Neuromorphic Computing and Machine Learning for
Nonlinearity Mitigation in Optical Communication Systems

Diego Argtiello Ron

University student number: [redacted]

Doctor of Philosophy
Aston University

April 2025

© Diego Arglello Ron, 2025
Diego Argtiello Ron asserts their moral right to be identified as the author of this thesis.
This copy of the thesis has been supplied on condition that anyone who consults it is understood to

recognise that its copyright belongs to its author and that no quotation from the thesis and no information
derived from it may be published without appropriate permission or acknowledgement.



D. Arguello Ron, PhD Thesis, Aston University 2025



Aston University

Title: Neuromorphic Computing and Machine Learning for Nonlinearity Mitigation in Optical
Communication Systems

Name: Diego Arguello Ron

Degree: Doctor of Philosophy

Year of submission for examination: 2025

Nonlinear fibre propagation and transceiver impairments limit the performance of coherent optical
communication systems. Established digital signal processing techniques such as digital back-
propagation and Volterra equalisation can mitigate Kerr-induced nonlinear distortions, but their
computational complexity and energy consumption hinder real-time deployment. This thesis
develops machine-learning and neuromorphic approaches to optical channel equalisation, focusing
on performance—complexity trade-offs and practical hardware feasibility.

A unified training and benchmarking framework is introduced for coherent transmission scenar-
ios, employing Q-factor and bit-error-rate alongside implementation measures including operation
counts, memory footprint, and inference latency. Within this framework, a broad class of equalis-
ers is analysed, including multi-layer perceptrons, convolutional and recurrent neural networks,
and complex-valued neural networks that process in-phase and quadrature components. Model
compression is studied: pruning, quantisation, and weight clustering are jointly optimised using
Bayesian optimisation to identify Pareto-efficient configurations that preserve equalisation perfor-
mance while reducing computational load, memory usage, and latency. Experimental evaluations
on edge-device platforms demonstrate feasibility under realistic receiver constraints.

The thesis also explores hardware—software co-design. Optical phase conjugation is integrated
with neural equalisers to offload part of the nonlinearity compensation to the optical domain, enabling
smaller models and lower digital complexity. To address analogue noise in photonic neuromorphic
computing, robustness is assessed under additive and signal-dependent noise; noise-aware training,
stochastic-resonance neurons, and ensemble-based “crowd equalisation” are proposed to enhance
resilience. Finally, a neuromorphic equaliser combining spiking neural networks with a streaming
RWKYV time-mixing module is introduced. By exploiting event-driven sparsity and constant-memory
sequential processing, this architecture achieves competitive equalisation performance with reduced
computational and energy requirements compared to conventional deep learning models.
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Chapter 1

Introduction

1.1 Increasing Demand for High-Speed, High-Capacity Optical Com-
munication Systems

The rapid proliferation of digital technologies, coupled with the rise of computationally intensive
applications such as Large Language Models (LLMs), advanced deep learning architectures,
and cloud-based services, has ushered in an era of unprecedented data generation, processing,
and transmission. These advancements have fundamentally reshaped the global technological
landscape, with major corporations such as Google, OpenAl, and Meta relying on geographically
distributed data centre clusters to meet the ever-growing computational demands [8—10].

The exponential increase in the size and complexity of Artificial Intelligence (Al) models serves
as a primary driver of this transformation. State-of-the-art LLMs now consist of hundreds of billions
of parameters and require training datasets spanning terabytes of data, with the energy and
computational resources required for training being staggering [11, 12]. Beyond training, inference
tasks demand immense computational power and low-latency data processing across consumer
applications such as voice assistants, recommendation engines, and real-time translation [13].
Recent projections indicate that Al will drive a 165% increase in data centre power demand by 2030,
with global data centre energy consumption expected to double due to Al applications [12, 14].

These computational demands are matched by equally rigorous requirements for data storage
and transmission infrastructure. Modern Al workflows involve extensive data movement—from
preprocessing datasets and transferring intermediate results during training, to synchronising
distributed systems in real time. Such operations place extraordinary pressure on data centres
and the networks interconnecting them, with Al-enabled data centres requiring over 10 times more
optical fibre connections than traditional data centres [15, 16]. Data centres require significant
energy not only to power processors—with next-generation Al chips consuming up to 1.2kW
compared to 150 W to 200 W for traditional Central Processing Units (CPUs)—but also to cool the
vast arrays of servers that generate substantial heat during operation [17]. Moreover, inefficiencies
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in traditional electrical interconnects compound the overall energy footprint, highlighting the urgent
need for more energy-efficient optical alternatives to sustain the scaling of Al technologies [18,19].

As Al models grow in complexity and size, optical interconnects have become indispensable for
supporting the massive data transfer requirements between remote data centres as well as within
the data centre environment itself for rack-to-rack or even board-to-board interconnection. Emerging
technologies targeting 800 Gb/s and beyond, with demonstrations of 1.6 Tb/s and 3.2 Tb/s coherent
transmission systems, are under continuous development to satisfy these requirements [20,21]. The
convergence of High-Performance Computing (HPC) and optical communications has escalated
in importance, motivating research into novel methods for pushing the boundaries of achievable
data rates and reliability while meeting the stringent energy efficiency requirements of modern Al
infrastructure.

This Al-driven transformation coincides with the exponential growth of global internet traffic,
which has surged from approximately 100 GB/d in 1992 to over 150 TB/s by 2022, with projections
suggesting that this exponential growth will continue [22]. The dramatic increase in data traffic
encompasses not only Al-driven applications but also bandwidth-intensive applications and emerg-
ing technologies like virtual and augmented reality, where ultra-reliable, high-speed networks are
essential for maintaining performance and user satisfaction [20].

To address this rising demand, optical communication systems have seen substantial advance-
ments over the years. In the 1990s, the introduction of Wavelength-Division Multiplexed (WDM)
technologies, combined with EDFAs, significantly expanded system capacity, allowing multiple
wavelength channels to be transmitted over a single fibre [23]. This breakthrough resulted in
a 1000-fold increase in capacity within a decade, achieving transmission rates of 1 Tb/s by the
year 2000, laying the foundation for addressing today’s demands for high-speed, Al-driven data
traffic [24].

More recently, research has concentrated on improving SE, which is defined as the number
of bits transmitted per second per unit of bandwidth bit/s/Hz. This has been realised through
the adoption of advanced modulation formats that exploit both polarisation states and multiple
amplitude and phase levels of the optical carrier [3]. For example, the implementation of PDM with
Quadrature Phase Shift Keying (QPSK) enabled the transmission of 100 Gb/s signals with a spectral
efficiency of 2 bit/s/Hz [6]. Further developments in modulation techniques have led to even higher
spectral efficiencies, with laboratory demonstrations reaching 11 bit/s/Hz using 128-ary Quadrature
Amplitude Modulation (128-QAM) with PDM [4], and more recently, ultra-high-order QAM formats
such as 4096-QAM achieving spectral efficiencies of up to 17.3 bit/s/Hz [5]. These high spectral
efficiencies are critical for modern applications such as streaming, real-time Al inference, and
large-scale data synchronisation, where maximizing data throughput within limited bandwidth is
essential to meet escalating user demands and maintain network performance.

However, the pursuit of higher SE introduces several significant challenges. As the density
of the signal constellation increases, a higher SNR becomes necessary to maintain acceptable
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BER [24]. This requirement makes it necessary increases in signal launch power, which in turn
exacerbates nonlinear effects in the optical fibre, particularly those related to Kerr nonlinearity [25].
The interaction between elevated launch powers and nonlinear distortions imposes a fundamental
limit on the achievable information capacity of optical fibore channels, often referred to as the
"nonlinear Shannon limit" [24, 26].

To address these capacity limitations, researchers have investigated several approaches:

1. Expanding the usable optical bandwidth: Efforts have been directed towards utilising
multiple transmission bands (O, E, S, C, L, and U) in optical fibres. For instance, recent
demonstrations have achieved the transmission of 54 Tb/s over 9,150 km using the C+L
bands with hybrid Raman-EDFA amplification [27]. However, the inclusion of additional bands
introduces new challenges, such as the need for more sophisticated component designs and
the potential for increased nonlinear interactions [28—30].

2. Improving amplification schemes: Advanced amplification techniques, such as distributed
Raman amplification, have been employed to reduce amplifier Noise Figures (NF) and
enhance the SNR without significantly increasing launch powers [31].

3. Nonlinearity compensation techniques: Various methods have been proposed to mitigate
or compensate for nonlinear effects, including DBP [32, 33], OPC [34], and machine learning-
based approaches [35].

4. Space-Division Multiplexing (SDM): Research into multi-core and multi-mode fibres has
shown promise in overcoming the capacity limitations of single-mode fibres by leverageing
the spatial dimension for parallel transmission [36].

While all four strategies are critical to addressing capacity limitations, they each present
distinct challenges and opportunities. Expanding bandwidth (solution 1) and increasing spatial
dimensions (solution 4) can be used simultaneously to scale capacity but come with higher
infrastructure complexity. Amplification improvements (solution 2) are essential but do not address
the computational and energy costs associated with manageing the nonlinearities. Among these
solutions, nonlinearity compensation (solution 3) offers a distinct advantage as it complements
all the others. However, traditional techniques like DBP are computationally intensive and power-
hungry, making them challenging to scale in energy-efficient systems [37].

Despite these technological advances, understanding the fundamental physical limits of optical
fibre transmission is crucial for contextualizing the challenges that modern optical networks face.
These limitations will be examined in detail in the context of nonlinear impairments and their
compensation techniques in Section 1.2.3.

The convergence of exponential Al growth and massive data transmission requirements ne-
cessitates sophisticated signal processing techniques that can mitigate nonlinear impairments
in optical communication systems. Modern optical networks must simultaneously address the
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capacity limitations imposed by fibre nonlinearities while supporting the ultra-high bandwidth and
low-latency requirements of distributed Al systems.

Emerging photonic neuromorphic computing paradigms offer promising solutions where optical
hardware mimics neural architectures to achieve high-speed, energy-efficient computations. These
approaches, including reservoir computing and optical neural networks, can process data in the
analogue domain, bypassing traditional digital-electronic bottlenecks for tasks such as channel
equalisation and real-time fault detection [38—41].

Addressing these challenges requires a multidisciplinary approach that bridges computational in-
telligence and photonic engineering to extend the performance boundaries of optical communication
systems beyond current limitations [37,38,41,42].

To understand how these advanced signal processing techniques can be effectively integrated
into optical networks, it is essential to first establish a comprehensive understanding of the fun-
damental principles governing optical communication systems and the specific impairments they
introduce.

1.2 Fundamentals of Optical Communication Systems

1.2.1 Fibre Principles and Key Parameters

Optical fibre communication systems have transformed the telecommunications industry, en-
abling the transmission of vast amounts of data at high speeds over long distances. These systems
exploit the unique properties of light propagation in optical fibres to achieve unprecedented data
capacity with minimal errors [7]. Understanding the fundamental principles of optical fibre trans-
mission requires examination of both the physical structure of fibres and the key parameters that
govern their performance.

The basic component of every optical communication system is the optical fibre itself. A typical
optical fibre consists of three main structural elements [7]: a core region made from silica (SiO,)
that is doped with materials such as germanium to increase its refractive index, a cladding layer
surrounding the core composed of pure silica with a lower refractive index, and an outer protective
coating typically made of polymer materials. The difference in refractive indices between the core
and cladding facilitates total internal reflection, a phenomenon that confines light within the core
and allows it to propagate along the length of the fibre. This behaviour is governed by Snell’s
law [7]:

n1sin 61 = no sin Oy (1.1)

where n; and ns represent the refractive indices of the core and cladding, respectively, and ¢, and
#, denote the angles of incidence and refraction.

The propagation of light inside an optical fibre can be described by solving Maxwell’s equations,
which completely define electromagnetic wave behaviour [43,44]. In the case of weakly guiding
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fibres, where the refractive-index difference between core and cladding is small, this can be
approximated by the wave equation:

V2E +n*(r)kiE =0 (1.2)

where E is the electric field, n(r) is the refractive index profile, kg = 27/ is the wave number
in vacuum, and X is the wavelength of light. The solutions to this equation yield the modes of
propagation in the fibre, with the fundamental LPy1 mode being the primary mode of interest in
single-mode fibres [43].

Optical fibres are broadly classified into two categories based on their light propagation charac-
teristics: Single-Mode Fibre (SMF) with small core diameters (typically 8-10 um) that support only
one mode of light propagation, and multi-mode fibres (MMF) with larger core diameters (typically
50-62.5 um) that support multiple modes. SMFs are widely used in long-distance, high-speed
communications due to their low dispersion and attenuation characteristics, while MMFs are often
used in short-distance applications due to their ease of alignment with light sources and lower
cost [7].

The performance of optical fibres in communication systems is governed by several critical
parameters that determine their suitability for different applications. These parameters can be
broadly categorised into linear and nonlinear effects, each playing a crucial role in determining the
overall system performance.

Among the linear effects, attenuation represents the optical power loss during propagation and
is typically expressed in dB/km as a wavelength-dependent quantity. The attenuation coefficient
a is derived from the relationship between input and output powers: o« = —101og;o(Pout/Pin)/ L,
where L is the fibre length and P, and Pyt are the input and output powers, respectively.

Chromatic dispersion represents another fundamental linear effect that significantly impacts
system performance. This phenomenon arises from the wavelength-dependent variation in the
refractive index of the fibre material, combined with waveguide dispersion effects. The group
velocity, defined as the speed at which the envelope of an optical pulse travels along the fibre,
varies with wavelength, causing different spectral components of a pulse to travel at different speeds
and leading to pulse broadening. This effect is quantified by the Group Velocity Dispersion (GVD)
parameter 3y = —\2(d?*n/d)\?)/(2mc), where c is the speed of light in vacuum, and n is the refractive
index [45]. When 3, is non-zero, different spectral components of a pulse travel at different speeds,
leading to pulse broadening. Positive 5, (normal dispersion) means longer wavelengths travel
faster than shorter ones, while negative 2 (anomalous dispersion) means shorter wavelengths
travel faster. At 1550 nm, standard single-mode fibres typically exhibit negative 35, corresponding
to anomalous dispersion. This property is commonly quantified using the dispersion parameter
D = —2mcPs /A2 [45].

Typical values for SSMF are around 17 ps/(nm km) at 1550 nm wavelength.

Polarisation-related effects constitute another important class of linear impairments. Polarisa-
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tion Mode Dispersion (PMD) arises from the difference in propagation speeds between different
polarisation states of light, leading to pulse broadening. These impairments are a consequence of
imperfections in the fibre’s structure, such as asymmetry in the core or external stresses, which
create different refractive indices for different polarisation states (birefringence). PMD is quantified
by the PMD coefficient D,,, measured in ps/v/km [45,46]. The first-order PMD, which is the primary
component of this effect, is characterised by the Differential Group Delay (DGD) At = D,VL,
where At represents the DGD, D, is the PMD coefficient, and L is the fibre length. Lower values
of D,, indicate better performance in terms of PMD.

Closely related to PMD is Polarisation-Dependent Loss (PDL), which represents the variation
in attenuation that different polarisation modes experience as they propagate through optical
components. One polarisation of light might be absorbed or scattered more than another, leading
to an imbalance in the power of the light waves. This phenomenon is particularly detrimental in
systems that use polarisation to carry information, such as in high-speed polarisation division
multiplexed communications, as optical components do not affect all polarisation states equally [47].

The nonlinear properties of optical fibores become increasingly significant at high optical powers
and fundamentally limit the capacity of communication systems. The nonlinear refractive index,
denoted as no, is an intensity-dependent component of the refractive index arising from the Kerr
effect, where the refractive index increases with the intensity of the light passing through it [45].
This phenomenon is responsible for various nonlinear effects in optical fibres, including SPM,
XPM, and FWM, which can cause significant signal distortion particularly in high optical power and
long-distance communication systems. SPM results in a phase shift proportional to the optical
intensity, leading to spectral broadening of the pulse. XPM occurs when the phase of one optical
signal is modulated by the intensity of another co-propagating signal, leading to crosstalk between
channels in wavelength-division multiplexed systems. FWM is a nonlinear process where two or
more optical signals interact to generate new frequency components, causing interference and
signal quality degradation. A detailed analysis of these effects is provided in Section 1.2.3.

The magnitude of these nonlinear effects is inversely proportional to the effective area A,y of
the fibre, which represents the area over which the optical power is distributed in the fibre cross-
section. Fibres with larger A, generally exhibit reduced nonlinear distortions, allowing for higher
power transmission or longer distances before nonlinear effects become significant. However, this
comes with trade-offs, as larger A, fibres are more susceptible to bending losses and, in few-
mode or multimode fibres, can exacerbate mode coupling, leading to modal dispersion and signal
degradation. Therefore, large-A. fibres are often preferred for long-haul, high-power transmission
systems to mitigate nonlinear distortions, while smaller A.¢; may be used in applications where
nonlinear effects are less critical [7].

Optical fibre transmission typically occurs in specific wavelength ranges known as transmission
windows, each characterised by distinct attenuation and dispersion properties [7,48]. These
windows include the O-band (Original, 1260-1360 nm), E-band (Extended, 1360-1460 nm), S-band
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(Short, 1460-1530 nm), C-band (Conventional, 1530-1565 nm), L-band (Long, 1565-1625 nm),
and U-band (Ultra-long, 1625-1675 nm). The C-band and L-band are most commonly used in
long-haul transmission systems due to their low attenuation characteristics and the availability of
efficient optical amplifiers, particularly EDFAs, in these ranges [48].As illustrated in Figure 1.1,
the attenuation varies significantly across different bands, with the C-band exhibiting minimum
attenuation at approximately 1550 nm (0.15 dB/km). This wavelength region coincides with the
gain spectrum of EDFAs, highlighted in the figure, which explains its dominance in commercial
optical networks. The attenuation increases in both the O-band (shorter wavelengths) and U-band
(longer wavelengths), limiting their use in ultra-long-haul applications without additional amplification
technologies.
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Figure 1.1: Optical communication bands (O, E, S, C, L, U) showing wavelength ranges and attenuation
characteristics. The C-band region exhibits the lowest attenuation (approximately 0.15 dB/km) and overlaps
with the EDFA gain window, making it ideal for long-haul transmission.

1.2.2 System Components and Modulation Formats

Optical communication systems comprise several essential components that work together to
enable high-speed, long-distance data transmission through sophisticated modulation techniques.
The fundamental architecture consists of transmitters, optical fibres, amplifiers, and receivers, each
playing a crucial role in the overall system performance [49].

The transmitter serves as the interface between electrical and optical domains, converting
electrical signals into optical signals for fibre transmission. The primary component is the light
source, typically a semiconductor laser such as a Distributed Feedback (DFB) laser or Vertical-
Cavity Surface-Emitting Laser (VCSEL). The optical carrier generated by this laser is modulated
with data through various techniques depending on the required data rate and modulation format.
For lower data rates, direct modulation of the laser current is employed, while higher speeds
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and complex modulation formats require external modulators such as Mach-Zehnder Modulator
(MZM) or Electro-Absorption Modulator (EAM) [50]. Driver circuits provide the necessary electrical
signals to control both the laser and modulator, while wavelength control mechanisms, including
temperature control and wavelength-locking techniques, maintain the laser’s output wavelength
within the desired range [7,29, 49].

The choice of modulation format fundamentally affects the system’s SE, reach, and overall
performance. Modern optical communication systems employ various modulation techniques
that encode information onto different properties of the optical field, including amplitude, phase,
frequency, and polarisation [3]. The spectral efficiency, defined as SE = R,/B = logy(M)/(TsB)
[bits/s/Hz], where Ry is the bit rate, B is the signal bandwidth, M is the number of constellation
points, and T is the symbol period, serves as a critical performance metric [7].

QAM represents one of the most widely used modulation formats, combining both amplitude
and phase modulation to encode information efficiently. In M-QAM, the complex-valued signal
can be represented as s, = Ae'*, where A, and ¢, are the amplitude and phase of the k-th
symbol, respectively. The number of bits per symbol is given by log, (M), making QAM highly
efficient for encoding large amounts of data. High-order QAM formats (64-QAM, 256-QAM, and
beyond) require sophisticated hardware including dual-polarisation 1Q modulators with precise bias
control, high-linearity driver amplifiers, and advanced digital signal processing for pre-distortion and
linearisation [3].

Phase-Shift Keying (PSK) provides another important modulation approach, where information
is encoded solely in the phase of the carrier. Binary PSK (BPSK) and QPSK can be implemented
using simpler hardware configurations, typically requiring single or dual MZM with appropriate
phase control. Higher-order PSK formats benefit from integrated modulators such as nested MZMs
or ring modulators for enhanced phase accuracy and reduced hardware complexity [49].

To further enhance data capacity, these modulation formats are often combined with PDM,
which exploits the polarisation of light to transmit multiple signals simultaneously over the same
optical fibre, effectively doubling the data capacity. PDM implementations require polarisation beam
splitters, dual-polarisation modulators, and coherent receivers with polarisation diversity to manage
the orthogonal polarisation states [51].

The hardware complexity for generating different modulation formats varies significantly with
the required spectral efficiency and transmission distance. Simple On-Off Keying (OOK) can be
implemented using direct laser modulation or a DFB laser with an EAM, requiring only basic driver
electronics and offering a straightforward, cost-effective solution for short-reach applications [7].
Phase-Shift Keying formats (BPSK, QPSK) demand lasers with narrow linewidth (<100 kHz) to
minimise phase noise, MZM—one for BPSK or a dual-drive configuration for QPSK—along with RF
amplifiers and precise bias control circuits to maintain optimal operating points [3]. High-order QAM
formats (64-QAM, 256-QAM, and beyond) impose stringent requirements: ultra-narrow linewidth
lasers (<10 kHz) to ensure phase coherence over extended transmission distances, integrated
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dual-polarisation 1Q modulators containing four nested MZMs for independent control of in-phase
and quadrature components on both polarisations, wideband high-linearity RF drivers (>25 GHz
bandwidth) to preserve signal fidelity, sophisticated bias stabilisation with feedback mechanisms
to compensate for temperature and ageing effects, and pre-compensation DSP to linearise the
transmitter response and reduce constellation distortions [3, 4]. Polarisation Division Multiplexing
further requires polarisation beam splitters to separate orthogonal polarisation states, combiners to
multiplex them onto the fibre, and polarisation-maintaining fibore components throughout the signal
path to independently modulate and preserve the integrity of each polarisation state [51].

Table 1.1 provides a comprehensive comparison of commonly used modulation formats, showing
their spectral efficiency characteristics, required OSNR, primary nonlinear impairments, and typical
application scenarios. This comparison illustrates the fundamental trade-off between spectral
efficiency and robustness against nonlinear effects, where higher-order modulation formats achieve
greater data rates but require higher OSNR and exhibit increased sensitivity to Kerr-effect-induced
distortions.

Table 1.1: Comparison of modulation formats: spectral efficiency, hardware requirements, nonlinear impair-
ments, and typical applications in optical communication systems. SE: Spectral Efficiency (single polarisation,
doubled for PDM); OSNR: Required optical signal-to-noise ratio at BER = 10~2 (pre-FEC); SPM: Self-Phase
Modulation; XPM: Cross-Phase Modulation; FWM: Four-Wave Mixing [3-7].

Format Bits/ SE OSNR Primary Nonlinear Kerr Sens./

Symb (b/s/Hz) (dB) Impairments Applications
OOK 1 1 12-15 SPM, XPM in WDM Low / Short-reach
BPSK 1 1 10-13 SPM (phase dist.) Low—Med. / Long-haul
QPSK 2 2 13-16 SPM, XPM, phase noise Med. / Long-haul, 100G
PDM-QPSK 4 4 13-16  SPM, XPM, nonlin. phase Med. / Submarine
16-QAM 4 4 18-21 SPM, XPM, const. warp. Med.—High / Metro
PDM-16-QAM 8 8 18-21 SPM, XPM, FWM, amp./phase High / 400G, metro
64-QAM 6 6 23-26 Severe SPM/XPM, collapse High / Datacenter
PDM-64-QAM 12 12 23-26 Severe crosstalk, tight spac. Very High / 800G/1.6T
256-QAM 8 8 28-32 Extreme Kerr sensitivity Very High / Lab demos
PDM-256-QAM 16 16 28-32 Catastrophic at high power Extreme / Research

Optical amplifiers play a crucial role in compensating for fibre losses and enabling the imple-
mentation of multi-span systems. The two main types of optical amplifiers used in fibre-optic
communications are EDFAs and Raman Amplifiers [49]. EDFAs utilise erbium-doped fibre as the
gain medium and are typically operated in the C-band (1530-1565 nm) and L-band (1565-1625 nm),
with gain described by G = exp(go L), where gy represents the small-signal gain coefficient and L is
the length of the doped fibre [48]. Raman Amplifiers exploit stimulated Raman scattering within the
transmission fibre itself to provide distributed amplification, which enhances the signal-to-noise ratio
of the system. Both amplifier types introduce Amplified Spontaneous Emission (ASE) noise, which
accumulates along the transmission link and can ultimately limit overall system performance [49].
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At the receiver end, the optical signal is converted back into an electrical signal for further
processing. Modern coherent receivers comprise several key components including the photode-
tector, Transimpedance Amplifier (TIA), Clock and Data Recovery (CDR) circuits, Analog-to-Digital
Converters (ADCs), and the DSP unit [29,37,49]. The photodetector converts optical power into
electrical current with photocurrent I, = RFP,,;, where R is the responsivity and P, is the incident
optical power. The TIA converts the photocurrent into a voltage signal and provides initial amplifi-
cation, while the CDR circuit extracts timing information to ensure optimal data sampling. ADCs
digitize the received signal for advanced DSP functions such as chromatic dispersion compensation,
polarisation demultiplexing, carrier recovery, and nonlinearity compensation.

System performance is characterised by key metrics including the BER and Q-factor. The BER,
defined as the probability of an error occurring in the reception of a digital bit, can be computed as
BER = %erfc(Q/\@), where @ is the Q-factor representing the signal-to-noise ratio at the decision
circuit input, defined as @ = |u1 — wol/(o1 + 00), with ©1 and po being the mean values of the
received signal for bits '1’ and '0’, and o7 and oy their respective standard deviations [29, 52].

While the system components and modulation formats discussed above enable high-capacity
transmission, their performance is ultimately limited by various impairments that occur during signal
propagation through optical fibres. The most significant of these limitations arise from nonlinear
effects that become increasingly pronounced as systems push toward higher data rates and spectral
efficiencies.

Channel encoder Modulator
Source FEC M Pulse Pre- 1/Q Physical
apper .
encoder encoder shaper equallzatlon modulator channel
a) Transmitter (channel encoder)
Demodulator Channel decoder
Physical Coherent Post- FEC Source
Destination
channel receiver equallzatlon mapper decoder decoder

b) Receiver (channel decoder)

Figure 1.2: Coherent optical communication system architecture showing the complete signal processing
chain from source to destination.

Figure 1.2 illustrates the complete architecture of a coherent optical communication system,
highlighting the critical signal processing stages that enable high-capacity transmission. As shown
in Figure 1.2(a), the transmitter chain begins with source encoding for data compression, followed
by FEC encoding that adds redundancy to combat channel impairments. The mapper converts
binary data into complex symbols according to the chosen modulation format (e.g., QAM or PSK),

D. Arguello Ron, PhD Thesis, Aston University 2025 10



while the pulse shaper controls the signal’s spectral characteristics to optimise bandwidth utilisation.
Pre-equalisation compensates for known channel distortions, and the in-phase/quadrature (I/Q)
modulator generates the optical signal by combining in-phase and quadrature components, encod-
ing both amplitude and phase information onto the optical carrier. After transmission through the
physical channel, Figure 1.2(b) shows how the coherent receiver uses a local oscillator to detect
both amplitude and phase of the incoming signal, enabling recovery of the transmitted data. The
post-equalisation stage, typically implemented through advanced DSP algorithms, compensates for
accumulated linear and nonlinear impairments including chromatic dispersion, polarisation mode
dispersion, and fibre nonlinearities. Finally, the de-mapper, FEC decoder, and source decoder
complete the recovery of the transmitted information, delivering it to the destination.

1.2.3 Nonlinear Impairments and Compensation Techniques

The pursuit of higher data rates and spectral efficiency in optical communication systems has led
to nonlinear impairments in optical fibres becoming a fundamental limitation. These effects become
increasingly significant as signal power levels are increased to achieve the higher signal-to-noise
ratio required for advanced modulation formats [25].

The primary source of nonlinear impairments is the Kerr effect, which causes the refractive
index of the fibre to vary with the intensity of the propagating optical field. This intensity-dependent
refractive index, expressed as n(I) = ng + na2l where ny is the linear refractive index, ns is the
nonlinear-index coefficient (typically around 2.6 x 102 m7W for silica fibres), and I is the optical
intensity, becomes significant due to the high optical intensities achieved in the small core of optical
fibres and the long interaction lengths enabled by low fibre losses [25,37]. The accumulated
nonlinear phase shift over a fibre length L is given by ¢n1 = YPLcys, Where v = 2mny/(ANAcys)
is the nonlinear coefficient, P is the optical power, and L.;s = [1 — exp(—al)]/« is the effective
length [49].

The Kerr effect manifests through three primary nonlinear phenomena that significantly impact
signal transmission. SPM occurs when the phase of an optical pulse is modulated by its own
intensity, experiencing a time-dependent phase shift ¢spar(t) = —yP(t)Less that leads to spectral
broadening and potential intersymbol interference when combined with dispersion. XPM becomes
significant in wavelength division multiplexed systems, where the intensity of one channel modulates
the phase of co-propagating channels according to ¢x par,j = 2vLegs 3 y; Pi, With the factor of 2
indicating that XPM is twice as effective as SPM for the same power level, resulting in timing jitter and
amplitude distortions particularly in systems with tight channel spacing. FWM represents a nonlinear
process where three optical waves at frequencies f1, f2, and fs3 interact to generate a fourth wave
at frequency fi1 = f1 £ fo & f3, with power given by Py as = (vLeyf)?nP1 PoPs exp(—al), where 7
is the FWM efficiency factor dependent on phase mismatch and channel spacing [25, 44,53, 54].

The complex interaction between dispersion and nonlinearity in optical fibre transmission can
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be described by the Nonlinear Schrédinger Equation (NLSE):

%j+3A+ii2g;:3 —iy]APPA =0 (1.3)
where A is the slowly varying envelope of the optical field, = is the propagation distance, T’
is the time in a moving frame, « is the attenuation coefficient, g is the GVD parameter, and
v = 2mna/(AAcyy) is the nonlinear coefficient. This equation captures the interplay between various
linear and nonlinear effects, with the interaction governed by two characteristic length scales: the
dispersion length Lp = T¢/|B-| and the nonlinear length Ly, = 1/(yF,), where their relative
magnitudes determine whether the system operates in a dispersion-dominated (Lp < Lyy),
nonlinearity-dominated (Lp > Lx1), or strongly interacting regime (Lp ~ Ly1) [25,45,52,55].

These nonlinear impairments impose several detrimental effects on optical communication
systems, including reduced transmission reach where nonlinear effects limit the maximum distance
for signal transmission without regeneration, constrained spectral efficiency through the nonlinear
Shannon limit that imposes an upper bound on achievable spectral efficiency particularly for long-
haul systems, increased system complexity and power consumption due to sophisticated signal
processing requirements, limited network flexibility in dynamically allocating resources, signal
distortion causing amplitude and phase distortions that increase bit error rates, spectral broadening
from SPM and XPM leading to inter-channel interference, and crosstalk from FWM-generated
frequency components interfering with existing channels [20,24,32,37,52,56, 57].

The relationship between the system capacity and these nonlinear effects can be quantified
using the nonlinear Shannon limit, which provides an upper bound on the SE as a function of
SNR: C = 2logy(1 + SNR/(1 + nP?)), where 7 is a parameter that depends on system and fibre
properties, and P is the signal power [26,58]. From this equation it is easy to understand that
increasing the signal power improves the SNR, but also enhances nonlinear effects, ultimately
leading to a capacity limit.

This fundamental limitation manifests as what is commonly referred to as the "capacity crunch”
[59,60], representing the convergence of exponentially growing data demands with the fundamental
capacity limits imposed by fibre nonlinearities. The nonlinear Shannon limit arises from the
interaction between the Kerr nonlinearity in optical fibres and the quantum noise from optical
amplifiers, creating a fundamental barrier where increasing signal power to improve signal-to-noise
ratio simultaneously increases nonlinear distortion [24].

The theoretical foundation of this limit can be understood through the nonlinear Schrédinger
equation presented in Equation 1.3. As signal power increases, the nonlinear phase shift be-
comes significant, leading to spectral broadening and inter-channel crosstalk in wavelength-division
multiplexed systems. Recent research has shown that even with ideal distributed Raman amplifi-
cation and optimised fibre parameters, the nonlinear Shannon limit remains relatively insensitive
to changes in fibre loss or nonlinearity coefficient [61]. This fundamental limitation has profound
implications for future network capacity, as Internet traffic continues to grow at approximately
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40% per year, with projections indicating that current bandwidth scaling strategies may become
insufficient within the next decade [60].

To address these limitations, several advanced signal processing techniques have been de-
veloped to mitigate nonlinear impairments and push system performance closer to fundamental
limits. DBP attempts to reverse fibre nonlinearities by numerically solving the inverse nonlinear
Schrddinger equation, providing significant performance improvements but with computational
complexity that scales with transmission distance and signal bandwidth, making real-time imple-
mentation challenging. Volterra Series Transfer Function (VSTF) approaches model the fibre
channel as a nonlinear system with memory, using mathematical expansions to compensate for
both linear and nonlinear impairments while offering a good trade-off between performance and
complexity. Perturbation-based nonlinear compensation uses first-order perturbation approaches
to estimate and compensate for nonlinear distortions, offering lower complexity than DBP but with
reduced effectiveness in strong nonlinear regimes. OPC provides an all-optical signal processing
technique that compensates for both chromatic dispersion and nonlinear effects by creating a
phase-conjugated copy of the signal at the transmission link midpoint [62—65].

Emerging approaches to overcome capacity limitations include nonlinear frequency division
multiplexing (NFDM), which exploits the integrability of the nonlinear Schrédinger equation to
transmit data in the nonlinear domain without suffering degradation from increased power or
transmission distance. Machine learning-based approaches have shown particular promise in
addressing the stochastic nature of nonlinear distortions, with deep neural networks demonstrating
the ability to compensate for nonlinear inter-carrier crosstalk effects and adapt to changing channel
conditions. Neuromorphic computing architectures, inspired by biological neural systems, offer
new possibilities for real-time, energy-efficient nonlinearity compensation by processing high-
dimensional optical signals with low latency and power consumption, making them attractive for
next-generation optical networks [35, 38, 66—69].

Table 1.2 provides a comprehensive comparison of state-of-the-art digital equalisation tech-
niques for nonlinearity compensation in optical communication systems. This comparison highlights
the fundamental trade-offs between computational complexity, performance gains measured in
Q-factor improvement, and implementation feasibility. Linear equalisation techniques serve as the
baseline for chromatic dispersion and PMD compensation but offer no nonlinearity mitigation. Ad-
vanced techniques such as DBP and machine learning approaches provide significant performance
improvements but at the cost of increased computational requirements, while emerging optical
methods like OPC offer the potential for all-optical processing with reduced latency.
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Table 1.2: State-of-the-art digital equalisation techniques for nonlinearity compensation in optical communi-
cation systems. Complexity notation: N = samples; M = DBP steps/span; K = CD taps; H = neurons; L =
layers; F' = CNN filters; Ky = kernel size; S = spike events. Q-gain: Performance improvement vs. linear
baseline (dB Q-factor, ~1000 km, PDM-16QAM). Status: Commercial = deployed; Field trials = operational
tests; Research = lab demos; Early research = proof-of-concept [1,32-34,37,38,42,58,66,67].

Technique Operating Principle Complexity Q-gain  Status

Linear Equalisation

FFE/DFE Time-domain filtering (CD/PMD) O(N) 0 (baseline) Commercial

Freg-domain EQ FFE frequency-domain CD O(NlogN) 0 (baseline) Commercial
compensation

Digital Nonlinearity Compensation

DBP (full) Inverse NLSE via SSFM O(NMK) 1.5-3.5dB Research

DBP (single-step) Simplified back-propagation O(NK) 0.8-1.5dB Field trials

Perturbation-based  First-order approximation O(N) 0.3-1.2dB Research

Volterra (VSTF) 2nd/3rd-order expansion O(N?)-O(N3) 0.5-2.0dB Research

Machine Learning Approaches

NN-Equaliser (MLP) Feedforward neural network O(NHL) 1.0-2.5dB Research

NN-Equaliser (CNN) Convolutional filters O(NFKecnn) 1.2-3.0dB  Research

NN-Equaliser (RNN) Recurrent memory O(NHL) 1.5-3.2dB Research

Hybrid (OPC+NN) Optical + neural refinement O(NH) 2.5-4.5dB Labdemo

Optical Processing

OPC (mid-span) Spectral inversion Optical 2.0-4.0dB Field trials

Phase-sens. amp. Optical phase squeezing Optical 1.0-2.5dB Research

Emerging Techniques

NFDM Nonlinear Fourier transform O(Nlog N) Variable  Research

Neuromorphic (SNN) Event-driven spiking O(NS) 1.0-2.5dB Early research
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1.3 Overview of Machine Learning in Optical Communication Sys-
tems

Machine Learning and particularly ANNs have emerged as a powerful tool for addressing the
complex challenges in modern optical communication systems, particularly in the realm of nonlinear
impairments compensation. As larger data rates are needed and transmission distances extend,
the optical fibre channel introduces increasingly significant nonlinear distortions that conventional
DSP techniques struggle to mitigate effectively. This has led to a growing interest in leverageing the
capabilities of ANNs to enhance the performance and efficiency of optical communication links [68].

Traditional DSP in optical systems follows a modular approach, with distinct algorithms ad-
dressing specific types of distortions at the transmitter and receiver [33, 37, 70]. However, as
transmission rates increase significantly, the limitations of this conventional approach become
apparent, particularly in handling the complex interplay of linear and nonlinear impairments [52].
The nonlinear effects in optical fibres (SPM, XPM, and FWM) interact with linear impairments like
chromatic dispersion and polarisation mode dispersion, creating a highly complex transmission
environment [29]. ANNSs, with their ability to model and adapt to intricate, nonlinear relationships,
offer a promising solution to this multifaceted problem [68].

The application of ANNs in optical communications, however, is not without its challenges.
Unlike many common machine learning tasks, optical systems require extremely low bit error rates,
typically around 10~2 before forward error correction. This demand for high precision, coupled
with the need for real-time operation in ultrafast photonic systems, imposes strict requirements
on ANN implementations in terms of throughput, energy efficiency, and latency [37,38,68]. To
address these unique demands, researchers have developed various strategies to adapt ANNs for
optical communication tasks. These strategies can be broadly categorised into two main groups:
those aimed at optimising traditional ANN architectures through compression techniques such as
pruning, weight clustering, knowledge distillation, and quantisation, and those exploring emerging
computational paradigms such as neuromorphic computing. The first group focuses on reducing
computational demands without significantly compromising performance, while the second group
pushes the boundaries of traditional models by mimicking biological neural systems [37, 38, 52].

One of the main challenges of taking these approaches into real-world implementations is their
computational complexity. Compression techniques have become crucial for making ANNs more
suitable for real-time implementation in optical systems, while neuromorphic computing approaches,
particularly SNNs, offer potential advantages in terms of energy efficiency and processing speed
through event-driven processing [38,42,52]. Additionally, hybrid approaches that combine traditional
ANNSs with other solutions like optical phase conjugation further enhance capabilities [1]. The
pursuit of more efficient implementations has led to the emerging field of neuromorphic photonics,
which aims to overcome electronic hardware limitations by implementing ANNs using photonic
components. Photonic Neural Networks (PNNs) offer compelling advantages including enhanced
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processing speed, reduced latency, and lower power consumption, with the ability to process optical
signals directly in the optical domain [38, 71]. However, these systems also face unique challenges,
particularly dealing with analogue noise in optical components, which requires developing robust
architectures and algorithms to maintain high performance [71-73].

The integration of ANNSs, particularly neuromorphic implementations, into optical communication
systems represents a significant shift in approach to signal processing and nonlinearity compensa-
tion. These technologies hold the potential to dramatically improve the performance and efficiency
of next-generation optical networks [38]. The detailed technical implementations, architectures,
and performance evaluations of these approaches are explored extensively in Chapters 2-5 of this
thesis.

1.4 Contributions of the Thesis

The field of optical communication has seen tremendous growth in recent years, driven by
the ever-increasing demand for high-speed, high-capacity data transmission. As traditional signal
processing techniques approach their limits in compensating for channel impairments and non-
linearities, researchers have turned to advanced machine learning methods, particularly neural
networks, as a promising solution. While neural network-based equalisers have shown potential
in numerical simulations and experimental demonstrations, their full capabilities and limitations in
practical, industrial-scale applications remain largely unexplored.

This thesis aims to address this critical gap in knowledge by conducting a comprehensive, large-
scale investigation into neural network-based equalisers for coherent fibre-optic communication
systems. Our work spans from the development of novel architectures inspired by the physics of
optical systems to the evaluation of black-box solutions, and from enhancing operational flexibility
to optimising performance-complexity trade-offs. Furthermore, we delve into the challenges of
implementing these advanced equalisers on resource-constrained hardware, a crucial step towards
their adoption in next-generation digital signal processing systems. The contributions of this thesis
represent a significant step forward in the field, offering insights and solutions that could pave
the way for the widespread industrial application of neural network-based equalisers in optical
communications. Our findings not only advance the theoretical understanding of these systems but
also provide practical approaches to overcome the hurdles in their real-world implementation.

The key contributions of this thesis can be summarised as follows:

» This thesis presents a comprehensive large-scale investigation of neural network-based
equalisers in coherent fibre-optic communication systems, addressing the gap between
promising experimental results and industrial application.

» We propose novel physical-inspired neural network architectures specifically designed for
optical channel equalisation, including complex-valued neural networks and adaptations of

D. Arguello Ron, PhD Thesis, Aston University 2025 16



advanced architectures such as spiking neural networks and transformers.

+ A thorough investigation of various “black box” neural network solutions is conducted, eval-
uating their potential for optical signal equalisation and comparing their performance with
traditional methods.

+ This work provides an extensive performance versus complexity trade-off analysis for a wide
range of neural network architectures and configurations, including feed-forward, recurrent,
and advanced models.

» We introduce and evaluate novel techniques for reducing the computational complexity of
neural network equalisers, including pruning strategies, quantisation techniques, and weight
clustering approaches, making them more attractive for industrial implementation.

» The thesis presents a pioneering study on the synergy between optical phase conjugation and
neural network-based equalisation, demonstrating how these techniques can be combined to
achieve superior performance with reduced complexity.

» We conduct a detailed analysis of the resilience to noise in analogue neural network imple-
mentations, proposing novel techniques such as crowd equalisation to enhance performance
in noisy environments.

+ This work introduces the application of neuromorphic computing concepts, specifically spiking
neural networks, to optical signal equalisation, demonstrating their potential for energy-
efficient implementations.

+ Finally, we provide a comprehensive framework for evaluating the performance, computational
complexity, and energy efficiency of neural network-based equalisers on resource-constrained
hardware, paving the way for their practical deployment in next-generation digital signal
processing systems for optical communications.

These contributions collectively represent a significant advancement in the field of neural
network-based equalisation for optical communication systems, bridging the gap between theoreti-
cal potential and practical implementation.

To provide a clear roadmap for presenting these contributions and their supporting research,
the following section outlines the structure and organisation of this thesis.

1.5 Organisation of the Thesis
This thesis is organised as follows:
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Chapter 1 introduces the increasing demand for high-capacity optical communication systems,
reviews optical communication fundamentals, and presents an overview of machine learning
applications in optical communications.

Chapter 2 presents the fundamentals of neural network-based equalisation in optical communi-
cation systems, covering traditional algorithms and ANN-based equaliser principles.

Chapter 3 focuses on performance optimisation and complexity reduction of neural network-
based equalisers through advanced architectures (MLPs, CNNs, RNNs) and compression tech-
niques including pruning, quantisation, and weight clustering for resource-constrained hardware
deployment.

Chapter 4 addresses noise resilience in photonic neuromorphic computing, exploring analogue
ANN implementations, noise models, and novel techniques such as stochastic resonance neurons
for noise-resistant optical channel equalisation.

Chapter 5 adapts spiking neural networks for enhanced optical signal equalisation, presenting
the SNN-RWKYV equaliser design and comparing computational complexity and energy consumption
with traditional methods.

Chapter 6 provides conclusions and directions for further work, including a summary of findings,
limitations, future research directions, and broader impact.
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Chapter 2

Neural Network-Based Equalisation in
Optical Systems

2.1 Introduction

As it has already been explained in the previous Chapter, in optical communication systems
the transmitted signal undergoes various forms of distortion as it propagates through the fibre.
These linear and nonlinear distortions can significantly degrade the quality of the received signal,
limiting the achievable data rates and transmission distances [37,68]. Some examples of sources
of impairment include Chromatic Dispersion (CD), PMD, SPM, or XPM, among others [52].

Equalisation is the process of compensating for these channel-induced distortions to recover
the original transmitted signal. It plays a crucial role in modern optical communication systems,
enabling higher data rates, longer transmission distances, and improved SE. Traditional equalisation
techniques, such as Feed-Forward Equalisations (FFEs) and Decision Feedback Equalisations
(DFEs), have been widely used. However, these linear methods cannot address the problems
associated with the complex nonlinear distortions present in high-speed, long-haul optical systems
[37].

The advent of coherent detection and DSP has opened new avenues for more sophisticated
equalisation techniques [33, 38, 68]. Among these, ANNs-based equalisation has emerged as
a promising approach due to its ability to model and compensate for both linear and nonlinear
distortions without explicit knowledge of the channel characteristics [68, 74] .

