the original example duration.

Minor modi�cations to the experimental setup are necessary to transition from the benchmarking

task to the modulation recognition task. Masked in-phase and quadrature (IQ) signals are generated by

the AWG and applied to the signal generator to produce a 2Vpp modulated carrier at 20 MHz, which is

subsequently injected into the RF port of the Mach-Zehnder modulator (MZM).

93



5.2 Proposed NET Metric and Dataset

5.2.1 NET Metric

The reservoir computing features a much simpler structure with less training data required. However,

much of the current research within the machine learning (ML) community continues to focus on enhancing

accuracy, often through the acquisition of larger neural network and datasets. On the other hand, the

resources required to train these algorithms have been widely overlooked and there often lacks quantitative

analysis on it. Therefore, it becomes necessary to have a metric that is able take all of these factors into

consideration. Naturally, a new metric that takes into account the performance of the algorithm, the size

of the neural network, and the resources required for training can be formalized intrisically as

� = N � E � T: (5.1)

whereN is total number of nodes to perform the computation , the error rateE normalized to random

accuracy (so that we should typically expect0 � E � 1), and training set sizeT measured in thousands

of examples (e.g. for 5000 training examples,T = 5 ).

The idea behind this metric is that an ideal system should simultaneously minimizeN , E , andT,

leading to a minimum value of theNET product. The metric thus incorporates the system overhead

N and evaluates the amount of training dataT required to achieve a given error rateE . The number

of nodesN serves as a proxy for computation time, which is inherently hardware-dependent, often not

reported in the literature, and may be less meaningful in experimental systems not designed for real-time,

low-latency processing. Although the exact data processing method from the reservoir may vary across

different experiments, it is reasonable to assume that a larger system producing more raw data (i.e., more

virtual nodes) will require more computation time than a smaller system that outputs less raw data.
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However, there is an issue with treatingN , E , andT equally in the metric, as an unweighted product

� = NET , since that the primary goal of reservoir computing is to minimize error, or equivalently, to

maximize accuracy. Consequently, it is necessary to heavily penalize poor error performance. This can be

accomplished by replacingE with atanh(E), resulting in the rede�ned metric:

� = NT atanh(E) (5.2)

The advantage of this formulation is that for low error rates (E ! 0), we haveatanh(E) � E , as initially

intended. However, sinceatanh(1) = + 1 , the metric imposes a disproportionately large penalty for high

error rates. This ensures that the metric cannot be circumvented by arbitrarily reducingN andT to offset

an unacceptably high error rate asE ! 1.

5.2.2 Dataset

The tenth-order nonlinear autoregressive-moving-average (NARMA10) task is a regression task

with the goal of predicting one step into the future given the current value of the time series. The time

seriesy(n) is de�ned by the recurrence

y(n + 1) = 0 :3y(n) + 0 :05y(n)
9X

i =0

y(n � i )

+ 1 :5u(n � 9)u(n) + 0 :1

(5.3)

whereu(n) is a random variable drawn from a uniform distribution on the range [0, 0.5].

We used normalized mean squared error (NMSE) as our performance metric, de�ned by

NMSE =
h(Y � Ŷ )2i

h(Y � h Y i )2i
(5.4)
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The other dataset is the IQ-Modulated signal dataset RADIOML 2016.04C classi�cation mentioned

in Sec. 3.4. Due to the complexity of the dataset, a subset of the modulations with: 64-QAM, QPSK,

GFSK, 8-PSK, and AM-DSB is chosen. To further test its ability with limited resources and less number

of virtual nodes, in the experiment, we set the total number of virtual nodes to 25. (VNs =25)

5.3 Results and Discussion

The numerical simulation results and experimental results of NARMA10 task is shown in Table 5.1.

It can be seen that the narrowband OEO-based RC has similar NMSE, as well as NET score� when

compared to other RC implementations with a similar number of virtual Nodes. These results prove that

the narrowband OEO-based RC has similar computational power for processing data compared to the

wideband OEO-based RCs.

