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Abstract

Abstract

Passive Optical Networks (PON) have become crucial in delivering reliable, high-
capacity, and low-latency fiber internet connectivity, largely replacing legacy
copper cabling. Research into next generation 100 Gbit/s systems is ongoing
to support future bandwidth demands, and the adoption of advanced modula-
tion formats, such as 4-level pulse amplitude modulation (PAM4), will be key to
achieving this. However, optical amplification will be required to support PAM4
transmission due to the strict optical loss budgets imposed by legacy network
infrastructure. Semiconductor optical amplifiers (SOAs) have been widely pro-
posed, but introduce non-linear signal distortions which can greatly restrict PAM4
performance. Moreover, fiber dispersion impairments are also a concern given
PAM4’s high linearity requirements. This thesis explores how neural network-
based equalisation (NNE) can offer new solutions to these traditional physical
limitations, and enable future 100 Gbit/s PAM4 PON systems.

Through rigorous experimental analysis, this work identifies SOA-induced non-
linear patterning as a major barrier to achieving the required 19.5 dB dynamic
range requirement for upstream PON transmission. Gated recurrent neural net-
works are proposed to overcome this effect, and are shown to fully recover PAM4
signals for a range of bit rates up to 128 Gbit/s. The proposed NNE achieves > 28
dB dynamic range in a 100 Gbit/s experimental PAM4 PON scenario, where addi-
tional non-linear effects such as fiber dispersion and electrical receiver saturation
are also present. Meanwhile, conventional linear equalisation techniques are
shown to be insufficient to meet the PON dynamic range requirement. Further-
more, complexity analyses of the proposed NNE solutions are included through-
out, and multi-symbol equalisation techniques are investigated to alleviate the
challenges of feedback-based NNEs in future hardware implementations.

The thesis’ most significant contribution is the invention of SkipNet, an original
adaptive neural network algorithm developed by the author. It overcomes the
significant obstacle of complex NNE training, and enables real-time, packet-
by-packet adaptation to dynamic transmission conditions in burst-mode PON
systems. SkipNet is shown to match the performance of conventionally trained
NNE solutions, while using as little as 250 training symbols to mitigate non-
linear SOA patterning and fiber dispersion. The introduction of SkipNet opens
new pathways for designing future PON systems that are scalable, cost-effective,
and capable of meeting the ever-growing demand for high-speed connectivity.

xi



Chapter 1

Introduction

Chapter 1 introduces neural network-based signal equalisation in the context of
future passive optical networks, and outlines the structure of this thesis.

Fiber-optic networks communicate information by encoding signals onto light,
which can then be transmitted through optical fiber cables over large distances.
The remarkable reliability, bandwidth, and transmission distances of fiber-optic
communications technology has been essential in ushering in the ‘Information
Age’, and the vast trans-continental fiber cables that criss-cross the world form
the “backbone” infrastructure of the modern internet [1], [2].

The ongoing adoption of bandwidth-intensive cloud services, and shift toward
remote working is driving innovation at the network edge. This is evidenced by
the ongoing worldwide roll out of optical access networks, which connect end-
users via fiber to core telecommunications networks and are rapidly replacing
slower, legacy copper cabling [3]. Upcoming technologies such as the Internet-of-
Things [4], AR/VR, 8K video streaming, and 5/6G mobile connectivity [5]–[7],
will continue to drive development of next-generation optical access technology
alongside potential Industry 4.0 applications [8].

To sustain this growth and meet the bandwidth demands of an increasingly
connected world, novel technologies such as advanced digital signal processing
techniques are being considered, including those based on machine learning and
the burgeoning field of artificial intelligence [9], [10].

1



1. Introduction 1.1 Evolution of optical access networks

Figure 1.1: Optical access networks connect end users to the wider internet
infrastructure using fiber optic cabling.