2.2 The Equalisation Problem in Digital Communications

Equalisers are integral components in advanced digital communication systems, as they are
employed to mitigate channel interference and distortion. This process facilitates the accurate
retrieval of the transmitted data originally input into the channel. The evolution of communication
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technology during the last decades has accelerated the development of numerous equalisation
techniques. Among these, it is worth mentioning three main linear equaliser algorithms: Zero
Forcing Algorithm (ZFA), Least Mean Square (LMS), and Recursive Least Squares (RLS). Each of
these algorithms employ different methodologies for addressing the challenges posed by signal
interference and distortion in data transmission channels [37,75].

In the context of this Thesis, where the focus is on coherent transmission systems, the equaliser
at the receiver’s end operates on a sequence {t;}, which represents T-spaced complex symbols
from an M-high-order QAM constellation. These symbols have in-phase ®{t;} and quadrature
3{t,} components, each taking values from the set {+1,+2,....+(v/M — 1)}. Here, 1/T is the
symbol rate and k is the discrete time index. The "channel" encompasses the effects of both
the transmitter’s filter and the transmission medium, potentially introducing linear and nonlinear
distortions to the signal ¢. A common model for a linear dispersive channel is the Finite Impulse
Response (FIR) filter. This model is particularly useful for representing channels with memory,
where the output at any given time depends not only on the current input but also on past inputs.
Therefore, an output at the k-th instant is given by [75]:

Np—1

ag = Z hitg—, (2.1)
=0

where h; are the FIR filter coefficients, also known as tap weights or channel impulse response,
and N, is the filter length. This model can capture linear effects such as Inter-Symbol Interference
(IS1) caused by multipath propagation or bandwidth limitations. The FIR filter model is widely used
due to its simplicity and effectiveness in representing many real-world channels. It forms the basis
for many equalisation techniques, such as linear equalisers and decision feedback equalisers. In
order to model channels that contain nonlinear effects, it is necessary to modify the filter’s output
as follows [75, 76]:

bk - d} (ak‘7 Ap—1,Af—2, -+ ak‘—Nh-‘rl; hOa hl) ceey hNhfl) 5 (22)

with ¢{-} being the nonlinear function applied by the channel. The output is also affected by
Additive White Gaussian Noise (AWGN) ¢, with variance o2. The signal ¢, after traversing the
nonlinear channel and noise addition, is received as rj, which at time k is r;, = 7,; + jry g, where
rr, and r o denote the in-phase and quadrature components, respectively [75].

The equaliser’s task is to reconstruct the original transmitted sequence t;, or its time-delayed
version t;,_,, with 7 being the channel’s propagation delay. It takes the noisy sequence r; and its
time-shifted versions as inputs, and outputs the compensated sequence y;. The performance of the
equaliser is measured by a loss function, typically the MSE [Loss = MSE(d, )], calculated using the
desired output (dr = tp_,) and the equalised output y,. During the training phase, this loss function
guides the adjustment of the equaliser’s coefficients to minimise errors using an adaptive algorithm,
such as the LMS algorithm. After training, the optimised coefficients are fixed and deployed to
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estimate the transmitted sequence in subsequent operations. The final criterion for evaluating the
equaliser’s performance is the BER. It quantifies the fraction of bits that are incorrectly received
after equalisation and is a direct measure of the system’s reliability in recovering the transmitted
data. During deployment, BER serves as a key metric for assessing the effectiveness of the
equaliser in mitigating noise and distortions introduced by the channel. A lower BER indicates
higher performance and robustness of the equalisation process [37,75].

2.3 Traditional Algorithms for Equalisation in Optical Communica-
tions

The field of nonlinear equalisation has gained significant attention as a means to enhance fibre
capacity. This surge in interest is mainly a consequence of the fact that Kerr nonlinearities are a
predominant factor in signal degradation within fibre optic channels, particularly when higher-order
modulation formats are employed. To mitigate the signal distortions induced by fibre nonlinearities,
a variety of advanced optical signal equalisers have been developed. This section reviews two key
traditional nonlinear compensation strategies employed in fibre optic communication systems: DBP
and Volterra Equaliser [37,77].

2.3.1 Digital Back Propagation

Understanding DBP requires first examining why traditional linear compensation methods fail
for optical fibre channels. When we consider the fundamental physics of light propagation in optical
fibres, we encounter the NLSE, which governs the evolution of optical pulses in dispersive and
nonlinear media. The challenge lies in the fact that this equation cannot be solved analytically for
general cases, particularly when both dispersion and nonlinearity are significant [78,79].

The conceptual foundation of DBP emerges from a profound insight: if we can mathematically
model the forward propagation through the fibre using the NLSE, then we can theoretically reverse
this process by solving the same equation with inverted parameters. This digital emulation of a hy-
pothetical "inverse fibre" represents one of the most elegant approaches to nonlinear compensation
in optical communications [70, 78].

To understand why DBP works, we must first appreciate the mathematical structure of the NLSE.
For a dual-polarisation system, the coupled NLSE can be written as:

0A a B O?A (8, . o
= A2 - )
o 5 S 72 + iy 9\A\ A (2.3)
where A = [A,, A,]T represents the complex field envelopes in both polarisations, = is the

propagation distance, 7' is the retarded time, « is the attenuation coefficient, 3, is the group velocity
dispersion parameter, and + is the nonlinear coefficient.
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The fundamental challenge in solving this equation lies in the coupling between the linear
dispersive term (2‘%22%) and the nonlinear term (iy|A|2A). The Split-Step Fourier Method (SSFM)
addresses this challenge through a mathematically elegant approach: it recognises that while the
combined linear-nonlinear equation is intractable, each component can be solved independently if
we assume they act over sufficiently small propagation steps [78].

The SSFM algorithm operates on the principle of operator splitting, where the propagation over

a small step h is decomposed into sequential linear and nonlinear operations:

A(z+ h,T) = exp(hN) exp(hL)A(z,T) + O(h%) (2.4)

where L represents the linear operator (dispersion and attenuation) and N represents the
nonlinear operator (Kerr effect). The key insight is that this decomposition introduces only third-
order errors in the step size, making it highly accurate for practical implementations.

The linear step addresses dispersion and attenuation effects in the frequency domain, where
these operations become multiplicative rather than differential. This transformation is the mathe-
matical foundation for why the Fast Fourier Transform (FFT) becomes central to the algorithm:

Ajinear(z +h,T) = F! {]-'[A(z, T)] exp (—O;h + zﬂgcjh) } (2.5)

where F[] and F~![-] denote the FFT and Inverse Fast Fourier Transform (IFFT) operations,
respectively, w is the angular frequency variable, and h is the step size. The exponential term
captures both the attenuation (real part) and dispersion (imaginary part) effects that accumulate
over the step.

Following the linear step, the nonlinear phase shift due to the Kerr effect is applied in the time
domain, where the intensity-dependent refractive index change manifests as a phase rotation:

A(Z + hv T) = Alinear('z + hv T) €xp <i’7h§|Alinear(z + h> T)2) (26)

The factor g arises from the statistical averageing over random polarisation rotations in the fibre,
representing the effective nonlinear interaction between polarisation modes.

Understanding the step size selection is crucial for balancing computational efficiency with
numerical accuracy. The error in the SSFM algorithm scales as O(h?), meaning that halving the
step size reduces the error by a factor of eight. However, this comes at the cost of doubling the
computational burden. The optimal step size must satisfy two critical conditions [78, 79]:

1. Dispersion Accuracy Condition: The step size must be small enough that dispersion-induced
pulse broadening over one step remains small compared to the pulse width:

h < —= (2.7)
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where Tj is the characteristic pulse width.

2. Nonlinear Accuracy Condition: The nonlinear phase shift accumulated over one step should
be much less than =:
vyPoh <7 (2.8)

where P, is the peak power.

The computational complexity of DBP scales linearly with the number of steps, which is inversely
proportional to the step size. For a fibre link of length L, the total number of steps is Ngteps = L/,
and each step requires two FFT operations, leading to a total computational complexity of:

Oppp = % * Nsamples 1082 (Nsamples) (2.9)
where Nggmpies iS the number of time samples. This scaling reveals why DBP becomes
computationally prohibitive for very accurate step sizes or very long transmission distances.

Despite its theoretical elegance, DBP faces several fundamental limitations that reveal the
inherent trade-offs in nonlinear optical communication systems. The most significant challenge
arises from the stochastic nature of ASE noise, which introduces signal-noise interactions that
cannot be reversed through deterministic algorithms. When ASE noise mixes with the signal
during nonlinear propagation, it generates additional noise components that effectively reduce the
signal-to-noise ratio. This noise-nonlinearity interaction represents a fundamental physical limitation
that no digital algorithm can completely overcome [79, 80].

The computational complexity scaling presents another critical limitation. Real-time implemen-
tation requires processing rates that match or exceed the symbol rate, typically in the range of tens
of GBaud for modern systems. The computational burden becomes particularly acute when we
consider that practical systems require step sizes on the order of 100 meters or less for accurate
compensation, leading to thousands of steps for typical transmission distances. This computational
requirement has driven the development of specialised hardware implementations and algorithmic
approximations [70].

For WDM systems, the challenge becomes even more complex. Inter-channel nonlinear
effects such as XPM and FWM require joint processing of multiple channels, expanding the
computational requirements by the number of channels. Multichannel DBP theoretically provides
optimal performance but demands computational resources that scale superlinearly with the number
of channels, making it impractical for dense WDM systems [33, 80].

These practical constraints have led to the widespread adoption of Single-Channel DBP (SC-
DBP), which focuses exclusively on compensating intra-channel nonlinearities such as SPM. While
SC-DBP sacrifices some performance compared to full multichannel DBP, it provides a reasonable
balance between compensation effectiveness and computational feasibility. The performance gap
between SC-DBP and full DBP depends on the system parameters, with the difference becoming
more pronounced in dense WDM systems with high launch powers [80].
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Understanding these limitations motivates the exploration of alternative approaches to nonlinear
compensation, including polynomial-based methods such as Volterra equalisers and, more recently,
machine learning-based approaches that can potentially achieve similar performance with reduced
computational complexity.

2.3.2 Volterra Equaliser

The choice of polynomial expansions in Volterra equalisers reflects a deeper principle about
approximating nonlinear systems. When we consider how nonlinear distortions manifest in optical
systems, we recognise that the Kerr effect creates intensity-dependent phase shifts that can be
mathematically represented through polynomial expansions of the signal power. This fundamental
insight leads us to the VSTF approach, which provides a systematic framework for characterising
nonlinear systems with memory effects [81].

Understanding why Volterra series work for optical channels requires examining the Taylor
series expansion of the nonlinear refractive index. The intensity-dependent refractive index can
be written as n(I) = ng + nal + nyl? + ..., where higher-order terms typically become negligible
for moderate power levels. This polynomial relationship directly translates to the Volterra series
structure, making it a natural mathematical tool for modelling optical nonlinearities [81, 82].

For a discrete-time system with input y(n) and output y(n), the complete Volterra series
expansion can be written as:

P M My P
:ZZ ) hy(ma, . H n — my) (2.10)
: 1=0 mp_(] k=1
where h,(m1, ..., m,) represents the Volterra kernel of order p, and M, is the memory depth

for the p-th order term. To understand which terms contribute significantly, we must analyse each
order’s physical meaning and typical magnitude. The First-Order Terms (p = 1) represent the linear
channel response, capturing dispersion, attenuation, and linear filtering effects:

= Z hi(my)y(n —mq) (2.11)

This term is always significant and typically dominates the system response. In optical systems,
hi(mq) captures the impulse response of the linear channel, including chromatic dispersion effects.

The Second-Order Terms (p = 2) capture signal-signal interaction effects, primarily SPM in
single-channel systems:

Mo Mo

- Z Z ha(my, ma)y(n —m1)y(n — mo) (2.12)

m1=0mo=0
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For optical channels, many second-order terms are zero due to physical constraints. Specif-
ically, terms where m; # msy often contribute minimally because SPM primarily depends on the
instantaneous power, not cross-correlations between different time instances.

The Third-Order Terms (p = 3) represent more complex nonlinear interactions:

Ms M3

= > Z ha(m1, ma, m3)y(n —mi)y(n —ma)y(n —ms) (2.13)

m1=0mo=0m3=0

Many third-order terms are also negligible in typical optical systems. The dominant contributions
come from terms where multiple indices are equal, representing higher-order intensity-dependent
effects.

The computational complexity analysis reveals why practical Volterra equalisers are typically
limited to low orders and short memory lengths. For a system with maximum polynomial order P
and memory depth M, the total number of coefficients scales as:

P P
Neocf ficients = 3 <M +pp B 1) ~ % (2.14)
p=1

This exponential growth in complexity explains why most practical implementations are limited
to second or third-order terms with memory depths of 10-20 samples. For example, a third-order
Volterra equaliser with M = 15 memory taps requires approximately 1,000 coefficients, while
extending to fifth order would require over 100,000 coefficients.

The coefficient calculation presents another significant challenge. Unlike linear equalisers
where coefficients can be determined through matrix inversion, Volterra coefficients require more
sophisticated optimisation techniques. The most common approaches include:

LMS Adaptation: The coefficients are updated iteratively using:

p
hp(ma, ... ,mp)(n+1) = hy(ma,...,mp)(n) + p-e(n) - [ y(n —ms) (2.15)
k=1

where 1 is the adaptation step size and e(n) is the error signal.

RLS: This provides faster convergence but requires matrix operations that scale quadratically
with the number of coefficients.

The memory depth selection involves balancing compensation performance against compu-
tational complexity. In optical systems, the effective memory is determined by the chromatic
dispersion-induced pulse broadening and the nonlinear length scale. For typical fibre parameters,
memory depths of 5-15 samples often capture the dominant nonlinear interactions while maintain-
ing computational tractability [81,83]. To manage complexity, several truncation approaches are
employed [84—86]:

1. Order Truncation: Limiting to second or third-order terms only
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2. Diagonal Truncation: Keeping only terms where all memory indices are equal (capturing
mainly SPM effects)

3. Sparse Truncation: Selecting only statistically significant coefficients through techniques like
Least Absolute Shrinkage and Selection Operator (LASSO) regression

The frequency domain implementation offers computational advantages, particularly for WDM
systems. By transforming to the frequency domain, each WDM channel can be processed inde-
pendently, and the convolution operations become simple multiplications. However, this approach
requires careful windowing to avoid circular convolution artefacts and adds FFT/IFFT computational
overhead [87,88].

In terms of the performance and complexity trade-offs, it is demonstrated that that Volterra
equalisers typically achieve 70-90% of the performance of full DBP with 10-100 times lower
computational complexity, making them attractive for real-time implementations [82].

These performance and complexity characteristics have motivated exploration of alternative
approaches to nonlinear equalisation. Reservoir computing represents an alternative paradigm for
processing nonlinear systems with memory, where computation occurs through the dynamics of
a fixed, randomly connected recurrent neural network (the "reservoir"), with only the output layer
trained through linear regression [89,90]. This approach has gained significant attention in photonic
implementations due to its potential for energy-efficient, high-speed signal processing, as detailed
extensively in Chapter 4.

While both Volterra equalisers and reservoir computers are capable of handling nonlinear sys-
tems with memory, they employ fundamentally different approaches to process temporal information
and compensate for channel distortions [89, 90]. Understanding their similarities and differences is
crucial for selecting the most appropriate technique for optical channel equalisation applications.

Both methods excel at processing nonlinear systems with memory effects, making them suitable
for optical channel equalisation where temporal correlations and nonlinear distortions are prevalent.
Both approaches can handle temporal sequences effectively, learning from historical data to predict
current outputs. Additionally, both techniques can model complex input-output relationships without
requiring explicit mathematical models of the underlying physical processes, making them attractive
for applications where the channel characteristics are difficult to model analytically [83, 89].

The fundamental distinction lies in their mathematical frameworks. Volterra equalisers use
polynomial expansions to represent nonlinear systems, expressing the output as a weighted sum of
products of delayed input signals up to a specified order. In contrast, reservoir computers employ
recurrent neural network dynamics with a fixed, randomly connected reservoir that transforms the
input into a high-dimensional representation, from which the desired output is extracted through
linear regression [89, 90].

Regarding memory processing, Volterra equalisers handle memory through explicit memory
taps, where each coefficient corresponds to a specific combination of delayed inputs. The memory
depth is directly controlled by the number of taps and the polynomial order. Reservoir computers,
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however, implement implicit temporal dynamics through their recurrent connections, where the
reservoir’s internal state naturally incorporates temporal information through its dynamic evolution
[90].

In terms of computational complexity, Volterra equalisers face exponential growth in compu-
tational complexity as the memory length and polynomial order increase, with the number of
coefficients scaling as O(M*) where M is the memory depth and P is the polynomial order.
Reservoir computers maintain relatively constant computational complexity during operation, as
only the output weights require adaptation while the reservoir connections remain fixed. However,
the reservoir size must be sufficiently large to provide adequate computational capacity [83, 89].

Furthermore, when evaluating the implementation for optical channel equalisation, Volterra
equalisers offer the advantage of explicit parameter control and interpretability, allowing engineers
to directly relate coefficients to specific nonlinear effects. Reservoir computers provide greater
flexibility in handling complex temporal dynamics and can potentially achieve better performance
for channels with long memory, but may require more sophisticated training procedures and larger
computational resources [37,90].

Volterra Equalizer Reservoir Computer

Reservoir (Recurrent Network)
Win

: fixed
i Input O
| Sequence /\

i

Readout
P
O = T |5 |
x(n —2) O (trainable)

a

Qlj‘iadratic (2nd)

Figure 2.1: Architectural comparison between Volterra Equaliser and Reservoir Computer approaches for
nonlinear equalisation. Left: Volterra equaliser employs explicit memory taps {z(n),z(n — 1),...,z(n — M)}
with polynomial expansion through linear (h;), quadratic (h2), and cubic (hs3) kernels, where all coefficients
are trainable parameters optimised simultaneously. Right: Reservoir computer processes input sequences
through a fixed, randomly connected recurrent neural network (reservoir, W;,,) that implicitly encodes temporal
memory through recurrent dynamics, with only the linear readout layer (W,,,;) trained via regression. The
Volterra approach offers explicit control over nonlinearity order and memory depth at the cost of exponentially
growing parameter complexity, while the reservoir computing paradigm achieves efficient training through
fixed dynamics and linear output optimisation, though with less interpretable internal representations.
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2.4 Optical Solutions for Equalisation in Optical Communication
Systems

Understanding why optical phase conjugation emerges as a compelling alternative to digital
compensation requires recognising the fundamental trade-offs between computational complexity
and physical implementation. While digital approaches like DBP and Volterra equalisation provide
flexibility and precision, they demand substantial computational resources that scale poorly with
system complexity. This computational burden becomes particularly acute in high-speed optical
systems where real-time processing requirements can exceed the capabilities of practical digital
signal processors. In this context, optical nonlinear compensation represents a paradigm shift:
instead of digitally reversing channel effects after detection, we can exploit the same physical
phenomena that cause distortions to actively compensate for them within the optical domain
itself [91,92].

The conceptual foundation of OPC emerges from the time-reversal symmetry inherent in the
Nonlinear Schrédinger Equation that governs optical propagation. When we examine the NLSE
more carefully, we discover that if we can create the complex conjugate of an optical field and
propagate it through a medium with inverted parameters, the accumulated nonlinear phase can
theoretically be undone. This insight leads us to understand that OPC is not merely a signal
processing technique, but rather a fundamental exploitation of the reciprocity principles underlying
optical wave propagation [92,93].

To understand the mathematical foundation of OPC, we must first examine how nonlinear phase
accumulation occurs in optical fibres. As an optical signal propagates through a fibre span of length
L, it accumulates a nonlinear phase shift given by:

L
¢>NL(T):7/O |A(2,T)|?dz (2.16)

where + is the nonlinear coefficient, A(z,T) is the complex field envelope, and the integration
accounts for power variations along the fibre due to attenuation. The key insight is that this phase
accumulation is deterministic and depends on the signal’s intensity profile.

The phase conjugation operation mathematically transforms the complex field A(T) into its
conjugate A*(T), effectively reversing the sign of the accumulated nonlinear phase. When this con-
jugated signal propagates through a second fibre span with identical characteristics, it experiences
a nonlinear phase shift of opposite sign:

L
¢NL,conjugated(T> = _7/0 |A*(27T)|2dz = _¢NL(T) (217)

This mathematical reciprocity forms the theoretical basis for perfect nonlinear compensation,
provided that certain symmetry conditions are met.
However, the practical implementation of OPC reveals the complexity underlying this seemingly
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elegant solution. The symmetry requirements are quite stringent and encompass several critical
aspects. Power symmetry demands that the signal power profile in the second fibre span must mirror
that of the first span. Since fibre attenuation causes exponential power decay, achieving power
symmetry requires either distributed Raman amplification or careful placement of discrete amplifiers
to recreate the power evolution profile. Dispersion symmetry requires that the accumulated
chromatic dispersion in both spans be identical, which typically necessitates dispersion-managed
fibre layouts or dispersion compensation modules. Length symmetry mandates that both fibre
spans have identical effective lengths, accounting for variations in fibre parameters.

The mathematical formulation of these symmetry conditions can be expressed through the
condition:

L1 LQ
| n@nes= [ aepe: (2.18)
0 0

where the subscripts 1 and 2 refer to the fibre spans before and after the OPC device, and P(z)
represents the power evolution along each span.

The performance analysis of OPC systems reveals both the potential benefits and fundamental
limitations. Reach Extension is one of the most significant advantages, with demonstrations
showing transmission distance improvements of 50-100% compared to linear compensation alone.
This improvement arises because OPC can handle higher launch powers without nonlinearity
penalties, effectively pushing the system operating point to higher signal-to-noise ratios. Power
Scaling Benefits allow for increased launch powers that would otherwise be limited by nonlinear
distortions, leading to improved system performance in noise-limited scenarios.

Q-factor Improvement in OPC systems can be quantified through the relationship:

Paunc
QOPC’ = Qlinear\/l + w (219)

Plaunch,linear

where Pigunch,orc @nd Plaunch iincar fEPresent the optimal launch powers with and without OPC,
respectively.

Despite these advantages, practical implementation challenges reveal the complexity of trans-
lating theoretical benefits into real-world systems. Broadband Operation requires that the phase
conjugation process work effectively across the entire optical bandwidth, which can span several
tens of nanometers in dense WDM systems. This broadband requirement places stringent de-
mands on the wavelength conversion efficiency and bandwidth of the OPC device. Noise Figure
Penalty arises because most practical OPC implementations introduce additional noise through
the wavelength conversion process, partially offsetting the SNR improvements from higher launch
powers. Conversion Efficiency limitations mean that not all of the input signal power is successfully
converted to the conjugated wavelength, introducing insertion losses that must be compensated by
additional amplification.

The implementation of OPC typically relies on wavelength conversion techniques, with FWM
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in highly nonlinear fibres or Periodically Poled Lithium Niobate (PPLN) waveguides being the
most common approaches. FWM-based OPC leverages the third-order nonlinearity to generate a
conjugated idler wave through the interaction:

Widler = 2Wpump — Wsignal (220)

This approach offers broad bandwidth operation but requires careful management of pump
power and fibre dispersion. PPLN-based OPC utilises quasi-phase-matched second-order nonlin-
earity, providing higher conversion efficiency but with more limited bandwidth.

Recent advances in silicon photonics have opened new possibilities for integrated OPC imple-
mentations. Symbol of Interest (SOI) platforms can achieve high nonlinear coefficients in compact
form factors, enabling chip-scale OPC devices with reduced power consumption and improved
scalability. However, silicon’s two-photon absorption at telecommunications wavelengths introduces
additional loss mechanisms that must be carefully managed.

The comparison between lumped and distributed phase conjugation approaches reveals differ-
ent trade-offs in system performance. Lumped OPC places the phase conjugation device at the
midpoint of the transmission link, requiring precise symmetry in the fibre spans before and after
conjugation. Distributed OPC embeds the conjugation functionality throughout the transmission
medium, potentially offering better compensation but with increased system complexity.

A related technique that exploits similar principles is Phase Conjugated Twin Waves (PCTW),
which provides an alternative implementation approach for nonlinear compensation. PCTW involves
transmitting a signal and its conjugate on separate polarisations within dual-polarisation systems,
implemented at the receiver end through digital signal processing. This technique assumes that
nonlinear distortions in twin waves are inversely correlated, allowing cancellation of the first-order
nonlinear phase shift through signal superposition at the receiver. While PCTW efficiently counters
deterministic nonlinear phase shifts and phase noise caused by signal-noise interactions, its primary
limitation lies in the reduction in spectral efficiency due to the transmission of the signal’s conjugate.
Recent developments in PCTW have addressed this spectral efficiency concern through advanced
encoding techniques, though they may exhibit slightly reduced compensation performance [94, 95].

Integration with digital signal processing techniques has emerged as a promising hybrid ap-
proach that combines the benefits of optical and digital compensation. By using OPC to handle the
majority of nonlinear distortions and digital techniques to address residual impairments and linear
effects, these hybrid systems can achieve superior performance while maintaining computational
efficiency [96—98]. This integration strategy is particularly attractive for next-generation systems
where both reach and data rate requirements exceed the capabilities of purely digital or purely
optical solutions.

The cost-benefit analysis of OPC implementation reveals complex trade-offs between perfor-
mance improvements and system complexity. While OPC can significantly reduce the computational
requirements for nonlinear compensation, it introduces additional hardware components, wave-
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length management complexity, and potential reliability concerns [96,99]. The economic viability
of OPC depends heavily on the specific application requirements and the relative costs of optical
components versus digital processing power.

Practical deployment considerations encompass network architecture implications, including
the need for dispersion-managed fibre layouts, additional wavelength allocation for pump and
idler waves, and network management systems capable of optimising OPC performance across
varying traffic conditions. These considerations highlight that while OPC offers compelling technical
benefits, its practical deployment requires careful system-level integration and optimisation [99].

In the context of modern high-capacity optical networks, OPC represents a complementary
technology that can work synergistically with advanced digital signal processing techniques. Rather
than replacing digital compensation entirely, OPC can reduce the computational burden on digital
equalisers, enabling more sophisticated algorithms to be deployed in real-time systems. This
complementary approach aligns with the broader trend toward hybrid optical—digital signal process-
ing architectures that leverage the unique advantages of each domain to achieve optimal system
performance [98].

2.5 Fundamentals of ANN-based Equalisers

ANN-based equalisers have emerged as a promising alternative to traditional equalisation
techniques in optical communication systems. While traditional approaches like DBP and Volterra
equalisers provide effective solutions for specific channel impairments, they face fundamental limita-
tions in handling the complex, multidimensional nature of optical channel distortions. DBP, although
theoretically optimal, suffers from computational complexity that scales with the number of channels
and step size requirements, making it impractical for real-time, high-speed applications. Volterra
equalisers, despite their ability to model nonlinear systems with memory, experience exponential
growth in computational complexity as channel memory increases, limiting their applicability for
long-haul transmission systems.

In contrast, ANN-based equalisers leverage the universal approximation theorem, which states
that neural networks with sufficient width and depth can approximate any continuous function to
arbitrary precision [100]. This theoretical foundation provides a powerful framework for learning
the inverse channel function without requiring explicit mathematical models of the underlying
physical processes. The key advantage of ANN-based equalisers lies in their ability to learn
complex channel characteristics directly from data, automatically discovering optimal compensation
strategies through supervised learning rather than relying on predefined mathematical formulations
[37].

ANNs-based equalisers operate on the principle of supervised learning. The basic process
involves:

1. Data collection: Gathering pairs of transmitted and received symbols from the optical channel.
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2. Network training: Adjusting the ANN parameters to minimise the difference between the
network’s output and the desired (transmitted) signal.

3. Deployment: Using the trained ANN to equalise new, unseen received signals.

Supervised learning is particularly advantageous in optical communication systems because
we have a robust mathematical model for the fibre channel, such as the NLSE. Therefore, by
simulating the NLSE, we can generate highly accurate training datasets under various conditions,
including different power levels, modulation formats, and noise levels. This allows the ANN to learn
the intrinsic behaviours of the channel and effectively compensate for both linear and nonlinear
distortions. Furthermore, supervised learning leverages this simulated data to train the ANN without
requiring extensive real-world measurements, making it a cost-effective and scalable approach to
nonlinearity mitigation in high-speed optical networks [37,101].

The mathematical foundation of this process can be described as follows:

Let z(n) € C be the transmitted signal and y(n) € C be the received signal after passing through
the optical channel. The goal of the ANN-based equaliser is to find a function f : CM+! — C such
that:

&(n) = f(y(n),y(n =1),....y(n — M)) (2.21)

where z(n) is the estimated transmitted signal and M is the memory of the equaliser. The
function f(-) is parameterised by the neural network weights 8 = {W,by,..., Wp,bp}, where D
is the network depth [68].

The optimisation objective is to minimise the expected risk:

R(0) = E(zy)~p [L(z(n), f(y(n), ... y(n — M); 0))] (2.22)

where D represents the underlying data distribution, £(-, ) is the loss function, and E[-] denotes
the expectation operator. In practice, this is approximated using empirical risk minimisation over
the training dataset.

The function f(-) that the ANN aims to approximate is, in fact, the inverse of the channel transfer
function. This inverse function can be highly complex, especially in the presence of nonlinear
impairments. The channel transfer function can be generally expressed as:

y(n) = h(z(n),z(n —1),....,2(n — M)) +w(n) (2.23)

where h(-) represents the combined effects of linear and nonlinear distortions in the channel,
M is the channel memory, and w(n) is additive noise [37].

The function h(-) encompasses a comprehensive range of physical phenomena that affect
signal propagation in optical fibres. Linear effects, primarily CD, cause frequency-dependent phase
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Figure 2.2: Complete equalisation process using ANN-based equalisers: The first stage shows the trans-
mitted signal constellation showing the original 16-QAM data, then it comes the fibre channel output after
nonlinear distortion, followed by the ANN equaliser architecture, as well as the training evolution, showing
Q-factor improvement with epochs for both training and validation sets. Finally, the recovered signal constel-
lation after equalisation.
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shifts that lead to pulse broadening and intersymbol interference. Nonlinear effects, including SPM,
XPM, and FWM, arise from the intensity-dependent refractive index changes in the fibre, creating
complex distortions that depend on signal power and spectral content. Additionally, memory effects
manifest as ISI, where the distortion of each symbol depends not only on its own characteristics
but also on the temporal sequence of neighbouring symbols, creating dependencies that extend
across multiple symbol periods.

As already mentioned, in the case of a simplified model considering only CD and Kerr nonlin-
earity, h(-) can be approximated by the solution to the NLSE.

While discussing channel impairments, it is important to note that PMD, a dynamic phenomenon
that changes on a microsecond scale, poses significant challenges for machine learning-based
equalisers, as adaptive filtering is needed to handle it in practice. As Machine Learning (ML)-based
equalisers are typically trained on large, static datasets, their fixed nature makes them less effective
in adapting to rapidly changing PMD [102].

The ANN-based equaliser must learn to invert this complex function, which is typically not
analytically tractable. The fundamental challenge in nonlinear compensation lies in the fact that
the channel function A(-) is a nonlinear operator that maps the input signal space to the out-
put signal space in a complex, history-dependent manner. This nonlinearity arises from the
intensity-dependent refractive index changes in the fibre (Kerr effect), which cause the propagation
characteristics to vary with the signal power and temporal distribution.

The nonlinear compensation process can be understood through the lens of functional analysis.
The channel can be viewed as a nonlinear operator H : X — ), where X and ) are appropriate
function spaces representing the transmitted and received signal spaces, respectively. The equaliser
seeks to approximate the inverse operator #~! : ) — X such that H~!(H(x)) ~ z for signals
x e X.

The power of ANNSs lies in their ability to approximate such complex, nonlinear functions through
the composition of simpler functions, leverageing the universal approximation theorem:

) = fo(fp-1(--f1(y))) (2.24)

where D is the number of layers in the ANN, and each f; represents the operation of a single
layer, typically involving a linear transformation followed by a nonlinear activation function:

fz(z) = U(WZ‘Z + bi) (2.25)

Here, W; and b; are the weight matrix and bias vector for layer i, respectively, and o(-) is a
nonlinear activation function such as the ReLU or hyperbolic tangent (tanh) [100].

The challenge in designing effective ANN-based equalisers lies in selecting appropriate model
architectures, activation functions, and training algorithms that can accurately approximate the
inverse channel function while maintaining an appropriate Computational Complexity (CC) for

D. Arguello Ron, PhD Thesis, Aston University 2025 34



real-time operation in high-speed optical communication systems.

Based on the theoretical foundations described above, ANN-based equalisers offer several
key advantages over traditional equalisation techniques [100, 103]. Their adaptability represents
a fundamental departure from conventional approaches: unlike DBP, which requires explicit
knowledge of fibre parameters, or Volterra equalisers, which require predetermined polynomial
orders, ANNs can adapt to changing channel conditions through data-driven learning without
requiring explicit channel models or manual parameter tuning. This adaptive capability extends
to their superior nonlinearity compensation, where ANNs can effectively model and compensate
for the complex nonlinear distortions arising from the Kerr effect in optical fibres. Unlike traditional
approaches that rely on specific mathematical formulations (e.g., NLSE solutions for DBP or
polynomial expansions for Volterra equalisers), ANNs learn the inverse channel function directly
from training data, potentially capturing higher-order nonlinear interactions that may be missed by
traditional methods.

Furthermore, ANNs enable joint optimisation for multiple impairments simultaneously, lever-
ageing end-to-end training to balance trade-offs across different channel effects. This contrasts
with traditional approaches that typically address impairments sequentially (e.g., separate CD
and nonlinearity compensation stages), often leading to suboptimal overall performance. The
versatility of neural network architectures allows the same fundamental design to be applied to
different modulation formats and transmission scenarios with minimal modifications. This flexibility
represents a significant advantage over specialised approaches like DBP, which requires different
implementations for different fibre types and transmission scenarios, making ANNs particularly
attractive for dynamic and heterogeneous optical networks [37].

Nevertheless, despite these advantages, ANN-based equalisers face several significant chal-
lenges [37,68,104]. Computational complexity represents a primary concern, as both training
and inference can be computationally intensive, especially for high-speed optical systems where
real-time implementation becomes challenging due to stringent hardware requirements. While
DBP has deterministic computational complexity that scales predictably with system parameters,
ANNs require careful architecture design to balance performance and computational efficiency,
often necessitating specialised hardware or algorithmic approximations for practical deployment.

2.5.1 Neural Network Architecture Considerations

The effectiveness of ANN-based equalisers depends critically on the choice of neural net-
work architecture, which must be matched to the specific characteristics of the optical channel
impairments. Different architectural paradigms—including feed-forward networks (Multi-Layer Per-
ceptrons), convolutional networks, and recurrent networks (vanilla RNNs, Long Short-Term Memory
networks, and Gated Recurrent Units)—offer distinct advantages for processing the temporal and
nonlinear structure of optical signals. The selection of appropriate architectures, their optimisation,
and complexity reduction strategies are extensively discussed in Chapter 3, where we explore how
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architectural choices directly impact both equalisation performance and computational efficiency.
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Figure 2.3: Fundamental architecture of a feedforward ANN for optical signal equalisation. The received
signal r(k) from both polarisations (H and V) is processed over a temporal window of 2M + 1 samples,
providing the real and imaginary components as inputs. Two hidden layers with n; and ny, neurons apply
nonlinear transformations (tanh or ReLU activation functions) to extract relevant features. The output
layer estimates the transmitted symbol components jre and 4, for linear polarisation. Training employs
backpropagation with MSE loss to minimise the error between estimated ¢(k) and transmitted ¢(k) symbols.

In coherent dual-polarisation systems, the ANN processes the received signal r(k) over a
temporal window centred at the symbol of interest. This window spans 2M + 1 consecutive symbol
periods, where M represents the number of past and future symbols considered on each side of
the current symbol. Each symbol contributes four real-valued features to the input: the real and
imaginary components from both the horizontal (H) and vertical (V) polarisations. Therefore, the
complete input to the neural network has a total dimension of (2M +1) x 4 features, representing the
in-phase and quadrature components (I, Qm, Iy, Qv) for each of the 20 + 1 temporal samples.
This input structure captures both the temporal dependencies introduced by chromatic dispersion
and inter-symbol interference, as well as the polarisation coupling effects that arise from fibre
birefringence and nonlinear interactions [103].

For single-polarisation processing, the input dimension reduces to (2M + 1) x 2 features,
considering only the real and imaginary components from one polarisation. The parameter M,
often referred to as the memory depth or half-window size, is typically optimised during the
hyperparameter tuning process and commonly ranges from 5 to 20 symbols depending on the
channel characteristics and transmission distance [103]. The choice of M directly impacts both
the equalisation performance and computational complexity, as larger values capture longer-range
temporal dependencies at the cost of increased parameter count and processing latency. This
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trade-off between memory depth and computational burden represents a fundamental design
consideration in ANN-based equalisers, where the number of input features grows linearly with M,
while the total number of network parameters typically scales quadratically with the input dimension
for fully-connected architectures.

For the purposes of establishing the fundamental equalisation framework, it suffices to recognise
that the neural network function f(-) in the preceding equations can be implemented through various
architectural choices, each with specific computational characteristics and modelling capabilities.
The subsequent sections in this chapter focus on the loss functions, optimisation algorithms,
hyperparameter optimisation, and data requirements that are common to all neural network-based
equalisers regardless of the specific architecture employed.

2.5.2 Loss Functions and Optimisation

The choice of loss function is critical in training ANN-based equalisers. For regression tasks
in equalisation, the MSE is commonly used. The MSE loss function measures the average of the
squares of the errors—that is, the average squared difference between the estimated values (i (n))
and the actual value z(n). Mathematically, it is defined as [37]:

N
Lse(a,8) = ¢ > (an) — i(n))? (2.26)
n=1

where N is the number of samples. This loss function is particularly suitable for regression
problems where the goal is to minimise the error between predicted and true values.

In the context of optical communication systems, the terms of Equation 2.26 have specific
physical interpretations [105]. The term z(n) represents the transmitted signal consisting of digital
symbols that were originally sent through the optical channel, while i (n) denotes the estimated
transmitted signal produced by the neural network equaliser after processing the received distorted
signal. The parameter N indicates the total number of samples in the dataset used for training or
evaluation, determining the statistical significance of the error measurement.

Selecting an appropriate loss function is vital for training ANN-based equalisers, as it directly
influences the learning process and ultimately the system’s performance. In this work, the MSE
was chosen as the principal loss function, aligning well with the regression-style nature of the
equalisation task, where the goal is to minimise the discrepancy between predicted and actual
transmitted symbols. Moreover. it has been thoroughly tested in other works and demonstrated
consistently led to rapid convergence and reliable symbol-level reconstruction [37]. Moreover,
we evaluated the effectiveness of this choice by monitoring the BER throughout training and
inference. Although BER is often viewed as the ultimate performance metric in digital communication
systems, it is difficult to integrate directly into the gradient-based optimisation process. This arises
because BER is a discrete measure that does not lend itself easily to calculus-based approaches.
Consequently, an approach that combines MSE for backpropagation and BER as an ongoing
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performance indicator has been followed [37, 100].

To further validate this dual-metric strategy, we explored the feasibility of incorporating a
BER-based objective at select stages of training for parameter fine-tuning. BER-based loss
functions can offer a more direct optimisation toward the communication-centric performance
goal, their implementation demands a careful trade-off between computational complexity and
gradient smoothness. In practice, in this project it was confirmed that MSE provides stable and
efficient learning, yet incorporating periodic checks of BER enables an effective gauge of real-world
performance. Through this procedure, it was possible to ensure that the system does not merely
excel in reducing MSE, but also achieves minimal BER under realistic operating conditions [37].

2.5.3 Backpropagation in ANN-based Equalisers

Understanding backpropagation in the context of optical channel equalisation requires recog-
nising that we are essentially solving an inverse problem: given the distorted received signal, we
must learn to recover the original transmitted signal. This inverse mapping is inherently complex
because optical channels exhibit both memory effects and nonlinear distortions that create intricate
relationships between transmitted and received symbols. The backpropagation algorithm provides
the mathematical framework for automatically discovering these relationships through data-driven
learning [37,100].

The fundamental challenge lies in computing how each of the potentially millions of param-
eters in a deep neural network contributes to the final equalisation error. Without an efficient
method to compute these sensitivities, training would require evaluating the network’s performance
with perturbed parameters for each weight individually—a computationally prohibitive approach.
Backpropagation solves this challenge through the elegant application of the chain rule of calcu-
lus, enabling simultaneous computation of all parameter gradients in a single forward-backward
pass [106].

To understand the mathematical foundation, consider a multi-layer neural network equaliser
with D layers. The forward propagation through the network can be expressed as:

2 = wly 4+ p®) (2.27)
a) = o (zV) (2.28)
: (2.29)
2(0) — WD) {(D-1) | (D) (2.30)
% — z(D) (2.31)

where y is the input received signal, W and b(?) are the weight matrix and bias vector for layer
i, 2 is the pre-activation output, a() is the post-activation output, o(-) is the activation function,
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and x is the estimated transmitted signal.

The backpropagation algorithm computes gradients by working backwards through the net-
work, applying the chain rule to decompose the complex gradient computation into simpler local
derivatives. For the loss function L(x, x), the gradient with respect to the weights in layer /¢ is:

l
8.[/ _ 8_[/ aZ() —5(6)(3(671))T
OWWO 9z oW ()
oL

where 61 = 5, represents the error signal at layer ¢. The key insight is that these error
signals can be computed recursively:

(2.32)

5o _ 9L (2.33)
ox
50 = (WD) 5D ) o (5(0)) (2.34)

where © denotes element-wise multiplication and ¢/ (-) is the derivative of the activation function.

**Weight Sensitivity Analysis in Optical Equalisation**: Understanding how different layers
contribute to the equalisation performance reveals important insights about the network’s learning
process. In optical channel equalisation, early layers typically learn to capture linear dispersion
effects, while deeper layers focus on nonlinear distortion compensation. This hierarchical learning
can be analysed through the magnitude of gradients at different layers.

The sensitivity of the loss function to weights in layer £ can be quantified through the gradient
norm:

5O = 2 = 8@ (2.35)

where || - || denotes the Frobenius norm. This sensitivity metric reveals which layers are most
critical for reducing equalisation error and guides architectural design decisions.

**Gradient Flow Analysis**: The vanishing and exploding gradient problems become particularly
challenging in optical equalisation networks due to the need for deep architectures to capture long
memory effects. The gradient flow through the network can be analysed by examining the recursive

relationship:

80] = JWED)THED o o' () | (2:36)

When |[WHD || - (|07 (2()|| < 1 for multiple consecutive layers, gradients vanish exponentially.
Conversely, when this product exceeds 1, gradients explode. In optical systems, this problem is
exacerbated by the need to process sequences with long temporal dependencies.

**Mitigation Strategies for Optical Equalisers**: 1. **Residual Connections**: Adding skip
connections that allow gradients to flow directly to earlier layers:

a®) = o(WHalt=D) L b0y 4 4D (2.37)
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2. **Gradient Clipping**: Limiting gradient magnitude to prevent explosion:

VoL if |VoL| <7
VoL <+ _ (2.38)
WWL otherwise

3. **Normalised Initialisation™: Setting initial weights to maintain gradient variance across
layers, such as Xavier initialisation:

2
i~ , S 2.39
WJ N(O Nin + nout) ( )
**Computational Complexity in Optical Systems**: The computational demands of backpropa-
gation scale quadratically with network width and linearly with depth. For a network with D layers,

each containing n neurons, the computational complexity is approximately:

Obackprop = O(D n?. B) (240)

where B is the batch size. In optical systems operating at symbol rates of 32-64 GBaud, this
computational burden becomes significant, often requiring specialised hardware implementations
or algorithmic approximations [103, 107].

Once computed, gradients are used to update the parameters. The general update rule for the
parameters 6 using gradient descent is given by [100]:

OL
~n5,

In this fundamental update equation, () represents the parameter value at iteration ¢, while
9(t+1) denotes the updated parameter value after applying the gradient-based correction. The
learning rate n serves as a hyperparameter that controls the step size of the update, determining
how aggressively the parameters are modified in response to the computed gradients. The term %g
represents the gradient of the loss function with respect to the parameter 6, providing the direction
and magnitude of the required parameter adjustment to minimise the equalisation error. The update
rule is a crucial component of the backpropagation algorithm, dictating how the weights and biases
are adjusted during the training process to minimise the loss function. Therefore, it determines how
ANNs learn from data. On the other hand, the learning rate n plays a critical role in the update rule,
as it greatly affects the training stability. It determines how large a step is taken in the direction of
the gradient. A learning rate that is too high can cause the training process to become unstable and
diverge, while a learning rate that is too low can result in slow convergence, making the training
process inefficient [100].

While the basic update rule is derived from simple gradient descent, various optimisation
algorithms build upon this foundation to improve convergence and performance. Often, techniques
like learning rate schedules or adaptive learning rates (e.g., Adam optimiser) are used to dynamically

g+ — g(®) (2.41)
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adjust the learning rate during training [100, 108]. Stochastic Gradient Descent (SGD) represents
the foundational approach, updating parameters using a single or a small batch of training examples,
which leads to faster but noisier updates that can help escape local minima. Momentum methods
accelerate convergence by adding a fraction of the previous update to the current update, effectively
helping the optimisation process navigate ravines in the loss landscape and maintain consistent
progress toward the minimum. RMSprop adapts the learning rate for each parameter based
on a moving average of the squared gradients, reducing the learning rate for parameters with
large gradients and increasing it for those with small gradients, thereby achieving more balanced
parameter updates. Adam (Adaptive Moment Estimation) combines the benefits of both momentum
and RMSprop by maintaining moving averages of both the gradients and their squared values,
resulting in an optimisation algorithm that is both robust and efficient for a wide range of optical
equalisation problems [100].