Table 5.1: NET Metric for Optoelectronic Reservoir Computing NARMA10 Results

Reference Nodes (N ) Training NMSE NET score�
Examples (Lowest
(k=1000) reported)

[141] 50 3k 0.168 25.44
[142] 47 1k 0.23 11.01
[94] 80 20k 0.185 29.95
[91] 50 1k 0.168 13.57
[113] 50 1k 0.103 5.17

Experiment 25 2k 0.251 12.82

Meanwhile, the numerical results and experimental results for the IQ-modulation classi�cation are

shown in Table 5.2. We list� we get from simulations reported in Ch. 3 when the NMSE is optimized

at 0.111 as well as results for reduced training set sizes. In comparison with the CNN or DNN-based

IQ-modulation classi�cation, the narrowband OEO-based RC has achieved two orders of magnitude better

performance regarding� while maintaining a similar level of error rate (E). If willing to sacri�ce the error
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Table 5.2: NET Metric for RADIOML Classi�cation Results, 18 dB SNR input

Ref. Nodes/ Training Min E Min � Max �
CNN Filter Examples

Values (k=1000)
CNN [8] 427 96k 0.07 3162.6 4071.5
CNN2 [8] 1515 96k 0.04 6403.5 8007.3
DNN [8] 907 96k 0.11 10 587.6 13 516.6

OEO RC simulation [143] 400 2.53k 0.111 124.2 –
OEO RC simulation [143] 400 0.11k 0.46 21.89 –
OEO RC simulation [143] 400 0.33k 0.27 36.54 –

Experiment 25 0.1k 0.57 2.23 3.11
Experiment 25 0.6k 0.383 17.33 25.59

rate (E) to the level of around0:3, with a total number ofN = 400, the� can be further optimized by

one order of magnitude lower. It is also worth noting that for an experiment that aims at optimizing the� ,

a best� of 2.23 can be achieved. However, this� is achieved by limiting both the total number of virtual

nodes to 25 and with only 0.1k of data for training. For such a scenario, the error rateE is relatively large

at 0.57. One might argue that such a largeE might not be practical for applications. Indeed, this result

is achieved with many IQ-modulation formats. The error rate can and will be further reduced if only 2

types of modulations are involved - the exact reason that we push to an extreme for optimizing� . Because

in the context of a “friend or foe” identi�cation task, there will be only two types of signals that will be

involved. Such an application scenario implies a more urgent demand to recognize the target with as little

as possible data (T) and ultrafast processing speed (N ).

Another interesting result from the Table 5.2 is a question we have already raised in the general

discussion of modern AI techniques in Sec. 1.1.6: the more, the better? In the deep neural network

(DNN) era, a clear trend has emerged: increasing computational resources and model complexity, typically

through a higher number of parameters at million level, has consistently led to performance improvements.

This trend has only further intensi�ed with the advent of large language models (LLMs), where scaling

up data, architecture, and training infrastructure has become a de�ning characteristic of state-of-the-art
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systems. The number of parameters can easily surpass a billion. With this trend, we have seen an

inevitable exponential growth of the associated computational resources, data, and energy costs required

for these AI technologies. However, the researchers in both industry and research are still following the

trend - optimizing the performance by investing more resources and incorporating more parameters for

ML algorithms, regardless of the existing diminished returns. Currently, this phenomenon, especially the

diminished return seems to be a blind spot for the whole �eld, and there is an obvious lacks of a metric

for quanti�cation. Therefore, the NET we proposed here offers insight and an opportunity to see these

long-existing but overlooked diminished returns in the machine learning �eld since theNE product inside

the � can also be considered as a metric that involves the “cost” of a machine learning algorithm into

consideration.

It can be seen that “there is no free lunch” in the machine learning �eld. A better algorithm can

prevail, for example, the DNN mentioned in [8] has a similar error rateE of 0.11 comparing to our models

in [143], but our model prevails by reducing� to 2 orders lower, which implies a 2 orders lower cost.

Meanwhile, the best model reported in [8] is referred to as CNN2, with error rateE = 0 :04. However, to

achieve thisE , their � is about� 50 times to ours, which indicates an overall 141 times higher cost inside

NE product!

Meanwhile, for the same machine learning algorithm (in our case, the reservoir computing), there

is always a trade-off. While maintaining the same level of� , one might have to sacri�ce the performance

in order to reduce the total number of virtual nodes or the number of training examples required.