1.1 Evolution of optical access networks

Passive Optical Network (PON) technology dominates the optical access market
due to its relatively low-cost and the need for mass deployment. These systems
use passive power-splitters to connect 64 or more network subscribers via a single
fiber link to an optical line terminal (OLT) located at a central office, which acts as
a gateway to the core / metro telecommunication networks, as shown in Figure
1.1. This branching network architecture is known as the optical distribution
network (ODN), and it makes PON ideal for both urban and rural deployment
since users need not be co-located, but can be geographically disparate and
up to 20 km from the central office. Further, there are no active components
(e.g. amplifiers) installed in the ODN (thus “passive” optical network) which
lowers energy and maintenance costs, at the cost of strict optical loss budgets
for the ODN. Network capacity is shared amongst optical network units (ONUs)
using the time division multiplexing (TDM) technique where ONUs take turns
transmitting to the central office, and this results in the burst-mode nature of
upstream network traffic specific to PON. Dealing with the varying power levels
and signal conditions of different users arriving in “bursts” at the central office is
one of the major technical challenges in implementing PON. Wavelength division
multiplexing (WDM) can also be used to increase capacity even further [11].

Intensity modulation with direct detection (IM/DD) technology which encodes
information using only amplitude modulation has been the basis of PON to date,
due to its simplicity and the widespread availability of 10G class optics. Broad-
band PON (BPON) originated in 1995, and ultimately delivered 622 Mbit/s,
while the latest Higher Speed PON (HS-PON) recommendations published by
the ITU-T in September 2021 will achieve 50 Gbit/s [12]. In Ireland, the National
Broadband Plan will initially deploy 10 Gbit/s XGS-PON [13]–[15] with scope to
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upgrade in the future, while places such as Chattanooga, Tennessee are already
offering 25 Gbit/s fiber links for businesses and domestic consumption1[16]. A
sustained research effort is already underway to identify the technology which
will deliver 100 Gbit/s/λ (per wavelength) line-rates and beyond so that PON
technology can keep pace with bandwidth demand [17], [18].

However, fiber dispersion and limited device bandwidths are significant chal-
lenges to the continued use of binary, non-return-to-zero on-off keying (NRZ-
OOK) modulation. Therefore, in a first for PON the 50 Gbit/s HS-PON standards
concede that digital signal processing (DSP) will be necessary to support such a
line-rate [19]. DSP will play an increasingly important role in future 100 Gbit/s
and greater PON systems in order to continue scaling bit-rates with demand
[20]. Proposals to date include: adopting higher order modulation formats such
as 4-level pulse amplitude modulation (PAM4) [21], digital signal equalisation
[22], coherent detection [23], and flexible rate systems [24], among others [25].

Of these, PAM4 is a preferred option for realising 100G, since it could be imple-
mented using existing 25G class IM/DD technology, and avoids the significant
costs involved in switching to coherent technology. Further, PAM4 is continuing
to be developed in other application areas, such as data center interconnects
(DCI) [26], and is a well-established technology. However, its disadvantages
include an increased susceptibility to device non-linearities and noise, meaning
optical amplification will be required to realise the strict 29 dB minimumHS-PON
loss budget [12]. Avalanche photodiodes (APDs) are not readily available at 25G,
and an alternative is to integrate a semiconductor optical amplifiers (SOA) with
PIN photodiodes [27] to boost receiver (Rx) sensitivities and support PAM4 PON
transmission. SOAs are seen as ideal optical preamplifiers thanks to their being
low-cost, readily integrable, and operating in both C- and O-bands. However, the
large PON dynamic range of 19.5 dB [12] is a challenge with this Rx configura-
tion at the OLT, as high-power packets could cause SOA gain-saturation induced
non-linearities, such as the patterning effect, i.e. self gain modulation (SGM)
[28]. To overcome this, a range of advanced signal equalisation techniques have
been proposed, including those based on neural networks.
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1. Introduction 1.2 Neural network signal equalisation

Figure 1.2: Equalisation allows distorted signals to be recovered at the Rx.

1.2 Neural network signal equalisation

The proliferation of artificial intelligence (AI) and machine learning (ML) tech-
niques across science and engineering is having a profound effect on many re-
search fields [29], [30]. In optical communications, ML is expected to enable
more efficient and higher bandwidth networks, by enabling intelligent optical
network management [31], optical signal monitoring [32], photonic device de-
sign [33], as well as advanced signal recovery (equalisation) algorithms [34] in
the physical layer.