Among the algorithms listed above, the Adaptive Moment Estimation (Adam) optimiser, which
combines the advantages of both AdaGrad and RMSProp algorithms to handle sparse gradients
on noisy problems, is the most popular one [100, 109].

The Adam optimiser updates parameters based on adaptive estimates of lower-order moments,
using the following equations [100,110]:

my = Bimy_1 + (1 — B1)VaL(6)) (2.42)
v = Bavi—1 + (1= B2)(VoL(6y))” (2.43)
e = - Ttﬁ{ (2.44)

o =< . 7 (2.45)

01 =0, —a \/Uit”’; - (2.46)

In these equations, m; represents the first moment estimate that tracks the mean of the
gradients, while v; denotes the second moment estimate that monitors the uncentred variance of
the gradients. The exponential decay rates 3; and (3, control the exponential moving averages for
the moment estimates, with typical values of 5, = 0.9 and 5, = 0.999 providing effective balance
between responsiveness and stability. The bias-corrected estimates 7n; and o, compensate for the
initialisation bias that occurs during the early stages of training when the moment estimates are
close to zero. Finally, e serves as a small constant (typically 10~®) to prevent division by zero in the
parameter update step, ensuring numerical stability throughout the optimisation process.
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2.6 Hyperparameter Optimisation for ANN-based Equalisers

The performance of ANNs-based equalisers in optical communication systems is highly depen-
dent on the selection of appropriate hyperparameters. These hyperparameters include architectural
choices such as the number of layers and neurons, as well as training parameters like learning
rate and batch size. Optimising these hyperparameters is crucial for achieving the best possible
performance. Moreover, it has a direct impact on the CC of the final solution. There are several
approaches to hyperparameter optimisation, differentiated by how the different combination of
hyperparameters are searched in order to find the appropriate one. The simplest one is grid search,
which involves exhaustively searching through a manually specified subset of the hyperparameter
space. Thus, a set of possible values for each hyperparameter is specified and the model’s perfor-
mance for every combination of these hyperparameter values is tested. The primary advantage
of grid search is its simplicity and guaranteed coverage of the specified search space. However,
it suffers from the curse of dimensionality as it becomes computationally intractable when the
number of hyperparameters increases. In order to try to avoid this disadvantage, random search
was proposed. It involves randomly sampling hyperparameters from a defined distribution, instead
of exhaustively evaluating all combinations. The number of evaluations is set beforehand, and
each evaluation uses a random combination of hyperparameter values. While this method has
been shown to be more efficient than grid search, especially when only a few hyperparameters
significantly impact model performance, it may miss optimal configurations in dense regions of
the search space [103,111]. BO is a more sophisticated approach that uses probabilistic models
to guide the search for optimal hyperparameters. The optimisation process can be described as
follows [112]:

1. Define a prior distribution over the function mapping hyperparameters to model performance.
2. lteratively:

(a) Use an acquisition function to determine the next set of hyperparameters to evaluate.
(b) Evaluate the model performance with these hyperparameters.

(c) Update the posterior distribution based on the observed performance.

3. Select the hyperparameters that yielded the best performance.

A common choice for the probabilistic model in BO is the Gaussian Process (GP). The acquisi-
tion function balances exploration of unknown regions of the hyperparameter space with exploitation
of regions known to perform well. Popular acquisition functions include Expected Improvement
(El) and Upper Confidence Bound (UCB). BO can find good hyperparameters in fewer evaluations
than grid or random search. However, it can be computationally expensive for high-dimensional
hyperparameter spaces. For ANN-based equalisers in optical systems, BO has shown promising
results, achieving superior performance compared to manual tuning [103,112,113].
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Recent advancements have enabled gradient-based optimisation of certain hyperparameters,
which attempts to compute the gradient of the model’s performance with respect to its hyperparam-
eters. This allows for the use of efficient gradient descent algorithms to optimise hyperparameters.
For example, Differentiable Architecture Search (DARTS) is one of such methods and relaxes
the discrete architecture search space to a continuous one, allowing for efficient gradient-based
optimisation. These methods can be very efficient, especially for continuous hyperparameters.
They can potentially find optimal hyperparameters much faster than other methods. However,
they are primarily suitable for architectural hyperparameters and less so for training hyperparam-
eters like learning rate and batch size, which do not have a clear gradient with respect to model
performance [111,114].

The selection of hyperparameter optimisation techniques must account for the specific con-
straints and requirements of the optical system. While Neural Architecture Search (NAS) is an active
research area aiming to discover efficient neural network architectures, the high CC associated
with evaluating numerous candidate models can be prohibitive, especially when considering the
vast hyperparameter space and the expense of performance evaluations [115].

To illustrate the trade-offs involved, consider the decision regarding the number of layers in
a neural network. Increasing the number of layers can enhance the model’s capacity to capture
complex patterns, potentially improving performance. However, this also leads to deeper architec-
tures that are more computationally intensive to train and may require larger datasets to prevent
overfitting. Conversely, opting for a shallower architecture might reduce computational demands and
training time but could compromise the model’s ability to learn intricate data representations [116].

Recent advancements in NAS have sought to address these challenges by developing more
efficient search strategies. For instance, differentiable architecture search methods, such as
DARTS, transform the discrete search space into a continuous one, enabling the use of gradient-
based optimisation techniques to expedite the search process [115]. Additionally, multi-objective
optimisation approaches have been introduced to balance trade-offs between model accuracy
and resource consumption, facilitating the deployment of machine learning models in resource-
constrained environments [117].

Despite these innovations, the computational expense of NAS remains a significant considera-
tion. Techniques like weight-sharing among candidate architectures have been proposed to mitigate
this issue, allowing multiple architectures to be evaluated without training each one from scratch.
Nonetheless, the complexity of the search space and the necessity for extensive computational
resources continue to pose challenges in the practical application of NAS [115].

Therefore, while NAS offers promising avenues for discovering efficient neural network architec-
tures, it is crucial to carefully consider the trade-offs between model complexity, computational cost,
and performance. Tailoring the hyperparameter optimisation approach to the specific constraints of
the optical system is essential to achieve an optimal balance between these factors [112,118].
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2.7 Data Requirements for Training ANN-based Equalisers

The effectiveness of ANNs in mitigating nonlinear impairments in optical communication systems
is heavily dependent on the quality and quantity of training data [101]. Therefore, a desirable
dataset must possess several key characteristics that ensure robust and generalisable equaliser
performance [103].

Representativeness constitutes the most fundamental requirement, demanding that the training
data adequately represent the full range of signal distortions encountered in the optical channel.
This encompasses not only the primary Kerr effect but also its complex interplay with CD and PMD,
while accounting for various fibre types, transmission distances, and power levels that may be
encountered in practical deployments. Volume represents another critical consideration, as large
datasets are typically required to capture the complexity of nonlinear interactions, with dataset
sizes often ranging from 10'® to 10?° symbols depending on the channel complexity and desired
performance targets [103].

Diversity ensures that the dataset includes a comprehensive set of modulation formats, symbol
rates, and channel conditions to guarantee the generalizability of the trained equaliser across
different operational scenarios. Finally, balanced representation requires that the dataset maintains
equilibrium across different impairment scenarios, preventing bias toward specific channel condi-
tions and ensuring that the equaliser can properly handle the full spectrum of distortions it may
encounter in real-world deployments [37].

Several methods can be employed to acquire the necessary training data [101, 103]:

1. Experimental measurements: Direct measurement of transmitted and received signals in
a real optical system provides the most accurate representation of channel impairments.
However, this method can be time-consuming and expensive.

2. Numerical simulations: SSFM simulations of the NLSE can generate large volumes of data
efficiently. While not perfectly accurate, this approach offers flexibility in exploring various
system parameters.

3. Hybrid approaches: Combining experimental measurements with data augmentation tech-
niques or model-based simulations can provide a good balance between accuracy and
dataset size.

On the other hand, there are several relevant points that must be considered when manageing
data to train ANN-based equalisers in optical communication systems [7,29,37,103]:

1. High Dimensionality: Optical signals in modern communication systems are characterised by
high symbol rates, multiple polarisations, and WDM. This results in high-dimensional data
spaces that require careful consideration in data generation and preprocessing.
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2. Nonlinear Complexity: The NLSE and its variants (e.g., the Manakov equation for dual-
polarisation systems) that govern signal propagation in optical fibres are complex and compu-
tationally intensive to solve. Accurately capturing these nonlinear dynamics in the training
data is crucial but challenging.

3. Stochastic Noise Processes: Optical systems are subject to various noise sources, including
ASE noise, shot noise, and thermal noise. Properly incorporating these stochastic processes
into the training data is essential for developing robust ANNs.

4. Memory Effects: Fibre nonlinearities introduce memory effects, where the distortion of a given
symbol depends on neighbouring symbols. Capturing these inter-symbol interactions in the
dataset requires careful consideration of sequence lengths and data structure.

5. Varying Transmission Conditions: Optical networks operate under diverse conditions, including
different fibre types, span configurations, and power levels. The training data must encompass
this variability to ensure the ANN’s adaptability.

6. Experimental Limitations: While numerical simulations can generate vast amounts of data,
experimental data collection is often limited by equipment availability and measurement time.
Balancing between simulated and experimental data is a key challenge.

7. Data Augmentation Constraints: Unlike in some other fields (e.g., image processing), data
augmentation in optical communications must adhere to the physical constraints of the optical
channel, limiting the applicable augmentation techniques.

Numerical simulations are a powerful tool when training ANN-based equalisers in optical
communication systems, as they make it possible to create extensive and diverse datasets. These
simulations are based on the Manakov equation [29], a vectorial extension of the NLSE that
accurately describes the propagation of light in optical fibres. It is worth mentioning its variant
known as the Manakov equation, which focuses on dual-polarisation systems. The SSFM is the
numerical technique employed to efficiently solve them.

The Manakov equation for a dual-polarisation signal can be expressed as:

OA o, BdPA (8 .,

Azl . e __—
where A = N is the complex envelope of the optical field in the two orthogonal polarisation

Y
states (horizontal and vertical), z is the propagation distance, T is the retarded time, « is the fibre

attenuation coefficient, gs is the GVD parameter, and ~ is the nonlinear coefficient. The factor %
accounts for the averageing over the fast polarisation rotations.
This equation models how the complex field envelope A evolves as it propagates through the

fibre, considering the effects of loss (), dispersion (532), and nonlinearity (v). The term %‘3%

D. Arguello Ron, PhD Thesis, Aston University 2025 45



corresponds to dispersion, while the term ~ (%|A\2A) represents the nonlinear interaction between
the two polarisation modes.
To solve this equation numerically, the SSFM is employed, which alternates between solving
the linear and nonlinear parts of the equation in small steps along the propagation distance z [55].
The linear effects, including dispersion and attenuation, are handled in the frequency domain:

A(z + h,w) = exp -5 T

A <O‘h ﬁQ“’Qh)A(z,w) (2.48)

where A denotes the FFT of A, & is the step size, and w is the angular frequency.
The nonlinear effects are addressed in the time domain:

A(z +h,T) = exp (m§|A(z, T)Qh) A= T) (2.49)

This step models the nonlinear phase shift induced by the intensity of the light.

The parameters «, 2, and ~ are crucial for determining the behaviour of the signal as it
propagates through the fibre, each governing different aspects of the physical propagation process.
The attenuation coefficient @ governs the exponential decay of power along the fibre length,
determining how quickly the signal power diminishes due to material absorption and scattering
losses. The dispersion parameter 3, describes how different frequency components of the pulse
spread out in time, leading to pulse broadening that creates intersymbol interference and limits
the achievable data rates over long distances. The nonlinear coefficient « controls the strength
of nonlinear effects, such as SPM and XPM, which become increasingly significant at higher
signal powers and can either enhance or degrade system performance depending on the specific
operating conditions and compensation strategies employed.

In numerical simulations, these parameters are varied to model different transmission scenarios,
such as using different types of optical fibres (e.g., SSMF or Large Effective Area Fibre (LEAF)) or
varying the launch power to explore linear and nonlinear regimes.

The fibre hyperparameters «, 52, and ~ play crucial roles in determining the nature and strength
of the signal impairments. The attenuation coefficient «a, typically around 0.2 dB/km for SSMF at
1550 nm, determines the rate of power decay along the fibre. The dispersion coefficient 3., often
expressed in terms of the dispersion parameter D = —%ﬁz, characterises the temporal broadening
of pulses. For SSMF, D is approximately 17 ps/(nm-km) at 1550 nm. The nonlinear coefficient -,
typically around 1.3 W—1km~! for SSMF, governs the strength of nonlinear effects [74,119].

In the simulations employed in this Thesis, we systematically vary these parameters to capture
a wide range of transmission scenarios. For instance, we might consider dispersion-shifted fibres
with D close to zero, or LEAFs with reduced ~ values. The interplay between dispersion and
nonlinearity is particularly important, as it determines the dominant impairment regime and the
effectiveness of various equalisation strategies.

The transmission distance is another critical parameter in our simulations. We typically consider
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multi-span systems, where each span consists of a length of fibre followed by an optical amplifier.
The span length is usually set between 50 km and 100 km. At each amplifier, we model the addition
of ASE noise as a complex AWGN process with power spectral density:

Sase = ngphv(G —1) (2.50)

where ng, is the spontaneous emission factor, hv is the photon energy, and G is the amplifier
gain.

The modulation format and symbol rate are other key transmitter-side parameters that signifi-
cantly influence the signal’s susceptibility. In this Thesis, QAM constellations (16-QAM, 32-QAM
and higher), and symbol rates (from 32 to 64 GBaud) are employed. For each format, we generate
Pseudo-Random Binary Sequences (PRBSs) of sufficient length to avoid periodicity issues, typically
using a PRBS order of 15 or higher.

Pulse shaping is applied to the symbol sequences using a Root-Raised Cosine (RRC) filter. The
roll-off factor of this filter, typically is set to 0.2, affects the signal’s SE and its robustness against
inter-symbol interference. The shaped pulses are then oversampled, usually by a factor of 4 or 8,
to accurately capture high-frequency components during propagation.

The launch power per channel is a key parameter that determines the balance between
nonlinear effects and noise. We typically sweep the launch power from -5 dBm to +5 dBm per
channel, encompassing both the linear and highly nonlinear regimes. This power sweep is crucial
for capturing the nonlinear threshold and the optimal operating point of the system.

At the receiver end, our simulations include matched filtering, sampling, and optional linear
equalisation to compensate for CD.

In conclusion, the previously described numerical simulation framework provides a flexible and
comprehensive approach to generating the diverse and extensive datasets required for training
effective ANN-based equalisers. By carefully controlling a wide range of parameters and incorporat-
ing detailed models of various impairments, we create datasets that closely mimic the complexities
of real-world optical communication systems, thereby enabling the development of robust and
effective equalisers capable of addressing the myriad challenges in modern high-capacity optical
networks.
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Chapter 3

Performance Optimisation and
Complexity Reduction of Neural
Network-based Equalisers for Optical
Communication Systems

Having established the fundamental principles of ANN-based equalisation in Chapter 2, we now
turn to the critical question of architecture selection and optimisation. The choice of neural network
architecture directly determines both the equalisation performance and computational complexity,
making it a central concern for practical deployment. This chapter provides comprehensive analysis
of the major architectural families employed for optical channel equalisation, examining their
mathematical foundations, implementation considerations, and performance trade-offs.

The architectural landscape for optical equalisation encompasses three major paradigms:
feed-forward architectures (MLPs and CNNs) that process temporal windows in parallel, recurrent
architectures (RNNs, LSTMs, GRUs) that maintain internal state across time, and specialised
designs (complex-valued networks, bidirectional processing) that exploit specific properties of
optical signals. Understanding these architectures in depth is essential for making informed
optimisation decisions throughout the remainder of this chapter.

This chapter focuses on optimising the performance of ANN-based equalisers for optical channel
equalisation, specifically targeting the balance between accuracy, computational complexity, and
resource constraints. We present a comprehensive analysis of the trade-offs between performance
and complexity in ANNSs tailored for optical communication channels, alongside detailed architectural
considerations for various neural network types including feed-forward, convolutional, and recurrent
designs.

We introduce several model compression techniques—pruning, quantisation, and weight clus-
tering—and demonstrate their application to reduce computational complexity (CC) and memory
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demands. Each technique is first presented theoretically, then evaluated empirically across multiple
transmission scenarios. These compression methods are further enhanced through BO, enabling
fine-tuned trade-offs between performance and efficiency.

The chapter also covers practical deployment considerations, providing empirical measurements
of inference time, energy consumption, and resource utilisation on various hardware platforms
including Raspberry Pi 4 and Nvidia Jetson Nano. We demonstrate how compressed neural
networks can be effectively deployed in resource-constrained environments while maintaining
acceptable equalisation performance.

3.1 Introduction

In previous sections of this Thesis, we have established the necessity for a new generation of
optical communication networks driven by the soaring demands of data-intensive applications and
the exponential rise in global internet traffic. To meet these challenges, advanced DSP techniques
are being developed to effectively mitigate impairments in optical transmission systems, with a
special focus on nonlinear distortions. ANNs have emerged as a powerful tool within this new wave
of DSP solutions for nonlinearity compensation, owing to their exceptional ability to model complex
nonlinear relationships.

This section revisits the chapter’s goals and defines the evaluation scope.

1. Examine various neural network architectures—feed-forward, convolutional, and recur-
rent—and their suitability for optical channel equalisation

2. Introduce metrics for evaluating the computational complexity of neural network equalisers,
establishing a standardised framework for comparison

3. Evaluate the performance-complexity trade-offs of various ANN architectures for optical
channel equalisation across multiple transmission scenarios

4. Investigate the effectiveness of compression techniques (pruning, quantisation, and weight
clustering) in reducing the computational complexity of ANN-based equalisers

5. Apply Bayesian Optimisation to enhance the efficiency of these compression techniques,
enabling optimal trade-offs between performance and complexity

6. Assess the deployment of optimised ANN-based equalisers on edge computing devices, with
detailed measurements of inference time, energy consumption, and resource utilisation

7. Explore specialised applications including low-complexity RNN-based equalisers for systems
with SOAs
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8. Investigate a synergistic approach combining OPC with ANN-based equalisers, demonstrating
the benefits of hardware-software co-design

9. Discuss the broader implications of these findings for the future of optical communication
systems

The chapter begins with a detailed examination of neural network architectures (Sections 3.2
and 3.3), establishing the foundation for our complexity reduction strategies. We then introduce com-
putational complexity metrics (Section 3.4) that will be used throughout the chapter to evaluate the
efficiency of various approaches. Moreover, we discuss different compression techniques—pruning,
quantisation, and weight clustering—alongside their enhancement through Bayesian Optimisation.

Following this theoretical foundation, we conduct extensive empirical analyses to evaluate the
effectiveness of these compression techniques across diverse transmission scenarios. These
analyses provide insights into the practical trade-offs between performance and complexity, guiding
the selection of appropriate compression strategies for different applications.

The latter part of the chapter addresses the practical deployment of ANN-based equalisers
on resource-constrained hardware, providing concrete measurements of inference time, energy
consumption, and resource utilisation. We demonstrate how our compression techniques enable
efficient real-time processing on devices like Raspberry Pi 4 and Nvidia Jetson Nano, which is
crucial for practical applications.

Finally, we explore two innovative approaches that extend beyond pure digital signal processing:
low-complexity RNN-based equalisers for systems employing SOAs and the synergistic integration
of OPC with ANN-based equalisers. These approaches illustrate the potential for hybrid solutions
that combine digital and optical techniques, potentially offering superior performance-complexity
trade-offs compared to purely digital approaches.

By addressing both the theoretical and practical dimensions of ANN-based equalisers and
exploring innovative hybrid approaches, this chapter offers valuable insights for researchers and
engineers engaged in the development and implementation of advanced DSP techniques for
next-generation optical networks.

3.2 Feed-Forward Architectures for Optical Channel Equalisation

Feed-forward neural networks represent a fundamental class of ANNs architectures that have
found significant application in optical channel equalisation. These networks are characterised by
their unidirectional flow of information from the input layer through one or more hidden layers to the
output layer, without any feedback connections [100, 103].

The basic structure of a feed-forward network can be described as follows [100]:

y = fL(WLfL_l(WL_l e fl(Wlx + bl) cee 4 bL_l) + bL) (3.1)
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where x is the input vector, y is the output vector, W; and b, are the weight matrix and bias vector
for the i-th layer respectively, and f;(-) is the activation function for the i-th layer. In the context of
optical channel equalisation, the input x typically represents a sequence of received symbols, while
the output y represents the estimated transmitted symbols.

For all architectures discussed in this chapter, the input vector x represents a temporal window
of received signal samples centred at the symbol of interest. This window spans 2M + 1 consecutive
symbol periods, where M denotes the memory depth parameter that captures past and future
symbol dependencies. The total input dimension is therefore (2M +1) x d;,,, where d;,, represents the
number of input features per symbol. For dual-polarisation systems, d;,, = 4 corresponding to the in-
phase and quadrature components from both horizontal and vertical polarisations (I, Qw, Iy, Qv ),
while single-polarisation systems use d;,, = 2 with only (/, Q) components. The memory depth M
is typically optimised during hyperparameter tuning and commonly ranges from 5 to 20 symbols
depending on channel characteristics and transmission distance [103]. This input structure enables
the neural network to capture temporal dependencies from chromatic dispersion, inter-symbol
interference, and polarisation coupling effects, as detailed in Chapter 2. The choice of M directly
impacts both equalisation performance and computational complexity, as the number of input
features grows linearly with M while network parameters typically scale quadratically for fully-
connected architectures.

3.21 MLP

An MLP consists of an input layer, one or more hidden layers, and an output layer. Each layer
comprises multiple neurons, with each neuron connected to all neurons in the adjacent layers. The
mathematical representation of an MLP with L layers can be expressed as [100]:

al) = FO(z0y = FOWDal-D | pH0) (3.2)

where al¥) is the activation of the i-th layer, W) is the weight matrix, b(®) is the bias vector, and
f®(.) is the activation function of the I-th layer.

Following the general approach described in Section 2.5, training an MLP for optical channel
equalisation involves minimising a loss function that quantifies the difference between the network’s
output and the desired equalised signal. The backpropagation algorithm is used to compute the
gradients of the loss function with respect to the network parameters.

The key steps in the backpropagation process are:

1. Forward Pass: Compute the network’s output for a given input.

2. Loss Calculation: Evaluate the loss function, typically mean squared error (MSE) for regres-
sion tasks.

3. Backward Pass: Compute the gradients of the loss with respect to the model’s parameters.
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4. Parameter Update: Adjust the model’s parameters using an optimisation algorithm, such as
stochastic gradient descent (SGD).

The forward propagation process in an MLP for optical channel equalisation can be described
as follows [100]:

1. Input layer: The received signal samples are fed into the input layer.

a®

=x (3.3)

2. Hidden layers: The signal propagates through the hidden layers.
z) = wWal=1) 4 p0) (3.4)
a® — FO(z0) (3.5)
3. Output layer: The final layer produces the equalised signal.

g = all) = fO (WLl | pD) (3.6)

Common activation functions used in MLPs for optical channel equalisation include [100]:

1. RelLU:
f(z) = max(0, x) (3.7)

ReLU is widely used due to its simplicity and effectiveness in mitigating the vanishing gradient
problem.

2. Hyperbolic Tangent (tanh):

eL — e %
=tanh(z) = —— 3.8
f() = tanh(z) = ———— (3.8)
Hyperbolic Tangent (Tanh) is often used in the hidden layers as it can capture both positive and
negative nonlinearities, clipping the activation range to -1 and 1, as well as providing a very smooth

gradient.

3. Linear activation:

flz) == (3.9)

Linear activation is typically used in the output layer for equalisation when it is approached as a
regression task [120].
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Figure 3.1: MLP architecture for optical channel equalisation. The input layer receives a temporal window
of 2M + 1 received signal samples r(n + M), ...,r(n — M), where each sample contains dual-polarisation
components (Iy,Qu,Iyv,Qv) representing in-phase and quadrature components from horizontal and
vertical polarisations. Two hidden layers with nonlinear activation functions (ReLU or tanh) extract features
and model channel nonlinearities, with each neuron fully connected to all neurons in adjacent layers
through weight matrices W) and bias vectors b(). The output layer uses linear activation to produce
the estimated transmitted symbol components 5;(n) and 5g(n). The forward propagation follows the
equation al) = fO(WWall=1) 1 b)) enabling the network to learn the inverse channel mapping through
backpropagation training.

MLPs can effectively model and compensate for nonlinear distortions in optical channels and
jointly compensate for multiple impairments in a single structure. Moreover, the feed-forward
structure allows for efficient parallel processing [52]. Nevertheless, standard MLPs do not inherently
capture long-term dependencies in the signal, making it necessary the use of deep MLPs which
can be computationally intensive for real-time processing in high-speed systems [103].

3.2.2 CNNs

CNNs are another popular feed-forward architecture used in the context of optical channel
equalisation due to their ability to extract local features and exploit spatial correlations in the input
data [103].

The CNN architecture typically consists of three main components [100, 121]:

1. Convolutional layers
2. Pooling layers

3. Fully connected layers
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The core building block of a CNN is the convolutional layer. The computation taking place in
this layer can be expressed as [100,121]:

M1 F, F )
Z ZZwl] D, q acl 1(s+p—1 t+q— )—|—bl(l) (3.10)

Jj=1 p=14q=1

where:
. ( )is the output of the i-th feature map in the I-th layer
. 331(];)1 is the j-th feature map in the (I — 1)-th layer

. wl(’]) is the weight kernel connecting the j-th feature map in layer (I — 1) to the i-th feature
map in layer [

- b is the bias term

* f(-) is the activation function

» Fj is the size of the convolutional kernel

* M;_, is the number of feature maps in layer (I — 1)

In addition to the convolutional layer, another important component of a CNN are the pooling
layers, which decrease the spatial dimensions of the feature maps, providing translation invariance
and reducing CC. The most common pooling operation in optical channel equalisation is max
pooling [103]:

(i)

(4)
t) = max x 3.11
yl (S ) q Rst [— 1(p7q) ( )

where R, ; is the pooling region centred at position (s, t).

The final layers of a CNN are typically fully connected, similar to those in a traditional MLP.
These layers combine the high-level features extracted by the convolutional and pooling layers to
produce the final output [103].

The previously mentioned and explained layers are combined following the schema [121]:

T = fFC(fpooI(fconv(y))) (3.12)

Therefore, a typical CNN architecture for optical channel equalisation can be represented
as [103,121]:

Input — [Conv — ReLU — Pool]* — [FC]™ — Output (8.13)

where n is the number of convolutional-activation-pooling blocks and m is the number of fully
connected layers.
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In the context of optical channel equalisation, the previous terms can be mapped to [103]:
* y is the received signal

* feonv represents the convolutional layers

* fpool represents the pooling layers

* frc represents the fully connected layers

* 1 is the equalised signal

As it was mentioned above, the main benefit behind using CNNs in optical channel equalisation
stems from their ability to capture both short-term and long-term dependencies in the received
signal. The convolutional layers can extract local features related to IS and nonlinear distortions,
while the deeper layers can learn to compensate for more complex, long-range interactions [103].

The performance and complexity of CNN-based equalisers in optical communications depends
on several factors [103, 120]:

» Network depth and width: Deeper networks can learn more complex nonlinear functions but
may be prone to overfitting and increased computational complexity.

» Kernel size: Larger kernels can capture wider temporal dependencies but increase the
number of parameters.

» Number of feature maps: More feature maps can extract richer representations but increase
CC.

» Pooling strategy: The choice between max pooling and average pooling can affect the model’s
ability to capture relevant features.

Among the benefits of using CNNs when reducing nonlinear impairments in optical communi-
cation systems, it is worth mentioning spatial invariance, that allows the model to capture local
patterns in the input signal regardless of their position, which is particularly useful for dealing
with time-varying channel effects. Moreover, the use of shared weights in convolutional layers
significantly reduces the number of trainable parameters compared to fully connected networks,
leading to more efficient models [103].

3.2.3 1D Convolutional Neural Networks for Time-Series Optical Data Processing

The general CNN block introduced in § 2 extends naturally to 1-D signals. Here the 2-D kernel
and pooling operations become 1-D, making them particularly well-suited for sequential data such
as time-series signals in optical communications.

A typical 1D CNN architecture for optical signal processing consists of the following layers:
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Figure 3.2: 1D CNN equaliser architecture for optical channel equalisation. The input is a temporal window
of 2M + 1 symbol-spaced received samples y(k — M), ..., y(k + M) with d;, channels per sample (di, = 2
for in-phase and quadrature components in single-polarisation systems; d;, = 4 for dual-polarisation with
Iy,Qu,Iv,Qv). The feature extractor consists of n repeated blocks of [Conv—act—Pool], where each 1D
convolutional layer applies kernels of size F' to extract local features related to inter-symbol interference
(ISI) and nonlinear distortions, followed by a nonlinear activation function f(-) (typically ReLU) and max
pooling that progressively reduces the temporal dimension (indicated by |). Each convolutional block
produces C, feature maps (¢ = 1,...,n) that capture different aspects of the temporal signal structure.
After n convolutional-pooling blocks, the feature maps are flattened into a 1D vector and processed by m
fully-connected layers with linear output activation to yield the equalised symbol estimate i, with doy = 2
components (I and Q). The convolutional layers exploit spatial invariance through shared weights across
time positions, capturing local patterns regardless of their position in the input window, which is particularly
useful for time-varying channel effects. This weight sharing significantly reduces the number of trainable
parameters compared to fully-connected networks (see MLP architecture), leading to more efficient models
while maintaining the ability to compensate for both short-term dependencies (through local kernels) and
long-term interactions (through deeper layers). Typical hyperparameters for optical channel equalisation:
memory depth M € [5,20] symbols, kernel size F € [3,7], stride S € [1, 2], pooling width P € [2, 3], number
of blocks n € [2, 4], number of feature maps C;, € [16, 128], and number of FC layers m € [1,2].
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1. Input Layer: Accepts the raw time-series optical data

2. Convolutional Layers: Apply 1D convolutions to extract features
3. Activation Functions: Introduce non-linearity (e.g., ReLU)

4. Pooling Layers: Reduce spatial dimensions and therefore CC

5. Fully Connected Layers: Perform classification or regression

The 1D CNN’s ability to extract hierarchical features from optical signals is particularly valuable.
Lower layers capture local, short-term dependencies, while deeper layers learn more complex,
long-term patterns [103]. This hierarchical feature extraction can be represented as:

WO = Fr® & R 4 p0) (3.14)

where h(!) is the feature map at layer I, W is the convolutional kernel, 4) is the bias, and f(-)
is the activation function.

3.2.4 Feed-Forward Complex-Valued Neural Networks

In the context of this Thesis, not only is the focus on the version of ANNs that employs real
values but also those that works with complex ones. The reason is that CVNNs have emerged as a
promising approach for mitigating nonlinear impairments in optical communication systems. Unlike
traditional real-valued ANNs, CVNNs can directly process complex-valued signals, making them
particularly well-suited for coherent optical systems where both amplitude and phase information
are important [74,122, 123].

A CVNN-based equaliser consists of:

 An input layer that accepts complex-valued samples from the received optical signal
* One or more hidden layers with complex-valued neurons

» An output layer that produces the equalised complex-valued symbols

Mathematically, we can describe the operation of a CVNN layer as:

y=f(Wx+Db) (3.15)

where x is the complex-valued input vector, W is the complex weight matrix, b is the complex
bias vector, f is a complex activation function, and y is the complex-valued output vector [74,122].

Like in the case of the real counterparts, the choice of activation function is crucial in CVNNs.
Common complex activation functions include [122]:
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1. Split-Complex Functions:

f(z) = frR(R(2)) + 5 f1(S(2)) (3.16)
where fr and f; are real-valued functions applied separately to the real and imaginary parts.

2. Amplitude-Phase Functions:
f(2) = tanh(|z|)e’ arg(2) (3.17)

which preserves the phase of the input while applying nonlinearity to the amplitude.

Training a CVNN involves minimising a complex-valued loss function, typically the MSE between
the network output and the desired equalised symbols [74]:

N
1 12
MSE = N E lyi — il (3.18)

=1
where y; are the true symbols and ; are the network outputs.
Gradient-based optimisation algorithms, such as complex-valued backpropagation, are used
to update the network parameters. The gradients with respect to the complex weights are given
by [122]:

OMSE _ OMSE . OMSE
oW aR(W) ' Ta3(W)

CVNNS s offer several advantages for optical channel equalisation [74,123]:

(3.19)

« Direct processing of complex-valued signals without splitting into real and imaginary parts
* Preservation of phase information throughout the network
» Reduced number of parameters compared to equivalent real-valued networks

* Improved convergence speed during training

It has been demonstrated that CVNNs can be more expressive than their real-valued coun-
terparts and outperform them in different contexts. Moreover, in the case of its application when
designing ANN-based equalisers, CVNNs enable direct processing of complex-valued signals with-
out splitting into real and imaginary parts, being competitive or outperforming traditional equalisers
in various optical transmission scenarios. Nevertheless, implementing CVNNs for real-time optical
channel equalisation presents several challenges [74, 123]:

* Increased computational complexity of complex arithmetic
+ Limited support for complex-valued operations in standard deep learning frameworks

» Hardware implementation considerations for high-speed processing
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3.3 Recurrent Neural Network Architectures for Optical Channel
Equalisation

RNNs have emerged as powerful tools for sequence modelling tasks, making them particularly
suitable for optical channel equalisation where temporal dependencies in the signal are crucial.

3.3.1 RNN Fundamentals

Unlike MLPs, which process input as a static, time-independent mapping, RNNs excel in
capturing temporal dynamics by maintaining a hidden state that evolves over time. This recurrent
structure enables RNNs to model both short-term and long-term dependencies in sequential
data, addressing challenges such as inter-symbol interference and nonlinear channel effects.
The hidden state is updated at each time step based on the current input and the previous
hidden state, allowing the network to maintain a form of memory that is essential for addressing
memory-dependent impairments. Furthermore, RNNs dynamically adapt to varying input contexts,
making them robust against noise and variability often encountered in real-world optical systems.
These characteristics position RNNs as essential components in modern communication systems,
particularly in scenarios requiring continuous adaptation to time-varying channel dynamics [37,69].

Figure 3.3 illustrates the key architectural difference between feedforward and recurrent net-
works. While both share the same basic layered structure, the RNN includes recurrent connections
(shown as self-loops) in the hidden layer that enable temporal memory through state feedback.

The basic equations governing an RNN’s forward pass are [69]:

h; = U(Whhht,1 + Wopx: + bh) (3.20)
yi = Wpyhy + by (3.21)

where:

h; is the hidden state at time ¢

* x; is the input at time ¢

* vy, is the output at time ¢

* Whn, Wy, and Wy, are weight matrices

* by, and b, are bias vectors

* o(+) is an activation function, typically tanh or ReLU
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Figure 3.3: Comparison of feedforward ANN (left) and recurrent neural network (right) architectures. Both
share the same feedforward structure, but the RNN includes recurrent connections (teal self-loops) in the
hidden layer that enable temporal memory. These connections allow each hidden neuron to feed its output
back to itself, creating an internal state h; = f(W,h;—; + W,;x; + by,) that depends on both current
input x; and previous state h;_;. The feedforward network produces static mappings y = g(x) suitable for
memoryless tasks, while the RNN'’s sequential processing y; = g(h;) is essential for modelling time-varying
optical channel impairments.

Training RNNs involves a variation of Backpropagation algorithm already discussed, called Back-
propagation Through Time (BPTT). The loss is computed at each time step and then propagated
backwards through the network. The gradients for the weights are [100]:

T

=) = 3.22
OWpny = Oy ' (3:22)
T
oL OL; Ohy
S 3.23
OW i ; h; OW (3:23)
T

awxh

where L is the total loss and L, is the loss at time step ¢.

To understand BPTT, it is helpful to visualize the RNN as an unrolled computational graph over
time, as shown in Figure 3.4. This unrolling makes explicit how the same RNN cell is applied at
each time step, with hidden states flowing from one step to the next.

A significant challenge in training standard RNNs (often referred to as "vanilla RNNs" in the
literature to distinguish them from more advanced variants like LSTM and GRU) is the fact that they
are prone to the already mentioned vanishing and exploding gradient problem. The term "vanilla"
here emphasizes the basic, unmodified architecture without any gating mechanisms or memory
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Figure 3.4: RNN unrolled over time (top) and single RNN cell structure (bottom). The unrolled view
shows how the same RNN cell processes a sequence of inputs x; over multiple time steps, with hidden
states h; flowing from one step to the next. Each blue box represents the same RNN operation: h; =
o(Wrphi—1 + Wypx, + by). The bottom panel shows the internal structure of a single cell, with the
tanh activation processing both the previous hidden state and current input to produce the new hidden
state. This parameter sharing across time steps enables RNNs to process sequences of arbitrary length
while maintaining a consistent temporal representation, essential for modelling time-varying optical channel
dynamics.
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control structures. As the error propagates back through time steps, it can either decay exponentially
(vanishing) or grow exponentially (exploding). This is due to the repeated multiplication by the
weight matrix Wy, [100, 103].

The magnitude of the gradients is influenced by the eigenvalues of Wy, [100]:

oL oL
| = Wl T == 2
”aht” [Whall Hathl (3.25)

If [W || < 1, gradients vanish; if |[W,;,|| > 1, gradients explode.

In the context of optical channel equalisation, standard RNNs (vanilla RNNs) can be used to
model the temporal dependencies in the received signal. The input x; could represent a window of
received samples, while the output y; could be the equalised symbol at time ¢ [69, 124].

The hidden state h, captures the channel memory, allowing the network to account for ISI and
other memory-dependent impairments. However, due to the vanishing gradient problem, standard
RNNs (vanilla RNNs) may struggle to capture long-term dependencies in the optical channel,
especially in long-haul transmission systems with significant dispersion [69].

Figure 3.5 shows the basic architecture of a vanilla RNN cell, illustrating its simplicity compared
to more advanced variants. The cell processes the current input x; and previous hidden state h;_;
through a single nonlinear activation (typically tanh) to produce both the current hidden state h,
and output y;.

To address these limitations, more advanced RNN architectures such as LSTM and GRU have
been developed and applied to optical channel equalisation with greater success, as discussed in
the following sections [103, 125].

3.3.2 LSTM Networks

LSTM networks address the vanishing gradient problem encountered in standard RNNs (vanilla
RNNs), making them more suitable for capturing long-term dependencies in optical channel
equalisation tasks. The LSTM architecture incorporates gating mechanisms that allow the network
to selectively remember or forget information over long sequences [125].

The core component of an LSTM network is the LSTM cell, which consists of three gates (forget,
input, and output) and a memory cell. The operations within an LSTM cell at time step ¢ are defined
by the following equations [103, 125]:

D. Arguello Ron, PhD Thesis, Aston University 2025 62



Output

Hidden state Hidden state

Input

Figure 3.5: Vanilla RNN cell architecture for optical channel equalisation. The cell receives the previous
hidden state h;_; and current input x;, processes them through a nonlinear activation function (typically
tanh) to produce the current hidden state h; = (W hi—1 + Wox; + by), and generates the output
vt = Wy, h, +b,. Unlike LSTMs and GRUSs, the vanilla RNN has no gating mechanisms, making it simpler
but more susceptible to vanishing gradients in long sequences, which limits its effectiveness for modelling
long-range dependencies in optical channels with significant dispersion.
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f; = o(Wylhi_1,%x;] + by) (3.26)
i, = o (Wilhy_1, %] + b;) (3.27)
¢; = tanh(W [hy—1,x¢] + b.) (3.28)
cc=foOc 1+t O¢ (3.29)
o = 0(Wy[hi—1,x¢] + by) (3.30)
h; = o; ® tanh(c;) (3.31)

where f;, i;, and o, are the forget, input, and output gates respectively, c; is the cell state, h; is
the hidden state, x, is the input at time ¢, W, and b, are the weight matrices and bias vectors for the
respective gates, o(-) is the sigmoid activation function, and ® denotes element-wise multiplication.

The forget gate f; determines how much of the previous cell state to retain, the input gate
i; controls the flow of new information into the cell state, and the output gate o; regulates the
information output from the cell. This gating mechanism allows LSTMs to capture long-range
dependencies in the input sequence, making them particularly suitable for modelling the memory
effects in optical channels [103].

In the context of optical channel equalisation, LSTMs are employed to process sequences of
received symbols, effectively capturing both short-term and long-term dependencies introduced by
CD, PMD, and nonlinear effects. The ability of LSTMs to selectively retain relevant information over
long sequences makes them well-suited for scenarios where the channel memory spans multiple
symbol periods [103].

While standard LSTMs process a sequence from start to finish, bidirectional LSTMs (BiLSTMs)
take this one step further by also looking at the sequence in reverse. In other words, they read
from both left to right and right to left. This extra step can be a game-changer for tasks like optical
channel equalisation because future symbols can contain important clues that help correct the
current symbol. By examining both past and future contexts, a BiLSTM can better capture the
dependencies in a signal that might otherwise be missed [103].

In practical terms, a BiLSTM combines two separate LSTM layers: the “forward” layer processes
the input in its natural order, while the “backward” layer reads it in reverse. The outputs from these
two layers are then merged to produce a single final result. Because many optical channels exhibit
interference from neighboring symbols, having access to both directions at once allows the network
to learn richer patterns, leading to more accurate equalisation of the transmitted symbols. This is
mathematically expressed as [126]:
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Figure 3.6: LSTM cell used in the equaliser. At time ¢, the input x; and previous hidden state h;_; produce
the forget, input and output gates f;, i;, o; (boxes labeled o), and the candidate state ¢&; (box labeled tanh).
The cell state follows a gated carry path ¢; = f; ® ¢;—1 + i; ® ¢, and the hidden state is h; = o; ® tanh(c;).
Circles marked x and + denote element-wise product and summation, respectively. The explicit cell-state
highway mitigates vanishing gradients and enables the model to capture long-range memory in optical

channels.
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T, = LSTM(x;, By1) (3.32)
<Ht = I—STMb(Xta tt+1) (3.33)
ye=W, [0, %] +b, (3.34)

where E)t and tt are the hidden states of the forward and backward LSTM layers respectively,
and y; is the output at time step ¢.
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Figure 3.7: Architecture of the BiLSTM network used for optical channel equalisation. The model processes
the input sequence in both forward and backward directions, enabling it to capture dependencies from past
and future symbols. The concatenated hidden states from both directions are then combined to generate the
final output, providing improved context understanding and enhanced nonlinearity mitigation.

In the context of optical channel equalisation, BiLSTMs offer several advantages [103]:

1. Improved context understanding: By processing the sequence in both directions, BiLSTMs
can capture dependencies on both past and future symbols, which is particularly useful for
compensating effects that spread symbol information in both temporal directions.

2. Enhanced nonlinearity mitigation: The bidirectional processing allows the network to bet-
ter model and compensate for nonlinear effects that may depend on both preceding and
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succeeding symbols.

3. Robustness to pattern-dependent effects: BiLSTMs can more effectively handle pattern-
dependent impairments by considering the full context around each symbol.

Like in the case of the LSTM, the BiLSTMs can tackle equalisation tasks effectively because
they learn temporal dependencies in the signal from both past and future contexts. In optical
communications, inter-symbol interference spreads the impact of any given transmitted symbol
over multiple symbol periods, so the received signal does not just depend on the current sym-
bol—neighboring symbols are also highly relevant. A BiLSTM naturally “remembers” information
from earlier inputs (and also processes later inputs in reverse order if you give it the full sequence),
which helps it capture long-range temporal correlations and mitigate interference. Going back to
the comparison with the already described MLP, it is worth noticing that this model is essentially
memoryless: it takes a snapshot of the data at a single time step and produces an output without a
built-in mechanism to incorporate sequence context. Although it can approximate many functions
in principle, it has no inherent feedback or gating structure to keep track of what happened in
previous (or future) time steps. This is why simply giving an MLP the raw signal samples often
underperforms compared to a recurrent model that can store and update a latent representation
of the signal’s past (and, in a BIiLSTM, future). The benefit of BILSTMs is less about differences
in the “information content” of the signal itself and more about these built-in memory and gating
mechanisms that leverage correlations across time. [103, 126, 127].

3.3.3 GRUs

GRUs offer a simplified gating mechanism compared to LSTMs, potentially reducing computa-
tional complexity while maintaining comparable performance in many tasks. GRUs are designed
to capture dependencies of different time scales adaptively and address the vanishing gradient
problem often encountered in standard RNNs [69].

The GRU architecture combines the forget and input gates into a single "update gate" and
merges the cell state and hidden state. This results in a simpler model with fewer parameters, which
can be beneficial in terms of computational efficiency and reduced risk of overfitting, especially
when dealing with smaller datasets [128].

The key equations governing the GRU’s operation are as follows [69, 128]:

z; = 0(W_[h;1,%] + b;) (3.35)
r; =o(Wilhi1,%x¢] +b;) (3.36)
hy = tanh(W([r; © hy_1,x;] + b) (3.37)
hy=(1-2z)®h_,+2z 6h, (3.38)
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where:

 z; is the update gate, which decides how much of the past information (from previous time
steps) needs to be passed along to the future.

* ry is the reset gate, which determines how much of the past information to forget.
« hy is the candidate hidden state.

* h, is the current hidden state.

* x; is the input at time step ¢.

* W,, W,, and W are weight matrices.

* b., b,, and b are bias vectors.

* o(+) is the sigmoid activation function.

+ tanh(-) is the hyperbolic tangent activation function.

* ® denotes element-wise multiplication.

The update gate z; plays a crucial role in determining how much of the previous hidden state
should be retained. When z, is close to 1, the model keeps most of the previous state and only
updates it minimally with new information. Conversely, when z, is close to 0, the model discards
most of the previous state and primarily uses the new candidate state.The reset gate r; allows the
model to effectively "forget" past information by controlling how much of the previous hidden state
is used in computing the candidate hidden state h,. This mechanism enables the GRU to capture
short-term dependencies when necessary [128].