5.4 Conclusion

In this chapter, we introduce a new metric� that gives insight into the computational resource,

training set size, and performance that is useful to directly compare performance across different machine

learning algorithms and quantitatively analyze the diminished returns of these machine learning algorithms.
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Typically, it can be seen that an increment of an order of performance inE does not reduce the� , but, by

contrast, increases the� by several orders. Secondly, our results in the NARMA10 dataset show that

the computational power of a narrowband OEO-based RC is similar to that of wideband OEO-based

RCs. Lastly, we push the narrowband OEO-based RC to its limit by experimentally reducing the training

examples and total number of virtual node while maintain an acceptable performance, which paves the

road to certain application scenarios that the computational resources and data are highly limited.
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Chapter 6: Photonic Reservoir Computing using Optoelectronic Oscillators with Direct Laser

Modulation

Reservoir computing (RC) is a simple yet ef�cient machine learning algorithm that has reached

state-of-the-art performance on several benchmarks. Incorporating ultra-fast photonic devices, implementations

of RC based on optoelectronic oscillator (OEO) with a �ber delay-line has shown the ability to process

both the optical and RF signals at an unprecedented high speed. However, previously reported OEOs

used for reservoir computing require an external modulator, typically a bulky LiNbO3 Mach-Zehnder

Modulator (MZM), not only making it hard for such systems to be integrated onto a silicon chip but also

increasing the overall cost. In this article, we present a simpler implementation of OEO-based RC without

the need to use external modulators. Contrary to previous implementations of OEO-based RCs that inject

the signal into the delay line via external modulators to excite VNs, we show that the input signal can be

injected into the delay line by internally modulating the laser. The intensity modulation of the laser in this

architecture introduces a piecewise-linear power intensity transfer function, leading to a recti�ed linear

unit (ReLU) non-linearity inside the reservoir layer. We �rst derive the equations that govern the dynamics

of such an OEO-based RC. Then, we numerically simulate its dynamics and successfully train and test this

direct laser modulated OEO-based RC on several datasets, namely the Nonlinear Auto Regressive Moving

Average (NARMA10) dataset, Nonlinear-Channel Equalization (NCE) dataset, Radar Signal Forecasting

dataset, and Santa Fe Laser Series Prediction dataset, reaching a performance that is equivalent to or better

than the traditional OEO-based RCs with external modulators.
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6.1 Simplest OEO for RC

In previous chapters, we have demonstrated that a narrowband OEO-based RC could be applied to

perform classi�cation tasks on I/Q modulated radio-over-�ber signals without the requirement of demodulating

and processing the signals into computer-compatible format �rst. Such a system has been proven to be

valid and powerful in performing modulation format recognition [143] and RF �ngerprinting [144] with

state-of-the-art performance on several benchmarks.

However, all of the aforementioned OEO-based RCs are implemented using bulky discrete photonic

elements. The requirement of an external modulator (EO), typically a electrooptical LiNbO3 Mach-

Zehnder Modulator (MZM), makes it hard for them to be integrated. Nonetheless, several applications

that emerged since the era of 5G have generated unprecedented demands for ML platforms with a compact

size, low energy consumption, and compatibility for integration. Meanwhile, several miniature OEO

structures have already been proposed and studied for ultra-pure RF signal generation but ignored by the

photonic RC research communities. Reference [145] serves as a good example. In order to generate ultra-

pure RF signals, an autonomous OEO that cancels the external intensity or phase modulator and replaces

them by directly performing intensity modulation through the laser pump current has been proposed and

studied. With the simplest structure ever known, this direct laser modulated OEO (DL-OEO) provides the

possibility for a cost-effective, energy-ef�cient, and compact alternative to the traditional implementation

of OEO-based RCs. Therefore, in this paper, we introduce this simplest structured OEO for machine

learning purposes and demonstrate its suitability to be applied for photonic implementations of RC. Moreover,

we will show that even with the simplest structure, this OEO-based RC could still reach a competitive or

better performance compared to traditional OEO-based RCs.
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Figure 6.1: Schematical representation of the reservoir computer based on a DL-OEO. DL: Delay line;
LNA: Low-noise ampli�er. PD: Photodiode. MC: Microwave Coupler. The RF �lter in this diagram is
introduced by the response time of the system, not an actual RF �lter.