In the context of optical channel equalisation, like in the case of LSTMs, GRUs can be particularly
effective due to their ability to adaptively handle varying channel memory lengths. The gating
mechanism allows the network to selectively focus on relevant historical information, which is
crucial in dealing with the complex temporal dependencies introduced by CD and other fibre
impairments [69, 103].

Moreover, the reduced parameter count of GRUs compared to LSTMs can be advantageous
in hardware implementations for real-time optical signal processing. The simpler architecture
potentially leads to lower latency and power consumption, which are critical factors in high-speed
optical communication systems [69].

However, it is important to note that the choice between GRUs and other RNN variants (such as
LSTMs) often depends on the specific characteristics of the optical channel and the requirements
of the equalisation task. Empirical evaluation is typically necessary to determine the most suitable
architecture for a given application [69, 103, 124].
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Figure 3.8: GRU cell for optical channel equalisation. The update and reset gates z; and r; (boxes
labeled o) are computed from [h;_;,x;]. The reset gate modulates the contribution of the past when
forming the candidate h; = tanh(W[rt ©he1,x¢] + b), and the output blends past and candidate via
hy=(1-2z)0h1+2 06 h;. As in the figure, circles indicate element-wise product and + summation.
Compared with the LSTM, the GRU has no separate cell state, yielding fewer parameters while retaining the
ability to model channel memory.
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3.4 Computational Complexity Metrics for Neural Network Equalisers

Before exploring specific compression techniques, it is crucial to establish appropriate metrics
for evaluating the CC of ANNs-based equalisers. These metrics provide a standardised framework
for comparing different architectures and compression methods.

* Number of Real Multiplications (RM): The number of real multiplications (RM) per recovered
symbol is a fundamental metric that directly correlates with the computational complexity
(CC) of the equaliser. Both real-valued and complex-valued neural networks are considered
in this analysis. For a feed-forward real-valued neural network with L layers, the RM can be
expressed as [52,68, 129]:

L
RMyear = » - myy (3.39)
=1
where n; is the number of neurons in layer . In optical communication systems, complex-
valued neural networks (CVNNSs) are often employed to process in-phase and quadrature
components simultaneously. For a CVNN, each complex multiplication requires four real
multiplications. Therefore, the RM for a complex-valued feed-forward neural network can be
calculated as [105]:

L

RMcomple;L’ =4 Z np-nj—1 (340)
=1

* Number of Bit Operations (BOP): The BOP metric accounts for the bitwidth of weights and
activations, providing a more accurate representation of the computational cost in fixed-point
implementations [52,68, 129]:

L
BOP = an cNyj—1 - (bw : ba + bw + ba) (341)
=1

where b,, and b, denote the bitwidths of weights and activations, respectively [68].

* Number of Additions and Bit Shifts (NABS): The NABS metric is particularly relevant for
quantised models where multiplications are often replaced by bit shifts and additions [52,129]:

L
NABS = my-m_y - (Xy +1) - (b + ba + logy(ny_1)) (3.42)
=1

where X, is the number of adders required to represent a multiplication operation [129].
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These metrics will be used throughout this chapter to evaluate the effectiveness of various
compression techniques.

3.4.1 Q-factor as Performance Metric: Comparison with Validation Accuracy

In the context of optical communication systems, the Q-factor has emerged as the primary
performance metric for evaluating ANN-based equalisers, in contrast to the validation accuracy
commonly used in general machine learning applications. Understanding the relationship between
these metrics and their respective applicability is essential for proper assessment of equaliser
performance.

The Q-factor, expressed in decibels (dB), is derived from the bit error ratio (BER) and provides
a direct measure of signal quality in optical transmission systems [103]:

Q = 201og, (\/i cerfc (2. BER)) (3.43)

where erfc™! is the inverse complementary error function. The Q-factor quantifies the SNR margin
in the decision regions of the constellation diagram, directly correlating with system performance in
terms of optical reach, power budget, and transmission reliability.

In contrast, validation accuracy—commonly employed in classification tasks—measures the
percentage of correctly classified samples. While validation accuracy is intuitive and widely used in
machine learning, it has several limitations when applied to optical channel equalisation [37,103]:

 Binary vs. Continuous Assessment: Validation accuracy treats all errors equally (correct
or incorrect), whereas the Q-factor incorporates the magnitude of symbol estimation errors
through the BER calculation, providing a more nuanced performance assessment critical for
communication systems.

* Industry Standard Compatibility: The Q-factor is an established metric in optical communi-
cations, enabling direct comparison with traditional DSP techniques (e.g., CDC, DBP) and
facilitating integration into existing performance evaluation frameworks. Validation accuracy,
being unfamiliar to optical engineers, would hinder cross-method comparisons.

» Physical System Correlation: Q-factor directly relates to physical transmission parameters
such as OSNR, launch power, and fibre dispersion. A Q-factor improvement of 1 dB, for
example, can translate to extended transmission distance or reduced required OSNR, metrics
that validation accuracy cannot capture.

« Sensitivity to Degradation: For high-performance equalisers achieving BER < 1072 (Q-
factor > 9.8 dB), validation accuracy often saturates near 100%, masking subtle but critical
performance differences. The Q-factor, measured in logarithmic scale, remains sensitive
across the entire operational range.
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Throughout this chapter, we report Q-factor degradation relative to the uncompressed baseline
model. For instance, a compressed model maintaining "Q-factor degradation < 0.5 dB" indicates
performance within 0.5 dB of the original dense network. This degradation-based reporting enables
clear assessment of compression technique impact across different transmission scenarios.

An important consideration in ANN-based equalisation is the consistency of Q-factor perfor-
mance between training and testing datasets. In our experiments across multiple transmission
scenarios (presented in Sections 3.2-3.17), we observed the following characteristic behaviours:

» Generalisation Gap: The Q-factor on training data typically exceeds that on testing data by
0.2-0.5 dB, reflecting the model’s inherent overfitting tendency. For example, in the 30 Gbaud
64-QAM 20 x50km scenario, the baseline MLP achieved Q-factor of 11.1 dB on training data
versus 10.8 dB on testing data.

» Compression Impact on Generalisation: Interestingly, moderate compression (40-60% spar-
sity) often reduces the training-testing Q-factor gap. At 60% sparsity, the training Q-factor
drops to 10.9 dB while testing Q-factor remains at 10.7 dB, suggesting that pruning acts as
implicit regularisation, improving generalisation.

 Aggressive Compression Threshold: Beyond 70-80% sparsity (depending on scenario), both
training and testing Q-factors degrade rapidly and convergently, indicating loss of model
capacity rather than overfitting. This threshold identifies the practical compression limit for
each architecture.

* Quantisation Robustness: Post-training quantisation from FP32 to INT8 affects training and
testing Q-factors nearly identically (both degrade by = 0.1 dB), confirming that quantisation
primarily impacts representation precision rather than generalisation capability.

These observations validate the use of Q-factor as a comprehensive performance metric that
captures both equalisation quality and generalisation behaviour. All results presented in this
chapter report testing dataset Q-factors unless explicitly stated, ensuring conservative performance
estimates applicable to real-world deployment scenarios.

3.5 Pruning Strategies for ANNs-based Equalisers

Pruning is a technique that involves removing unnecessary elements from an ANN, effectively
reducing its size and CC. In the context of optical channel equalisation, pruning can be particularly
effective due to the inherent sparsity in the equaliser’s weight matrices [52,68, 116].

0, if ]wij| < )\,
wij = (344)
w;j, Otherwise
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where A is the pruning threshold. This method is based on the assumption that smaller weights
contribute less to the network’s output and can be removed with minimal impact on performance.

Figure 3.9 provides comprehensive visualisation of compression techniques on weight distribu-
tions for optical channel equalisers. Panel (a) shows the dense FP32 baseline with Gaussian-like
distribution and zero sparsity (1 = 0). Panel (b) demonstrates pruning’s effect: applying threshold
A creates a prominent zero spike at w = 0 representing 60% of the original 510K parameters
being removed—this discrete mass of 306,000 zeros is the visual signature of structural sparsity
(1 = 0.60). Panel (c) contrasts with quantisation, which discretizes values to 256 levels but critically
preserves sparsity (1 unchanged, no zero spike).

The pruning workflow proceeds in three stages: (1) Train dense network to convergence,
(2) Identify weights satisfying |w;| < A for removal based on magnitude distribution analysis,
(3) Set identified weights to zero and fine-tune remaining parameters to recover performance.
Computational impact is direct: multiply-accumulate operations scale as MACSpryned =~ (1 — 1) X
MACSgense, Yielding 60% complexity reduction (36,000 — 14,400 RMpS) proportional to sparsity.
Memory footprint decreases from 2.04 MB to 816 KB as sparse storage stores only non-zero
weights.
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Figure 3.9: Comparison of weight distributions for compression techniques applied to a BiLSTM optical
equaliser. Each histogram shows the empirical distribution of the recurrent kernel weights of one of the LSTM
layers. (a) Dense baseline (FP32): Gaussian-like distribution, ¢ = 0. (b) Magnitude pruning: Threshold
|lw;| < A removes a certain % of weights determined by , creating a zero spike at w = 0. (c) Uniform
quantisation: Mapping to 256 levels (INT8) discretizes weights without sparsity change (u = 0). Pruning
alters topology (sparsity), while quantisation alters numerical precision.

Beyond simple magnitude-based pruning, several advanced strategies have been developed to
improve the effectiveness of pruning while maintaining network performance. One of this is the
known as fine-tuning, in which after initial pruning, the network is retrained with a reduced learning
rate to adapt to the new sparse structure [52]:

9t+1 == Gt - ’I’]VL(gt) (345)

where 0, are the network parameters at step ¢, n is a small learning rate, and L(6;) is the loss
function. Another one is weight rewinding, which is inspired by the lottery ticket hypothesis. This
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hypothesis states that within a large, over-parameterised neural network, there exists a smaller
subnetwork that, when trained in isolation, can match or exceed the performance of the original
network. This subnetwork is referred to as a "winning ticket" [130] Weight rewinding pruning process
involves [52]:

—_

. Training the network to convergence

N

. Pruning low-magnitude weights

w

. Resetting remaining weights to their initial values

4. Retraining from this initialisation
The process can be described as:
0, if ”LUZ']'| <A,

Wi; = (346)
Wij, otherwise

where wg.)) is the initial value of weight w;;. Finally, it is a method that combines features of
fine-tuning and weight rewinding is learning rate rewinding [52]:

.y

. Train the network to convergence
2. Prune low-magnitude weights
3. Reset the learning rate schedule, but keep the trained weights

4. Retrain with the original learning rate schedule

The learning rate at step ¢ during retraining is set to:

1t = Tischedule (t mod T) (3.47)

where nschequle 1S the original learning rate schedule and T is the length of the schedule. These
advanced pruning strategies often lead to better preservation of network performance compared to
simple magnitude-based pruning, especially for deep models used in complex tasks like nonlinear
equalisation in optical communications.

Structured pruning is another approach which removes entire neurons or filters, leading to a
more regular sparsity pattern that can be more efficiently exploited by hardware. Unlike unstructured
pruning, which removes individual weights, structured pruning targets whole structural units of the
network [52, 68].

One common method to determine which neurons to prune is based on their importance. The
importance of a neuron can be calculated as:

Importance(n;) = > _ |w] (3.48)
J
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where w;; is the weight connecting neuron ¢ to neuron j in the subsequent layer. Neurons with the
lowest importance scores are removed from the network.

3.5.1 Bayesian Optimisation Fundamentals for Neural Network Equalisation

Before examining the specific applications of BO to neural network compression techniques
in optical communications, it is essential to establish the theoretical foundations that make BO
particularly well-suited for optimising ANN-based equalisers. BO represents a powerful global
optimisation framework designed to find the optimal hyperparameters of expensive-to-evaluate
black-box functions, making it ideally suited for neural network optimisation where training and
evaluation are computationally intensive [113,131].

BO addresses the optimisation problem of finding the global optimum of an unknown objective
function f(x) over a bounded domain X C R%:

x* = arg max f(x) (3.49)

In the context of optical communication equalisers, f(x) typically represents a performance
metric (such as Q-factor or BER) as a function of hyperparameters x (learning rates, network
architectures, compression parameters, etc.). The fundamental challenge is that evaluating f(x)
requires training and testing the neural network, which is computationally expensive and time-
consuming.

BO addresses this challenge through two key components: a probabilistic surrogate model
that captures our beliefs about the unknown function, and an acquisition function that guides
the selection of the next evaluation point. The most commonly used surrogate model is the
Gaussian Process (GP), which provides a principled way to model uncertainty about the objective
function [132,133]. A Gaussian Process defines a distribution over functions and can be completely
specified by its mean function m(x) and covariance (kernel) function k(x,x’):

f(x) ~ GP(m(x), k(x,x)) (3.50)

For neural network optimisation in optical communications, the mean function is typically set
to zero, m(x) = 0, while the covariance function captures the smoothness assumptions about the
objective function. The Matérn 5/2 kernel is commonly used:

k(x,x') = JJ% <1 +V5r + 5;2> exp (—\/57“) (3.51)

where r = ||x — x/|| /¢, ¢ is the characteristic length scale, and aj% is the signal variance.
Given a set of observed evaluations D = {(x;, v:)}"_; Where y; = f(x;) + ¢ and ¢; ~ N'(0,02),
the GP provides analytical posterior predictions. The predictive mean and variance at a new point
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X, are:

n(x.|D) = KL (K + 020) "ty (3.52)
02(%4|D) = k(x4, %) — kI (K 4 021) "k, (3.53)
where k, = [k(x«,x1), ..., k(x«,x,)]7, K is the covariance matrix with entries K;j = k(x4,%;), and

y = [y1,.. ~,yn]T-

The acquisition function «(x) determines where to evaluate the objective function next by
balancing exploration (sampling where uncertainty is high) and exploitation (sampling where the
predicted function value is high).

 Expected Improvement (El):
El measures the expected improvement over the current best observed value f* =
max;=1,..n Yi-

apr(x) = Elmax(f(x) — f7,0)] = o(x) [¢(2) + Z2(2)) (3.54)

where Z = % ¢ is the standard normal PDF, and @ is the standard normal CDF. El
provides a good balance between exploration and exploitation, making it suitable for neural
network hyperparameter optimisation where both convergence speed and solution quality are

important.

* Upper Confidence Bound (UCB):
UCB balances exploration and exploitation through a confidence parameter j:

apep(x) = p(x) + /Bo(x) (3.55)

The parameter 5 controls the exploration-exploitation trade-off. Higher values of 5 encourage
more exploration, which can be beneficial in the early stages of optimisation when the search
space is not well understood. For neural network equaliser optimisation, 5 can be adapted
based on the optimisation progress.

* Probability of Improvement (PI):
Pl measures the probability that a point will improve upon the current best:

apr(x) = ® (‘W> (3.56)

o(x)

where £ > 0 is a trade-off parameter. While Pl is the simplest acquisition function, it can be
overly conservative for complex optimisation landscapes typical in neural network design.

For optical communication equaliser optimisation, El and UCB are generally preferred due to
their superior exploration capabilities and convergence properties. The choice between them often
depends on the specific optimisation landscape and computational budget constraints.
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BO provides theoretical guarantees on convergence rates, which are particularly important for
resource-intensive neural network training. The regret, defined as r, = f(x*) — max;—1 ., f(x;),
decreases at a rate that depends on the smoothness of the objective function and the acquisition
function choice [134].

For the common case where the objective function belongs to a reproducing kernel Hilbert
space (RKHS) with kernel k, the cumulative regret of BO with appropriate acquisition functions
scales as O(,/n7,), where v, is the maximum information gain after n evaluations. For commonly
used kernels like Matérn, this leads to regret bounds of O(y/n(logn)4) in d dimensions [134].

In practical neural network optimisation for optical communications, several stopping criteria are
employed:

1. Performance threshold: Stop when the best observed performance exceeds a predefined
threshold (e.g., Q-factor > 10 dB for a specific transmission scenario).

2. Improvement tolerance: Terminate if the improvement in the best observed value over the
last & iterations falls below a threshold e.

3. Maximum evaluations: Set a computational budget based on available resources and training
time constraints.

4. Convergence diagnosis: Monitor the acquisition function values; consistently low values
across the search space indicate convergence.

BO differs fundamentally from traditional optimisation approaches commonly used in neu-
ral network training. While gradient-based methods like SGD and Adam optimise the network
weights directly through backpropagation, BO operates at the hyperparameter level, optimising
the configuration space that defines the network architecture, training process, and compression
strategies.

The relationship between BO and reinforcement learning (RL) merits clarification, as both
involve sequential decision-making under uncertainty. However, they address different types of
problems:

» BO focuses on global optimisation of expensive black-box functions, making it ideal for
hyperparameter tuning where each evaluation (training a neural network) is costly but provides
direct feedback about the objective.

* RL addresses sequential decision-making in dynamic environments, optimising policies for
long-term reward accumulation through interaction with an environment.

In neural network complexity optimisation for optical communications, BO is not a form of RL
but rather a complementary approach. BO can be used to optimise RL hyperparameters, or RL
can be employed within the neural network architecture that BO is optimising. The key distinction is
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that BO treats the neural network training process as a black box to be optimised, while RL could
be used as the optimisation algorithm within the neural network itself.

When applying BO to neural network equaliser optimisation, several optical-system-specific
considerations arise:

1. Multi-objective optimisation: Optical systems often require balancing multiple objectives (Q-
factor, computational complexity, power consumption). Multi-objective BO extensions like
expected hypervolume improvement can address these trade-offs.

2. Constraint handling: Hardware limitations (memory, processing power) and performance
requirements (real-time processing) introduce constraints that can be incorporated through
constraint-aware acquisition functions.

3. Transfer learning: Knowledge from similar optical transmission scenarios can be leveraged
through transfer learning in the GP prior, reducing the number of evaluations needed for new
configurations.

4. Parallel evaluation: When multiple training resources are available, batch BO methods
can evaluate multiple hyperparameter configurations simultaneously, significantly reducing
optimisation time.

With these theoretical foundations established, we can now examine how BO is specifically
applied to neural network compression techniques in optical communication systems.

3.5.2 Integration of BO with Pruning Techniques

Building upon the theoretical foundations of BO, we now examine its application to pruning
techniques for neural network equalisers. While the pruning methods explained above have
demonstrated being effective when reducing the CC of ANNs-based equalisers, the selection of
optimal pruning hyperparameters remains a challenging task [116]. To address this issue, we
propose the integration of BO into the fine-tuning pruning process as a powerful tool for finding the
most suitable pruning hyperparameters. Therefore, not only do we apply BO to define the pruning
policy, but also other important hyperparameters of the model (the number of tuning epochs,
learning rate, and initial/final sparsity). This, way it is possible to find an appropriate trade-off
between performance and computational complexity:

 Pruning percentage («): The proportion of weights or neurons to be pruned at each iteration.
A higher pruning percentage leads to greater complexity reduction but may also increase the
risk of underfitting, due to acting as a regularisation method.

* Pruning schedule (7): The schedule or timing of pruning operations during the training process.
This includes decisions on whether pruning should be applied at the beginning, middle, or
end of training, as well as the frequency of pruning events.
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» Learning rate adjustment (n): The learning rate after each pruning step must be carefully
adjusted to ensure that the remaining weights continue to optimise effectively. The choice of
n can significantly impact the network’s ability to recover from pruning-induced performance
loss.

* Number of pruning epochs (njr): The total number of pruning and retraining cycles, which
can affect both the final model size and its performance.

BO begins by defining an objective function f(#) that captures the trade-off between model
performance and computational complexity. A suitable objective function can be defined as [52]:

(Fi — P)
Cp/C;
where P; and P, represent the initial and pruned performance metrics, respectively (i.e., BER),
and C; and C,, denote the computational complexity (e.g., number of multiplications or floating-point
operations) before and after pruning. The BO process then iteratively updates the GP model based
on new evaluations of f(0), selecting the next hyperparameter set 6 to evaluate based on the
acquisition function.
The optimisation process can be broken down into the following steps:

Objective = f(0) = if P > Py, (3.57)

1. Initialisation: Begin by randomly selecting a small set of hyperparameters 64, 6-,...,6, and
evaluating the objective function f(0) for each. These initial evaluations form the basis of the
surrogate GP model.

2. Surrogate Model Construction: Construct the GP model, which provides a probabilistic
estimate of f(0) across the hyperparameter space. This model estimates both the expected
value of the objective function and the uncertainty associated with each prediction.

3. Acquisition Function Optimisation: The acquisition function is optimised to select the next
hyperparameter set 6,,.1. The chosen acquisition function depends on the trade-off between
exploration and exploitation of interest.

4. Evaluation and Update: The selected hyperparameter set 6,,.1 is evaluated, and the result is
used to update the GP model. The process repeats, iteratively refining the surrogate model
and moving towards the optimal pruning strategy.

5. Convergence: The optimisation process continues until convergence criteria are met, such as
a predefined number of iterations or a threshold improvement in the objective function. The
final set of hyperparameters represents the optimal pruning strategy.

BO can be applied to a variety of pruning techniques, despite of having it done just in the
fine-tuning approach in this Thesis, as described above [52]:
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» Magnitude-based Pruning: BO can optimise the pruning percentage and schedule, ensuring
that only the least important weights are removed while maintaining model accuracy.

« Structured Pruning: BO can determine the optimal layers or blocks to prune, along with the
proportion of neurons or filters to remove in structured pruning approaches.

» Dynamic Pruning: For methods that adjust pruning based on the training process, BO can
optimise the rules governing when and how much to prune at each step.

By leveraging BO, it is possible to achieve an optimal trade-off balance between the performance
of ANNs-based equalisers and their CC, ensuring that the pruned models are both efficient and
effective in real-time optical communication systems. Therefore, BO enables the design of pruned
models that offer an optimal trade-off between complexity and performance, paving the way for
more efficient and scalable ANNs implementations in optical communication systems.

3.6 Quantisation Techniques for ANNs-based Equalisers

Quantisation reduces the precision of weights and activations, decreasing memory requirements
and simplifying computations. In optical channel equalisation, where real-time processing is
crucial, quantisation can significantly reduce latency and power consumption [52,68]. Two primary
approaches to quantisation are quantisation-aware training (QAT) and post-training quantisation
(PTQ). PTQ is a process where quantisation is applied to a pre-trained model without retraining.
Therefore, it is simple and fast to apply and does not require of access to the original training
data.Nevertheless, it may lead to significant accuracy degradation, especially for low-bit quantisation.
To mitigate the performance loss due to quantisation, QAT incorporates the quantisation operation
into the training process, allowing the network to adapt to the reduced precision. During forward
propagation, QAT simulates quantisation [52, 135]:

W = Q(w) = round(w/A) - A (3.58)

where A is the quantisation step size. However, for backpropagation, a straight-through estimator

is typically used:
oL 0L ow _ 0oL

ow  dw dw  dw
This allows gradients to flow through the quantisation operation. QAT generally achieves higher
accuracy than PTQ, especially for low-bit quantisation, as it allows the network to adapt its weights
to counteract quantisation effects.Furthermore, it can be combined with other techniques like
pruning for more efficient models. Nevertheless, requires retraining the entire network, which can
be time-consuming [52, 135].
Unlike pruning which creates structural sparsity by eliminating weights (Figure 3.9(b), zero spike),
quantisation operates through precision reduction without changing network topology. Figure 3.9(c)

(3.59)
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demonstrates the critical distinction: INT-8 quantisation shows discretisation into 256 levels (visible
as stepped histogram edges) but no increase in sparsity (1 unchanged, no zero spike). This
visual signature confirms quantisation preserves parameter count while reducing precision.

The quantisation process maps continuous FP32 (32-bit floating-point) weights into discrete-
valued INT8 (8-bit integer) representations, achieving 75% memory reduction per weight (4 bytes
— 1 byte). For the 510K-parameter BiLSTM equaliser, INT-8 quantisation achieves: 2.04 MB —
510 KB. When combined with 60% pruning, synergistic compression yields 10x reduction: 2.04
MB — 204 KB, enabling deployment on Raspberry Pi 4 and Jetson Nano.

In contrast to distinguishing between quantisation methods based on the time of the model’s
life-cycle when it takes place, it is possible to differentiate between methods depending on specific
features. Thus, uniform quantisation is the most straightforward approach, where the continuous
range of values is divided into evenly spaced intervals. Thus, for a weight w in the range [a, b], the
uniformly quantised value Q(w) is given by [68]:

Q(w) = round <w — a> s+a (3.60)

S

where s = Qn “ is the step size, and n is the number of bits used for quantisation.

As it was discussed above, it is simple to implement and provides a good balance between
positive and negative values. Nevertheless, it may not be optimal for weights with non-uniform
distributions. In this case, non-uniform quantisation schemes, such as logarithmic quantisation, can
better preserve the dynamic range of weights [52]:

Q(z) = sign(x) - 2roundioe:(lz0) (3.61)

Another approach is power of two (PoT) quantisation, which constrains weights to be powers of
two. This can significantly simplify computations by replacing multiplications with bit-shift operations.
A PoT quantised value Qp,r(w) is given by [52]:

Qpor(w) = sign(w) - 2reunddios: wl) (3.62)

As a consequence it enables multiplication via bit-shift operations. drastically reducing CC.
Nevertheless, it may lead to larger quantisation errors, especially for values not close to powers of
two.

Finally, Additive Power of Two (APoT) quantisation is a more flexible approach that represents
weights as sums of powers of two, offering a compromise between the simplicity of PoT and the
accuracy of uniform quantisation. An APoT quantised value Q 4p,r(w) is represented as [52]:

Qapor(w) = sign(w Zb 27 (3.63)
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where b; € 0,1 are binary coefficients, and & is the number of additive terms. This approach
provides finer granularity than Uniform quantisation, while maintaining some of the computational
benefits of PoT, related to the use of additions and bit-shifts.

3.6.1 Impact of Compression Techniques on Overfitting Sensitivity in Optical Chan-
nel Equalisation

An important consideration when applying compression techniques to ANN-based equalisers
is their effect on model overfitting, particularly in the context of optical communication datasets.
Overfitting occurs when a neural network learns to memorise training data patterns rather than
extracting generalisable features, resulting in degraded performance on unseen test data. In optical
channel equalisation, where ANNs must generalise across varying fibre conditions, launch powers,
and transmission distances, overfitting poses a critical challenge that compression techniques can
either exacerbate or mitigate.

Before examining the specific overfitting characteristics, it is instructive to visualize the funda-
mental distinction between pruning and quantisation techniques. Figure 3.9 presents empirical
weight distributions from a 510K-parameter BiLSTM equaliser under three conditions: dense FP32
baseline, magnitude-based pruning (60% sparsity), and INT-8 quantisation. The figure demon-
strates the critical difference in how these techniques affect network sparsity: pruning creates
a prominent “zero spike” at w = 0 (sparsity p > 0), while quantisation preserves the original
sparsity (u unchanged) and instead discretizes the weight values to 256 representable levels. This
visual comparison establishes the foundation for understanding their distinct impacts on overfitting
behaviour, computational complexity, and generalisation performance discussed throughout this
section.

Pruning techniques, particularly magnitude-based pruning, have been demonstrated to act as
implicit regularisation mechanisms that can reduce overfitting susceptibility in ANN-based optical
equalisers. The regularisation effect arises through several complementary mechanisms:

» Reduced model capacity: By eliminating low-magnitude weights, pruning reduces the effective
capacity of the neural network, constraining its ability to memorise noise and dataset-specific
artifacts present in training data. In our experiments with optical channel equalisation (30
Gbaud 64-QAM over 20x50km SSMF), we observed that unpruned MLP equalisers with
510K parameters exhibited training Q-factor of 11.1 dB versus testing Q-factor of 10.8 dB—a
0.3 dB generalisation gap indicative of mild overfitting. After applying 60% magnitude-based
pruning (reducing to 204K active parameters), the training Q-factor decreased to 10.9 dB
while testing Q-factor stabilised at 10.7 dB, reducing the generalisation gap to 0.2 dB. This
narrowing of the training-testing performance gap confirms pruning’s regularisation effect.

+ Sparse feature selection: Magnitude-based pruning preferentially retains weights with large
absolute values, which typically correspond to the most salient features for signal equalisation.
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Low-magnitude weights, often associated with fitting noise or minor dataset variations, are
removed. This sparse feature selection mechanism ensures that the pruned network focuses
on robust, generalisable signal characteristics (such as chromatic dispersion patterns and
nonlinear Kerr effects) rather than transient noise fluctuations specific to the training dataset.

« Critical sparsity threshold: Our analysis across multiple optical transmission scenarios reveals
a critical sparsity threshold beyond which overfitting reduction reverses into underfitting. For
MLP-based equalisers, moderate sparsity levels (40—70%) consistently improve generali-
sation. However, at aggressive sparsity levels (>80%), both training and testing Q-factors
degrade sharply and convergently, indicating that the network has lost essential modelling
capacity. At 90% sparsity, the pruned MLP achieves only 6.2 dB Q-factor on both training
and testing sets—near the linear equalisation baseline—confirming that excessive pruning
destroys the network’s ability to learn nonlinear channel compensation altogether.

The overfitting sensitivity to pruning depends critically on the optical dataset characteristics. In
our experiments:

 High-dispersion scenarios (34.4 Gbaud over 9x110km): Dense networks (zero sparsity)
exhibited larger generalisation gaps (0.5-0.7 dB), and moderate pruning (50-60% sparsity)
provided the most significant overfitting reduction.

» Moderate-dispersion scenarios (30 Gbaud over 20x50km): Generalisation gaps were smaller
even without pruning (0.2-0.3 dB), and pruning benefits saturated at 40-50% sparsity.

» Experimental dataset (with measurement noise and hardware imperfections): Pruning’s
regularisation effect was most pronounced, as it naturally suppressed memorisation of noise
artifacts introduced by imperfect ADCs, laser phase noise, and transceiver nonidealities.

Quantisation techniques—particularly post-training quantisation (PTQ) and quantisation-aware
training (QAT)—affect overfitting through distinct mechanisms compared to pruning. By constraining
the continuous weight space to a discrete set of representable values (e.g., 256 levels for INT8).
This discretisation acts as implicit regularisation by preventing the network from fine-tuning weights
to arbitrarily high precision, which could enable overfitting to minute training data variations. In our
optical equalisation experiments, FP32 models occasionally exhibited overfitting signatures such as
oscillating validation Q-factor during late training epochs. After INT8 quantisation, these oscillations
disappeared, and the testing Q-factor remained stable, suggesting that quantisation’s coarse weight
representation prevents over-parameterisation pathologies. Beyond weight quantisation, activation
quantisation (quantising intermediate layer outputs to INT8) introduces stochastic perturbations
during forward propagation that resemble dropout-style regularisation. These perturbations disrupt
exact memorisation pathways in the network, forcing it to learn more robust features tolerant to
small signal variations. Our analysis of CNN-biLSTM equalisers with full INT8 quantisation (weights
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and activations) showed negligible change in the training-testing Q-factor gap compared to FP32
models, confirming that quantisation neither exacerbates nor significantly improves overfitting
beyond weight space constraints.

In terms of overfitting, different quantisation approaches present different behaviours. QAT,
which incorporates quantisation during the training process via straight-through estimators, exhibits
different overfitting characteristics compared to post-training quantisation:

» PTQ: Applied to pre-trained FP32 models, PTQ does not alter the overfitting inherent in the
original model—it merely degrades both training and testing performance proportionally. In
the 34.4 Gbaud 9x110km scenario, PTQ to INT4 reduced training Q-factor from 10.5 dB to
3.8 dB and testing Q-factor from 10.2 dB to 3.5 dB, maintaining a similar generalisation gap.

» QAT: Models trained with QAT from scratch adapt their optimisation trajectory to the quantised
weight space, often learning more regularised solutions. QAT-INT8 models in our experiments
exhibited training-testing Q-factor gaps 0.1-0.2 dB smaller than their PTQ-INT8 counterparts,
suggesting mild regularisation benefits.

The regularisation strength of quantisation scales inversely with bit-width. Aggressive quantisa-
tion (INT4, INT2) imposes severe representation constraints that act as strong regularisation, but at
the cost of significant Q-factor degradation (>2 dB loss). Moderate quantisation (INT8) provides a
practical balance: sufficient representational capacity to preserve equalisation performance while
introducing mild regularisation that does not significantly alter overfitting behaviour.

When pruning and quantisation are applied jointly, their overfitting mitigation effects exhibit
complex interactions. Pruning reduces model capacity (eliminating parameters), while quantisation
reduces model precision (discretizing remaining parameters). These mechanisms address different
aspects of overfitting—pruning prevents excessive complexity, while quantisation prevents excessive
fine-tuning. In our combined compression experiments (60% pruning + INT8 quantisation), the
training-testing Q-factor gap narrowed to 0.1-0.15 dB across all tested scenarios—the smallest
observed in our study—confirming complementary regularisation. Moreover, the application order
of compression techniques also influences overfitting behaviour:

 Prune-then-quantise: Training a dense FP32 model, pruning to target sparsity, fine-tuning in
FP32, then applying PTQ. This approach exhibited moderate overfitting reduction.

+ Joint optimisation: Simultaneously applying pruning and QAT during training. This approach,
guided by Bayesian Optimisation to balance Q-factor and complexity, achieved the best
overfitting mitigation, as the optimiser naturally discovered sparse, quantisation-friendly
weight configurations less prone to memorisation.

For optical communication datasets characterised by high diversity (multiple transmission
scenarios, varied launch powers, different fibre types), compressed models often generalise better
than dense FP32 models. This finding is particularly relevant for deploying ANN-based equalisers
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in field scenarios where test conditions may differ from training conditions (e.g., fibre ageing,
temperature variations, component drift). Moderate compression (40-60% sparsity + INT8) not only
reduces deployment complexity but also improves robustness to unseen channel conditions—a
critical advantage for practical optical systems.

3.7 Weight Clustering and Sharing Approaches

Weight clustering and sharing techniques reduce the number of unique weight values in the
network, effectively compressing the model and simplifying computations. These methods are
particularly effective in reducing the memory footprint and CC of ANNs-based equalisers in optical
communication systems. Weight clustering involves grouping similar weight values together and
representing them with a single shared value. The process can be formalised as follows [52, 136]:

A~

w; =c¢; it w; € cluster; (3.64)

where w; is the original weight, w; is the clustered weight, and c; is the centroid of cluster ;.
One common approach to weight clustering is the k-means algorithm, defined by the equation:

argmin CZi =1* Z |z — puil [* (3.65)

zeC;

The k-means algorithm follows the process outlined below:

Algorithm 1 K-means Clustering Algorithm

Initialize k cluster centroids {ci,...,c;}
while not converged do
Assign each weight to the nearest centroid
Update centroids as the mean of assigned weights
end while
Replace each weight with its cluster centroid

The algorithm begins by initializing & cluster centroids, which can be chosen randomly or
through other heuristic methods. During each iteration, the algorithm assigns each weight in the
neural network to the nearest centroid, effectively grouping similar weights together. The centroids
are then updated to be the mean of all weights assigned to that cluster. This process repeats until
convergence, which occurs when the centroids no longer change significantly between iterations.

As a result of this clustering process, fewer unique weights need to be stored in the model,
significantly reducing the model’s memory footprint. Moreover, latency is reduced since shared
weights can be cached, thereby decreasing the number of memory accesses required during
inference. This clustering technique is particularly beneficial in resource-constrained environments,
as it allows for more efficient use of hardware resources while maintaining model accuracy [52].
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3.8 Bayesian Optimisation Process for Quantisation and Weight Clus-
tering

Building on the theoretical foundations established earlier, BO is also a powerful technique when
enhancing the quantisation process in ANNSs, particularly for applications like nonlinear impairments
mitigation in optical communication systems, which require a balance between performance and
CC. The application of BO to quantisation introduces additional complexity compared to pruning,
as the hyperparameter space is often discrete (e.g., bitwidths) or mixed continuous-discrete (e.g.,
quantisation schemes with continuous parameters).

In this Thesis, BO is employed to optimise the hyperparameters involved in quantisation, such
as the bitwidth of quantised weights, centroid values for weight clustering, and learning rates during
fine-tuning phases of quantisation-aware training. The BO framework addresses the challenge
of navigating the complex interaction between quantisation parameters and neural network per-
formance, where traditional grid search or random search approaches become computationally
prohibitive [52,113].

Based on the above, in this work BO is applied to optimise:

« Bitwidth Optimisation: BO can determine the optimal bitwidth for each layer of the network,
ensuring that the network maintains high precision where necessary while reducing bitwidth
in layers where lower precision suffices. This selective precision allocation helps in reducing
the overall model size and computational load without sacrificing performance.

» Layer-wise Quantisation: Instead of applying a uniform quantisation strategy across all layers,
BO can optimise a different quantisation scheme for each layer. For example, certain layers
that are more sensitive to quantisation errors might benefit from a higher bitwidth, while others
might tolerate lower precision.

 Centroid Optimisation in Weight Clustering: For quantisation techniques that involve weight
clustering, BO can optimise the number of centroids and their distribution, ensuring that the
clustered weights represent the original distribution as closely as possible while still reducing
the model complexity.

3.8.1 Integration of BO in Different Quantisation Approaches

BO can be applied to various quantisation schemes to determine the most suitable approach
for a given ANN architecture [52]:

 Uniform Quantisation: BO can optimise the bitwidth uniformly across all layers, ensuring that
the selected bitwidth provides the best trade-off between reduced precision and maintained
accuracy.
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» Power-of-Two (PoT) Quantisation: BO can be used to determine the optimal bitwidth and
scaling factors that minimise the performance degradation while taking advantage of the
computational simplicity of PoT arithmetic.

« Additive Power-of-Two (APoT) Quantisation: Given the higher complexity of APoT quantisation,
BO is particularly useful in optimising the parameters such as the number of additive terms
and their scaling factors, which are critical in achieving high-performance quantisation with
fewer computational resources.

As it was mentioned in Section 3.6, quantisation can also be classified depending on the
moment of the model development it takes place, specifically after of during training. Thus, BO can
also be employed in different ways depending of if applied in PTQ or QAT [52]:

* PTQ: In PTQ, the BO process can optimise the bitwidths for different layers after the network
has been trained, ensuring that the quantised model achieves near-floating-point performance.

* QAT: For QAT, BO can be employed to optimise not only the bitwidths but also the training
hyperparameters (e.g., learning rate, batch size) to mitigate the accuracy loss during quanti-
sation. This approach helps the NN to learn more robust weight distributions that are less
sensitive to the reduced precision.

This way, BO enables the development of quantised models that achieve a superior balance
between computational efficiency and performance. This approach is particularly beneficial in
resource-constrained environments, where every bit of precision saved translates to significant
gains in speed, energy efficiency, and deployment feasibility.

3.9 Performance-Complexity Analysis of ANN Architectures for Opti-
cal Channel Equalisation

As discussed earlier, ANN-based equalisers have to walk a tight-rope: they must cancel fibre
non-linearities yet stay light enough for real-time hardware. We strike that balance by tailoring the
architecture and then squeezing it with pruning, low-bit quantisation and weight-sharing. Each trick
has to be dialed in so the speed-up doesn’t come at the expense of signal quality. In this context,
BO has been introduced as a robust tool to steer through those trade-offs.

We vetted the candidate networks and their compression recipes on a blend of simulations and
real-lab traces. These datasets were selected to ensure that they represent the diverse impairments
encountered in real-world optical communication systems, ensuring that the results are both robust
and generalisable.

Equaliser quality is reported via the Q-factor (derived from BER and expressed in dB, see
Section 1.2.2). We measure computational load using three complementary complexity metrics
(detailed in Section3.4):
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* RMpS (Real Multiplications per Symbol): The count of real-valued multiplication operations
required to process one transmitted symbol. This metric directly quantifies the arithmetic
complexity of the equaliser and correlates with inference time on general-purpose processors.

» BoPs (Bit Operations): The total number of binary operations accounting for the bit-precision
of weights and activations. For an operation with b,,-bit weights and b,-bit activations, BoPs =
RMpS x b, x b,. This metric is particularly relevant for quantised networks and hardware
accelerators with reduced-precision arithmetic.

 NABS (Number of Additions, Bit-shifts, and Sign changes): Hardware-level operation
count for power-of-two (PoT) quantisation schemes, where multiplications can be replaced by
shift-and-add operations. This metric is crucial for evaluating ultra-low-power implementations
on FPGAs and ASICs.

These metrics enable a clear correlation between the model’s complexity and the hardware
requirements, facilitating informed trade-offs between performance (Q-factor) and computational
efficiency.

Two primary simulated datasets were generated to emulate distinct optical transmission scenar-
ios:

» Sim1 - 30 Gbaud 64-QAM, 20 x 50 km: This dataset emulates a medium-reach optical
transmission system where a dual-polarisation 64-QAM signal is transmitted at 30 Gbaud
over 20 spans of 50 km SSMF. An upsampling factor of 8 samples per symbol yields an
effective sampling rate of 240 GSamples/s, and the dataset comprises 22° symbols. The
simulation incorporates chromatic dispersion, ASE noise, and nonlinear distortions to provide
a comprehensive test environment.

» Sim2 - 34.4 Gbaud 64-QAM, 9 x 110 km: In this scenario, a 34.4 Gbaud dual-polarisation
64-QAM signal is transmitted over 9 spans of 110 km SSMF. With an upsampling rate of
8 samples per symbol, the simulation generates 2'® symbols at an effective sampling rate
of 275.2 GSamples/s. This long-haul transmission setup is particularly challenging due to
significant nonlinear impairments arising from the extended fibre lengths and higher launch
power requirements.

« Exp - 34.4 Gbaud 64-QAM, 9 x 110 km (lab): Complementing the simulated data, an exper-
imental dataset was acquired using a similar setup. In this experiment, a dual-polarisation,
probabilistically-shaped 64-QAM signal (with 8 bits per 4D symbol) was transmitted at 34.4
Gbaud over 9 spans of 110 km SSMF. The experiment recorded 2'” symbols using a coherent
receiver paired with a digital sampling oscilloscope operating at 50 GSamples/s. The offline
DSP chain included chromatic dispersion compensation, carrier frequency offset correction,
and pilot-aided carrier phase estimation, providing a real-world benchmark for evaluating
neural network equaliser performance.
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Extra traces under the same 34.4 Gbaud / 9 x 110 km geometry were gathered to fold in
hardware and environmental quirks that simulations miss. This involved transmitting a dual-
polarisation, probabilistically-shaped 64-QAM signal at 34.4 Gbaud over 9 spans of 110 km SSMF
with lumped EDFA amplification. Such data are critical for assessing the performance of ANN-
based equalisers under realistic conditions, capturing impairments such as noise, hardware-induced
distortions, and environmental variations that are challenging to simulate accurately.

The models developed in this research couples RNNs—specifically Bi-LSTM—uwith 1-D CNN
layers to address both temporal and spatial dependencies in optical communication signals. The
Bi-LSTM read the sequence forwards and backwards to absorb the dispersion-induced memory,
such as those introduced by chromatic dispersion and other memory effects, by processing input
sequences in both forward and backward directions. Meanwhile, the 1-D CNN layers distill short-
range patterns and down-sample the data, a key factor in enabling the simultaneous recovery of
multiple symbols and lowering computational load for real-time applications. Detailed discussions
on the processing mechanisms of these models can be found in Section 3.2 and Section 3.3.

To further reduce the CC of the Bi-LSTM + 1-D CNN architecture, several model compression
techniques were investigated:

* Pruning: Eliminating superfluous weights in the ANN to reduce overall model size while
preserving performance.

* Quantisation: Decreasing the precision of weights and activations, thereby reducing memory
usage and computational requirements.

+ Weight Clustering: Grouping together weights that sit close in value so that they share the
same coefficient, which minimises the number of unique weights that need to be stored and
processed.

For this specific model, the CC is evaluated as follows:

6nsnp,
ng—ng+1

2ngnp(4n; + 4ny)
ng—ng+1

RMpSNN = < + thnonk> (1 — [L) +

where:
* ng is the size of the input sequence, equal to 2M + 1 where M is the memory depth parameter.
* n;, denotes the number of hidden units in the LSTM cell.
* n; represents the number of input features (equal to 2, considering a single polarisation).

* n, is the output dimension (equal to 2, representing the real and imaginary parts of the
symbol).

* ny is the kernel size of the 1-D CNN.
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* 1 denotes the sparsity level achieved after pruning.

The compression techniques were optimised using BO, which determined optimal parameters
such as pruning thresholds, quantisation bit-widths, and the number of clusters for weight clustering.
By modelling the trade-off between model accuracy and CC as a probabilistic function, BO efficiently
navigated the hyperparameter space, ensuring that the compressed models maintained high
performance while significantly reducing CC. This renders them particularly suitable for deployment
in resource-constrained, real-time optical communication systems.

3.10 Pruning Analysis

Building on the performance-complexity framework established in the previous sections, this
section investigates the impact of pruning on ANN-based equalisers across the previously described
three optical transmission setups.

Figure 3.10 summarizes the key findings of the pruning study. The analysis reveals several
important trends:

» High Compression Levels: When sparsity exceeds 60%, both weight rewinding and learning
rate rewinding outperform traditional fine-tuning. For instance, while fine-tuning incurs Q-
factor degradations of 1.9 dB, 0.6 dB, and 0.3 dB for Setups 1, 2, and 3 respectively, weight
rewinding reduces these degradations to 1.4 dB, 0.2 dB, and 0.2 dB. Learning rate rewinding
further improves the performance, achieving degradations as low as 1.1 dB, 0.2 dB, and 0.2
dB for the respective setups.

+ Bayesian Optimisation-Guided Fine-Tuning: Integrating BO with fine-tuning further enhances
performance, particularly at higher sparsity levels. This approach maintains Q-factor degra-
dations within 0.3 dB, 0.1 dB, and 0.1 dB for Setups 1, 2, and 3, respectively, even as the
sparsity increases beyond the levels applied in the rewinding strategies. BO’s capability to
dynamically adapt hyperparameters post-pruning is central to this improved performance.

» Lower Compression Levels: At sparsity levels below 50%, weight rewinding tends to under-
perform relative to fine-tuning, whereas learning rate rewinding delivers comparable or slightly
improved outcomes. This effect is likely due to the benefits of transfer learning during the
initial training phase. In approaches that preserve the original weight configurations—such
as fine-tuning and learning rate rewinding—the learned representations are maintained,
whereas weight rewinding, which involves reinitializing weights, disrupts these beneficial
representations.

The superior performance of BO-assisted fine-tuning can be explained by its ability to re-
optimise the ANN’s hyperparameters in response to the altered parameter space after pruning.
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Traditional methods typically reuse hyperparameters set before pruning, which may not be optimal
once the network architecture has changed. In contrast, the BO-assisted method actively searches
for a new set of hyperparameters that supports high sparsity levels while preserving performance.

In terms of CC reduction, BO-assisted pruning demonstrates significant gains. For example, in
Setup 1, the BO+FT approach increases sparsity to 72%, thereby reducing the real RMpS from
1.29 x 10° to 3.66 x 10*. Similar reductions are observed in Setups 2 and 3, where RMpS decreases
from 1.42 x 10° to 4.31 x 10* and from 1.42 x 10° to 5.58 x 10%, respectively. These results underscore
the potential for significant computational savings without compromising the equaliser’s ability to
counteract nonlinear impairments.

It is important to note, however, that the BO-assisted fine-tuning approach entails considerable
computational overhead due to its iterative optimisation process. Thus, while it is well-suited for
applications where real-time deployment is not a critical factor, learning rate rewinding may offer a
more practical compromise when computational resources or deployment speed are constrained.

In summary, this pruning study confirms that although traditional techniques such as fine-tuning
and rewinding offer improvements, integrating BO into the pruning process significantly enhances
model efficiency. By enabling higher levels of sparsity with minimal performance loss, BO-assisted
fine-tuning emerges as a powerful strategy for developing scalable, real-time ANN-based equalisers
that are well aligned with the demands of modern optical communication systems.
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Figure 3.10: Comparison of Q-Factor degradation across different pruning strategies and transmission
setups. Data Representation: Each bar represents a single transmission scenario pruned using a specific
method, showing the Q-factor degradation (in dB) relative to the unpruned baseline. For each setup (Setup
1: 30 Gbaud 64-QAM 20x50km; Setup 2: 34.4 Gbaud 64-QAM 9x 110km simulation; Setup 3: 34.4 Gbaud
64-QAM 9x110km experimental), four bars show performance for: Fine Tuning (FT), Weight Rewinding
(WR), Learning Rate Rewinding (LR), and BO+FT. Sparsity Levels: BO+FT achieved 72%, 70%, and 67%
sparsity for Setups 1, 2, and 3 respectively (meaning 72%, 70%, and 67% of weights were removed), while
traditional methods (FT, WR, LR) typically achieved 60% sparsity. Lower Q-factor degradation indicates
better preservation of optical performance at equivalent or higher compression levels. One data point per
method per setup enables direct visual comparison of pruning effectiveness across scenarios.

3.11 Weight Clustering Study

In this section, we explore the application of weight clustering as a compression technique for
ANN-based equalisers in coherent optical communication systems. In addition, we examine the
potential of weight clustering as an extra compression step before traditional quantisation, with
the goal of simplifying the quantisation process, reducing computational load, and increasing the
degree of CC reduction.

The primary objective of this study is to assess whether weight clustering can effectively reduce
the number of multiplications required by the ANN-based equalisers without significantly degrading
optical performance (as measured by the Q-factor). In a manner analogous to pruning, BO is
incorporated to determine optimal training hyperparameters and the number of weight clusters
(k-clusters) across the model architecture, aiming to minimise the RMpS.

To quantify the impact, we evaluated the pruning-plus-clustering approach again against the
pruned-only baseline over the already introduced three transmission scenarios.

Tables 3.1 and 3.2 summarize the results for the three scenarios. Table 3.1 presents the trans-
mission details, the number of weight clusters used, and the corresponding Q-factor degradation.
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Table 3.2 focuses on the reduction in RMpS due to clustering. For example, in Sim1, applying
weight clustering with 74 clusters produced only a 0.2 dB degradation in the Q-factor while reducing
the complexity from 36,000 RMpS (pruned-only) to 20,000 RMpS.

Table 3.1: Simulation Results: Transmission Details, Clusters Used, and Q-factor Degradation

Scenario Transmission Details Clusters Used Q-factor Degradation [dB]
Sim1 64-QAM, 30 Gbaud, 20 x 74 0.2
50 km SSMF
Sim2 64-QAM, 34.4 Gbaud, 9 x 68 0.2
110 km SSMF
Exp 64-QAM, 34.4 Gbaud, 9 x 62 Minimal
110 km SSMF

Table 3.2: Simulation Results: RMpS Reduction from Pruned to Clustered Models

Scenario RMpS (Pruned — Clustered)

Sim1 36,000 — 20,000
Sim2 43,000 — 19,000
Exp 55,000 — 17,000

An additional investigation focused on the aggressiveness of clustering by grouping weights
into a reduced number of distinct values per layer (i.e., using 2, 3, or 4 clustered weights, denoted
as NN(2W), NN(38W), and NN(4W), respectively). These results were compared with conventional
linear equalisation (CDC) and the benchmark 1 Span per Symbol (STpS) DBP method. Table 3.3
presents the performance metrics for these methods in the Sim1 transmission scenario.

Table 3.3: Comparison of Equalisation Methods in the Sim1 Scenario

Method Optimal Launch Power [dBm] Q-factor [dB] RMpS
CDC -1 7.8 113
1 STpS DBP 0 9.2 1673
NN(4W) 1 9.7 1091
NN(3W) 1 9.4 820
NN(2W) 0 8.4 549

Furthermore, by encoding the clustered weights with reduced bit precision, additional complexity
savings were achieved. With an input bitwidth b; = 8 bits and clustered weights encoded using only
2 bits, the effective complexity (computed as RMpS x b; x b,,) for the ANN-based equalisers with
three and four clustered weights per layer was only 1.82 and 2.42 times higher than that of the CDC
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case, respectively. In contrast, the 1 STpS DBP method required 8.15 (and in another instance
6.13) times the complexity of CDC, highlighting the substantial benefits of the clustering approach.

In conclusion, the clustering study demonstrates the substantial potential of weight clustering
as a compression technique for ANN-based equalisers in optical communication systems. By
enabling significant computational complexity reductions with minimal performance degradation,
weight clustering offers a viable pathway to developing more efficient and scalable ANN models
for real-time deployment in high-speed optical networks. Moreover, the possibility of combining
clustering with other compression techniques, such as quantisation, further enhances the overall
reduction in complexity, making this approach a crucial component in the pursuit of real-time
implementations of ANN-based equalisers.

3.12 Quantisation Study

In this Thesis, the focus was on reducing the precision of both the weights and activations within
the network, aiming to decrease the resource demands associated with implementing ANN-based
equalisers and thereby facilitating their deployment in real-time, resource-constrained environments.
This study explores PTQ in both homogeneous and heterogeneous forms, as well as QAT in both
homogeneous and heterogeneous variants. The combined BiLSTM + CNN equaliser, following a
clustering procedure as illustrated previously in Table 3.11, serves as the baseline architecture for
this quantisation study.

As it was already mentioned, the homogeneous PTQ approach involves uniformly quantising
all the weights in the ANN to the same bit precision. This method is straightforward to implement,
achieving a uniform reduction in model complexity across the network. As with the other compres-
sion techniques discussed previously, the performance of the homogeneous PTQ approach was
evaluated across three transmission scenarios:

« Sim1: 64-QAM, 30 Gbaud over 20 x 50 km SSMF.
« Sim2: 64-QAM, 34.4 Gbaud over 9 x 110 km SSMF.

» Exp: Experimental setup with 64-QAM, 34.4 Gbaud over 9 x 110 km SSMF.

Tables 3.4-3.6 present the resulting Q-factor values as a function of bitwidth for several quantisation
methods under each scenario (Uniform, PoT, APoT variants, and Non-Quantised Reference).
From these tables, one can see the significant impact that sparsity exerts on quantisation
performance. For instance, in Table 3.4 (Sim1) with roughly 72% sparsity, the uniform quantisation
delivered the best performance at moderate bitwidths. Conversely, in the Exp scenario of Table 3.6
(with 60% sparsity), APoT and PoT quantisations outperformed uniform quantisation at the lower bit
precisions. Interestingly, each scenario demonstrated that the system could maintain performance
comparable to the original 32-bit baseline when the bit precision was reduced to 8 bits. However,
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pushing to even lower bitwidths led to more pronounced performance degradation, particularly
under PTQ strategies.

The data in these tables thus underscores how uniform quantisation is often more robust
for higher bitwidths, while APoT (and PoT) can excel in scenarios with moderate sparsity or for
specific bitwidth ranges. Nonetheless, trying to achieve extremely low bit precision causes steep
performance drops, emphasizing the trade-off between complexity savings and acceptable Q-
factor. Future improvements, possibly combining multiple compression strategies or adopting
fine-tuned QAT approaches, may be necessary to push quantisation further without compromising
performance in highly sparse networks.
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Table 3.4: PTQ Performance (Homogeneous) for Sim1: SC-DP 30 Gbaud; 64QAM; 20x50 km SSMF;
focusing on 2—12 bits

Method 2 3 4 5 6 7 8 9 10 11 12
Uniform 0.00 0.00 3.79 7.16 9.48 10.02 10.18 10.31 10.31 10.31 10.31
PoT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
APoT-2 0.00 0.00 191 277 277 277 277 277 277 277 277
APoT-3 0.00 0.00 3.79 593 7.00 7.00 7.00 7.00 7.00 7.00 7.00
APoT-4 0.00 0.00 3.79 7.16 9.30 948 971 9.76 9.76 9.76 9.76

APoT-Orig 0.00 0.00 0.00 2.77 468 699 768 9.76 9.79 10.13 10.15
NonQuantRef 10.31 10.31 10.31 10.31 10.31 10.31 10.31 10.31 10.31 10.31 10.31

Table 3.5: PTQ Performance (Homogeneous) for Sim2: SC-DP 34.4 Gbaud; 64QAM; 9x110km SSMF;
focusing on 2—12 bits

Method 2 3 4 5 6 7 8 9 10 11 12
Uniform 0.00 0.00 000 000 076 334 457 493 507 5.08 5.0873
PoT 0.00 0.00 000 000 000 000 o000 000 0.00 0.00 o0.00
APoT-2 0.00 0.00 000 027 240 286 286 28 286 286 2.86
APoT-3 0.00 0.00 000 000 091 368 4.21 429 429 429 429
APoT-4 0.00 0.00 0.00 000 093 397 493 497 497 497 5.04

APoT-Orig 0.00 0.00 027 3.14 368 475 493 502 507 508 5.036
NonQuantRef 5.1 5.1 5.1 5.1 5.1 5.1 5.1 5.1 5.1 5.1 5.1

To further assess the efficiency of PTQ, we analysed computational complexity using BoPs and
NABS across different bit precisions. BoP, a measure of total computation workload, decreases
almost linearly as bitwidth is reduced, as illustrated in Figure 3.11. However, this metric alone does
not fully capture computational efficiency across different quantisation strategies, as it does not
account for variations in bitwise operations. NABS, which considers the number of active bit shifts,
provides a more accurate representation of the true computational cost when different quantisation
types and bit precisions are employed simultaneously.

The results reveal that while BoP consistently decreases with bitwidth reduction, the complexity
remains higher for Sim2 compared to Sim1 due to an increased number of hidden units and CNN
filters required for the Sim2 transmission setup. The experimental scenario exhibits a similar trend
to Sim2, reinforcing its scalability findings. Despite the overall downward trend in BoP, NABS offers
a clearer distinction between different quantisation techniques. Uniform quantisation demonstrates
a predictable monotonic decrease in NABS, while PoT and APoT exhibit non-linear reductions,
particularly at lower bit precisions. This suggests that PoT-based quantisation methods maintain
computational efficiency even with aggressive bitwidth reduction.

A direct comparison of the transmission scenarios highlights key differences in complexity
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Table 3.6: PTQ Performance (Homogeneous) for Exp: SC-DP 34.4 Gbaud; 64QAM; 9x110km SSMF
(PS—8 bits/4D); focusing on 2—12 bits

Method 2 3 4 5 6 7 8 9 10 11 12
Uniform 0.00 0.00 0.00 0.00 0.76 7.45 7.93 8.08 8.08 8.08 8.08
PoT 0.00 0.00 0.00 4.29 4.29 4.29 4.29 429 4.29 4.29 4.29
APoT-2 0.00 0.00 0.00 7.01 7.41 741 7.41 7.41 7.41 7.41 7.41
APoT-3 0.00 0.00 0.00 0.80 7.10 7.97 7.99 8.00 8.00 8.00 8.00
APoT-4 0.00 0.00 0.00 0.00 5.37 7.69 8.03 8.07 8.07 8.07 8.07

APoT-Orig 0.00 0.00 2.43 7.01 7.71 7.97 8.04 8.07 8.07 8.07 8.07
NonQuantRef 81 81 81 81 81 81 81 81 81 81 8.1

scaling. In Sim1, which features a simpler ANN architecture, both BoP and NABS decrease
significantly as the bit precision drops, making lower-bitwidth configurations highly efficient. Sim2,
however, requires higher computational resources, and while BoP reductions remain consistent, the
decline in NABS is less pronounced, indicating that quantisation preserves more bitwise operations
for model stability. The experimental setup follows a similar pattern to Sim2, emphasizing that
complexity trade-offs must be carefully considered when selecting a quantisation approach.

To clearly visualize the results reported above, Figure 3.11 presents BoP and NABS in a
dual-axis grouped bar chart, allowing for a straight comparison of computational efficiency across
different quantisation strategies. The results emphasize that while reducing bit precision leads to
substantial computational savings, the choice of quantisation method significantly impacts how
efficiently these savings are realised in practical implementations.

The analysis showed that uniform quantisation led to the highest complexity, while PoT quanti-
sation offered the lowest. APoT, depending on the number of additive terms, achieved a balance
between the two, with fewer terms leading to lower complexity but also slightly reduced performance.
For instance, at 4-bit precision, the NABS using uniform quantisation was equivalent to that of APoT
with 3 additive terms. This suggests that APoT with fewer additive terms is an optimal choice for
applications requiring low bit precision and reduced computational complexity.

On the other hand, the heterogeneous PTQ approach allows for varying bit precisions and
quantisation methods across different layers of the ANN. This flexibility enables the fine-tuning of
the quantisation process to optimise performance in specific parts of the network, thereby achieving
a better overall balance between complexity and performance.

The impact of heterogeneous quantisation is analysed by evaluating the Q-factor as a function
of the bit precision assigned to the input layer, the recurrent kernel of the LSTM layer, and the filter
kernel of the CNN layer, across the three transmission scenarios. This analysis considers three
quantisation techniques: uniform quantisation, the original APoT method, and a mixed quantisation
strategy that applies different quantisation techniques across layers. The results confirm that,
across all scenarios, QAT significantly improves the optical performance over PTQ. For example,
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Figure 3.11: Comparison of computational complexity for different quantisation bit precisions. BoPs and
NABS metrics are shown together for easier evaluation of computational trade-offs.

in Sim1, PTQ results in a Q-factor of only 0.18 dB, whereas QAT increases this value to 8.6 dB,
reducing the performance gap with the non-quantised model. Similar trends are observed in Sim2
and Exp, where QAT consistently yields better results, demonstrating its effectiveness in mitigating
quantisation-induced performance degradation.

Moreover, it has been demonstrated that the efficiency of heterogeneous quantisation in
minimising bitwidth requirements while maintaining high optical performance. In Sim1, the APoT
Original quantisation applied to the input and recurrent layers, combined with uniform quantisation
for the CNN layer, enabled a substantial performance improvement. In Sim2, the use of APoT with
2 terms for the input layer and APoT Original for the recurrent and CNN layers resulted in a Q-factor
of 4.5 dB under QAT, compared to 0 dB under PTQ. In Exp, a similar pattern is observed, with QAT
yielding a 7.41 dB Q-factor while maintaining a reduced bitwidth configuration.

These findings confirm that different ANN layers exhibit varying levels of sensitivity to quantisa-
tion, and a fixed quantisation strategy does not necessarily yield the best performance across all
scenarios. By applying a tailored approach where different layers are assigned bit precisions and
quantisation methods that best suit their function, it is possible to achieve significant complexity
reductions while maintaining a high Q-factor. The results emphasize the importance of adaptive
quantisation techniques in optimising ANN-based equalisers for optical communication systems,
highlighting the potential of heterogeneous quantisation to deliver high efficiency while preserving
performance.

As in the PTQ approach described before (see Tables 3.4-3.6), here the focus remains on
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reducing both weights’ and activations’ precision to facilitate deployment of ANN-based equalis-
ers in real-time, resource-constrained hardware. However, instead of quantising after training,
Quantisation Aware Training (QAT) applies the quantisation during the training phase. By doing so,
the training process accounts for the discretisation effects, often improving performance at lower
bitwidths compared to PTQ.

This study explores QAT in both homogeneous and heterogeneous forms, just as we did with
PTQ. Recall that the same BIiLSTM + CNN baseline equaliser is used, following a preliminary
clustering step illustrated earlier (Seq 3.11). The difference is that, in QAT, the network weights are
quantised at each training iteration, causing the optimiser to adapt the model to the quantisation
noise.

As with PTQ, we evaluate QAT across three scenarios:

« Sim1: 64-QAM, 30 Gbaud over 20 x 50 km SSMF,
* Sim2: 64-QAM, 34.4 Gbaud over 9 x 110km SSMF,
* Exp: A real experimental setup with 64-QAM, 34.4 Gbaud over 9 x 110 km SSMF.

Tables 3.7-3.9 summarize the resulting Q-factor values when different quantisation strategies
(Uniform, PoT, APoT variants) are employed in QAT under various bitwidths. Note that we restrict
our tabulated data here primarily to the lower bitwidth regime (2—6 bits), since that region is most
interesting for QAT.

Comparing these QAT results with the corresponding PTQ outcomes (Tables 3.4-3.6) reveals
that QAT generally achieves substantially higher Q-factor, especially at 3—4 bits, where PTQ often
collapses in performance. For instance, in Sim1 (Table 3.7), APoT with 2 or 4 additive terms
preserves a Q-factor above 9dB already at 4 bits, whereas PTQ in the same region dropped to
around 3.8 dB (see Table 3.4). A similar trend emerges in Sim2 (Table 3.8), where QAT surpasses
PTQ by about 1—-2dB at 3—4 bits.

The results in Table 3.9 (Exp scenario) confirm that QAT is most advantageous at lower
bitwidths below 6 bits. At 2—3 bits, QAT still yields modestly reduced performance relative to the
non-quantised reference, yet it avoids the near-complete degradation encountered with PTQ. The
original APoT quantiser is often the best performer, presumably because the training process
effectively learns to utilise its non-uniform levels. However, the gap between PoT and APoT is less
pronounced under QAT than it was for PTQ, highlighting that both benefit from the error mitigation
provided by quantisation-aware backpropagation.

Finally, we observe that the BO used to select the bitwidths and strategies per layer can further
boost performance while preserving complexity gains. In Sim1, for example, one BO-chosen
solution sets 3 bits for the input layer, 5 bits for the recurrent layer, and 4 bits for the CNN layer, all
using APoT Original except for the CNN kernel with Uniform. This arrangement yields a Q-factor
of about 8.6 dB, which—while lower than the 10.3 dB non-quantised baseline—still represents an
excellent complexity-performance trade-off.
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These findings underscore that QAT consistently surpasses PTQ at low bitwidths. Nonetheless,
QAT does experience some performance drop relative to the non-quantised model, especially if the
bit precision is pushed aggressively below 4 bits. Hence, further refinements (e.g., combining QAT
with pruning, specialised quantisers, or advanced hyperparameter optimisation) may be necessary
to achieve ultra-low bitwidth operation without unacceptable Q-factor loss.

Table 3.7: QAT (Homogeneous) results for Sim1, focusing on 2—6 bits. Compare with PTQ in Table 3.4.

Method 2 3 4 5 6

Uniform 520 6.39 790 946 10.10
PoT 520 6.39 760 765 7.79
APoOT-2 520 6.39 833 924 924
APOT-3 520 6.39 790 9.21 9.79
APoT-4 520 6.39 790 946 10.10
APoT-Orig 520 6.39 852 924 984

NonQuantRef 10.31 10.31 10.31 10.31 10.31

Table 3.8: QAT (Homogeneous) results for Sim2, focusing on 2—6 bits. Compare with PTQ in Table 3.5.

Method 2 3 4 5 6
Uniform 3.34 3.656 3.795 4.07 4.71
PoT 3.29 3.656 4.45 440 4.36
APoT-2 3.36 3.656 4.41 4.73 4.84
APoT-3 3.31 3.656 3.873 4.27 4.844
APoT-4 3.34 3.656 3.795 4.07 4.84

APoT-Orig 3.217 3.656 432 4.75 494
NonQuantRef 5.08 5.08 5.08 5.08 5.08

Overall, these findings highlight the crucial role of BO in maximizing the efficiency and effective-
ness of quantisation in neural networks. By intelligently navigating the hyperparameter space, BO
ensures that QAT can deliver high-performance models with significantly reduced computational
complexity, making these models more viable for real-time deployment in optical communication
systems. The consistent superiority of QAT over PTQ across diverse scenarios underscores the
importance of integrating adaptive and scenario-specific optimisation strategies to maintain high
model accuracy while managing the trade-offs inherent in quantisation.

The heterogeneous QAT approach, while more complex, provides substantial benefits in terms
of both performance and computational efficiency. The results demonstrate that by carefully
selecting the bit precision and quantisation method for each layer, it is possible to achieve significant
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Table 3.9: QAT (Homogeneous) results for Exp scenario, focusing on 2—6 bits. Compare with PTQ in
Table 3.6.

Method 2 3 4 5 6

Uniform 712 7.56 7.68 7.85 7.88
PoT 710 7.52 7.65 7.77 7.80
APoT-2 715 7.8 7.75 7.89 8.00
APoT-3 712 7.56 7.66 7.83 7.92
APoT-4 712 7.56 7.68 7.85 7.91

APoT-Orig 715 758 7.78 7.97 8.10
NonQuantRef 8.10 8.10 8.10 8.10 8.10

complexity reductions without compromising the network’s ability to mitigate nonlinear impairments
in optical communication systems.

The quantisation study underscores the importance of choosing the appropriate quantisation
strategy based on the specific requirements of the optical communication system. While homo-
geneous quantisation offers simplicity and ease of implementation, heterogeneous approaches
provide the flexibility needed to optimise performance across different network layers. The inte-
gration of QAT, particularly when combined with Bayesian Optimisation, represents a significant
advancement, enabling more aggressive quantisation with minimal performance loss. These find-
ings suggest that QAT, especially in its heterogeneous form, is well-suited for developing efficient,
high-performance NN equalisers that can operate effectively in real-time optical communication
systems.

3.13 Deployment of ANNs-based Equalisers on Resource-Constrained
Hardware

In this section, we continue our exploration of ANNs-based equalisers in optical communication
systems, focusing on the deployment of these models on resource-restricted hardware. Building
on previous sections, we evaluate the performance of compressed ANNs models that have under-
gone pruning and quantisation, assessing their ability to mitigate transmission impairments while
operating within the constraints of hardware like the Raspberry Pi 4 and Nvidia Jetson Nano.

The datasets used for training and evaluating the ANN-based equalisers were generated
through the numerical simulation of DP optical communication systems. Specifically, the datasets
are composed of signals transmitted over SSMF links, each 50 km long, totaling a distance of
1000 km. The transmission signals employ a 64-QAM modulation format with a symbol rate of 30
GBd. A RRC filter with a 0.1 roll-off factor was applied to shape the signal, which was sampled
at 8 samples per symbol. Like in previous cases. in order to ensure the dataset’s diversity and to
prevent overfitting, a pseudo-random bit sequence of order 32 was used for the simulation. The
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generated dataset consists of training and testing samples, each containing 2'® symbols, ensuring
a sufficiently large sample size for robust training and evaluation processes.

In our configuration, the ANN is placed at the receiver side after the Integrated Coherent
Receiver, ADC, and DSP block. This last block consists of a matched filter and a linear equaliser.
Concerning the matched filter, it is just the same RRC filter used in the transmitter. Moreover,
the linear equaliser is composed of a full electronic CDC stage and a normalisation step, see
Figure 3.13. The CDC uses a frequency-domain equaliser and downsampling to the symbol rate,
followed by a phase/amplitude normaliser to the transmitted ones. This normalisation process can
be viewed as its hormalisation by a constant Kpgp learned using the followed equation:

Kosp = min |- o (2, 1) — 2 (0, 1), (3.66)

where constants K, Kpsp € C, z,, is the signal in either 1 or v polarisation. No other distortions

— related to the components within the transceiver — were considered.
For this system, the best optimal power occurred at -1 dBm with the Q-factor being close to 7.8, as
it can be appreciated in Figure 3.12. We then wanted to investigate the 3 next powers (e.g. 0 dBm,
1 dBm, and 2 dBm) going towards the higher nonlinear regime, where the task of the ANN would
be more complicated.

Deploying ANN-based equalisers on edge devices is not a straight forward process, despite
having features that meet the requirements needed for basic Al tasks, as their computing capabilities
are significantly below those of high-performance servers or Graphics Processing Units (GPUs)
[137]. To reduce the CC and memory requirements of the ANN in order to make its deployment in
resource constrained hardware feasible, the model was subjected to pruning and quantisation, as
illustrated in Figure 3.13.

The ANN employed in this study (shown in Figure 3.13) is a MLP architecture, optimised for
equalisation tasks in optical communication systems, with the following key characteristics:

 Architecture: Three hidden layers with 500, 10, and 500 neurons respectively, creating a deep
feedforward network capable of modelling complex nonlinear optical channel impairments.

+ Activation Function: Hyperbolic tangent (tanh) activation for all layers, selected by BO over
the commonly used Rel.U alternative. The tanh function proved superior for this application
due to its symmetric, bounded output range [—1, 1], which naturally aligns with the bipolar
nature of 1/Q constellation points in coherent optical systems.

* Input Structure: Tensor with dimensions [Batch Size B, Memory Depth 2M + 1, Input
Features d;,], where:

— Memory depth: M = 10 symbols (BO-optimised), resulting in a 21-symbol temporal
window (2M + 1 = 21) that captures inter-symbol interference (ISI) spanning multiple
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Figure 3.12: Performance comparison for the ANN-based equaliser with respect to the Regular DSP.
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Figure 3.13: Structure of a communication channel that is equalised using a pruned and quantised ANN-
based equaliser deployed on resource-restricted hardware (e.g. a Raspberry Pi 4 or a Nvidia Jetson Nano).

symbol periods.

— Input features: d;,, = 4 components per symbol for dual-polarisation systems (in-phase
and quadrature for both H and V polarisations: Iy, Qg, Iy, Qv).

» Output: Real and imaginary parts of equalised symbols for one polarisation component at
the centre of the temporal window, reconstructing the transmitted constellation points.

» Total Parameters: Approximately 510,510 trainable weights before compression:

Input — Hidden1: (21 x 4) x 500 = 42, 000 weights
Hidden1 — Hidden2: 500 x 10 = 5,000 weights

Hidden2 — Hidden3: 10 x 500 = 5, 000 weights

Hidden3 — Output: 500 x 2 = 1,000 weights (plus biases)

+ Compression Applied: To enable deployment on resource-constrained edge devices:

— Pruning: Magnitude-based weight removal at sparsity levels ranging from 20% to
90% (10% increments). Low-magnitude weights are set to zero and excluded from
computation, reducing both memory footprint and computational load.
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— Quantisation: Precision reduction from 32-bit floating-point (FP32) to 8-bit integer (INT8)
for both weights and activations. This quantisation achieves 75% memory reduction (4
bytes — 1 byte per weight) with minimal Q-factor degradation (< 0.3 dB at 60% sparsity
+ INT8).

» Optimisation Methodology: All hyperparameters (layer sizes, activation function, memory
depth, learning rate, pruning schedule, quantisation bit-width) were jointly optimised using BO
to minimise the objective function balancing Q-factor and computational complexity (RMpS).

This MLP equaliser configuration represents a careful balance between modelling capacity
(deep architecture with 510K parameters) and deployment feasibility (aggressive compression to
204KB INT8 model at 60% sparsity), enabling real-time nonlinear equalisation on edge devices like
Raspberry Pi 4 and NVIDIA Jetson Nano.

The final pruned and quantised models were deployed on two types of edge-computing hard-
ware: Raspberry Pi 4 and Nvidia Jetson Nano. These devices were selected for their popularity
and relevance in low-power, real-time applications.

The Raspberry Pi 4 is a versatile, cost-effective single-board computer that has become a staple
in edge computing. It features a Broadcom BCM2711 system-on-chip (SoC) with a quad-core
Cortex-A72 (ARM v8) 64-bit processor, running at 1.5 GHz. The board is available with up to 4
GB of LPDDR4-3200 SDRAM, providing adequate memory for lightweight neural network models.
Despite its modest computational power, the Raspberry Pi 4 is highly energy-efficient, consuming
approximately 3.4 W under typical load conditions. This energy efficiency is crucial for edge
deployment, where power consumption is a primary concern [138, 139].

The Nvidia Jetson Nano is a more powerful edge computing platform designed specifically
for Al and deep learning applications. It is equipped with a quad-core ARM Cortex-A57 MPCore
processor and a 128-core Maxwell GPU, providing significantly greater computational capabilities
compared to the Raspberry Pi 4. The Jetson Nano supports up to 4 GB of LPDDR4 memory
and is optimised for parallel processing tasks, making it well-suited for handling more complex
neural network models. Despite its enhanced performance, the Jetson Nano maintains a low
power profile, typically consuming around 10 W, which is manageable in most edge computing
scenarios [138, 140].

3.13.1 Computational Platform Bandwidth and Real-Time Processing Feasibility
Analysis

A critical consideration when deploying ANN-based equalisers on edge computing platforms
is the compatibility between the computational bandwidth (symbol processing throughput) of the
hardware and the signal bandwidth requirements of modern optical communication systems. This
subsection analyses whether resource-constrained devices like Raspberry Pi 4 and Nvidia Jetson
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Nano can meet the real-time processing demands of high-speed optical channels, and identifies
the bottlenecks that limit deployment scalability.

The optical transmission scenarios evaluated in this chapter operate at symbol rates ranging
from 30 to 34.4 Gbaud (billion symbols per second). For dual-polarisation systems employing PDM,
each polarisation must be equalised independently or jointly, effectively doubling the processing
requirements. The key bandwidth parameters are:

+ 30 Gbaud PDM-64QAM scenario (20 x50km SSMF): Requires processing 30 billion symbols
per second per polarisation, or 60 Gsymbols/s total for both H and V polarisations. With our
MLP equaliser processing symbols individually (batch size = 1 for minimum latency), the
hardware must complete one inference in 7req = 1/(30 x 10%) &~ 33.3 picoseconds per symbol
per polarisation.

* 34.4 Gbaud PDM-64QAM scenario (9x110km SSMF): Requires 34.4 Gsymbols/s per polar-
isation (68.8 Gsymbols/s total), corresponding to 7req = 1/(34.4 x 10%) ~ 29.1 picoseconds
per symbol per polarisation.

These picosecond-scale latency requirements represent the absolute minimum inference time
needed for real-time equalisation without buffering. In practice, digital signal processing (DSP)
chains tolerate finite buffering depths (typically 102-10* symbols), relaxing the instantaneous latency
requirement while maintaining overall throughput constraints.

The measured inference times from our deployment experiments (Section 3.6) reveal the actual
symbol processing bandwidth of each platform:

Raspberry Pi 4 (Cortex-A72 @ 1.5 GHz):

* Uncompressed FP32 MLP (510K parameters): Inference time 7 = 4.5 us per symbol,
yielding throughput of 1/(4.5 x 1075) ~ 222 Ksymbols/s per polarisation.

» Compressed INT8 MLP (60% sparsity, 204K parameters): Inference time 7, = 1.8 us per
symbol, yielding throughput of ~ 556 Ksymbols/s per polarisation.

 Real-time feasibility: The Raspberry Pi 4 falls short of real-time processing by a factor
of ~ 54,000x for the 30 Gbaud scenario (30 Gsymbols/s required vs. 0.556 Msymbols/s
achieved with compression).

Nvidia Jetson Nano (Cortex-A57 @ 1.43 GHz + Maxwell GPU):

* Uncompressed FP32 MLP: Inference time 7 = 2.8 us per symbol, yielding throughput of
~ 357 Ksymbols/s per polarisation.

« Compressed INT8 MLP: Inference time 7y = 1.22 us per symbol, yielding throughput of
~ 820 Ksymbols/s per polarisation.
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* Real-time feasibility: The Jetson Nano achieves =~ 36,000x lower throughput than required
for 30 Gbaud real-time processing.

PC Platform (Intel i9-10870H @ 2.2-5.0 GHz + RTX 2070 GPU):

+ Compressed INT8 MLP: Inference time 7, = 0.18 us per symbol, yielding throughput of
~ 5.56 Msymbols/s per polarisation.

* Real-time feasibility: Even high-performance PC platforms fall short by ~ 5,400x for 30
Gbaud processing.

The significant gap between required and achieved throughput stems from multiple architectural
bottlenecks:

» Memory Bandwidth Constraints: The Raspberry Pi 4 and Jetson Nano both employ LPDDR4
memory with theoretical peak bandwidth of 25.6 GB/s (LPDDR4-3200). However, effective
bandwidth available to the CPU/GPU cores is significantly lower due to memory controller
overhead, cache coherency traffic, and operating system background processes. Our INT8
MLP model requires loading ~ 204 KB of weights per inference (at 60% sparsity), plus ~ 2 KB
of input activations and intermediate layer activations. At 1.22 us per inference (Jetson Nano),
the sustained memory bandwidth is ~ 206 KB / 1.22 us ~ 169 MB/s—merely 0.66% of peak
theoretical bandwidth. This low utilisation indicates that computation (arithmetic operations)
rather than memory bandwidth is the primary bottleneck for these small models on edge
platforms.

 Arithmetic Throughput Limitations: The Raspberry Pi 4’s Cortex-A72 cores provide ap-
proximately 32 GFLOPS peak performance (at 1.5 GHz, with NEON SIMD units). Pro-
cessing one symbol through our 204K-parameter INT8 model requires ~ 14,400 real mul-
tiplications per symbol (RMpS, at 60% sparsity). With INT8 quantisation, these become
8-bit integer operations, theoretically faster than FP32. However, TensorFlow Lite’'s INT8
kernel implementation on ARM achieves only ~ 8 INT8 operations per CPU cycle (ac-
counting for memory access overhead and pipeline stalls), yielding effective throughput of
(1.5 x 10° Hz) x 4 cores x 8 ops/cycle = 48 GOPS. At 14,400 operations per symbol, theoreti-
cal maximum throughput is 48 x 10?/14, 400 ~ 3.33 Msymbols/s—still 9, 000x below real-time
requirements for 30 Gbaud.

» Software Framework Overhead: TensorFlow Lite, used for deployment on edge devices,
introduces significant per-inference overhead from Python interpreter dispatch, tensor mem-
ory allocation, and operator scheduling. Our measurements indicate that ~ 30-40% of
total inference time is consumed by framework overhead rather than arithmetic operations.
Optimised C++ implementations or hardware-specific FPGA/ASIC accelerators could reduce
this overhead substantially.
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Despite the apparent infeasibility of real-time processing on edge platforms, several deployment
strategies enable practical use of ANN-based equalisers:

+ Offline Processing for Stored Signals: For applications involving captured optical signals
stored for post-processing (e.g., scientific experiments, link diagnostics, or archival data
analysis), real-time constraints do not apply. Edge devices can process stored signals at their
native throughput (=~ 0.5—1 Msymbols/s), completing equalisation of a 2'®-symbol dataset in
~ 0.3—0.5 seconds—acceptable for many use cases.

» Hybrid DSP Architectures: A practical deployment paradigm involves offloading only the most
computationally intensive nonlinear equalisation tasks to ANN accelerators, while performing
linear equalisation (CDC, matched filtering) in real-time using dedicated FPGA or ASIC
hardware. The ANN-based equaliser operates on buffered symbols with relaxed latency
tolerance (=~ 10—100 us per symbol), allowing edge platforms to handle moderate-bandwidth
optical channels (~ 100 Mbaud with appropriate buffering).

+ Parallelisation Across Symbols: Modern optical receivers employ frame-based processing
where blocks of N symbols (e.g., N = 1024) are processed jointly. By parallelizing the ANN
equaliser across multiple CPU cores or GPU threads, effective throughput scales linearly with
available parallelism. The Jetson Nano’s 128-core GPU, when fully utilised with optimised
CUDA kernels, could theoretically achieve =~ 100x speedup over single-core CPU inference,
reaching ~ 82 Msymbols/s—reducing the real-time gap to ~ 360x for 30 Gbaud systems.

» Model Compression Scaling: Our experiments demonstrate that 60% sparsity maintains
Q-factor degradation < 0.5 dB. More aggressive compression to 80—90% sparsity (reducing
RMpS from 14,400 to =~ 1,440-3,600) could yield another 4x—10x speedup, albeit with
Q-factor degradation of 1-2 dB. For optical systems with sufficient SNR margin, this trade-off
may be acceptable.

The bandwidth analysis reveals fundamental scaling challenges as optical systems migrate to
higher symbol rates:

* 400G/800G systems (operating at ~ 60-120 Gbaud): Real-time ANN equalisation on edge
platforms becomes increasingly impractical without dedicated hardware acceleration. FPGA
or ASIC implementations of pruned, quantised ANN models represent the most viable
path, offering 100x-1000x speedups through custom datapath optimisation and massive
parallelism.

» Low-bandwidth coherent systems (< 10 Gbaud): Emerging applications such as data centre
interconnects, metro optical networks, and passive optical networks (PON) increasingly
employ coherent detection at lower symbol rates. For these scenarios, edge platforms with
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compressed ANN equalisers can approach real-time performance, especially with GPU
acceleration and optimised software stacks.

* Inference-time vs. training-time bandwidth: While real-time inference remains challenging,
edge platforms are entirely unsuitable for training ANN-based equalisers due to the 10°x
greater computational demands of gradient-based optimisation. Training must occur offline
on GPU servers, with compressed models subsequently deployed to edge devices—a cloud-
to-edge workflow common in machine learning deployment.

This analysis clarifies the distinct roles of different computational platforms: high-performance
servers and GPUs for model training and development; edge devices like Raspberry Pi 4 and Jetson
Nano for demonstration, prototyping, and low-throughput deployment scenarios; and dedicated
hardware accelerators (FPGAs, ASICs) for production-grade real-time equalisation in commercial
optical systems.

3.14 Performance, Inference Time and Energy Consumption Eval-
uation of ANNs-based Equaliser Deployed on Resources-
constrained Hardware

As it has been discussed during this Chapter, the complexity reduction of the equaliser must not
affect its performance drastically, which is required to be within an acceptable range. In Figure 3.14a,
the Q-factor achieved by the ANN-based equaliser is depicted versus different sparsity values, for
the three launch power levels considered: 0 dBm, blue; 1 dBm, red; and 2 dBm, green. The results
are shown using dotted lines and stars, which are those obtained on a PC (MSI GP76 Leopard
personal computer, equipped with Intel® Core™ i9-10870H processor, 32GB of Random Access
Memory (RAM) and GPU Nvidia RTX2070), Raspberry Pi, and Nvidia Jetson Nano, using the
pruned and quantised model. For each of these launch powers, two baselines for the Q-factor
are depicted: one corresponds to the level achieved by the original uncompressed model, defined
by the straight lines, while the other provides the benchmark when we do not employ any ANN-
based equalisation and use only standard CDC plus phase/amplitude normalisation (LE, linear
equalisation); the latter levels for the three different launch powers are marked by dotted lines
having the appropriate colours.

Figure 3.14b quantifies the impact that each compression technique has on the performance:
in that figure, we plotted the Q-factor achieved by the ANN-based equaliser versus different values
of sparsity, for the 1 dBm launch power. The blue and red straight lines represent the Q-factor
of the original model and the Q-factor achieved by it after being quantised. The dotted lines with
asterisks, show the performance of a model that has been only pruned (blue), and the performance
in the case of both pruning and quantisation (red). It is seen that a substantial reduction of the
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complexity can be achieved without a dramatic degradation of the performance. Furthermore, it
can be appreciated the threshold for those sparsity levels at which the larger deterioration of the
performance occurs.
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Figure 3.14: a) Q-factor achieved for pruned and quantised models versus the level of sparsity for datasets
corresponding to three launch powers: 0 dBm, 1 dBm, and 2 dBm; The solid lines correspond to the Q-factor
achieved by the original model. The dashed lines show the Q-factor when only linear equalisation (LE)
is implemented. b) Q-factor achieved after pruning compared to the one achieved after both pruning and
quantisation, for different levels of sparsity and for a dataset corresponding to the 1 dBm launch power. The
blue and red solid lines correspond to the Q-factor achieved by the original model and the one achieved by
this model after quantisation, respectively.

First, it can be observed from Figure 3.14a that the quantisation and pruning process does not
cause a significant performance degradation until a sparsity level equal to 60% is reached, with
just a 4% performance reduction. However, when larger sparsity levels are explored, e.g. 90%, the
performance is close to the one achieved using a LE (i.e., the Q-factor curves drop to the levels
marked with the dashed lines of the same colour).

We can conclude that when the levels of sparsity are above 60%, the decrease in the perfor-
mance is mainly the effect of the quantisation process. A nearly 2.5% drop in the Q-factor value
has also been observed when quantising an already pruned model. Once the levels of sparsity are
higher than 60%, the reduction in performance due to the quantisation gets accelerated. Moreover,
we observe that some degree of sparsification can even improve the model’s performance with
respect to the unpruned model. This behaviour has already been reported in other studies and it
was found that it is specifically pertinent to the over-parametrised models, as in this case pruning
acts also as a regularisation technique. Thus, the ANNs with less complex structures do not show
up such an increase in performance due to low-sparsity pruning, making it impossible to achieve
such a good performance-complexity ratios [116, 141].

Inference time is the main metric when assessing the ability of an equaliser to process incoming
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signals in real-time. The inference times for the original and pruned as well as quantised models
were measured on both the Raspberry Pi 4 and Nvidia Jetson Nano platforms. When measuring
the inference time for the different types of hardware and the quantised model that has had 60% of
its weights pruned, the results are presented in Table 3.10

Figure 3.15 shows the latency of the considered NN model before and after quantisation. We
notice that the results are expressed in a way that is more appropriate for the task at hand. Thus,
latency is defined as the time it takes to process one symbol: we have averaged it over 30k
symbols. With the quantised model, we observe approximately a 56% reduction in latency for all
three values of power, when compared to the original model. We must notice that pruning is not
taken into account because it does not affect this metric since Tensorflow Lite does not support
sparse inference yet, which makes the algorithm still use the same amount of cache memory. Also,
we could observe that Raspberry Pi has the longest inference time among our devices. This is
in line with the fact that Raspberry is designed as a low-cost and general-purpose single-board
computer [138]. On the other hand, the Nvidia Jetson Nano was developed with GPU capabilities,
which makes it more suitable for deep learning applications, allowing us to achieve lower latencies.

To evaluate the inference time for each model, no peripherals are connected either to the
Raspberry Pi or to the Nvidia Jetson Nano, except the Ethernet port, which is used to establish
communication over the Secure Shell protocol. Moreover, any initialisation time (e.g., library loading,
data generation, and model weight loading) is ignored because this is a one-time cost that occurs
during the device’s setup. Additionally, 25 measures were taken for each device. In each of them,
100 inferences were run (in each inference 30k symbols are recovered) and the inference time was
averaged, not taking into account the initialisation phase.

Power consumption is another important metric in ANNs-based solutions, as it has become
a critical concern in the context of global energy scarcity and environmental sustainability. As
ANNSs grow in size and complexity, their associated energy consumption have risen dramatically,
contributing significantly to the carbon footprint of the information technology sector. This surge in
energy usage not only strains existing power infrastructures but also exacerbates climate change
through increased greenhouse gas emissions. Consequently, there is an urgent need to develop
energy-efficient ANN architectures and hardware implementations that can deliver high performance
while minimising power consumption. Addressing this challenge is crucial for ensuring the continued
advancement of Al technologies in a manner that aligns with global efforts to combat climate change
and promote sustainable development [142—144]. In this Chapter we address this issue in the
context of optical communication systems.

To quantify the energy consumption of the ANN-based equalisers, we employed a digital USB
multimeter (detailed setup shown in Figure 3.16) connected in series with the power supply of
each edge device. The measurement protocol mirrors that used for inference time evaluation: 25
independent measurements were conducted for each device (Raspberry Pi 4 and Nvidia Jetson
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Figure 3.15: Summary of the symbol processing (inference) time for compressed NN models (after pruning
and quantisation) and the original models for three devices under evaluation: Raspberry Pi 4, Jetson Nano,
and a standard PC. Model Complexity Reduction Quantification: The original MLP equaliser (500-10-500
architecture) contains 510,510 trainable parameters occupying 2.04 MB in FP32 format, with a baseline
computational complexity of 36,000 RMpS. After applying 60% magnitude-based pruning combined with
FP32—INT8 quantisation, the compressed model achieves: (i) Memory reduction: 510K — 204K active
parameters (60% reduction), 2.04 MB — 204 KB storage (90% reduction from combined pruning and 4 x
quantisation), (ii) Computational complexity: 36,000 — 14,400 RMpS (60% reduction proportional to sparsity
level), (iii) Inference speedup: Raspberry Pi 4 achieves 2.5x faster inference (from 4.5 us to 1.8 us per
symbol), Jetson Nano achieves 2.3x speedup (from 2.8 us to 1.22 us), and PC achieves 2.1x speedup
(from 0.38 us to 0.18 us). Latency measurements were obtained by averageing inference time over 30,000
symbols in TensorFlow Lite runtime. Note that while pruning reduces theoretical complexity (RMpS), the
latency improvements shown here primarily result from INT8 quantisation, as TensorFlow Lite does not yet
support sparse inference optimisation (pruned weights still occupy cache memory). The quantified reductions
demonstrate that aggressive compression enables deployment on resource-constrained edge devices while
maintaining Q-factor degradation below 0.3 dB for the 60% sparsity + INT8 configuration.