6.2 System and Model

Typically, an OEO could be characterized by four key components: linear gain, �lter, delay line,

and nonlinearity. Figure 6.1 shows the con�guration of the DL-OEO system under study. A continuous

wave laser diode (LD) is operating at the telecom wavelength of� L = 1550 nm. It is driven by a feedback

currentI RF (t) from the RF output branch of the OEO, a polarization currentI pol and an externally injected

signal I (t) that is used to couple the data point from the dataset. The threshold current of LD is set to

I th = 16 mA. The output of the LD is then coupled into an optical �ber with a length ofL = 40 m,

yielding a delay time ofT = nL=c = 0 :2 � s, wheren is the refractive index of the optical �ber with

n = 1 :5 andc is the velocity of light in vacuum. The optical output from the optical �ber is then converted

into a photocurrent by a photodetector (PD) with responsivityS = 4 :75V/mW and a detection bandwidth
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of 500MHz. The PD converts the input powerP(t) into a voltageV(t), which is then coupled to a voltage

variable attenuator (VVA) that has a gain equals toG. It is worth noting that the bandpass �lter of the DL-

OEO originates from the cascaded elements inside the loop, which further simpli�es the implementation.

For numerical simulation purposes, this bandpass �lter could be characterized and modeled by a frequency

band limited by a low pass frequencyf L = 531:5 kHz and a high pass frequencyf H = 6 :4 MHz, leading

to two different time scale� = 1=2�f L = 0 :3 � s and� = 1=2�f H = 25 ns.

The LD plays a central role in converting the electrical injected signal to the optical domain which is

then used to excite VNs in the reservoir layer. The power-intensity (P I ) transfer functioncould be modi�ed

for our RC with an injection as follows [145]:

P(t) =

8
>>>><

>>>>:

0; if I RF + �I (t) � I o

� [I RF + �I (t) � I o]; if I RF + �I (t) > I o:

(6.1)

Here,� = � d ~� represents laser conversion slope, where� d is the quantum ef�ciency,~ is the Planck

constant, and� = c=� L is the laser carrier frequency. Additionally, we also introduce the new threshold

currentI o = I th � I pol , while � is a dimensionless amplifying factor for the injected signal that directly

modulates the laser diode (LD). Following a few steps of derivation from ref. [145], we can obtain a

simpli�ed and dimensionless equation that rules the behavior of DL-OEO with an RF internally injected

signal�I (t) as follows:

x(t) + �
dx(t)

dt
+

1
�

Z t

t0

x(� )d� = �D [xT + �u I (t) � � ]; (6.2)

wherex(t) is a normalized dimensionless variable withx(t) = VRF (t)=Vref anduI (t) = I (t)RZ=Vref .

The variablesVRF (t) anduI (t) are converted through the characteristic impedance ofRZ = 50 
 after

being multiplied with the feedback loop currentI RF (t) and the injection currentI (t), respectively. Thus,
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we haveVRF = I RF RZ whereVref = 1 V is a conveniently assigned reference voltage, whilexT =

x(t � T) is the time-delayed part ofx(t) induced by the time-delay line. The parameter� is a dimesionless

voltage offset with� = I oRz=Vref , and� = �S�G=R z is the feedback loop gain that takes into account

the total loss� inside the OEO loop.

It is worth noting that the nonlinearity of function Eq. (6.1) inside the DL-OEO-based RC system

introduced by theP I nonlinear transfer function of the LD as

D(x) =

8
>>>><

>>>>:

0; if x � 0

x; if x > 0:

(6.3)

It has the same format as the ReLU function extensively used by convolutional neural networks (CNNs)

in the �eld of machine learning for image and video related tasks.