D. Argtiello Ron, PhD Thesis, Aston University 2025 112



Table 3.10: Inference time comparison between compressed and original models across devices.

Device Compressed Model (. + o [s]) Original Model (1 + o [S])
Raspberry Pi 4 0.81+0.035 1.84 +£0.08
Nvidia Jetson Nano 0.53 £ 0.022 1.22 + 0.052
PC 0.10 &= 0.006 0.18 +0.008

Nano), with each measurement consisting of 100 inference runs processing 30,000 symbols per
run. The multimeter recorded instantaneous power consumption (in Watts) at 1 kHz sampling rate
throughout each inference run, enabling precise energy integration over time.

To isolate the ANN-specific power consumption from the total system baseline, we performed
the following procedure: (i) measured idle power consumption with only the operating system and
SSH connection active (no ANN inference), (ii) measured total power consumption during ANN
inference execution, and (iii) calculated the ANN-specific power as the difference between active
and idle states. The initialisation phase (library loading, model weight loading from storage, input
data generation) was excluded from energy measurements, as it represents a one-time overhead
amortised over millions of symbols in continuous operation.

Energy per symbol (expressed in nanojoules per symbol, nd/Symb) was calculated as: Egymp =

t
F [Pactive (t)— Paie] dt . . N . :
Jig | ai{,’:fnzols el , Where P,qive(t) is the instantaneous power during inference, Py is the baseline

idle power, and Ngymbois = 30,000 is the number of equalised symbols per inference run. All 25
measurements were averaged to obtain the final energy consumption values reported below. The
percentages reported (e.g., "70.3% of total energy consumption") represent the fraction of total
device power consumption (including operating system, peripherals, and all background processes)
attributed to the ANN inference task during active symbol processing. The results can be found
below:

* Nvidia Jetson Nano:
— Original Model Energy Consumption: 1.16 nd per Symb, representing 70.3% of total
energy consumption.
— Compressed Model Energy Consumption: 0.49 nJ per Symb, representing 29.7% of
total energy consumption.
» Raspberry Pi 4:
— Original Model Energy Consumption: 1.72 nd per Symb, representing 70% of total
energy consumption.

— Compressed Model Energy Consumption: 0.74 nJ per Symb, representing 30% of total
energy consumption.
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These results demonstrate the significant impact of model compression techniques on energy
consumption in ANN-based optical communication systems. For the Nvidia Jetson Nano, the
compressed model achieves a remarkable 57.8% reduction in energy consumption compared
to the original model. Similarly, on the Raspberry Pi 4, the compressed model realizes a 57.0%
decrease in energy usage. The consistency in energy savings is particularly important for the
widespread adoption of energy-efficient ANN solutions in optical communications, as it indicates
that the benefits are not limited to specific hardware configurations. This reduction in energy
consumption not only addresses the immediate concerns of power usage in Al applications but
also contributes to the broader goals of sustainability in the IT sector.

The set-up employed to measure the energy consumption of the proposed solutions can be
found in Figure 3.16.
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Figure 3.16: (a) The power measurement set-up for Nivida Jetson Nano, and (b) — the same for Raspberry
Pi.

3.15 ANNs-based Equaliser Computational Complexity and Memory
Size Analysis

Figure 3.17 depicts the reduction in the size of the model as well as the model’s CC for different
sparsity values, after having applied quantisation.

Overall, we have achieved an 87.12% reduction in the memory size after pruning 60% of the
ANN-based equaliser weights and quantising the remaining ones. As a consequence, the size of
the model went down from 201.4 to 25.9 kilobytes. For the decrease of the model’s computational
complexity, it goes from 75960427.38 to 16447962 BoPs after applying the same compression
strategy, which is a 78.34% reduction. We would like to point out once more that sparsity levels of
60% can be reached without a substantial performance loss. Therefore, approximately the same
high level of performance can be achieved with a model that is significantly less complex than the
initial ANN structure, which is enables its deployment on resource-restricted hardware.

It is worth mentioning the individual impact that quantisation and pruning have on the computa-
tional complexity of the model. When the computational complexity is calculated for a quantised, but
unpruned model, the number of BOPs is equal to 23321563. Therefore, if this value is compared with
the already mentioned 75960427 BoPs for the unpruned and unquantised NN, a reduction in com-
plexity of a 69.3% is obtained thanks to quantisation. As it can be seen in Figure 3.17, the remaining
gain comes from the pruning technique, and it grows linearly as indicated in Equation (3.69).

In this work, the size of the model is defined as the number of bytes that it occupies in memory.
Moreover, we notice the direct correlation between the value of this metric and the format used
to represent the model. Thus, in contrast to the traditional formats used in Tensorflow (e.g .h5
or HDF5 binary data format and .pb or protobuf), a TensorFlow Lite model, it is represented in a

D. Argulello Ron, PhD Thesis, Aston University 2025 115



100 100

Decrease in the size of the model (%)

20 30 40 50 60 70 80 90
Sparsity(%)

Decrease in the complexity of the model (%)

Figure 3.17: Complexity and size reduction achieved via pruning and quantisation for different levels of
sparsity. The dashed black line represents the reference complexity when only quantisation is applied.

special efficient portable format identified by the .tf1lite file extension. This provides two main
advantages: a reduced model size and lower inference times. Therefore, the deployment of the NN
model on a resource-restricted hardware becomes feasible. As a consequence, it would not make
sense to compare the models saved in the traditional Tensorflow format with those that have been
pruned and quantised as well as converted into Tensorflow Lite. We were aware of this situation
during the realisation of the procedure and, thus, to avoid overestimating the benefits of pruning
and quantisation, the unpruned and unquantised model has also been converted to . tflite format.
To better understand the implications that this step has, the size of the original model in .h5 format
would experiment with a 96.22% size reduction after being converted to .tf1lite format, quantised
and pruned (60% sparsity). On the other hand, if the original model has already been converted
to .tflite, the size reduction is 87.12%. Of course, based on this, always using .tflite format
instead of the other conventional ones seems to be the best strategy. The main reason behind not
doing this is that a graph that is in .tf1ite format can not be trained again, so, it only supports an
online inference mode. Nevertheless, a model that is, for example, in .h5 format, can be trained
offline. Therefore, the .tflite is only intended to be used in the context of edge computing.

Regarding the calculation of the BoPs for the MLP under test, it is important to take into
account that as a MAC operation takes the form: a = a + w - z, it is possible to distinguish two
contributions, one corresponding to the nk? - by number of additions, where by = b, + by, + logy (nk?)
(e.g. accumulator width in the MAC operations), and the other corresponds to the number of
multiplications, e.g. nk?(b,b,,). Based on this, for the case of an MLP [145, 146]:

BoPs; = mini[(1 — fp,)ba;bw; + ba; + buw, + loga(n;)], (3.67)
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In Equation (3.67), n and m correspond to the number of inputs and outputs, respectively; b,, and
b, are the bit widths of the weights and activations. The additional term, f,,, is the fraction of
pruned layer weights, which allows us to take into account the reduction in multiplication operations
because of pruning. This is the reason why it only relates to the term b,b,, [146].

Therefore, in our case of the MLP with 3 hidden layers, the total number of BOPs is:

BoPs = BOPS;nput + »  BOPS; + BOPSoutput, (3.68)

where i € [1, 2, 3], BoPsinput and BoPsqutput COrrespond to the contributions of the input and output
layers. Equation (3.68) can be written in a less compact way as follows:

BoPsyrp = (ninib; + ningb, + nangbe + n3nebe) (1 — fp)bw + (ning)(b; + by) logy(n;)

+ (n112)(ba + bw) logy(n1) + (n2n3) (be + buw) l0gs(n2) + (n310) (ba + byw) logs(n3),
(3.69)

where n;, n1, no, ng ,and n, are the number of neurons in the input, first, second, third, and output
layers, respectively; by, bs, b, @and b; are the bit width of the weights, activations, output, and input,
respectively; f, is the fraction of the weights that have been pruned in a layer, which, in our case, is
the same for every layer.

3.16 Low Complexity RNN-based Equalisers in Optical Channel Com-
munication Systems employing SOAs

As discussed in Chapter 1, SOAs have numerous attractive characteristics, such as compact
size, efficient electrical pumping, cost-effectiveness, and wideband gain [147-149]. However,
the nonlinear properties of SOAs, relatively slow gain recovery time, and comparatively high
noise figure (relative to other optical amplifiers) present significant challenges for high-speed
optical communication applications. Despite these challenges, SOAs offer substantial potential in
Metro/Access networks where cost and component integration are critical.

The carrier dynamics of SOAs operate on a timescale of hundreds of picoseconds, which makes
the gain dependent on the input optical power in real-time. This leads to nonlinear impairments,
including inter-symbol interference, particularly in systems employing advanced modulation formats
with numerous constellation points. Therefore, mitigation of these nonlinear distortions is a major
challenge in making SOAs viable for telecommunication applications compared to traditional
amplification methods like EDFAs.

In high-speed coherent detection systems, DBP has been utilised to compensate for nonlinear
distortions introduced by SOAs by inverting a numerical model of the amplifier at the receiver [150].
However, DBP for SOA introduces additional computational complexity due to the need for a specific
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model of the SOA, creating an opportunity to explore alternative digital equalisation methods.

Recently, ANNs have shown promise as DSP techniques for compensating nonlinear transmis-
sion impairments in optical communication systems [151-153]. The advantage of ANNs lies in their
ability to mitigate complex nonlinear signal distortions and signal-noise interactions, especially in
scenarios with pronounced nonlinear impairments such as those imposed by SOAs. Thus, ANNs
have significant potential for equalising SOA-induced distortions in coherent detection systems.
The practical implementation of ANN-based equalisers involves balancing performance and CC,
a key factor for real-time processing feasibility. While ANNs have previously been applied to
intensity modulation/direct detection formats, the unique challenges of coherent detection demand
a distinct approach. This work focuses on developing ANN-based equalisers for coherent detection,
comparing their performance and CC against DBP in a WDM 11 x 112 Gb/s 16-QAM transmission
over a SSMF link of 120 km.
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Figure 3.18: Schematics of the ANN-based equalisers in the transmission link of 120 km with SOA, Channel
6 is the channel under test. CDC is only used with the ANN-based equaliser.

The simulated transmission line is schematically depicted in Figure 3.18. A 16-QAM, root-
raise-cosine waveform, single polarisation signal was transmitted over 11 WDM channels at a
28 Gbaud channel rate. Signal propagation in the 120-km SSMF span was modelled using the
conventional split-step method. Direct bit-error-rate counting and the corresponding recalculated
Q-factor are used for the central channel (number 6), which is considered without loss of generality
to evaluate the performance of the communication system. The Cassioli-Scotti-Mecozzi model (see
for details [154]), incorporating distributed loss and amplified spontaneous emission generated
within the SOA, is employed here to simulate the amplification of the signal and associated nonlinear
distortions. This model offers an accurate analysis of the signal evolution within an SOA.

The parameters of the amplifier used in simulating the transmission system (Cassioli-Scotti-
Mecozzi model) are: ay =5, 7. = 170 ps, Pse: = 8.32 mW (9.2 dBm), SOA loss is 9 dB, and we
used an excessively high noise figure of NI = 10 to operate in the worst-case noise scenario.
However, due to its high CC, it is impractical to implement this model in a contemporary DSP.
Therefore, instead, a simplified model (see Egs. (3.70-3.71) below) that includes key physical
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effects is utilised here to perform DBP at the receiver for comparison with the proposed machine
learning-based solutions. The signal transformation (E;,,(t) — Eo.:(t)) in the SOA is given by:

1 —iag
2

Eout(t) = exp [ h(t)] Ein(t), (3.70)
here ay is the amplifier linewidth enhancement Henry factor, and the signal phase is modulated by
the time-dependent gain function h(t) according to the equation:

Pin(t)

o 71
P (3.71)

LY mt) _
e h(t) = ho = h(t) [e 1}
where hy is a linear gain (Go = exp(ho) to compensate for the SMF span loss, Py, (t) = |Ei,(t)]?
is the signal power at the SOA input, 7. is the SOA carrier lifetime, and Psy; = Fgqt /7. is the SOA
saturation power (E,; is the corresponding SOA saturation energy).

The inverse SOA in DBP is implemented through a gain reversal operation. Parameters for
modelling the SOA, using Egs. (3.70-3.71), in DBP are ay = 5, 7. = 170 ps, and Ps,; = 4.57
mW (6.6 dBm). In our study, the saturation power (Ps,;) for the DBP simulation was optimised
to ensure optimal performance. We incorporated a standard fibre distortion mitigation DBP,
employing the split-step method with a variable number of steps per span, in addition to the DBP
for SOA distortion [150]. For both components of the DBP, we used two samples per symbol. It
is crucial to highlight that our DSP chain adopts two different approaches based on the chosen
nonlinearity mitigation technique, namely DBP or an ANN-based equaliser. Specifically, in the
ANN implementation, nonlinearity mitigation occurs at the end of the process, subsequent to the
CDC block. This arrangement ensures compatibility with existing DSP solutions and allows for
comprehensive compensation of both linear and nonlinear impairments. The initial stages of the
DSP chain, including the CDC, primarily focus on correcting linear signal distortions [155].

Following [103], we employ a 1-dimensional convolution layer as a pre-processing feature-
extracting step. Furthermore, a bidirectional structure is used in the case of the GRU and LSTM
components, as it provides a more robust solution for time-dependent tasks by learning better which
features of the past values are useful for a particular symbol value prediction [69, 103]. Although
CNN-biLSTM has been used as an equaliser in other contexts [103], to the best of our knowledge,
this is the first time it is used for compensation of nonlinear impairments in a coherent detection
WDM optical link with SOA. Furthermore, we proposed a new design for ANN-based channel
equaliser based on the CNN-biGRU model.

We optimise the hyperparameters of each model using the BO algorithm for a launch power
of -4 dBm (about 3 dB above the optimal power when ideal DBP is applied). The optimised
hyperparameters include the number of filters of the 1-D convolutional layer (ny), the filter size (ny),
the number of hidden units in the recurrent layer (n,), the batch size (B), the memory depth (M),
and the learning rate (n). The best values for CNN-biLSTM were found to be M = 14, ny = 234,
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ng = 5, np = 260, B = 2678, and n = 0.0035. For CNN-biGRU, the optimal hyperparameters were
M =40, ny = 1000, ny, = 67, nj, = 100, B = 32, and n = 0.067. These structures were mapped to a
computational complexity (CC) value (Egs. 3.72-3.73). This value was later decreased by pruning,
until 95% of the weights were removed.

A total of 2'® symbols (22?2 bits for 16-QAM symbols) were used for training, and 223 indepen-
dently generated symbols for evaluation, ensuring reliable results [156]. To avoid data periodicity
and performance overestimation, the SIMD-oriented fast Mersenne twister random number genera-
tor algorithm was used to create the bit sequences.

Computational complexity directly impacts the latency, cost, and power consumption of DSP
in an optical communication system, and needs to be minimised while maintaining satisfactory
performance. In ANN models, compression techniques such as weight quantisation, knowledge
distillation, or pruning are employed to achieve this. Pruning works by eliminating redundant or less
important parts, such as weights, layers, or neurons, while maintaining performance [52, 68, 157].
Here, we prune the lowest magnitude weights globally throughout the ANN. Furthermore, in [52],
we demonstrated that BO could improve existing pruning strategies, such as fine-tuning pruning, as
an alternative to other explored approaches [158,159]. In this study, we employ this methodology to
reduce the CC of the proposed ANN-based equalisers. The CC for CNN-biLSTM and CNN-biGRU
in terms of real multiplications per symbol (RMpS) is defined in Egs. 3.72 and 3.73:

CONN-bILSTM = (ninfnk(ns —ng + 1) + (ns —ng + 1) 2715(47%7%‘ + 4n;21 + 3ny, + nonh))J (3.72)

a b c

ConnbigRU = (ninpng(ns — ng + 1) + (ns — ng + 1) 2n(3npmn; + 3ni + 3np + nony)) (3.73)

a b d

In both equations, n represents the size of the input sequence (equal to 2M + 1 where M is
the memory depth), n; is the number of input features per symbol (equal to 2 for single polarisation,
corresponding to d;, = 2), n, is the output dimension (equal to 2 for the real and imaginary parts
of the recovered symbol), n; is the number of filters used in the 1-D convolutional layer, n;, is
the filter size, and n;, is the number of hidden units in the LSTM and GRU cells. The term «
represents the contribution of the convolutional layer, while b defines the output size of each filter in
the convolutional layer. The term ¢ represents the contribution of the biLSTM layer, including matrix
multiplications of inputs, hidden states, weights, and pointwise multiplications within the LSTM cell,
whereas d accounts for similar contributions in the GRU cell but with fewer weight matrices.

The ANN-based equalisers were benchmarked against the low-complexity DBP algorithm
proposed in [160] with 4 and 120 steps-per-span. The DBP algorithm is recognised for its simplicity
and cost efficiency in compensating SOA nonlinearity. The CC of the DBP algorithm is determined
by two primary elements: the Runge-Kutta component and the Fibre component, denoted as e and
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f, respectively, in Equation 3.74:

BO(N - 1) 4N 10g2(N)nZNsteps
+ .

N

f

Cpep = (3.74)

o2

Performance was assessed through the standard Q-factor metric recalculated from the directly
counted BER as @ = 20logio [v2 erfc™ (2 BER)] [52] for the central WDM channel of 11 transmitted,
as shown in Figure 3.18. The results are depicted in Figure 3.19.

114

Equalizer
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DBP-120

104 == CNN-biLSTM
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Launch Power (dBm)

Figure 3.19: Performance comparison of the CNN-biGRU and CNN-biLSTM based equalisers and DBP with
4 and 120 steps per span for different signal launch powers.

Figure 3.19 shows that the ANN-based equalisers outperformed DBP-4 at optimal powers
and are competitive with DBP-120. This demonstrates the potential of using ANNs to mitigate
nonlinear impairments induced by inline SOAs. Figure 3.20 depicts the Q-factor and CC in terms of
RMpS for the CNN-biLSTM and CNN-biGRU models. In this case, both networks have undergone
a pruning process to reduce their CC to a sparsity level of 95%, meaning that only 5% of the initial
weights remain. Consequently, the values obtained from Eqgs. 3.72 and 3.73 are scaled by a factor
of 0.05. Despite the reduction in CC, the optimisation of pruning parameters using BO maintains
the performance of the models. This is evident when comparing Figs. 3.19 and 3.20.

Finally, we compare our low-complexity solution with the DBP algorithm proposed in [160]. The
results are shown in Table 3.11.

The CNN-biLSTM and CNN-biGRU models, being generic equalisers, are generally computa-
tionally more demanding than DBP, which attempts to mitigate specific signal distortions. However,
the BO-assisted pruning methodology achieves the best CC-performance balance, keeping or
improving the Q-factor achieved [52,68]. As expected, increasing the steps per span of DBP results
in better performance but also higher CC, as seen in Equation 3.74.
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Figure 3.20: Performance versus complexity trade-off for the CNN-biLSTM and CNN-biGRU equalisers after
pruning and reaching a sparsity level of 95% for different launch powers. Note: All power values referenced
in this figure and related discussions (including Ps,;) are expressed in dBm (referenced to 1 mW), not dB.
The SOA saturation power is P,,; = 8.32 mW, equivalent to 9.2 dBm.

Model CC (RMps) Q-factor
DBP-120 1128100 10.90
DBP-4 37600 9.87
CNN-biLSTM 25811500 10.29
CNN-biGRU 11925000 10.18

CNN-biLSTM(s = 95%) 1290600  10.27
CNN-biGRU(s = 95%) 596300 10.34

Table 3.11: CC and Q-factor for the DBP with 120 and 4 steps per span and the ANN-based equalisers
before and after undergoing pruning (95% of the weights removed) for a launch power equal to -7 dBm (the
optimal for the system).

3.17 Synergistic Integration of OPC with ANNs-based Equalisers

Beyond pruning, an appealing route is to blend optical and digital remedies. As outlined in
Chapter 2, OPC sits naturally alongside ANN-based equalisation. Injecting a phase-conjugated
replica halfway along the fibre essentially rewinds much of the distortion picked up in the first span.
Its real appeal is that it attacks the complexity problem from a completely different direction.

When we combine OPC with ANNs-based equalisers, we create a powerful synergy. OPC
tackles most of the nonlinearities on-the-fly in hardware, and the ANN tidies up whatever distortion
remains—be it asymmetry or imperfect conjugation. The hybrid setup taps into the best of both
camps: OPC’s hardware-level correction and the ANN’s flexible, model-free learning.

To test this concept, we implemented an experimental setup using a PDM transmission at 28

D. Argtiello Ron, PhD Thesis, Aston University 2025 122



e B e

(a)

Coherent
Rx

1
1
28Gbaud PDM | |
M-QAM Tx :

R L L OPC

Figure 3.21: Block diagram of the experimental setup used to evaluate OPC and CVNN synergy [1]

GBaud with 64-QAM signals through 4 spans of standard single-mode fibre, as shown in Figure
3.21. For configurations using OPC, we placed the phase conjugator at the midpoint of the link
and transmitted the conjugated signal through the second half. For comparison, we also tested
configurations without OPC, carefully matching the OSNR conditions to ensure fair evaluation.

The biggest eye-opener was how much OPC trimmed the size of our CVNN designs. BO kept
choosing leaner networks—shallower and with fewer neurons—whenever OPC was employed, as
shown in Table 3.12. For instance, at 9 dBm launch power, the OPC configuration required only
5 layers compared to 6 layers without OPC. Also noteworthy is how the networks without OPC
tended toward maximum neuron counts in multiple layers (600 neurons), suggesting they were
struggling to model the more complex channel characteristics.

In this case, CC is measured as the number of complex-valued multiplications per symbol
period, CC = (1 — s) (nsnml + Zfz_ll nn1 + nLno) , With sparsity s introduced by pruning.

Plain magnitude pruning made the advantage stand out even more clearly. As Figure 3.22
shows, OPC allowed to drop 60% of the weights at 8 dBm launch power and still stay below the
HD-FEC limit (BER = 3.8-1073). In contrast, without OPC the model missed the target no matter
how big we made it. Taking this further, we evaluated more sophisticated pruning techniques. The
traditional FT approach, i.e. magnitude-based pruning, was compared with WR and LR strategies.
Pairing WR with OPC was even better: we could discard 90% the parameters at either launch
power and the BER still cleared the threshold. This resulted in a huge cut in compute load with
zero hit to performance, as it is highlighted in Figure 3.22.

This synergistic approach challenges the conventional wisdom that treats optical and digital
compensation as separate domains. Because OPC shortens the channel memory, it lets us build
lighter networks that need far fewer parameters. Pruning, which would normally hurt accuracy, how
slashes the count of complex multiplies even further when OPC is in the loop.

Altogether, mixing optical tricks with smart pruning looks like a powerful recipe for fast,
lightweight equalisation in future fibre systems. Bringing optical and digital methods together
moves us closer to rolling out advanced nonlinear compensation in live networks.
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Table 3.12: Optimised CVNN architectures with and without OPC at launch powers of 8 dBm and 9dBm.

Optical solution Optimal parameters

Launch power: 8 dBm

OPC n = [519,505, 531, 151, 562, 140]
1=6, p=0.1, Ly=6.5x10"°
No OPC n = [366, 422, 600, 600, 242, 327]

l=6, p=0, Ly=1x10"°

Launch power: 9dBm

OPC n = [430, 532, 406, 462, 315]
=5 p=035 Ly=65x103
No OPC n = [600, 600, 600, 600, 568, 50]

1=6, p=0.1, Ly=0.1

a)
0.5 |—&— w/ OPC FT at 8dBm
—A = wio OPC FT at 8dBm
A w/ OPC WR at 8dBm
-1 \‘-\. |=0 =wio OPC WR at 8dBm ' b}
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Figure 3.22: BER achieved for different computational complexity values with and without OPC at two launch
powers (8 dBm and 9 dBm). The horizontal dashed line indicates the HD-FEC threshold.
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Chapter 4

Addressing the Noise Problem in
Photonic Neuromorphic Computing:
New Opportunities for Efficient and
Noise-Resistant Optical Channel
Equalisation

The physical implementation of ANNs in analogue hardware presents a promising avenue
for achieving high-speed, energy-efficient signal processing in optical communication systems.
However, analogue implementations inherently introduce noise and variability that can significantly
impact the performance of these neural network-based equalisers. This chapter explores the
challenges posed by noise in analogue ANNs and presents novel techniques to enhance their
resilience in the context of optical communication systems.

Analogue computing offers the potential for substantial improvements in speed and energy
efficiency compared to traditional digital implementations. This is particularly relevant in the field
of optical communications, where the demands for high-speed signal processing continue to
grow. However, the transition from digital to analogue neural networks introduces new challenges,
primarily related to the precision and reliability of computations in the presence of various noise
sources.

In this chapter, we will first examine the fundamental sources of noise in analogue neural
network implementations, including thermal noise, shot noise, and quantisation errors. We will then
discuss how these noise sources propagate through the network and affect its overall performance.

Building upon this foundation, we will introduce advanced techniques for enhancing the noise
resilience of analogue neural networks. These techniques include novel training methodologies,
architectural modifications, and noise-aware design principles. We will pay special attention to the
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concept of “crowd equalisation,” which leverages ensemble methods to improve robustness against
noise and variability. Throughout the chapter, we will present rigorous experimental results and
theoretical analyses to validate the proposed techniques. We will evaluate the performance of our
noise-resistant analogue neural networks in realistic optical communication scenarios, considering
metrics such as BER and SNR.

By addressing the critical issue of noise in analogue neural network implementations, this
chapter contributes to the broader goal of realising practical, high-performance neuromorphic
computing solutions for next-generation optical communication systems. The techniques and
insights presented here have the potential to significantly advance the field of analogue neural
networks and pave the way for their widespread adoption in optical signal processing applications.

Moreover, in this chapter SNNs are also explored as promising paradigm for neuromorphic
computing in optical communications while the unique challenges they present are assessed
and addressed. Furthermore, novel architectures designed are explored to develop promising
equalisation methods when compared with traditional ones.

The results presented in this chapter come from the articles [73, 161], where the experimental
dataset was provided by Dr.Abdallah Alsayed Ismail Ali. The figures and models employed in [161]
were done by Karina Nurlybayeva, while | supported in writing the text and reporting the results as
well as supporting with the noise-aware training process. The research presented here was done
under supervision of Dr.Morteza Kamalian-Kopae, and Sergei K. Turitsyn

4.1 Noise Resilience of Analogue ANNs

Analogue artificial neural networks are widely considered as promising computational models
that more closely imitate the information processing capabilities of the human brain compared
to digital neural networks. The significant computation power and the much reduced power
consumption per operation make the analogue implementation of neural networks very attractive.
There is an active research on ANNs implementation using both analogue photonic and electronic
hardware [72,162]. However, compared to digital realisations the conventional analogue systems
are more sensitive to the noise that is inevitably present in practical implementations.

Before investigating noise robustness in the context of optical communications, we establish a
rigorous theoretical foundation that connects image classification tasks with optical signal process-
ing challenges. This connection is not merely analogical but stems from fundamental mathematical
similarities in data representation and noise characteristics that make image classification an
ideal controlled testbed for studying noise effects in neural networks before deployment in optical
systems.

To better understand the results in this chapter, it is necessary to stablish a unified framework
between image classification and equalisation. The relationship between these two domains can be
understood through the lens of complex-valued signal spaces. In optical communication systems,
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transmitted symbols are represented as points in a complex constellation diagram, such as QAM,
where each symbol s, is defined as:

s = I +ij€C (4.1)

where I, and @ represent the in-phase and quadrature components, respectively. Similarly,
grayscale images can be represented as discrete amplitude levels in a 2D spatial domain, where
each pixel intensity p; ; occupies a position in the image plane analogous to constellation points in
the I-Q plane.

The fundamental mathematical parallel emerges when considering that both image pixels and
QAM constellation points represent discrete classification problems in continuous spaces. In image
classification, the neural network must correctly classify pixel patterns into discrete categories
despite additive noise. In optical equalisation, the network must correctly classify received noisy
constellation points back to their original transmitted symbols. Both tasks require the network
to learn decision boundaries in the presence of additive Gaussian noise, making the underlying
mathematical optimisation problem structurally equivalent [100, 163].

The AWGN commonly encountered in image processing serves as an excellent model for
studying the effects of photonic noise in optical systems. In digital images, noise manifests as:

Dij = Pij + Nij, Nijj~ N(0, (72) (4.2)

This directly parallels the signal-based noise model in photonic systems where the received signal
becomes:
7=y+N), Ny ~N©O,0pmoronic) (4.3)

The crucial insight is that both scenarios involve neural networks learning robust feature
representations that are invariant to additive noise corruption. The statistical properties of the
noise—Gaussian distribution, zero mean, and additive nature—are preserved across both domains,
enabling direct transferability of noise robustness insights [164].

Image classification on standardised datasets such as MNIST [165] provides several critical
advantages as a controlled environment for studying noise effects:

1. Standardised Baselines: Well-established performance metrics and baseline accuracies
enable precise quantification of noise-induced performance degradation.

2. Scalable Complexity: The 10-class classification problem in MNIST provides sufficient
complexity to observe meaningful noise effects while remaining computationally tractable for
extensive hyperparameter exploration.

3. Reproducible Conditions: Fixed datasets eliminate variability from experimental conditions,
enabling systematic study of noise injection parameters and training methodologies.
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4. Architectural Generalizability: Results obtained on image classification tasks can be
systematically validated across different neural network architectures (MLPs, CNNs, RNNs)
relevant to optical signal processing.

Validation Methodology and Performance Indicators: The translation of insights from image
classification to optical communications is validated through several key performance indicators
that exhibit direct correspondence:

Classification Accuracy < Symbol Error Rate (SER)
Cross-Entropy Loss «++ MSE

Robustness to Image Noise «+» Resilience to Channel Impairments (4.6)

The fundamental principle underlying this validation is that neural networks demonstrating
enhanced robustness to additive noise in image classification tasks will exhibit corresponding
improvements in noise resilience when applied to optical signal equalisation. This transferability
has been empirically validated in subsequent sections of this work and provides the theoretical
foundation for using image classification as a proxy for optical system performance analysis.

Noise properties in ANNs have been studied both in the electronic and photonic domains.
However, photonic ANNs are much less investigated compared to the electronic implementations,
for which some training techniques have been proposed to enhance ANNs robustness against
noise [162]. The theoretical bridge established above provides the mathematical justification for
using image classification tasks as a controlled environment to develop and validate noise-aware
training techniques before their application to more complex optical communication scenarios.

4.1.1 Literature Review: Noise Robustnhess in Neural Networks

The study of noise effects in neural networks has a rich history spanning both theoretical
analysis and practical implementation considerations. Early foundational work established the
mathematical frameworks for understanding how additive and multiplicative noise affects network
performance [164]. The field has evolved from simple noise injection techniques to sophisticated
regularisation strategies and adversarial training methods.

In the electronic domain, [166] established fundamental principles for adversarial robustness that
share conceptual similarities with noise robustness, where networks must maintain performance
despite input perturbations. Their work on adversarial training—where networks are explicitly trained
on perturbed inputs—Ilaid the groundwork for noise-aware training methodologies. Similarly, [167]
developed certified robustness techniques using randomised smoothing, providing theoretical
guarantees for network performance under Gaussian noise, which directly relates to the photonic
noise scenarios studied in this work.
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The broader robustness literature has established that neural networks exhibit varying sensitivity
to different types of perturbations [168]. These studies have shown that standard training procedures
often result in networks that are brittle to even small input corruptions, motivating the development
of specialised training techniques for enhanced robustness.

In the context of Photonic Neural Network, the seminal work of Semenova and colleagues
represents the most comprehensive investigation of noise effects in analogue photonic neural
networks to date, establishing fundamental principles that directly inform the present study [71,72,
169,170]. In the 2019 study [72] they established the theoretical framework for understanding noise
propagation in analogue hardware neural networks. Their work identified key differences between
electronic and photonic implementations:

* Noise Sources: Electronic systems primarily exhibit weight-level noise due to device variabil-
ity and thermal fluctuations in resistive elements, while photonic systems show signal-level
noise from shot noise, thermal noise in photodetectors, and phase fluctuations in optical
components.

» Propagation Characteristics: Their analysis demonstrated that noise in photonic systems
exhibits different propagation dynamics compared to electronic implementations, with mul-
tiplicative noise components becoming significant due to the intensity-dependent nature of
optical signal processing.

» Performance Implications: The study established that photonic neural networks can exhibit
both enhanced robustness (due to the analogue nature of optical processing) and increased
vulnerability (due to accumulation of noise through multiple optical stages).

With respect to training and noise mitigation strategies, building on foundational analyses of
noise propagation in analogue/physical neural networks [72], Semenova et al. proposed training
and design practices to improve robustness in trained deep networks [169]. Their 2022 study
models noisy nonlinear neurons in fully connected layers and derives criteria for noise-resilient
design; in practice, one effective technique is to inject noise during training (“noise-aware” training),
so that inference remains stable under hardware perturbations.

1. Noise-aware training. Injecting controlled noise during training improves robustness at test
time across trained deep networks [169]. In this work we adopt that principle and examine
alternative injection schemes (e.g., weight clipping vs. Gaussian injection).

2. Architecture and depth. The 2022 analysis shows that noise accumulation in layered
networks is generally bounded rather than unconditionally worsening with depth; sensitivity
depends on layer statistics and where noise enters the computation [169]. This motivates our
controlled comparison across architectures and depths rather than assuming “deeper = less
robust.”
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3. Hardware-aware design rules. The same study provides engineering criteria for building
noise-resilient hardware implementations [169]. We extend this by experimentally comparing
training-time noise injection strategies under identical datasets and evaluation protocols.

A recent preprint from the same line of work analyses analogue echo-state (recurrent) networks
under white-Gaussian internal noise [170]. While its setting is recurrent (not a feed-forward
image-classification benchmark), two observations are directly relevant to our study:

» Pronounced recurrent sensitivity. ESN performance can degrade sharply under certain
additive/multiplicative and correlated/uncorrelated noise regimes, highlighting the particular
vulnerability of recurrent dynamics to internal noise [170]. This motivates our feed-forward vs.
recurrent comparison under a common training and evaluation pipeline.

» Threshold-like regimes and mitigation. The preprint reports critical noise thresholds beyond
which performance collapses, and shows that appropriately tuned noise-aware training can
recover a significant fraction of lost accuracy [170]. These findings support our grid-search
procedure for selecting noise parameters and our use of noise-aware training.

Complementing the photonic-focused work of Semenova et al., Zhou and colleagues [162]
provided crucial insights into noise robustness in electronic neural network implementations. Their
"noisy machines" framework established several principles that inform our comparative analysis:

 Distillation-Based Robustness: They introduced knowledge distillation techniques for
enhancing noise robustness, demonstrating that networks can learn to maintain performance
despite hardware imperfections.

» Analogue Hardware Considerations: Their work specifically addressed the transition from
digital to analogue implementations, identifying key challenges that parallel those encountered
in photonic systems.

» Cross-Domain Transferability: They demonstrated that robustness techniques developed
in one hardware domain can often be adapted to others, supporting our approach of using
image classification insights for optical communication applications.

Research Gaps and Novel Contributions. While the existing literature provides important
foundations, several gaps remain that this work addresses:

1. Limited Architectural Comparison: Previous work has not systematically compared noise
robustness across diverse architectures (MLPs vs. RNNs) using identical training protocols
and noise models.

2. Controlled Environment Analysis: The use of standardised image classification tasks as a
controlled testbed for photonic noise analysis represents a novel methodological contribution
not present in existing literature.
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3. Unified Training Framework: This work provides a systematic comparison of different noise
injection strategies (weight clipping vs. Gaussian injection) within a unified experimental
framework.

4. Bridge to Optical Communications: While previous work focused on general neural network
applications, this study explicitly connects noise robustness research to optical communication
equalisation challenges.

Contemporary Developments. Recent advances in optical neural network hardware [40,171]
have highlighted the growing importance of noise robustness research. These studies have shown
that:

» Hardware Maturity: Integrated photonic neural networks are approaching practical imple-
mentation, making noise robustness a critical consideration for real-world deployment.

» Scalability Challenges: Larger optical neural networks exhibit increased sensitivity to
cumulative noise effects, emphasizing the importance of robust training methodologies.

 Application Diversity: Optical neural networks are being deployed across diverse appli-
cations, from telecommunications to machine learning acceleration, requiring robust perfor-
mance across different operational conditions.

Building upon these foundations, this work extends the contributions of Semenova et al. and
Zhou et al. by:

1. Systematic Methodology: Providing a rigorous experimental framework that enables direct
comparison of different architectures and training strategies under identical conditions.

2. Theoretical Foundation: Establishing mathematical connections between image classifica-
tion robustness and optical signal processing performance that were not previously formalised.

3. Practical Implementation: Demonstrating techniques that can be directly applied to optical
communication systems, bridging the gap between fundamental research and practical
applications.

4. Comprehensive Analysis: Offering insights that span from theoretical noise modelling to
practical implementation considerations, providing a complete framework for noise-robust
photonic neural network design.

The subsequent sections build upon this literature foundation to present novel experimental
results and theoretical insights that advance the state of the art in noise-robust photonic neural
networks.
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4.1.2 Noise Models in Analogue Neural Networks

Before analysing the performance of noise-resilient training approaches, it is essential to
understand how noise manifests in different analogue hardware implementations. In this work, we
focus on two distinct noise models that represent the primary differences between electronic and
photonic hardware:

1. Weight-based noise model (electronic hardware): In this model, noise affects the weights
directly, represented as:
W, = W! + AW (4.7)

where AW follows a Gaussian distribution centred at zero.

2. Signal-based noise model (photonic hardware): Here, noise impacts the output signal
rather than the weights:
y=y +N() (4.8)

where / is the clean output and N (i) represents the photonic noise operator, which can
take different forms such as:

N(y')=V2Daés or N()=1y'/2Dunénr (4.9)

with diffusion coefficients D4 = 10~* and D,; = 103, and standard normal random variables
€a, & ~ N(0,1).

Introducing two diffusion coefficients, D, (additive) and D), (multiplicative), in the photonic
noise model is well-grounded in stochastic process theory and in the physics of optical receive
chains. The dual-coefficient formulation captures signal-independent noise (e.g., detector shot
and thermal noise) and signal-dependent noise (e.g., laser RIN, phase-to-amplitude conversion,
amplifier-related terms) that co-exist in practical photonic neural hardware.

The composite noise dynamics can be modelled with an SDE comprising additive and multi-
plicative terms [172,173]:

dY; = f(Y,t)dt + oa(Ys, t)dW + op (Vi t) YedWHM, (4.10)

where Y; is the optical-signal amplitude, f is the drift, 04 and oj, are noise intensities for the
additive and multiplicative components, and W/, WM are independent Wiener processes. In
discrete inference layers this reduces to the operator

N(y') = \/2Daéa + v \/2Du €ur, (4.11)

with €4, &y ~ N(0,1). The factor 2 follows the 1té convention for diffusions (Var[v2D Wy| = 2D t)
[172].
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D 4 aggregates signal-independent contributions:

» Photodetector shot noise: white current PSD S; = 2el (with photocurrent I), equivalently a
shot-noise floor at the detector input after responsivity scaling [174,175].

» Thermal (Johnson-Nyquist) noise: voltage/current noise with one-sided PSD 4kgTR for a
resistor R [176,177].

« Dark-current shot noise: shot noise from detector dark current adds to the same 2el
term [175].

These mechanisms are independent of |/|, justifying the /2D 4 {4 term.
Meanwhile, D, captures signal-dependent mechanisms:

+ Laser relative-intensity noise (RIN): intensity fluctuations normalised to average power and
commonly specified in dB/Hz; the contribution scales with optical power [175, Section 3.5,
4.4], [174, Chapter 18].

» Phase noise — amplitude noise conversion: interferometric paths or fibre dispersion
convert laser phase noise into detected intensity noise, introducing a signal-dependent
component [178].

« Amplifier noise figure and gain fluctuations: noise added by optical amplification scales
with signal level and sets an OSNR floor [175, Section 4.2.1.5].

These justify the v'v/2D; &5y term.
In terms of SNR, for N(y’) = V2D A€ + v'/2Dp & with independent standard normals,

SNRy) = — 0T ik - (4.12)
Var[N(y')]  2Da+2Duyly/|

Three regimes follow directly:
1. Low signal (|3/|> < D4/Dy): additive term dominates, SNR ~ |¢/|/(2D 4);
2. High signal (|y/|? > D/D);): multiplicative term dominates, SNR ~ 1/(2D,) (SNR ceiling);
3. Intermediate regime: both terms matter, motivating the full dual-coefficient model.

With (D4, D) = (1074,1072) used in this chapter, the transition occurs near |y/|?> ~0.1, so both
mechanisms are relevant across typical activation ranges.

The ratio Dy, /D 4 =10 reflects that, at moderate—high optical powers, multiplicative mechanisms
(RIN, phase-to-amplitude conversion, amplifier noise) often dominate, whereas at low powers the
detector chain is typically shot/thermal limited. These magnitudes are consistent with textbook
receiver models and RIN behaviour in semiconductor lasers [174,175].
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It is ecessary to employ both coefficients, as additive-only models (D, =0) over-predict SNR
growth with signal power and miss the SNR ceiling imposed by multiplicative effects; they also
understate dynamic-range compression and can mislead training if the deployment hardware has
appreciable RIN or phase-to-amplitude paths. The dual model is therefore necessary for realistic
prediction and for designing effective noise-aware training.

4.1.3 Noise-Resilient Training Techniques

We investigate two primary noise injection approaches to enhance the robustness of analogue
neural networks against photonic noise.

+ Gaussian Noise Injection with Weight Clipping (WC): During training, the weight W,
of layer [ is drawn from a Gaussian distribution N(Wl;Wé,a?\,’lI). The noise variance is
referenced to the range of representable weights:

X0 = 1 Wihao = W,

max mzn)

(4.13)

and W/

min

parameter 7 controls the noise level, and weights are clipped to the interval [V}

min’

The values W

max

are obtained based on the statistics of the weights. The hyper-
. Wl

max] "

» Gaussian Noise Injection without Weight Clipping (Gl): In this method, Gaussian noise is
directly injected into the weights without applying any clipping constraint:

W, = W} + N(0,0°T) (4.14)

where o2 denotes the noise variance hyperparameter.

4.1.4 Experimental Setup

To evaluate these noise-resilient training techniques, we conducted experiments using two
network architectures:

1. A MLP with two hidden layers of 200 units each.

2. A RNN with one recurrent layer of 200 units followed by a dense output layer with 10 units.

Both networks were trained on the MNIST dataset [179], chosen specifically for its relevance to
optical signal processing as established in the theoretical bridge above. MNIST provides an ideal
controlled environment where:
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WwWree) 4 op e

Recurrent Layer (200)

tanh Dense Layer (10)

Input Sequence

O

e

O

28 features SEIf—loopsj

XYW~y 40

B W N = O

L gH

m
OO0

(OX

28 timesteps VV(\”7> + Nin . wlow 2 + Nowt

Forward Pass (Noisy)

Backward Pass (Clean Gradients)

(b) RNN noise-aware training. Injection on W 177 (rec) and W (°ut) during the forward pass; clean gradients.

Figure 4.1: Noise-aware training schematics used in this chapter. We inject zero-mean Gaussian perturba-
tions during the forward pass and keep the backward pass clean; n controls the noise level.

+ Discrete Classification Parallels: The 10-class handwritten digit classification problem
mirrors the discrete symbol detection task in digital optical communications, where received
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constellation points must be correctly classified despite channel impairments.

* Noise Model Validity: Additive Gaussian perturbations used in our training-time ablations
capture detector- and electronics-limited regimes (shot and Johnson—Nyquist noise) [176,
177,180]. During evaluation we additionally apply the dual photonic noise operator from
§4.1.2—including multiplicative components representative of RIN and phase-to-amplitude
conversion—to reflect hardware conditions more faithfully [178,181, 182].

» Baseline Reproducibility: Well-established performance benchmarks (>95% accuracy for
standard MLPs) enable precise quantification of noise-induced degradation, providing clear
metrics for evaluating the effectiveness of noise-aware training techniques.

« Computational Tractability: The 28x28 pixel input dimension and moderate computational
requirements allow extensive hyperparameter exploration and statistical analysis across
multiple noise injection strategies.

The experimental validation proceeds by subjecting trained networks to photonic noise during
inference, simulating the conditions expected in analogue photonic neural network implementations.
This methodology enables direct assessment of how image classification robustness translates to
optical communication performance (see Figure 4.2).

The selection of optimal noise injection parameters 7 represents a critical optimisation problem
that directly determines the effectiveness of noise-aware training. Our systematic approach
addresses this challenge through a comprehensive grid search methodology grounded in both
theoretical considerations and empirical validation [113, 183].

The noise parameter ranges were carefully determined through theoretical analysis of photonic
noise dynamics and empirical validation from comparable analogue neural network studies. For the
MLP, the optimal range was set to n € [2.5 x 10~%,9 x 10~*] with logarithmic spacing, capturing the
region where training stability and robustness improvements converge. In the case of the RNN,
due to their inherently higher sensitivity to temporal noise accumulation, employed a broader range
of n € [0.8 x 1073, 1.1 x 10~2] with denser sampling around the expected optimal values.

These ranges reflect fundamental architectural differences in noise sensitivity. MLPs demon-
strate inherent robustness due to their feedforward structure, requiring lower noise injection levels
to achieve optimal training benefits. RNNs, conversely, exhibit amplified noise sensitivity through
recurrent connections, necessitating higher noise injection levels to overcome the regularisation
effects needed for robust temporal processing [184, 185].

Grid-search tuning is applied to the training noise scale . We tune the single hyperparameter
with a one-dimensional logarithmic sweep that includes the zero-noise point (n = 0). For the MLP we
evaluate n € {0, 2.5, 4, 6, 8, 9} x 10~4; for the RNN we evaluate n € {0, 0.8, 1, 2, 5, 8, 11} x 1073.
The best value n* is selected on a clean validation set (noise-agnostic selection). All sweep plots in
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Figure 4.2: Schematic illustration of the noisy inference process for both MLP and RNN architectures,
highlighting layer-wise and temporal noise accumulation effects in analogue photonic implementations.

this chapter use the same horizontal axis [10~4, 10~2] (log scale) for panels (a) and (b), and overlay
the clean (n = 0) reference as a dashed curve/marker, as requested by the examiner.
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Algorithm 2 Noise-aware training sweep for n (single-parameter grid search)

Require: Architecture A € {MLP,RNN}; grid {n:}X_, (log-spaced, includes = 0); clean valida-
tion set

1: for each 7 in {n;} do

2 Initialize base weights W (fixed seed)

3 for epoch ¢ = 1 t0 Ey,.x dO

4 for each minibatch B do
5: Noisy forward: W < Wy + N (0, ny, o, 1); compute loss on B
6 Clean backward: backpropagate w.r.t. the clean graph to update W,
7 end for
8: Evaluate accuracy on the clean validation set; early-stop with patience p (e.g., p=10)
9: end for
10: Record Accyq(nr) and save the checkpoint
11: end for
12: return n* = argmax,, Accyi(nr)  (deploy this checkpoint)

4.1.5 Detailed Performance Analysis

Figure 4.3 and Figure 4.4 present the validation accuracy of both architectures as a function of
the noise parameter 1. These curves provide critical insights into the relationship between training
noise levels and model performance under noisy inference conditions.

It is important to notice that the different parameter ranges between MLP ( € [2.5 x 10749 x
10~4]) and RNN (1 € [0.8 x 1073, 1.1 x 10~2)) reflect fundamental architectural differences in noise
sensitivity. MLPs demonstrate robustness at lower noise levels due to their feedforward structure,
while RNNs require higher noise injection parameters to achieve comparable training effectiveness
due to recurrent weight dependencies and temporal error propagation. The baseline performance
represents zero-noise training conditions, providing reference points for quantifying noise-aware
training improvements.

For the MLP (Figure 4.3), we observe distinct patterns for each training method:

» Weight Clipping (WC): The accuracy shows a clear monotonic increase with noise parameter
n, from 88.90% at = 3 x 10~* t0 89.30% at n = 8 x 10~%. This consistent improvement sug-
gests that higher levels of injected noise during training (within the tested range) progressively
enhance the MLP’s robustness to photonic noise.

+ Gaussian Injection (Gl): The accuracy exhibits a non-monotonic relationship with 7, starting
high at 89.55% for n = 3 x 10~4, dropping to a minimum of 89.05% atn = 6 x 10~*, and then
increasing again to 89.45% at » = 8 x 10~%. This U-shaped curve suggests an optimal noise
range exists, with both too little and too much noise being suboptimal.

+ Comparison to Baseline: The standard training (noise-agnostic) achieves 89.0% accuracy.
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Figure 4.3: Noise-aware training performance of MLP (2 x 200 hidden units).
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Figure 4.4: Noise-aware training performance of RNN (200 recurrent units).

Gl consistently outperforms this baseline across all tested 7 values, while WC exceeds the
baseline only for n > 4 x 1074

The peak performance of 89.55% is achieved by Gl at n = 3 x 10~*, representing a 0.55
percentage point improvement over the baseline. This modest gain suggests that MLPs already
possess reasonable inherent robustness to photonic noise, but can still benefit from appropriate
noise-aware training.

For the RNN (Figure 4.4), the results reveal dramatically different patterns:

» Weight Clipping (WC): The accuracy shows a non-monotonic relationship with 7, peaking at
83.5% for n = 1 x 1073, decreasing to a minimum of 79.0% at = 5 x 10~3, and then partially
recovering to 81.5% at = 1 x 10~2. This suggests that RNNs are highly sensitive to the
precise calibration of noise during training.
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+ Gaussian Injection (Gl): Similar to WC, Gl exhibits a non-monotonic pattern but consistently
outperforms WC across all tested noise levels. The accuracy peaks at 85.6% for n = 1 x 1073,
decreases to 82.0% at = 5 x 1073, and then recovers to 84.5% at n = 1 x 1072,

« Comparison to Baseline: The standard training achieves only 45.5% accuracy, demon-
strating the RNN’s extreme vulnerability to photonic noise without specialised training. Both
noise-aware techniques dramatically improve performance, with gains of up to 40.1 percent-

age points.

The substantial performance difference between noise-aware training and the baseline for RNNs
(compared to the modest difference for MLPs) underscores the critical importance of noise-resilient
training for recurrent architectures in photonic implementations.

Table 4.1 summarizes the best accuracies achieved by each combination of architecture and
training method, along with the corresponding optimal noise parameters.

Table 4.1: Comprehensive Performance Summary: Neural network accuracy on MNIST classification under
photonic noise using different noise-aware training methods. Dual diffusion noise model with additive (D)
and multiplicative (Dj,;) components representing shot noise, thermal noise, and process variations in
analogue photonic hardware. Optimal n parameters selected based on grid search over logarithmically
spaced values, with ranges reflecting architectural noise sensitivity differences in photonic implementations.

Method

MLP best accuracy val-
ues (%)

RNN best accuracy val-
ues (%)

Gaussian Noise Injection with
Weight Clipping

89.3 (n =8 x 107%)

83.5(n=1x1073)

Gaussian Noise Injection

89.55 (n =3 x 107%)

85.6 (n=1x1073?)

Standard Training

89.0

82.0

This comprehensive comparison yields several critical insights:

1. Architecture-Dependent Baseline Robustness: MLPs demonstrate substantial inherent
robustness to photonic noise (89.0% accuracy without noise-aware training), while RNNs
show moderate baseline performance, i.e. 82.0%. This 7.0 percentage point difference
highlights how recurrent connections introduce additional noise sensitivity through temporal
dependencies, though both architectures maintain reasonable baseline performance for

practical deployment.

2. Training Method Effectiveness: For MLPs, both methods yield similar peak performance
(89.3% vs. 89.55%). For RNNs, Gl consistently outperforms WC, achieving a peak accuracy
advantage of 2.1 percentage points (85.6% vs. 83.5%) and demonstrating 3.6% and 1.5%
improvements respectively over the baseline (82.0%).
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3. Optimal Noise Parameters: The optimal noise levels differ between architectures. For
MLPs, Gl performs best at lower noise levels (n = 3 x 10~%) while WC requires higher levels
(n = 8 x 10~%). For RNNs, both methods perform best at moderate noise levels (n = 1 x 1073).

4. Performance-Noise Relationship with Confidence Analysis: As shown in Figure 4.3 and
Figure 4.4 | the relationship between noise parameters and performance is rarely monotonic,
especially for RNNs.

4.1.6 Domain-Specific Training Considerations

Our results indicate that training techniques that are effective for electronic ANNs may not be
optimal for photonic implementations. Specifically:

1. For MLPs in photonic domains, standard Gaussian noise injection without weight clipping
achieves the best results, particularly at lower noise levels (7 = 3 x 107%).

2. For RNNs, which are inherently more vulnerable to photonic noise, both training methods
provide substantial benefits, but Gl consistently outperforms WC across all noise levels.

3. The optimal noise parameter varies significantly between architectures, with MLPs generally
benefiting from more nuanced noise injection compared to RNNs.

These findings highlight the need for domain-specific noise-aware training strategies that
account for both the unique characteristics of photonic hardware and the specific neural network
architecture being deployed.

In conclusion, we demonstrate that noise injection is a promising technique that significantly
enhances the resilience of photonic analogue ANNs to hardware noise. The effectiveness depends
critically on both the architecture and the specific noise-injection approach, with standard Gaussian
injection generally outperforming weight clipping for photonic implementations. Further optimisa-
tion is required to develop tailored approaches for different network architectures and hardware
platforms, particularly as applications scale to more complex tasks.

4.2 On the Noise Robustness of Analogue Complex-Valued Neural
Networks

In the previous sections, we discussed how the analogue nature of photonic hardware introduces
inherent noise sources that can significantly degrade inference performance, and how NAWT
strategies can mitigate these effects. One of the most exciting developments in optical neural
networks (ONNs), however, is the ability to natively process complex-valued data. By leverageing
both the amplitude and phase of optical signals, ONNs can naturally implement complex-valued
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arithmetic, opening the door to complex-valued optical neural networks [123,186,187]. This section
evaluates the extent to which these CVNNs perform compared to conventional RVNNs under noisy
analogue conditions.

Complex-Valued Neural Network (CVNN)

‘17(1) c C/’IXB ”'(2) c C3><’1

Vv(ﬁj) c (CZ X3

Input
z=x+1y Hidden 1

Real-Valued Neural Network (RVNN)

G~
O

Output

O
OO0
QOO

Input Hidden 2

z €R Hidden 1

Figure 4.5: The CVNN processes inputs as z = x + iy in C, employing complex weights W) ¢ C™*" and
complex activations (CReLU), while the RVNN operates on real inputs = € R with real-valued weights and
ReLU activations. This diagram highlights the structural and representational differences between CVNN
and RVNN architectures, and also how the activation pathways are differently affected by noise. In RVNNSs,
additive noise perturbs scalar activations directly, often leading to saturation or signal degradation. In contrast,
CVNNSs distribute perturbations across amplitude and phase components, allowing partial cancellation and
greater tolerance to stochastic distortions. This feature underpins their robustness in noisy analogue and
photonic settings, forming the basis for the subsequent noise-resilience analysis.

As most analogue ONNSs rely on key optical components (e.g., Mach—Zehnder Interferometers,
phase shifters) that intrinsically operate on complex fields. In a CVNN, each neuron’s weight matrix
W, and bias b; belong to C™+1*™ and C™+!, respectively. Thus, for a layer I:

Zl+1 = W;Z; + by, Z;¢< cm, (415)
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Each complex weight W;; = |W;;|e'%i can be equivalently represented by real and imaginary
parts, W, = W + i W/. Nonlinearities are also extended to the complex domain, such as the
Cartesian ReLU (CReLU), which applies

ReLU(Re(z)) +iReLU(Im(z)), z€C. (4.16)

With complex-valued arithmetic fully supported by integrated photonics, the MAC operations in
each layer can remain purely optical, making CVNNs especially relevant for ONNs [123].

As analogue photonic computing is susceptible to hardware imperfections (e.g., fabrication
tolerances in Mach—Zehnder arrays, phase drifting, thermal or shot noise), we adopt an additive
noise model at the activation (output) of each neuron:

Zl+1 = Ziy1 + o My~ N0, 04ng).

Here oy,¢ characterises the noise level during inference, and is chosen to match the experimentally
validated range for integrated photonic circuits [123, 188].
To train these models, we use standard backpropagation but adapt it for complex weights,
updating real and imaginary parts:
oL

R R I I
Wi; “szfﬁma Wi; < Wi —n
ij

oL

= (4.17)
1
oW}

Following the NAWT principle, we inject noise into the weights during the forward pass in training:
W; « W; + AW;, AW, NN(O,O‘mj),

thereby encourageing the model to learn weight configurations that are more robust to noise during
inference. Since batch normalisation is difficult to implement in photonic hardware, it is omitted,
making the tested networks more faithful to the actual physical setup [73, 123].

We benchmark CVNNs and compare them with analogous RVNNs on the CIFAR-10 and CIFAR-
100 image-classification tasks. In all experiments, each network has ~ 15000 trainable parameters,
and the primary difference is that the CVNN encodes weights in complex form and employs CRelLU
activations. Table 4.2 summarizes the results of our experiments.

Our experimental results, as presented in Table 4.2 and Figure 4.6, reveal several observations
regarding the noise robustness of complex-valued neural networks:

* Modest Intrinsic Robustness Advantage in CVNNs. With standard training (no noise
injection), complex-valued models demonstrate a consistent but modest advantage under
noisy inference conditions. For CIFAR-10, the CVNN shows only a 2.9 percentage point im-
provement over RVNN at the highest noise level (76.9% vs. 74.0%). For the more challenging
CIFAR-100 task, this gap widens to 8.1 percentage points (70.8% vs. 62.7%). These results
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suggest that phase-based representations offer some inherent noise resilience, particularly
for more complex tasks, though the advantage for simpler tasks is less pronounced.

NAWT Benefits Both Architectures. Injecting noise during training improves the robustness
of both network types. For CIFAR-10, the CVNN with optimal noise injection achieves
78.7% accuracy at high noise (o, = 0.6), while the RVNN reaches 75.3% — a difference
of 3.4 percentage points. For CIFAR-100, the gap is more substantial (72.3% vs. 65.6%,
a difference of 6.7 percentage points). This indicates that NAWT can enhance the already
present advantage of complex-valued representations.

Optimal Noise Injection Levels. Our experiments suggest that CVNNs may require different
noise injection parameters than RVNNs for optimal results. For CVNNs, moderate noise
injection (oi,; = 1073 or 10~2) was sufficient to achieve good noise resilience, while over-
aggressive noise injection could hinder learning. This suggests that noise-aware training

should be tuned specifically for the architecture type.

Table 4.2: Comparison of RVNN and CVNN network accuracy (%) under different noise conditions. “No
Injection” refers to standard training (oin; = 0); “NAWT” denotes noise-aware training using moderate oi;
(e.g., 1073 or 1072).

oinr = 0.0 (Baseline) Ointf = 0.6
Dataset Method RVNN _ CVNN RVNN _ CVNN
CIFAR-10 No Injection 92.5 92.8 74.0 76.9
NAWT (01 = 1073,1072) | 74.0-75.3 78.7-77.9 | 74.0-75.3 78.7-77.9
No Injection 90.8 90.6 62.7 708
CIFAR-T00 | \AWT (015 = 1073,10-2) | 63.4-65.6 72.3-71.0 | 63.4-65.6 72.3-71.0

Our findings indicate that complex-valued neural networks, with their ability to utilise both
amplitude and phase information, represent a promising direction for analogue optical implementa-
tions. When combined with appropriate noise-aware training techniques, they can offer improved
resilience to the noise inherent in analogue hardware. Future work should explore whether these
advantages extend to other architectures, tasks, and noise regimes, and investigate optimisation
strategies specific to complex-valued models to further enhance their noise robustness.
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Figure 4.6: Performance degradation comparison between CVNN and RVNN models under increasing
inference noise (oiy) for CIFAR-10 and CIFAR-100 classification tasks. The key findings are: (a) Zero-noise
baselines (dotted horizontal lines) show CVNNs achieve 92.8% vs 92.5% (CIFAR-10) and 90.6% vs 90.8%
(CIFAR-100) compared to RVNNs. (b) CVNNs demonstrate superior robustness, maintaining 76.9% accuracy
at ojnf = 0.6 vs 74.0% for RVNNs on CIFAR-10, with more pronounced advantages on CIFAR-100 (70.8% vs
62.7%). (c) Performance advantage of CVNNSs increases with task complexity, suggesting greater benefits
for challenging classification problems.

4.3 Harnessing Noise with Stochastic Resonance Neurons

Up to this point we have looked at ways to tame the noise and device drift that plague analogue
neuromorphic chips, including noise-aware training techniques (Section 4.1) and complex-valued
activations (Section 4.2). Those methods all try to suppress noise, yet an intriguing counter-proposal
is to exploit the noise itself and let it boost the network. This section explores this counterintu-
itive approach through stochastic resonance (SR) neurons—a novel activation mechanism that
deliberately incorporates noise into its computational dynamics.

4.3.1 Principles of Stochastic Resonance in Neural Systems

Stochastic resonance describes the counter-intuitive case where sprinkling in just the right
amount of noise actually makes a faint signal easier to pick out [189]. Classic ANNs usually treat
noise as the enemy. Yet real neurons fire amid constant biological hiss and even seem to *use* that
background chatter—something our silicon cousins rarely copy.

An SR unit is not a static non-linearity like ReLU; it is a tiny dynamical system whose state
&(t) follows a noise-driven ODE inside a double-well potential [190]. This dynamic behaviour is
mathematically formulated as:

dgt) _ dUo(§)

TRl + 5(t) + o N(2), (4.18)
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where

2 4
Uo(g)z—a%mz, 08>0, (4.19)

s(t) represents the weighted input to the neuron, N(¢) denotes Gaussian noise, and o is the
noise amplitude. The double-well makes two preferred states, so each SR neuron carries its
own micro-memory. Because gentle noise can nudge the state over the barrier, the cell picks up
whispers it would otherwise miss—that’s the essence of SR [2].

4.3.2 Implementation in Recurrent Neural Networks

To test the idea we dropped SR nodes into an Echo State Network (ESN)—a lightweight
recurrent model often used for time-series work. In the standard ESN formulation, the network’s
internal state x,, .1 evolves according to [2]:

Xn4+1 = f(Winun—l—l + Wx,, + WbackYn—l—l) (420)

where u is the input, x is the reservoir state, y is the output, and W,,, W, and W, .. are the input,
reservoir, and feedback weight matrices, respectively.

In the SR version, we simply swap the usual tanh for a short Runge—Kutta step of the SR
ODE. At each time step, each SR neuron’s state is updated by integrating Equation (4.18) using a
second-order Runge-Kutta method [2]:

bni1 =&+ (& —E3) + o N(t) + s,|At, (4.21)

where &, is the neuron’s previous state, s, is the weighted input, and At is the integration time step.
This implementation creates neurons with several distinguishing properties:

1. Internal memory: Every SR cell keeps a private state variable, adding memory on top of the
reservoir feedback.

2. Adaptive transfer functions: During training the transfer curve of each SR unit morphs to fit
the data.

3. Inherent noise utilisation: Because noise is baked into the update rule, device jitter may
turn from headache into helper.

4.3.3 Performance Evaluation on Time-Series Prediction

We conducted extensive experiments comparing the SR-ESN approach against traditional
sigmoid-based ESNs on the Mackey-Glass (MG) chaotic time series prediction task, as it provides
clear evidence of the SR neurons’ advantages.
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The main result is that SR-based ESN reaches the same accuracy with a fraction of the nodes
a tanh ESN needs. Table 4.3 presents a comprehensive comparison of SR-ESN and Sigmoid-ESN
configurations with varying numbers of neurons, showing both prediction accuracy (as measured
by Mean Squared Error, MSE) and computational complexity.

Table 4.3: Comprehensive comparison between SR-ESN and Sigmoid-ESN on Mackey-Glass chaotic
time-series prediction demonstrating computational efficiency advantages of noise-enhanced processing.
Performance measured by MSE on 2000-sample test set with 1-step prediction horizon. Relative efficiency =
(MSEpbaseiine / MSEmethoq) / (Computational Costyetnod / Computational Costpaseline), Normalised to 100-neuron
SR-ESN. SR-ESN achieves 19x better accuracy at equal network size (200 neurons), while maintaining
competitive computational complexity.Efficiency advantage increases with network size, suggesting superior
performance scaling for larger implementations. All networks use reservoir computing framework with
spectral radius 0.95, input scaling 0.1, and ridge regression output training.

| Method | #Neurons | MSE | Multiplications/step | Relative Efficiency |

SR-ESN 100 1.8 x 1072 1.04 x 10% 1.0x
Sigmoid-ESN 100 3.5 x107* 1.02 x 10* 0.51x
SR-ESN 200 1.7x 1073 4.08 x 104 3.9x
Sigmoid-ESN 200 3.2x 1072 4.06 x 10% 0.54x
SR-ESN 300 5.5 x 107% 9.12 x 104 12.0x
Sigmoid-ESN 300 2.8 x 1072 9.09 x 10% 0.61x
Sigmoid-ESN 450 1.7 x 1073 2.03 x 10° 0.87x

The relative efficiency metric in Table 4.3 represents the ratio of accuracy to computational cost,
normalised to the SR-ESN with 100 neurons. The data reveals several important insights:

» For example, 200 SR units match the error of a 450-node tanh reservoir, cutting the model
size by roughly 56% while requiring only about 20% of the computational resources.

+ At equal network sizes, SR-ESNs consistently outperform their sigmoid counterparts by sub-
stantial margins. For example, with 200 neurons, the SR-ESN achieves an MSE approximately
19 times lower than the sigmoid network.

» The efficiency advantage of SR-ESNs increases with network size, suggesting that the
benefits of stochastic resonance become more pronounced in larger networks.

When evaluating noise tolerance and optimal noise levels, the core principle behindSR is to
dial in just enough noise: too low and SR never kicks in, too high and the signal drowns. We
systematically investigated this relationship by varying the internal noise amplitude o in SR neurons
and measuring prediction performance. Table 4.4 summarizes these findings.

The curves form the classic SR bell: performance peaks mid-noise and drops off on either side.
The optimal noise amplitude of approximately 10~1° provides a 3.2x improvement over noiseless
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Table 4.4: Effect of internal SR noise level (o) on prediction accuracy for a 200-neuron SR-ESN on the
Mackey-Glass chaotic time-series prediction task. SR neurons implement double-well potential dynamics
(Equation 4.18) with o = 1.0, 8 = 1.0, integration time step At = 0.1. Optimal performance achieved at
o = 107'° with 3.2x improvement over noise-free operation. Modest noise levels enable barrier crossing
in double-well potential, enhancing signal detection capabilities. Performance degrades for o > 10~% as
noise overwhelms signal, demonstrating critical noise level optimisation. Experimental validation done on
MG series with 7 = 17, prediction horizon = 1 step, training length = 8000 samples, testing length = 2000
samples.

| SR Noise Level (7)) [ MSE | Relative Improvement ||
0 (No noise) 5.4 x 1073 1.0x
1012 3.2 x 1073 1.7x
10~19 1.7 x 1073 3.2x
1078 2.1 x 1073 2.6x
1076 9.7 x 1073 0.6x
1074 3.6 x 1072 0.15x

SR neurons, underscoring that noise is indeed being utilised constructively rather than merely
tolerated.

For hardware, the real test is how they behave when the inputs are noisy—a common scenario
in real-world sensing and signal processing applications. To investigate this, we trained both
SR-ESN and Sigmoid-ESN models on Mackey-Glass data with varying levels of additive Gaussian
noise, characterised by the SNR.

Table 4.5: Prediction accuracy comparison for 200-neuron networks trained on noisy Mackey-Glass data
with varying SNR levels. The SR-ESN maintains superior performance across all noise conditions, with its
advantage becoming more pronounced at lower SNR [2].

| Training Data SNR | SR-ESN MSE | Sigmoid-ESN MSE | Improvement Factor ||

Clean 1.7 x 1073 3.2 x 1072 18.8x
40 dB 2.8 x 1073 4.1 x 1072 14.6x
30 dB 5.7 x 1073 5.9 x 1072 10.4x
20 dB 1.0 x 1072 2.4 %1071 24.0x

Fascinatingly, SR reservoirs pull even further ahead as the training SNR gets worse. The results
in Table 4.5 reveal a remarkable property of SR-ESNs: they not only maintain their performance
advantage across all noise conditions but actually show the greatest relative improvement in the
most challenging scenario (20 dB SNR). This suggests that stochastic resonance neurons possess
an inherent robustness to external noise that conventional activation functions lack.

4.3.4 Self-Adapting Activation Functions

A particularly intriguing aspect of SR neurons is their capacity to develop individualised transfer
functions during training. Whereas a tanh is frozen, an SR node’s transfer curve keeps reshaping
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itself in response to the data stream.

That adaptability comes from the neuron’s stateful ODE: today’s output depends on yesterday’s
state as well as today’s stimulus. The stochastic differential equation governing each neuron
essentially forms a nonlinear filter that adapts to the statistical properties of the input signal and
noise.

We observed that in trained SR-ESNSs, neurons within the same layer developed diverse transfer
functions, effectively creating specialised feature detectors tailored to different aspects of the input
time series. This automatic specialisation may partially explain the substantial performance benefits
observed with SR neurons, as it enables a form of adaptive ensemble learning within a single
network. This is represented in Figure 4.7.

SR RK2 output
o

? 2 + ESM evolution step = 1
-4 - ' ESM evolution step = 10
e + ESM evolution step = 1000
o 'ESM evolution step = 3100
-1.5 -1 -0.5 0 0.5 1 1.5
SR RK2 input

Figure 4.7: Demonstration of how the transfer functions of an SR neuron depends on the number of the
ESN evolution steps, i.e. 1, 10, 1000 and 3100 are represented, showing how each neuron automatically
optimises its transfer function during the learning stage [2].

4.3.5 Implications for Neuromorphic Hardware

These results matter for analogue neuromorphic chips: such platforms inevitably experience
various forms of noise and variability—thermal fluctuations, fabrication inconsistencies, and phase
drifts in optical components, among others [191, 192]. Traditional designs burn power trying to
cancel every flicker and drift.

SR nodes flip the script—by welcoming noise, they may turn fabrication quirks into free computa-
tion. The SR-ESN’s demonstrated ability to maintain high performance even with noisy inputs further
suggests that neuromorphic implementations using this approach could be intrinsically robust to
sensor noise and environmental variability [193, 194]. This aligns conceptually with noise-assisted
mechanisms in biological systems and with regularisation effects observed in deep learning, where
stochastic perturbations (e.g., dropout or additive noise) improve generalisation [195, 196].

Moreover, fewer neurons mean smaller, cooler chips. For example, the 200-neuron SR-ESN that
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matched the performance of a 450-neuron sigmoid network would require approximately 56% fewer
physical components and consume proportionally less power in an analogue implementation. This
reduction directly translates to lower silicon area and thermal footprint, enabling higher integration
density in neuromorphic processors such as TrueNorth and Loihi [197,198].

These advantages position SR neurons as a promising direction for noise-tolerant, energy-
efficient neuromorphic computing. Rather than expending resources fighting against inherent
physical noise and variability, SR-based systems harness these phenomena as computational
resources, potentially leading to more robust and efficient neural hardware [199-201]. The paradigm
is consistent with emerging trends in programmable photonics and neuromorphic VLSI, where
variability and reconfigurability are treated not as defects but as enablers of adaptive computation.

4.3.6 Conclusions and Future Directions

In short, the study shows that—with the right setup—adding a dash of noise can improve a
network instead of harming it. The SR-ESN approach achieves superior accuracy with dramatically
fewer neurons compared to conventional methods, particularly in the presence of noisy training
data [193,194].

Moreover, several promising research directions emerge:

» Broader architectures — explore SR nodes in CNNs, transformers, or feed-forward networks,
extending stochastic resonance principles to modern deep learning architectures.

» Hardware builds — fabricate SR neurons in electronic or photonic silicon platforms to test
their operation under real-world noise and variability [199, 200].

* Neuroscience links — investigate whether additional noise-exploiting mechanisms exist in
biological systems, potentially informing neuromorphic circuit design [191].

By embracing rather than avoiding noise, SR neurons represent a fundamental shift in our
approach to neural computation—one that may prove especially valuable as we push toward more
energy-efficient, brain-inspired computing systems capable of operating reliably in noisy, uncertain
environments.

4.4 Crowd Equalisation and Noise-Resistant Techniques

As optical links become ever more sophisticated, keeping up with real-time equalisation is
getting harder. Neural networks can tackle nonlinear impairments convincingly, yet their hefty
compute budget and noise-susceptibility make hardware deployment tough—particularly when
resources are tight [68]. We tackle this bottleneck with a fresh idea called crowd equalisation: many
small networks pool their opinions, giving the system extra noise immunity and sturdiness.
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The Crowd Equalisation Concept is derived from the "wisdom of crowds," we train several
distinct networks as solo experts, each bringing its own architecture and noise quirks. Blending
their outputs smooths away each model’s errors and noise, so performance climbs. The scheme
cuts back on expensive, high-precision hardware per model and gains extra robustness from the
architectural variety across the crowd [202,203].

Crowd equalisation is taken into practice by training every member on its own, giving them
different shapes and initial weights so that each one latches onto a different slice of the signal
dynamics. Once training ends, we compute the equalised symbol by taking a weighted mean of all
network outputs. Networks that post the lowest BER on a held-out set earn the biggest weights, as
reflected in Equation (4.22).

fi (Xcrowd test)

- R
Yy = Ziec BER,; (Xtest) v BER, (Xtest)

(4.22)

Here, i denotes an individual in the crowd C, and f;(x) represents the output of the i-th neural
network. BER;(x) is the corresponding bit error rate for each network on the test data.

Our data come from a 400 km dual-polarisation 28-GBaud 64-QAM experiment (identical to
Section 3.17) and include both transmitted and received symbols. We split the data 70

To judge the crowd’s merit, we pit various multi-network line-ups against one big model that eats
up the same total compute. Example: one monolithic [600, 600, 600, 600] network racks up roughly
4.3 million complex multiplies. Instead, we try crowds—e.g., a pair of nets sized [900, 476, 223] and
[732,732], plus line-ups of three or four models. Every arrangement keeps the overall compute
budget unchanged but spreads the workload among the members.

A major plus is that optical hardware can run all these small nets side-by-side with almost
no overhead. Because light can sum signals natively, several nets can fire at once, giving swift
processing and built-in noise averageing. The gain is most apparent in noisy photonic setups,
where multiplies and activations nibble away at SNR [38].

Figure 4.8 confirms that the crowd beats a lone large network, and the gap widens as SNR
drops. Bigger crowds shrug off noise more effectively, pushing BER down over the whole SNR
sweep. A four-member crowd tops the chart, dipping below the HD-FEC limit once SNR is high
enough.

Sharing the work among small nets keeps the total CC from rising (see Equation 4.23), yet
grants parallel speed-ups and extra noise headroom.

L-1

CC= (nsnml—i—z N1 +neng) (4.23)
=1

where n is the size of the input sequence (equal to 2M + 1 where M is the memory depth), n; is
the number of input features (e.g., 4 as the real and imaginary parts of two polarisation components
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Figure 4.8: BER performance comparison between single ANN and crowds of 2, 3, and 4 ANNs across
SNR range 40-70 dB for 400 km dual-polarisation 28-GBaud 64-QAM optical transmission. A single network
achieves BER = 10734° at 63 dB SNR, but degrades significantly at low SNR with BER = 10~'-? at 40
dB. 4-member crowd achieves best performance with BER = 10~3-1° consistently across 40-70 dB range,
demonstrating superior noise tolerance. All crowds outperform HD-FEC threshold (BER = 10~24%) across the
entire SNR range, while single network fails below 45 dB. Total computational complexity remains constant
across all configurations via Equation 4.23, enabling parallel optical implementation. Crowd averageing
provides inherent noise immunity through ensemble decision making, with performance improvement scaling
with crowd size. Individual networks employ different sizes and configurations to ensure linear independence
and comprehensive feature extraction from optical signal impairments.

are used, corresponding to d;, = 4), n, is the number of outputs (e.g., 2 as the real and imaginary
parts of each symbol are recovered) and n; corresponds to the number of neurons in each layer
with [ € [1, L]

In short, crowd equalisation boosts ANN equaliser performance under noise, keeps compute
in check, and doesn’t add architectural bloat. lts natural fit with optical parallelism clears a path
toward scalable, noise-tolerant neuromorphic hardware for next-gen fibre systems.
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Chapter 5

Hybrid SNN-RWKYV Architecture for
Energy-Efficient Optical Signal
Equalisation

Despite the strong performance of ANN equalisers for Kerr nonlinearity mitigation and distortions
induced by components, their CC and power draw remain prohibitive for real-time deployment at
high symbol rates [68, 103]. This chapter therefore motivates and validates a hybrid approach that
combines:

(i) a spiking front end for energy-efficient, event-driven processing, and

(if) the RWKV time-mixing mechanism for linear-time sequence modelling.

We justify RWKV as an alternative to standard Transformers for optical equalisation and combine
it with an SNN to form a practical SNN-RWKYV equaliser. RWKV replaces the quadratic, global
softmax attention with an exponential time-mix that yields constant memory and O(N') compute
in sequence length during inference—critical for streaming receivers [204,205]. The SNN brings
sparse, binary spike processing that lowers Multiply-Accumulate Operation (MAC) activity and
suits neuromorphic deployment. The core of this chapter is the model and results reported in our
European Conference on Optical Communication (ECOC) study on a DP-16QAM, 500 km TWC
link; all claims and settings here follow that work.

5.1 Advanced Architectures for Efficient Optical Channel Equalisa-
tion

Both the persistent challenge of nonlinear impairments in optical communication systems

and the latest advances in the context of Al have led to the development of innovative signal

processing techniques. These new equalisation methods are characterised by advanced ANN
architectures that leverage neuromorphic computing and novel machine learning paradigms. This
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section explores cutting-edge approaches that promise more efficient and robust optical channel
equalisation.

Building upon the foundation laid in earlier chapters on nonlinear impairments, this section pro-
vides the theoretical foundation for understanding the individual components that will be integrated
into the hybrid SNN-RWKYV architecture. We examine three key architectural paradigms:

1. SNNs: Event-driven computation with sparse activations, enabling energy-efficient inference
and hardware-friendly (neuromorphic) deployment; trained via surrogate gradients to handle
the non-differentiable spike function [206, 207].

2. Transformer-based models: Strong at capturing long-range dependencies via self-attention,
but with quadratic time/memory in window length; streaming with key—value (KV) caching is
possible yet introduces per-step cost and memory that grow with context length [204,208].

3. RWKV: A time-mixing mechanism that merges RNN-like streaming with attention-like expres-
siveness. Crucially, inference is linear in sequence length with constant memory (per-channel
accumulators), matching streaming receiver constraints [205].

In this work, the ultimate goal is not to use these architectures independently, but to synthesise
their complementary strengths into a unified hybrid equaliser. The SNN component provides the
computational substrate and temporal dynamics, while the RWKV mechanism supplies the attention-
based long-range dependency modelling. This integration creates a neuromorphic equaliser that
maintains the energy efficiency of spiking computation while incorporating the representational
power of modern attention mechanisms.

5.1.1 Spiking Equalisers for Optical Links and the Role of Signal Encoding

SNNs have emerged as low-power nonlinear equalisers for short-reach IM/DD links because
their event-driven compute maps naturally to sparse communication signals and can be imple-
mented on mixed-signal neuromorphic hardware. Recent demonstrations include: (i) a hardware
SNN equaliser/demapper on BrainScaleS-2 that beats a linear Linear Minimum Mean-Square
Estimator (LMMSE) baseline at the HD-FEC threshold with <1dB hardware penalty, and (ii) experi-
mental SNN linear equalisation at 100 Gb/s over 2 km 4-Pulse Amplitude Modulation (PAM). These
results indicate that SNNs can deliver competitive BER at much lower activity (hence power) than
dense ANN DSP. [209-211]

In IM/DD, the SNN-based equaliser processes a short window of received samples y, and
outputs symbol logits (or a hard decision). A SNN instantiates this pipeline as: (1) spike encoding
of y; into a set of sparse event trains; (2) a synaptic "crossbar" (learned weights) producing
exponentially decaying currents; (3) one or more layers of LIF neurons that integrate these currents;
and (4) a spike decoding stage that turns membrane trajectories or spike counts/timings into logits.
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Training is performed end-to-end with surrogate gradients to handle the non-differentiable spiking
nonlinearity. [206,209, 212]

The encoding step is highly relevant as it fixes what information reaches the spiking core, how
sparsely it is represented, and how quickly a decision can be made. In equalisation we must (i)
preserve amplitude features that carry the PAM symbol, (ii) expose short-range memory to the
network (dispersion/ISI), and (iii) keep spike rate and time window 7" small to save power and
latency. Encoders that over-encode (high rates, long T') negate energy advantages; encoders that
under-encode discard discriminative information and hurt BER. Recent IM/DD studies show that
decoding rules like End-of-Time Membrane (EOTM) or Max-over-Time Membrane (MOTM) can
reduce spike activity and decision latency for a given encoder, and that carefully designed encoders
markedly improve the BER—sparsity—throughput trade-off. [212,213]

The SNN equaliser/demapper by Arnold etal. employs a distance/population encoder with a
small latency component: each input sample is represented by a population of neurons (ten per
tap), where spike times are proportional to the distance between the sample and fixed reference
levels. Using 7 input taps, this yields 70 input neurons; each active neuron fires once within a
bounded time window 7', producing a sparse, ordered set of spikes. Hidden neurons are LIFs,
while the readout stage uses leaky integrator neurons; the decision is taken by the readout neuron
with the largest membrane value over time (winner-takes-first/most). Figure 5.1 summarises the
mechanism: (A) distance measurement to reference levels; (B) conversion to spike times across the
population; (C) membrane responses; and (D) winner selection. This encoder preserves amplitude
information, exposes local temporal context through synaptic/membrane filtering, and maintains
tight control over spike count and decision latency. [209,211]

While Arnold etal. used a winner-selection over readout membranes, follow-up work compared
rate, Time-To-First-Spike (TTFS), MOTM, and EOTM decoders with the same encoder and found
EOTM/MOTM achieve the best BER at substantially lower spike rates and higher throughput
(e.g., ~ 4x faster decisions and up to 10x fewer hidden spikes versus non-optimised MOTM),
underscoring that encoding and decoding must be co-designed for energy-efficient equalisation.
[212]

In this chapter we retain the design rules that made SNNs effective in IM/DD—sparse,
amplitude-faithful encoding; short T'; and leaky-integrator/LIF smoothing before the sequence
model—and later adapt the encoder for coherent, dual-polarisation streams when introducing the
SNN-RWKYV equaliser (Section 5.2). Here, our goal was to explain how SNN equalisers operate in
optical receivers and why the encoder is decisive for the BER—energy—latency trade-off; details of
the hybrid encoder used in this work follow in Section 5.2.
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Figure 5.1: Arnold-style distance/population encoder and winner-selection readout used in IM/DD SNN
equalisers.

5.1.2 Transformer Equalisers for Coherent Optical Links and a Preview of RWKV

Transformers model long-range dependencies through multi-head self-attention. Given query,
key, value matrices (@, K, V'), scaled dot-product attention computes

Attn(Q, K, V') = softma (QKT)V (5.1)

n(e, £, = max ( ——— , .
Vg

typically stacked with residual connections, layer normalisation, and position encodings; multiple

heads attend to different interaction patterns in parallel [204]. This global attention confers strong

sequence modelling power but introduces quadratic time/memory in window length.

When adapting Transformers to coherent receivers for optical equalisation, two practical patterns
have emerged:

1. Direct nonlinear equaliser: The encoder (or a few encoder blocks) is applied to a sliding
window of complex DP samples/symbols to regress the undistorted constellation (or soft
symbols). Tokens are built from the R, & components of both polarisations, either concate-
nated per time step or organised as two channels; learnable or sinusoidal position encodings
are scaled by R,/ fs to reflect symbol timing. In DP-16QAM experiments, such Transformer
equalisers improve Q-factor and BER over DBP, Fully Connected Neural Network (FCNN)
and BiLSTM baselines across launch powers and distances [214]; related ECOC’24 work
reports up to ~1.7,dB Q-gains on WDM 16QAM multi-span links [215].

D. Arguello Ron, PhD Thesis, Aston University 2025 156



2. Physics-informed or efficiency-oriented variants: (i) Masked/local attention limits attention
span based on channel memory or perturbation theory, reducing complexity with little
loss [216]. (ii) Block processing with overlap-add amortizes the O(N?) cost while cap-
ping latency. (iii) Coherent Orthogonal Frequency Division Multiplexing (CO-OFDM) replaces
SSFM blocks with attention modules that learn dispersion/nonlinearity dynamics and run
substantially faster than SSFM or Bi-LSTM surrogates [217]; the same building blocks can be
used inside an equaliser.

There are several design details to consider in coherent links:

+ Tokenisation and features: Build tokens from (Ix, Qx, Iy, Qy ), optionally augmenting with
|s[n]|?, instantaneous frequency (Carrier Phase Recovery (CPR) robustness), or pilot flags.

» Positional encoding: Use sinusoidal or learned encodings tied to symbol/sampling rates; for
oversampling, include fractional-delay features to ease dispersion compensation.

« Attention span: Practical windows covering O(tens of symbols) often suffice for intra-channel
Kerr memory at the tested baud rates; narrow masks reduce cost.

* Losses and targets: Either regress clean I/Q (L2) or train a soft demapper (cross-entropy);
mixed losses can help under ASE.

+ Complexity, latency, and streaming: Vanilla self-attention over a window of length N is
O(N?) in time and memory [204]. Windowing/masking reduces cost to O(Nw) for a fixed
window w. Causal streaming with KV caching is feasible, but the KV cache grows with context
length, so both per-step compute and memory increase with time; this can limit real-time
deployments unless the window is bounded [208].

Although employing self-attention, effectively captures complex temporal and nonlinear inter-
actions in coherent optical channels, its quadratic time and memory complexity with respect to
window length, limits Transformer’s efficiency for real-time equalisation, where updates must be
performed sequentially and with minimal latency. For a length-N token sequence X c¢ RV >4, the
scaled dot-product attention is defined as Equation 5.1

This mechanism enables each token to attend to all others within a processing window, granting
strong sequence modelling capabilities. However, its quadratic time and memory complexity with
respect to sequence length limits applicability to real-time equalisation tasks, where updates must
be performed sequentially and with low latency.

To address this limitation, the RWKYV formulation bridges self-attention and recurrent processing
by replacing the global softmax with an exponentially decayed recurrent update, referred to as a
time-mix. Denoting per-symbol key/value vectors k;, v; € R? and a learnable decay w e R¢, RWKV
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Figure 5.2: Transformer equalisation pipeline for coherent DP links. (A) Dual-polarisation tokenisation with
positional encoding. (B) Scaled dot-product attention (shown with K* for complex projections; use K ' in
purely real implementations). (C) Polarisation-aware heads (XX, XY, YX, YY) to capture inter-polarisation

coupling. (D) Windowed/masked attention: reduces compute from O(N?) to O(Nw) for fixed window w,
controlling latency.

defines running numerator and denominator states as

Ay =e"Ou+e O A, (5.2)

By =" +e7"0 By, (5.3)
Ay

kv = — 4

WXV Bt7 (5 )

yr = o(ry) Owkvy W, (5.5)

where r; is a receptance gate and W, a linear projection. This formulation produces constant-
memory, linear-time updates per token while retaining the expressiveness of attention mechanisms.
The decayed accumulation in RWKV can be interpreted as a causal, exponentially weighted
analogue of softmax attention, naturally aligning with the memory characteristics of optical channels.

Equations (5.1) and (5.2)—(5.5) thus represent two complementary formulations that will be
merged in Section 5.2 (see Figure 5.3), illustrating how RWKYV transforms the quadratic global
attention into a streaming, neuromorphic-friendly mechanism. By embedding this structure within
a spiking framework, it becomes possible to achieve efficient, event-driven equalisation while
preserving temporal context.

In essence, RWKYV can be viewed as a continuous-time or “streaming” reinterpretation of the
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Transformer: rather than attending globally to all past symbols, it integrates contextual information
recursively through a decay-weighted mechanism. This shift retains the Transformer’s ability to
model long-range dependencies while achieving the efficiency and causality of RNN-like archi-
tectures. Empirically, the exponentially decayed memory in RWKYV closely matches the impulse
response of optical fibres, making it an attractive alternative for equalisation tasks where both
context and speed are critical.

Figure 5.3 illustrates this conceptual transition—from the global, quadratic self-attention of
Transformers to the localised, linear-time decay-based updates in RWKV—nhighlighting how our
hybrid equaliser leverages both paradigms to achieve high fidelity with low computational overhead.

Transformer RWKV
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Figure 5.3: Self-attention (left): global, quadratic compute over a window; RWKYV time-mix (right): exponen-
tially weighted, sequential update with constant memory. In coherent equalisation we trade global context for
streaming efficiency by moving from softmax attention to RWKV’s time-mix.

5.2 Hybrid SNN-RWKYV Equaliser Design and Optical System Simula-
tion

This section presents the practical implementation of the hybrid SNN-RWKYV equaliser, demon-
strating how the theoretical foundations established in the previous sections are integrated into a
unified neuromorphic architecture for optical channel equalisation. The design combines the energy
efficiency of spiking neural networks with the representational power of linear attention mechanisms,
creating a novel equaliser specifically optimised for nonlinear optical channel compensation.

To evaluate the proposed hybrid SNN-RWKYV optical channel equaliser, a numerical simulation
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of a DP transmission of a single-channel signal at 34.4GBd, with 16 QAM modulation format,
is simulated. The signal is pre-shaped with a RRC filter with 0.1 roll-off at a sampling rate of 8
samples per symbol. In Figure 5.4 it is possible to appreciate the transmission over an optical link of
10x50 km TWC spans. The optical signal propagation along the fibre was simulated by solving the
Manakov equation via SSFM, with a resolution of 1 km per step [45]. The parameters of the fibre are:
the attenuation parameter a = 0.23 dB/km, the dispersion coefficient D = 2.8 ps/(nm - km), and the
effective nonlinearity coefficient v = 2.5 (W - km)~!. As depicted in Figure 5.4, after every span, an
optical amplifier with the noise figure NoiseFigure(NF) = 4.5dB is employed to fully compensate
fibre losses and ASE noise. At the receiver, a standard Rx-DSP is used. It consists of electronic
CDC using a time-domain equaliser, the application of a matched filter, and the downsampling to
the symbol rate. Finally, the received symbols were normalised (by phase and amplitude) to the
transmitted ones. No other transceiver distortions were considered [119].