6.2.1 Time-division Multiplexing

In the temporal domain, all time-delay systems are theoretically in�nite-dimensional, leading to

a property that within a single delay line, any input data with a �nite dimension could be expanded to

arbitrarily high dimensions sequentially. In practice, limited by the response time of the system, sample

rate, and modulation bandwidth, the input data could only be mapped into a �nite dimensional space,

albeit higher than the original. For an RC based on the time-delayed system, the input data is expanded

temporally into a high dimensional space by multiplying each data point with a randomly generatedN -

valued time series with a period equals to delay timeT. ThisN -valued time series functions as the input

mask of regular reservoir layerW in . The only difference between a regular digital RC and a photonic

RC based on a time-delay line is that the former maps input data to the reservoir layer in the spatial

domain while the latter maps the data in the temporal domain. The procedure of expanding one data point

into anN -dimensional space is repeated for all data points within each example and is known as time-
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division multiplexing [6]. The states of theN values multiplied by a data point that later go through a

non-linear transform will be extracted by a sampling process to represent the reservoir states of the RC

implementation in the temporal domain and are therefore known as VNs. Therefore, for the purpose of

sampling, it becomes critical to maintain an equal time separation between theN -valued time series fed

into the delay line, leading to a time separation between each value with� T = T=N. Unlike its digital

counterpart which requires an explicit implementation of the non-linear function, the non-linearity of RC

based on a time-delay system is introduced by the non-linearity of the system itself.

6.2.2 Implementation of RC based on the DL-OEO

In order to implement the RC based on the DL-OEO, a continuous injection signaluI (t) in Eq. (6.2)

must be generated from all the examples in the dataset accordingly. The �rst step is to generate a

continuous wave from the discrete data points of each example in the dataset. To achieve this, each sample

corresponding to one data point inside all examples is extracted and held for a time duration equivalent to

the DL-OEO's delay timeT [143], i.e.,

J (t) � X i (k); (k � 1)T � t � kT; (6.4)

where the superscripti denotes it is thei th example in the training set andk signi�es that it is thekth

sample of thei th training example. Then, in order to maintain the mask weights being �xed for each

example, the mask signalm(t) must be generated as a continuous periodical signal and aligns its period to

the system's delayT. For all four datasets we used to train and test our DL-OEO-based RC, each example

contains only one sample, leading tok � 1. To ensure that each sample is coupled into the delay line and

excites exactN equally distant VNs, each period of mask signal must contain a total ofN weight values

and any two consecutive weights must be kept with the same separation� T = T=N. Following [91], we

adopt a maskm(t) with its weights uniformly sampled from six values. After obtaining maskm(t) and a
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continuous waveJ (t), the continuous injection signaluI (t) can be obtained by multiplying them together:

uI (t) = J (t) � m(t): (6.5)

The next step is to sample the states from the reservoir layer to train the read-out layer of RC. To achieve

this goal, the middle points of each interval� T from the continuous time seriesx(t) are sampled to

represent the states of the VNs. These samples could be organized into a matrixX with Xij being the

reservoir state ofi th training example'sj th VN state:

Xij = x[i � T + ( N � j ) � � T ]: (6.6)

After collecting all the reservoir states for the whole training set and organizing them in an order speci�ed

by Eq. (6.6), we now get the matrixX that is equivalent toM x in the digital implementation of RC in

Eq. (3.17). Identically as for conventional digital RC, we can apply the Ridge regression algorithm [123]

to obtain optimal read-out layer weights:

W RO
opt = X (X T X + � I ) � 1Y ; (6.7)

whereY are the labels of training set and� being the regularization factor to prevent over�tting.

Different from the narrowband OEO-based RCs, this DL-OEO is a broadband OEO-based RC. This

means that there are no timescale issues in numerical simulations and we can directly simulate Eq. 6.2

using Runge-Kutta method.
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(a) (b)

(c) (d)

Figure 6.2: This �gure shows the simulation results of RC based on the DL-OEO's performance on four
datasets. The heatmaps are scanned through system gain� and injection ampli�cation factor� . It is worth
noting that the metrics for NARMA10, Radar Prediction, and Santa Fe Laser prediction tasks are NMSE -
a smaller number corresponding to better performance while the metrics for the NCE dataset is accuracy -
a larger number corresponding to better results. Here, for the Radar prediction task, the NMSE is measured
on a 10-step prediction - the most dif�cult test for this dataset. For NCE, the accuracy is measured on a
dataset withSNR = 32 dB. The total number of VNs excited at the reservoir layer isN = 50 with a
modulation frequency off m = 250 MHz. For the NARMA10 dataset, Radar dataset, and Santa Fe laser
prediction task, the best NMSE obtained is0:2008, 0:4106, and0:0563, respectively. For the NCE dataset,
the best accuracy obtained is99:42%.
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