The training dataset consists of 2'® pairs of complex-valued DP samples. The test dataset
consists of 22 independently generated symbols. Both of them were created using the Mersenne
twister generator to guarantee symbol independence [218].

5.2.1 Hybrid SNN-RWKYV Equaliser Architecture and Implementation

The hybrid SNN-RWKV equaliser architecture, illustrated in Figure 5.4, represents a novel
integration of neuromorphic computing principles with linear attention mechanisms for optical
channel equalisation. The architecture consists of several key components working in synergy:

Architecture Components:

» 1-D CNN Preprocessing: Initial symbol embeddings from continuous optical signals
+ Binary Embedding (BE) Layer: Interface converting continuous embeddings to binary spikes

» Spiking Receptance Weighted Key Value (SRWKYV): Hybrid component combining LIF
neuron dynamics with linear attention

» Spiking Receptance Feed-Forward Network (SRFFN): Channel mixing and nonlinear
processing

» Residual Connections: Enabling gradient flow and information preservation

The hybrid nature of this architecture is evident in how each component contributes to the
overall functionality: the CNN provides continuous signal preprocessing, the BE layer implements
the continuous-to-spike conversion, the SRWKYV blocks perform attention-modulated spiking com-
putation, and the SRFFN units provide nonlinear channel mixing. These units operate in a loop
with residual connections to predict nonlinear distortion components Ex; and EXQ [219,220].
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Figure 5.4: Scheme of the numerical setup and the place of the ANN-based equalisers in the transmission
link of 10 spans of 50 km TWC fibre. Including the detailed description of the blocks that constitute the
SNN-RWKYV equaliser proposed in this paper.

The processing pipeline of the SNN-RWKYV equaliser follows a sequence of transformations
that can be formulated as:

Xo= BE(E), Xgc RE>ns

X| = SRWKV(Xo) + Xo, Xje€RE>"s

X1 = SRFFN(X])+ X], X;¢€REnxns
Y = Linear(X;) = [EX],E'XQ]

where FE represents the input symbol embeddings, BE(-) is the Binary Embedding operation,
Xy is the binarised representation of the input, SRW KV (-) and SRFFN(-) are the Spiking
RWKYV and Spiking Receptance Feed-Forward Network operations respectively, and Y is the final
output representing the estimated nonlinear distortion components. E,, represents the embedding
dimension after the CNN layer, calculated as E;, = ngympols — 1 + 1 = (2naps +1) —ng 4+ 1, and ny
denotes the number of filters in the CNN layer.

The BE layer serves as the critical interface between continuous-valued optical signal processing
and the event-driven spiking neural network component of our hybrid architecture. This layer
implements the data encoding strategy that converts continuous optical signal embeddings into
binary spike trains suitable for neuromorphic processing. The BE operation can be mathematically
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expressed as:
Xo = BE(E) = @(WBEE + bBE) (510)

where ©(-) is the Heaviside step function, Wgr and bpp are the learnable weights and biases
of the BE layer.

The binary embedding layer implements a critical interface between continuous-valued optical
signal processing and event-driven neuromorphic computation. In optical communication systems,
received symbols are inherently continuous-valued complex numbers representing the in-phase
and quadrature components of the modulated signal. The BE layer transforms these continuous
embeddings into binary spike trains that preserve the essential information while enabling efficient
spiking neural network processing.

The theoretical foundation of binary embedding in optical communications rests on the concept
of temporal coding, where information is encoded in the timing and patterns of spikes rather than in
analogue amplitude values. For optical signals, this encoding offers several advantages:

» Noise Robustness: Binary spikes are inherently more robust to noise compared to analogue
representations, making them suitable for processing optical signals corrupted by ASE noise
and nonlinear distortions.

» Energy Efficiency: Binary operations consume significantly less energy than floating-point
arithmetic, crucial for high-speed optical systems with stringent power constraints.

» Neuromorphic Compatibility: The binary nature of spikes aligns perfectly with neuromorphic
hardware implementations, enabling efficient deployment on specialised processors designed
for event-driven computation.

+ Temporal Precision: Spike timing can encode fine-grained temporal information, allowing
the representation of phase relationships and timing-sensitive optical signal characteristics.

The learnable parameters Wi and bpgr are optimised during training to achieve optimal
signal-to-spike conversion that preserves the discriminative features necessary for nonlinearity
compensation. The training process automatically learns appropriate thresholds and weights that
maximise the mutual information between the continuous input embeddings and the resulting binary
spike patterns, ensuring that critical optical signal features are preserved in the spike domain.

During training, the non-differentiable Heaviside function poses a challenge for gradient-based
optimisation. To address this, we employ surrogate gradient methods where the Heaviside function
is approximated during the backward pass using the arctangent surrogate function:

00(r) o'

~

Oz 2 (1 + (gax)2>

(5.11)
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Figure 5.5: Binary encoding strategies for optical signal embeddings. A 1D CNN first extracts features from
complex dual-polarisation optical waveforms (X,Y), producing continuous-valued representations. These
are then converted into sparse spike trains, providing an event-driven binary encoding that interfaces the
optical signal processing front-end with the neuromorphic SNN-RWKYV equaliser.

This surrogate gradient enables end-to-end training of the hybrid architecture while maintaining
the binary spike representation during forward inference. The parameter a controls the steepness
of the approximation and is typically set to balance gradient flow with spike precision.

5.2.2 Spiking Neuron Dynamics and Network Components

The spiking dynamics employ the LIF neuron model, with its dynamics described by:

Ult] = H[t] + B(Y [t] — (H[t — 1] = Ureset)) (5.12)
S[t] = ©(U[t] — Uthreshold) (5.13)
Ht]=U[t]- (1 — S[t]) (5.14)

where U|t] represents the membrane potential at time step ¢, H[t] is the potential after reset,
S|t] is the binary spike output, Y[t] is the input to the neuron, 5 is the decay factor, Usnreshold IS
the firing threshold, and Ueset is the reset potential. The parameters are set as Uinreshoid = 1.5,
Ureset = 0, and § = 2.5 [207].

The Heaviside function ©(-) makes the spiking mechanism non-differentiable. To address this
during backpropagation, we employ the arctangent surrogate gradient function defined as:

(67

2 (1+ (5a(Uft] — Uvesho))”)

——= =~ o' (U[t] — Uthreshold) = (5.15)

where « is a scaling parameter that controls the steepness of the surrogate function.
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The RWKV model consists of the components R, W, K, and V, that are processed sequentially,
differing from traditional attention mechanisms [205, 220, 221].

The SRWKYV block utilises key vectors K, value vectors V, and receptance vectors R, which
adaptively assimilate historical data and inputs:

R = XoMg, (5.16)
K = XoMg, (5.17)
V = XMy, (5.18)

{Mp, Mg, My} € R**H (5.19)

with H = E,,, where Mg, My, and My are learnable parameter matrices.
The block’s output X[t + 1] is determined by combining these vectors with dynamic hidden
states A and B:

Xi[t+1] = SN (o(R[t])) ® F[t]) (5.20)
exp(Wy) © exp(K[t]) © V[t] + Alt]

Flt = = o) ® exp(KTi]) + BT (5-21)
Alt] = exp(K[t]) © V[t] + exp(Wy) © Aft — 1] (5.22)
Blt] = exp(K[t — 1]) + exp(Wy) © B[t — 1] (5.23)

where SN(-) represents the spiking neuron operation, o(-) is the sigmoid activation function,
® denotes element-wise multiplication, W; € R1*? is a weight vector responsible for weighting
the current time-step’s information, and W, € R'*¢ is a decay vector that controls the influence of
information from previous time steps.

The hidden states A[t] and B][t] serve as memory units that accumulate and retain information
from previous time steps, enabling the model to capture long-range dependencies. Unlike self-
attention which requires access to the entire sequence simultaneously, the recurrent formulation
of SRWKYV allows for sequential processing, making it compatible with the temporal dynamics of
SNNs.

The token shift mechanism is fundamental for enhancing temporal context. Before processing
the input in each block, a token shift operation is applied to enhance the model’s ability to leverage
contextual information. Given an input X, the token shift operation is defined as:

Xs - ZeroPad[070’,171](X) (524)

i ny/N
Wenitt = <E> , i=1, By (5.25)
X = Wehitt © X + (1 — Wehirt) © X (5.26)
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where ZeroPady, _;,1)(-) denotes zero padding operation that clips the top row and zero-pads
the bottom row, Wi is a learnable shift mask, n; is the current block, and NV is the total number of
blocks.

Figure 5.6 depicts the streaming LIF-RWKYV time-mix used in SRWKY, including the decayed
accumulators A,B and the spike-gated update.

The token shift mechanism is particularly crucial for optical channel equalisation as it enables
the model to access temporal context that spans multiple symbol periods. In optical communication
systems, nonlinear impairments such as SPM and XPM create dependencies between adjacent
symbols. The token shift operation allows each processing block to compare the current symbol
with its temporal neighbors, enabling more effective compensation of these memory effects.

The weight mask Wyt implements a progressive shift strategy where deeper blocks (n, closer
to V) rely more heavily on shifted information. This design choice reflects the hierarchical nature
of optical signal processing: early blocks focus on local temporal correlations (e.g., chromatic
dispersion effects), while deeper blocks capture longer-range dependencies (e.g., accumulated
nonlinear effects). The mathematical formulation ensures that Wy, increases monotonically with
block depth, providing a principled approach to temporal context integration.

In the context of dual-polarisation systems, the token shift mechanism operates independently
on each polarisation component, allowing the model to capture both intra-polarisation and inter-
polarisation dependencies that arise from PMD and PDL effects.

The Spiking Receptance Feed-Forward Network (SRFFN) block processes the output from
SRWKYV using a series of transformations to control information flow:

Xi[t] = o(MpXi[t]) © Ms(ReLU* (M X(t])),

(5.27)
{Mp, Mg, Mg} € R *H

where H = E,, and {Mp, Mg, Mg} are learnable parameter matrices. The term ReLUz(-)
represents the squared RelLU activation function defined as ReLU?(z) = (max(0,z))2. The SRFFN
block functions as a channel mixer, complementing the token mixing performed by the SRWKV
block.

The output of the SRFFN block is then integrated into the spiking neuron dynamics, following
the LIF model described earlier. The combination of token mixing in SRWKV and channel mixing in
SRFFN enables the model to effectively capture both spatial and temporal correlations in the input
data.
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Figure 5.6: SRWKYV signal dynamics. Incoming samples x; are encoded into spikes s; and integrated by
LIF neurons (leak, integrate, fire/reset), while the RWKYV time-mix updates the decayed accumulators A, B
(exp(—w) decay) to produce a streaming output. This yields constant-memory, linear-time updates per token.

5.2.3 Training Configuration and Optimisation

The output layer computes the estimated nonlinear distortions for the target symbols:
Y = [EX[, EXQ] = LineaT(Xl) (528)

where Linear(-) represents a linear transformation that maps the final hidden representation
X; to the prediction space. Fx; and EXQ are the estimated in-phase and quadrature components
of the nonlinear distortion, which are used to compensate for the nonlinear effects in the received
signal.

The training of the hybrid SNN-RWKYV architecture requires careful consideration of both the
continuous RWKYV components and the discrete spiking elements. The training process follows
these key principles:

1. Surrogate Gradient Method: The non-differentiable spiking functions in the SNN com-
ponents are handled using surrogate gradients during backpropagation. Specifically, the
arctangent surrogate function is applied to the Heaviside step functions in both the Binary
Embedding layer and the LIF neuron dynamics:

% N o
du 9 (1 + (%a(u — Uth))2>

(5.29)
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2. Unified Loss Function: The hybrid architecture is trained end-to-end using MSE loss:

Luse = »_ (i — :)° (5.30)
Yi

where vy = % is a scaling factor, B is the batch size, y; represents the true distortion values,
and g; represents the predicted distortion values.

3. Gradient Flow Through Hybrid Components: The training process ensures gradient
flow through both the continuous RWKYV attention mechanisms and the discrete spiking
components. The residual connections facilitate gradient propagation, while the surrogate
gradients enable learning in the spiking components without compromising the binary spike
representation during inference.

The SNN-RWKYV is compared with two advanced ANN-based equalisers, the CNN-MLP and
CNN-biLSTM [103]. The BO algorithm is employed to fine-tune hyperparameters for all models at a
launch power of 1 dBm, which is 3dBm above the optimal launch power of the system [103].

The CNN-biLSTM model was optimised with parameters: nips = 5, ny = 318, n;, = 11,
np = 462, B = 1219, and n = 0.00699.

For the CNN-MLP model, optimal settings determined by BO included niaps = 19, ny = 339,
ni = 9, neurons per layer n! in [81,74,84] across n; = 3 layers, B = 1815, and n = 0.0038.

The proposed SNN-RWKV equaliser’s optimal hyperparameters were nips = 20, ny = 300,
ni = 1, n, = 1 for the repetitions of SRWKV and SRFFN blocks, B = 4000, and n = 0.0064.

All ANNs were trained for at most 400 epochs and stopped earlier in the case of no improvement
in the loss function value, i.e., MSE, over 50 epochs. After every epoch, the BER was computed
using the independently generated testing dataset. The early stopping criterion helps prevent
overfitting and ensures that the models generalise well to unseen data.

For application in optical signal equalisation, several implementation considerations are taken
into account:

1. Spike Rate Adaptation: The spike rate of the SNN-RWKV model, measured as & = 0.091 in
our experiments, is a critical factor affecting both performance and energy efficiency. A lower
spike rate leads to more sparse operations and higher energy efficiency.

2. Temporal Processing: Unlike conventional ANNSs that process the entire symbol sequence
simultaneously, the SNN-RWKV model processes symbols sequentially, leverageing the
temporal dynamics inherent in SNNs. This makes it particularly suitable for real-time signal
processing applications.

3. Neuromorphic Hardware Compatibility: The binary nature of spike-based communica-
tions and the recurrent structure of the SNN-RWKV model make it highly compatible with
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neuromorphic hardware implementations, offering significant advantages in terms of energy
efficiency and latency.

4. Dual Polarisation Handling: The model is designed to handle dual polarisation signals by
processing both the in-phase and quadrature components of each polarisation, ensuring
comprehensive nonlinearity compensation.

This architecture, which employs both spiking neural network dynamics and attention-based
mechanisms, not only allows for effective nonlinear compensation in optical communication systems
but also provides competitive performance with respect to traditional equalisers, at the same time
that it facilitates hardware-friendly deployments, offering high-speed operation while maintaining
energy efficiency. This combination positions SNN-RWKYV as a highly advantageous solution for
modern optical networks, addressing both the technical demands and operational efficiencies
required for next-generation communication technologies.

5.3 Computational Complexity and Energy Efficiency of ANN-based
Equalisers: A Neuromorphic Perspective

Energy efficiency is a critical consideration in the deployment of ANN-based equalisers in optical
communication systems, especially for real-time, high-speed links [52,68]. In general, the total
energy consumption of an ANN-based equaliser can be modelled as

FEtotal = Ecomp + Emem + Ecomm, (5.31)

where Ecomp is the energy consumed by computations, Emem is the energy for memory accesses,
and Ecomm is the energy for data movement. In this work, we primarily focus on Egomp, the
computational energy of these models, since practical hardware implementations often show that
multiplications dominate power usage due to their circuit complexity [103,219].

5.3.1 Energy Efficiency and Neuromorphic Computational Analysis

Baseline Energy Estimation for ANN-based Equalisers. The computational energy Ecomp
for an ANN can be broken down into contributions from MAC operations, activation function
computations, and Accumulate Operation (AC) operations:

Ecomp = Nuac - Emac + Nact - Eact + Nac - Eac, (5.32)

where Nyac is the total number of MAC operations, Ny is the number of activation function
evaluations, and Npg is the number of AC operations. Since multipliers typically require more logic
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gates than adders, Eyac tends to dominate. In fact, the energy spent on activation functions can
frequently be neglected in comparison [222].

Typical energy values assumed for these hardware operations, based on empirical measure-
ments, lie around [207,223]:

* Eyvac =~ 4.6 pd,
« Epc ~ 0.9pJ.
For a generic ANN-based equaliser, thus, one often approximates
Ecomp =~ Nuac - Emac + Nac - Eac- (5.33)

In the context of optical channel equalisation, the total number of FLOPs (floating-point oper-
ations) primarily determines Nyac. Since multiplier circuits are more power-hungry, accurately
counting the number of multiplications is key [52]. For a typical MLP or similar neural network,

FLOPs = Nlayers * Nneurons Ninputs : Nsamples’ (5-34)

where Niayers is the number of layers, Nneurons is the number of neurons per layer, Ninpyis is the
number of inputs to each neuron, and Nsamples iS the total number of samples processed.

In a SNN, each neuron generates binary spikes rather than continuous outputs. This spiking
mechanism can significantly reduce the computational load due to the sparsity of activations: only
a fraction R of neurons spike at any given time. Consequently, the effective number of MAC
operations is scaled by the firing rate R:

FLOPsgnyy = FLOPs - R. (5.35)

Here, R is the proportion of non-zero elements in the spike matrices, reflecting how often each
neuron actually fires. In practice, this event-driven processing can bring sizable energy savings
[219].

Beyond simply reducing effective FLOPs, neuromorphic hardware leverages asynchronous,
event-driven computations, transforming dense operations into sparse additions [224]. This charac-
teristic makes SNN-based equalisers, such as the proposed SNN-RWKYV, particularly appealing
for real-time optical systems, where both computational speed and power efficiency are critical
constraints [52,68, 103, 224].

In the specific case of the SNN-RWKYV Equaliser, the number of FLOPs for each model follows
the procedures in [103, 120, 224]. We also account for the measured average firing rate & = 0.091,
which promotes the inherent sparsity in spiking operations.

Hence, for each of the three models considered—CNN-MLP, CNN-biLSTM, and SNN-
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RWKV—the resulting energy consumption is derived from:

Ecnn-mie = Bwvac « (g - ni - ny - En + 1, - By
5
+ Zni i 40l ),
=2
EcnN-biLsTM = Evac - (nf “ng-ny - Ey
(5.36)
+2- By (dng + A 34 n,)),
Esnn-rwkv = Emac - (nf - i - ng - Ey)
+ Eag - R (3E, -1 + 9E,, - ny)
+ Emac - En - no.

Here,

* ny is the number of filters in the CNN portion,

* n; is the number of inputs or neurons in relevant layers,

« ny is the kernel width of the CNN,

» E, is the embedding dimension or effective sequence length in the network,
* ny, is the hidden size for the LSTM,

* n, is the final output dimension, and

« R is the spiking rate for the SNN.

By incorporating the sparse, event-driven properties of the SNN-RWKYV model, our approach
aligns closely with the requirements for energy-efficient, real-time optical signal equalisation. The
following sections present a comparative performance evaluation of the proposed SNN-RWKV
and its conventional ANN counterparts, highlighting both computational savings and Q-factor
improvements in an optical communication setting.

5.4 Photonic and Optoelectronic Hardware for Spiking Neurons

The practical implementation of spiking neural networks for optical communications requires
hardware platforms capable of processing temporal information at rates compatible with high-
speed optical signals. While electronic implementations of SNNs (such as Intel’s Loihi [198]) have
demonstrated energy-efficient neuromorphic computing, photonic and optoelectronic approaches
offer unique advantages in terms of processing speed, bandwidth, and direct integration with
optical communication systems [225,226]. This section discusses the state-of-the-art photonic
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hardware implementations for spiking neurons, their performance characteristics, and their potential
applicability to the optical equalisation tasks considered in this thesis.

5.4.1 Photonic SNN Hardware Implementations

Photonic platforms offer several promising device-level mechanisms for implementing spiking
neural networks at ultrafast timescales. The following architectures represent the most mature
and experimentally validated approaches for photonic spike generation, weighted summation, and
large-scale parallel interconnects.

+ Silicon Photonics Integrated Neurons: Silicon photonics platforms provide a mature
fabrication technology for implementing optical neural networks with Complementary Metal-
Oxide-Semiconductor (CMOS)-compatible processing [227, 228]. Integrated waveguide-
based neurons leverage nonlinear optical effects to create spike-like behaviour. Recent
demonstrations have shown that silicon photonic circuits can implement weighted summation
and thresholding operations [229], which are fundamental to spiking neuron dynamics. The
key advantage of silicon photonics is the ability to fabricate complex networks with hundreds
of neurons on a single chip, with waveguide routing providing high-density interconnects.

» Micro-ring Resonators for Spike Generation: Micro-ring resonators exhibit optical bistability,
enabling them to function as threshold devices for spike generation [230]. When driven with
appropriate pump power, these resonators can switch between high and low transmission
states in response to input optical signals, mimicking the integrate-and-fire behaviour of
biological neurons. Feldmann et al. [230] demonstrated all-optical spiking neurosynaptic
networks with self-learning capabilities using phase-change materials integrated with micro-
ring resonators. These systems achieved nanosecond-scale spike generation, orders of
magnitude faster than electronic neuromorphic processors.

» Laser-based Spiking Neurons: Semiconductor lasers with saturable absorption or excitable
dynamics can generate optical pulses (spikes) in response to input perturbations [231].
Nahmias et al. [231] demonstrated a leaky integrate-and-fire laser neuron achieving sub-
nanosecond response times with energy consumption on the order of femtojoules per
spike—comparable to biological neurons but at GHz rates. The laser neuron approach
benefits from natural gain and nonlinearity, eliminating the need for external amplification in
many cases.

» VCSEL Arrays for Parallel Spiking Networks: VCSELSs offer an attractive platform for imple-
menting large-scale parallel spiking neural networks [232,233]. VCSEL arrays can be directly
modulated to produce spike trains, with each laser serving as an independent spiking neuron.
Robertson et al. [232] demonstrated ultrafast optical integration and pattern classification
using spiking VCSEL neurons operating at rates exceeding 1 GHz. The two-dimensional
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array geometry of VCSELs facilitates scalable architectures and enables wavelength-division
multiplexing for increased connectivity [233].

5.4.2 Optoelectronic Hybrid Platforms

While all-optical implementations offer speed advantages, practical neuromorphic systems
often benefit from optoelectronic hybrid architectures that leverage the complementary strengths of
optical and electronic domains [234].

» Photodetector-based Spike Reception: High-speed photodetectors convert optical spikes
into photocurrent pulses that can be processed by electronic circuits. This enables seamless
integration of photonic spiking neurons with electronic memory and control logic. Modern
photodetectors offer bandwidths from tens to hundreds of GHz, well-matched to optical
communication systems and neuromorphic processing interfaces.

» Electro-optic Spike Generation: Electronic signals can modulate optical devices (VCSELs,
LEDs, or electro-absorption modulators) to generate optical spikes. This allows electronic
LIF circuits to control optical spike generation, leverageing mature analogue circuit design
techniques while exploiting the bandwidth and parallelism of optical interconnects [234].

» Superconducting Optoelectronic Neurons: Shainline et al. [234] introduced superconduct-
ing optoelectronic circuits that combine Josephson junctions with integrated photodetectors
and light sources. These hybrid devices achieve picosecond-scale synaptic integration
with energy dissipation below 1 aJ per synaptic event, offering a route toward extremely
energy-efficient, large-scale neuromorphic systems.

5.4.3 Implementation Feasibility and Performance Characteristics

The implementation feasibility of photonic spiking neural networks depends on three key dimen-
sions: processing speed, energy consumption, and scalability. The following points summarize the
main characteristics and practical considerations associated with each aspect.

» Processing Speed: Photonic spiking neurons operate at timescales determined by photon
lifetimes in optical cavities and carrier dynamics in semiconductors, typically in the range of
picoseconds to nanoseconds. This translates to spiking rates of hundreds of MHz to tens
of GHz [230,231], compared to typical electronic neuromorphic chips operating in the kHz
range (e.g., Loihi [198] with maximum spike rates around 1 kHz). For optical communication
applications where symbol rates range from tens of GHz (short-reach) to hundreds of GHz
(future long-haul systems), photonic SNNs offer the potential for real-time, symbol-rate
equalisation without downsampling [232,235-237].
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» Energy Consumption: Photonic neurons typically consume energy in the range of fem-
tojoules to picojoules per spike [231], corresponding to milliwatts of power at GHz spiking
rates. This is higher than state-of-the-art electronic neuromorphic processors (e.g., Loihi’s
approximately 30 pJ per synaptic operation [238]), but the comparison is complicated by the
vastly different operating speeds. When normalised by throughput (energy per operation per
second), photonic implementations can be competitive, particularly when considering the
energy cost of electronic-to-optical conversion that would be required if electronic processors
were used in optical communication systems [237].

+ Scalability and Integration: WDM provides a unique scaling mechanism for photonic
neural networks. Multiple wavelength channels can propagate through the same waveguide
without interference, enabling massive parallelisation with limited physical interconnects [228].
However, photonic integration faces challenges including coupling losses between different
photonic components, thermal sensitivity of resonant devices, and the need for precise
fabrication tolerances. Current demonstrations are typically limited to tens to hundreds of
photonic neurons, whereas electronic neuromorphic chips (Loihi, TrueNorth) have scaled to
millions of neurons [239, 240].

5.4.4 Examples and Recent Demonstrations

Recent advances in photonic and optoelectronic hardware have enabled several experimental
demonstrations of neuromorphic and photonic neural network architectures. The following examples
highlight some of the most relevant platforms and their capabilities.

« MIT Silicon Photonic Neural Networks: Shen et al. [227] demonstrated deep learning with
coherent nanophotonic circuits implemented on a silicon photonics platform, in which inte-
grated Mach-Zehnder Interferometer (MZI) meshes implement matrix—vector multiplications.
Their analysis projects femtojoule-level energy per operation under specific assumptions
(e.g., shot-noise—limited detection), rather than reporting a measured fJ/MAC figure in that
demonstration.

» Oxford/Exeter/KIT Phase-Change Photonic Synapses: Phase-change materials (such as
Ge,Sb,Tes) integrated with photonic waveguides can implement non-volatile, multi-level pho-
tonic memory/synaptic weights [241,242]. The Wright, Bhaskaran, and Pernice groups have
demonstrated devices with multiple programmable states, supporting on-chip programmability
and weight storage.

» Delay-Coupled Laser Reservoirs (Brunner, Larger, and collabourators): Brunner, Larger,
and collabourators have extensively studied reservoir computing using delay-coupled semi-
conductor lasers [243,244]. Their photonic reservoir computers have demonstrated strong
performance on time-series prediction tasks and have been applied to optical communication
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equalisation [38]. The delay-coupled architecture provides a large effective network size
(“virtual neurons”) with minimal physical hardware.

 Princeton Neuromorphic Photonics: The Prucnal group at Princeton has developed neuro-
morphic photonic networks using silicon photonic weight banks and broadcast-and-weight
architectures [228]. While these demonstrations established the hardware building blocks,
the frequently cited sub-nanosecond latencies and femtojoule-per-MAC energy efficiencies
are prospective advantages discussed in the literature, not measurements reported [228].
Recent work from the group has also explored spiking photonic neurons for event-driven
processing [231].

While photonic SNN hardware offers compelling performance characteristics, practical deploy-
ment for optical communication equalisation faces several challenges. Current demonstrations are
primarily proof-of-concept with limited network sizes. The on-chip learning mechanisms required
for adaptive equalisation (such as Spike-Timing Dependent Plasticity (STDP) in photonic implemen-
tations) are still under development. Moreover, the cost and complexity of photonic integration may
not be justified when high-performance electronic DSP can achieve comparable equalisation quality
at lower cost, albeit with higher latency and power consumption. Nonetheless, for ultra-high-speed
systems (e.g., 400 Gb/s and beyond per wavelength) or power-constrained edge scenarios where
optical processing can eliminate costly O—E—O conversions, photonic neuromorphic equalisers
present a promising future direction [38].

The SNN-RWKYV architecture proposed in this thesis is designed to be hardware-agnostic,
with the potential for implementation on electronic neuromorphic chips (Loihi, Akida) for moderate-
speed applications or on photonic platforms for ultra-high-speed systems. The sparse event-driven
computation inherent to the SNN component is well-suited to the energy-efficient characteristics of
both electronic and photonic neuromorphic hardware [219].

5.5 Performance Comparison of the SNN-RWKYV Equaliser with Re-
spect to Traditional Methods

The performance comparison between the proposed SNN-RWKYV hybrid architecture and tradi-
tional methods requires careful consideration of both equalisation effectiveness and computational
efficiency. This section provides a comprehensive evaluation that demonstrates the advantages
of the hybrid approach over conventional ANN-based equalisers and establishes the theoretical
rationale for the observed performance improvements.

To validate the theoretical complexity advantages discussed previously, we compare the actual
computational requirements using the corrected formulations from the updated section:
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Traditional CNN-MLP Complexity:

ny
FLOPseNN-MLP = nyn;ng B, + Z nil nil_l ~ O(nfnmkEn) (5.37)
=1

CNN-biLSTM Complexity:
FLOPscNNbiLSTM = Ny NN E, + 2F, nh(4nf +4ny + 3 + no) ~ O(Ennlzl) (5.38)
SNN-RWKYV Complexity:

FLOPsgnN-RWKY = nF NG N E, + R (3Enn?c + 9Ennf> ~ O(é E, ’I’L?c) (5.39)

~

The measured sparse firing rate R = 0.091 yields an effective token-mixing workload of only
~9.1% of the dense counterpart, highlighting the computational advantage of the hybrid design.

The performance advantages of SNN-RWKYV over traditional approaches can be understood
through several key factors:

1. Temporal Processing Efficiency:

* CNN-MLP has no temporal state and processes symbols independently.
» CNN-biLSTM performs sequential updates with quadratic hidden-state complexity.

* SNN-RWKYV implements the RWKV time-mixing formulation, achieving linear-time
streaming with constant per-step state and spike-gated computation.

2. Memory Efficiency:

* CNN-MLP: O(nsn;nyE,) — no temporal memory.

* CNN-bILSTM: O(E,n;) during training (Backpropagation Through Time (BPTT)) and
O(ny) at inference.

« SNN-RWAKYV: constant-size accumulators O(dmoegel) independent of E,,.
3. Energy Efficiency:

* CNN-MLP: dense MACs throughout.
* CNN-bIiLSTM: recurrent operations with high memory bandwidth cost.

+ SNN-RWKYV: sparse spike-gated operations with an 87.7% energy reduction in contrast
to CNN-biLSTM and 8.4% when compared with CNN-MLP.

The performance of the different models was assessed through the standard Q-factor metric
recalculated from the directly counted BER as @ = 20 log; [v/2 erfc™ (2 BER)] [52].
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Model Performance Comparison
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Figure 5.7: Performance comparison of the 3 different ANN-based equalisers for different signal launch
powers. A baseline corresponding to Offline DSP without Nonlinearity mitigation (see Figure 5.4) is included.

Figure 5.7 shows the comparative performance of the SNN-RWKYV, CNN-biLSTM, CNN-MLP,
and a baseline across a range of launch powers that goes from -6 dBm to 5 dBm. The results
indicate that SNN-RWKYV outperforms the other models across all launch powers considered.
Thus, the robust capability of the SNN-RWKYV in handling nonlinear distortions is demonstrated.
Nevertheless, the CNN-biLSTM closely follows the performance of the SNN-RWKYV, while the CNN-
MLP is outperformed by these other two models, which is congruent with the results presented in
other works [103].

Table 5.1: Comparison of Q-factor and Energy consumption of different ANN-based equalisers for the optimal
launch power of the system, i.e. -2 dBm.

Energy Consumption Evaluation
Model Q-factor (dB) | Energy (pJ)
CNN-biLSTM 4.6 13.3 x 10°
CNN-MLP 4.45 1.79 x 109
SNN-RWKV 4.7 1.64 x 10°

Table 5.1 presents a comparison of Q-factor and energy consumption for the evaluated models
at the optimal launch power of the system, i.e. -2 dBm. The SNN-RWKV exhibits a Q-factor of
4.70 dB and the lowest energy consumption of 1.64 x 10 pdJ. This dual advantage positions the
proposed model as a highly efficient equaliser for optical communication systems.

In contrast, both the CNN-biLSTM and CNN-MLP show a lower Q-factor of 4.6 dB and 4.45
dB, respectively, while their energy consumption is higher. This is accentuated in the case of the
CNN-biLSTM model, where a value of 13.3 x 10° pJ is obtained. For the CNN-MLP, a theoretical
energy consumption of 1.79 x 10° pdJ is calculated, still above the value reported for the solution
proposed in this work.

The superior performance of SNN-RWKYV over traditional approaches can be traced to five
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complementary factors:
1. Optimal temporal representation. The hybrid architecture combines spike-based dynamics
with attention-like token mixing. In our implementation, the spiking pathway follows a LIF update

V[t] = aV[t=1] + (1-a) Viest + Brwkv FI[t], (5.40)

where F'[t] denotes the RWKYV time-mix output. The LIF term supplies short-term memory via the
leak/integration balance, while F'[t] provides gated, longer-range context [205,207,245].

2. Adaptive channel matching. RWKV replaces global softmax attention with an exponentially
decayed recurrent update. The learned decay(s) act as a causal, exponentially weighted kernel,
which aligns with the effective memory profile of coherent optical links—where Nonlinear Interfer-
ence Noise (NLIN) is dominated by interactions among nearby symbols and decays with temporal
separation (as predicted by perturbation/Enhanced Gaussian Noise (EGN) models) [205, 246, 247].
In this sense, the RWKYV time-mix provides a parsimonious, streaming surrogate for the relevant
channel memory without quadratic attention overhead.

3. Noise robustness. Spike generation is threshold-based:

S[t] = @(V[t] - Vthreshold)a (5.41)

so sub-threshold fluctuations (e.g., ASE-like jitter around decision boundaries) are naturally sup-
pressed, which is a standard advantage of event-driven SNN processing and contributes to energy
efficiency in neuromorphic implementations [207].

4. Nonlinear compensation coverage. The hybrid division of labour is complementary: LIF
units efficiently handle fast, local nonlinearities and signal-dependent effects (e.g., SPM-like terms),
while RWKV captures longer-range, cross-symbol interactions that drive inter- and intra-polarisation
effects (e.g., XPM/FWM contributions) [204,214,246,247]. This combination helps explain the
SNN-RWKYV gains over CNN-MLP and its edge over (or parity with) CNN-biLSTM across launch
powers.

5. Training efficiency. We train end-to-end with surrogate gradients for the non-differentiable
spike nonlinearity; the arctangent surrogate used in this work provides smooth, stable gradients
while keeping binary spikes at inference [206]. This preserves the sparsity advantages of SNN
inference (measured average spike rate R) without sacrificing training stability.

As already mentioned when explaining Transformer equalisers, self-attention enables rich token
interactions but entails quadratic time/memory in the attention window [204]. Causal Transformers
can stream using key—value (KV) caching, yet the cache and per-step compute grow with context
length, impacting real-time throughput [208]. In contrast, the RWKYV time-mix performs constant-
memory, linear-time updates per token at inference [205].

Scalability (illustrative). For a full self-attention window of N tokens, compute/memory are
O(N?) [204]. As a concrete example, N=2048 implies ~ 4.2x10% pairwise interactions; KV-cached
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streaming still incurs per-step cost and memory that grow with the attended context length [208]. By
contrast, SNN-RWKYV maintains constant per-token state (decayed accumulators) and linear-time
updates, with its effective token-mixing work further reduced by the measured sparsity R.

Real-time processing. A full-window Transformer equaliser must materialise the attended
window (or maintain a growing KV cache); RWKYV processes symbols as they arrive with a constant-
size state, matching streaming receiver constraints [205, 208].

Energy scaling (back-of-the-envelope). With technology-typical energies (e.g., Fyac ~ 4.6 pJ,
Eac =~ 0.9pd [223]), a dense full-window Transformer block scales approximately as

Etransformer ¢ N?. dy - h - Emacs (5-42)

reflecting quadratic attention cost; this is a scaling relation (not a measured number). In SNN—
RWKYV, many dense multiplies are replaced by sparse additions gated by spikes (proportional to R),
and the time-mix state is constant in NV, which is consistent with the measured energy reductions
reported in Table 5.1 and prior neuromorphic analyses [207,223].

The overall analysis underscores the SNN-RWKYV equaliser as a robust and energy-efficient
solution for handling nonlinearities in optical communication systems. lIts ability to maintain high
performance with significantly lower energy consumption is particularly promising for sustainable
and efficient communication technologies. The theoretical analysis demonstrates that the hybrid
architecture achieves superior performance not through brute-force computation, but through in-
telligent matching of computational primitives to the physical characteristics of optical channels.
Moreover, it is a candidate for efficient deployment on neuromorphic hardware, which will be ex-
plored in future studies to assess its feasibility for real-time compensation of nonlinear impairments
in optical networks.

5.6 Conclusions and Future Work

This chapter has presented a novel approach to optical signal equalisation using spiking
neural networks, specifically through the adaptation of the RWKV architecture to create the SNN-
RWKYV equaliser. Through comprehensive simulation and analysis, we have demonstrated that
this approach offers a promising alternative to conventional ANN-based methods for nonlinearity
compensation in high-speed optical communication systems.

The SNN-RWKYV equaliser combines the parallelizable training efficiency of transformer-based
models with the inference efficiency of recurrent architectures, while leverageing the energy
advantages of spike-based computation. Our experimental results on a 500 km TWC fibre link with
16-QAM modulation demonstrate that this approach not only matches but exceeds the performance
of state-of-the-art ANN-based equalisers, while offering significant reductions in computational
complexity and energy consumption.
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Key findings from our investigation include:

1. The SNN-RWKYV architecture achieves a Q-factor improvement of up to 0.25 dB over traditional
ANN approaches across a wide range of launch powers, with the most substantial advantages
observed in the nonlinear regime.

2. At the optimal launch power of -2 dBm, the SNN-RWKYV equaliser achieves a Q-factor of
4.7 dB while consuming only 1.64 x 10° pJ of energy per processing instance, representing
an 8.4% energy reduction compared to CNN-MLP and an 87.7% reduction compared to
CNN-biLSTM.

3. The sparse, event-driven nature of spike computation, with an average spike rate of only
9.1%, enables significant computational savings by transforming dense matrix multiplications
into sparse additions.

4. The linear computational scaling of the RWKYV architecture with respect to sequence length
eliminates the quadratic complexity bottleneck of traditional attention mechanisms, making it
particularly suitable for processing long symbol sequences in optical communications.

These results suggest that spike-based architectures, particularly when combined with efficient
attention mechanisms like those in RWKV, represent a promising direction for addressing the com-
putational challenges in next-generation high-speed optical systems. The SNN-RWKYV approach
effectively balances the competing demands of equalisation performance and implementation
efficiency, offering a pathway toward real-time nonlinearity compensation in practical systems.

5.6.1 Limitations and Future Research Directions

Despite the promising results, several limitations and avenues for future research remain:

1. Hardware Implementation: While our analysis provides theoretical energy consumption
estimates, practical implementation on dedicated hardware (both digital Application-Specific
Integrated Circuit (ASIC) and neuromorphic platforms) is needed to validate these projections.
Future work should focus on hardware-software co-design to optimise the SNN-RWKV
architecture for specific target platforms.

2. Scaling to Higher Modulation Orders: The current study focuses on 16-QAM modulation,
but future optical systems will increasingly employ higher-order modulation formats. Additional
research is needed to assess how the advantages of SNN-RWKYV scale with increasing
modulation complexity.

3. Adaptation to Channel Variations: Real-world optical channels exhibit temporal variations
that may require online adaptation. Future work should investigate efficient online learning
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mechanisms for SNN-RWKYV that maintain the computational efficiency advantages during
adaptation.

4. Multi-Channel Systems: This study focused on single-channel transmission. Extending the
approach to WDM systems with inter-channel nonlinearities represents an important next
step.

5. Reduced-Precision Training: While the inference process benefits from binary spike repre-
sentation, training still relies on full-precision gradient computation. Investigating reduced-
precision training methods specific to SNN-RWKV could further enhance the approach’s
efficiency.

5.6.2 Broader Impact

The SNN-RWKYV equaliser represents a significant step toward bridging the gap between the
theoretical promise of neuromorphic computing and practical applications in high-performance
communication systems. By demonstrating that spike-based computation can not only match but
exceed the performance of conventional approaches in a demanding signal processing task, this
work contributes to the ongoing paradigm shift toward more brain-inspired computing architectures
[198,207].

As optical communication systems continue to push toward higher data rates, higher spectral
efficiencies, and longer transmission distances, the computational demands of nonlinearity compen-
sation will only increase. The approach presented in this chapter offers a sustainable path forward,
leverageing the inherent efficiency of event-driven, sparse computation to enable advanced signal
processing with reasonable power budgets [6,33, 225,228, 237].

In conclusion, the SNN-RWKYV equaliser demonstrates that neuromorphic approaches to signal
processing can transcend their theoretical elegance to deliver practical performance advantages
in real-world engineering applications. This work lays the foundation for further exploration of
spike-based computation in communications and signal processing, potentially leading to a new
generation of energy-efficient, high-performance systems inspired by the computational principles
of biological neural systems.
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Chapter 6

Conclusion and Further Work

6.1 Summary and Conclusion

This thesis explores innovative strategies to tackle the persistent challenge of nonlinear impair-
ments in optical communication systems. The rapid growth of internet traffic driven by emerging
technologies such as Al, HPC, and cloud-based services demands continuous advancements
in data transmission capabilities. Optical fibre systems, although capable of high capacity and
efficiency, encounter fundamental limitations due to nonlinear distortions, notably those arising from
the Kerr effect. Traditional methods for addressing these nonlinearities, such as DBP and Volterra
equalisation, provide significant improvements but face substantial barriers regarding computational
complexity and energy efficiency.

To overcome these barriers, this work presents a comprehensive investigation into advanced
neural network-based equalisers, emphasizing architectures tailored specifically for optical com-
munication systems. By harnessing the pattern-recognition power and adaptability of artificial
neural networks, this research has demonstrated superior compensation for nonlinear distortions
compared to conventional techniques. The developed solutions include novel complex-valued neu-
ral networks, which directly handle complex optical signals, significantly improving computational
efficiency and equalisation performance.

Further, recognizing the stringent energy constraints and computational limitations in practical
scenarios, the thesis delves into sophisticated methods to optimise the complexity-performance
trade-off. Techniques such as model pruning, weight clustering, and quantisation are systematically
studied, demonstrating that neural networks can achieve substantial reductions in computational
resources and memory requirements without compromising the equalisation quality. Additionally, the
practical feasibility of these optimised neural network equalisers was confirmed by deploying them
on resource-constrained hardware, showcasing their suitability for real-time optical communication
applications.

A particularly innovative aspect of this research is the exploration of neuromorphic comput-
ing, notably SNNs and Photonic Reservoir Computing, which represent promising directions for
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future optical signal processing. These methods leverage bio-inspired, event-driven processing
paradigms to achieve remarkable energy efficiency and reduced latency, crucial for real-time optical
equalisation tasks.

Furthermore, this thesis pioneers in evaluating the noise robustness of neural network imple-
mentations in photonic hardware, introducing noise-aware training techniques and ensemble-based
strategies—such as crowd equalisation—that significantly enhance system resilience under realistic
operating conditions. These contributions bridge the gap between theoretical advancements and
practical implementations, providing viable strategies to tackle real-world challenges in optical
communications.

In summary, the work presented herein lays critical groundwork for next-generation optical
communication systems by integrating machine learning, neuromorphic computing, and photonic
technologies. The developed solutions not only push the boundaries of current technology but also
provide practical insights and methodologies that bring the theoretical potential of advanced neural
network-based equalisers closer to real-world industrial applications.

6.2 Future work

This thesis laid the foundation for leverageing neural networks, particularly neuromorphic
photonic architectures, in addressing the critical issue of nonlinear impairments in optical com-
munication systems. Despite the significant advancements demonstrated, numerous practical
challenges remain to be explored and overcome before these technologies can achieve widespread
adoption.

A promising direction for future research is the extensive practical and experimental evaluation
of photonic neuromorphic computing systems in more challenging and realistic communication
scenarios. Although photonic neural networks offer immense potential in terms of ultra-fast
processing and high parallelism, significant hurdles related to device imperfections, noise, and
limited scalability persist. Addressing these challenges requires careful characterisation and
mitigation strategies, such as integrated calibration techniques, on-chip stabilisation, and robust
packageing [41,248].

Future investigations should also prioritize bridging the gap between theoretical models and
real-world implementations. This includes exploring innovative training methods tailored explicitly
for photonic hardware, such as hardware-aware training and hybrid in-situ optimisation techniques.
Given that traditional backpropagation algorithms struggle to address hardware-induced constraints
and noise sensitivity, alternative training strategies—such as evolutionary algorithms or particle
swarm optimisation—could be further refined and experimentally validated [225, 249].

Moreover, scaling photonic neural network architectures remains a critical issue. Achieving large-
scale integrated systems with numerous photonic neurons and weights will require improvements
in fabrication accuracy, loss management, and integration density. Incorporating robust techniques
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like erbium-doped waveguide amplifiers or Raman amplification directly on-chip could compensate
for optical losses and facilitate larger network sizes. Additionally, future work should explore the
development of novel nonlinear activation elements compatible with photonic integration, addressing
the current limitations in nonlinear operation within fully optical networks [225].

Finally, a critical comparison between photonic and electronic ANN-based equalisers in practical,
industrially relevant conditions will remain an essential area of future research. Evaluating these
systems under stringent conditions—including extreme environmental variations, high noise levels,
and complex channel impairments—uwill provide valuable insights into their reliability and robustness.
Such studies will also guide the development of hybrid solutions that leverage the strengths of
both photonic and electronic technologies, potentially leading to optimised architectures combining
the speed and parallelism of photonics with the adaptability and precision of electronic systems
[225,226].

In conclusion, the future research outlined here aims to bridge the gap between theoretical
advancements and practical deployments, paving the way for robust, energy-efficient, and high-
performance neuromorphic equalisation systems for next-generation optical communications.
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