In this thesis, the focus is on the development of neural network-based equal-
isation algorithms for future PON systems. Equalisation is a form of signal
processing which aims to optimise the recovery of a transmitted signal’s data.
Equalisation can boost signal-to-noise ratio (SNR) as well as compensating for
inter-symbol interference (ISI) and possible distortions induced during signal
transmission [35]. As such, it is seen as a potential solution to the severe fiber
dispersion impairments and device bandwidth limitations expected in next gen-
eration PON, and could be key to enabling increased bit-rates and achievable
transmission distances [36]. Linear feed forward equalisation (FFE) is a poten-
tial candidate due to its simplicity and effectiveness against bandwidth limited
channels. However, more capable non-linear equalisers are also being investi-
gated due to the susceptibility of advanced modulation formats such as PAM4 to
non-linear distortions. In particular, non-linear fiber and device effects, including
SOA patterning effects, are motivating research into such advanced equalisation.
In this context, there have been numerous proposals for complex non-linear
equalisation for PAM4 systems, including neural networks [34].

Neural network (NN) algorithms are responsible for some of the most famous
successes within AI and ML, such as the transformer models underpinning Chat-
GPT [37], and the deep reinforcement learning models behind AlphaGo [38]. In
the field of communications, NNs have been put forward as potential non-linear
equalisers [39]. Recently, NNs are increasingly being proposed to overcome a

1"If we offer it, people will buy it" - Anonymous telecoms executive.
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range of non-linear effects in both IM/DD and coherent optical systems. Orig-
inally developed to mimic the way neurons process information in the brain
[40], these algorithms are universal approximators, meaning they can model
a wide range of non-linear functions [41], [42]. Further, they are data driven
and do not rely on analytical models of physical processes, but can learn from
data. These characteristics of NNs make them incredibly flexible and power-
ful equalisers, since they can be trained to tackle a wide range of linear and
non-linear distortions using only captured signals from a transmission link. As a
result, a concerted research effort is underway to investigate which electrical and
photonic non-linearities are susceptible to these neural network-based equalis-
ers (NNEs), as well as significant work on adapting NN algorithms for use in
high-speed optical communications.

PON systems in particular involve unique challenges for NNEs due to their dy-
namic burst-mode signalling, potentially multiple target impairments, and strict
cost-budgets. Due to the potentially large number of ONUs per PON, there is a
cost-imperative to make ONU transceivers as cheap as possible, while the OLT
transceiver can be relatively more expensive [17]. A consequence of this is that
advanced signal equalisation such as an NNE is most appropriately placed at
the OLT, where its costs can be shared among all ONUs. For upstream transmis-
sion, a receiver-side NNE would therefore need to be robust to a wide range of
possible signal impairments originating from ONUs at variable distances from
the OLT, which is a potential problem for NNE algorithms which require large
datasets and complex algorithms to adapt. Related to this, the feasibility of a
given equalisation algorithm is ultimately constrained by limited computational
resources and hardware throughput of the target hardware platform (e.g. ASIC,
FPGA). NNEs can involve many multiplication and non-linear operations, as well
as feedback loops, and are therefore complex and resource intensive to imple-
ment in digital logic with sufficient throughput for 100 Gbit/s PON. Identifying
suitable NNE target impairments and developing low-complexity, effective NNE
solutions appropriate for PON are therefore significant research challenges.

1.3 Thesis overview

In this thesis, the focus will be on developing an NNE algorithm which will enable
100 Gbit/s PAM4 signalling for the challenging PON upstream transmission case,
where an SOA is utilised as a receiver preamplifier. This NNE solution will need
to deal with SOA gain-saturation induced non-linear patterning effects, fiber
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dispersion, and bandwidth limitations. Further, the final algorithm will need to
be capable of rapid adaption to deal with the varying signal conditions inherent
to burst signalling of upstream PON. The following chapters are designed with
these goals in mind, and are detailed below.

Chapter 2 introduces the operating principles behind core concepts and tech-
nologies used in PON, as well as the background theory of NNEs. It motivates
the adoption of PAM4 signalling for achieving future 100 Gbit/s PON, as well as
introducing system performance metrics for evaluating these signals. Sources of
signal degradation are introduced, including noise, bandwidth limitations, and
fiber dispersion, as well as the effect of burst-mode signalling. Neural network
equalisation is introduced and described in terms of its relation to existing FFE
methods, before initial investigations into mitigating simulated bandwidth and
dispersion impairments using NNEs are presented.

Chapter 3 introduces SOAs and the non-linear patterning effect they induce
during gain saturation. Initial characterisation of the SOA used in this work
is given, and an investigation of the effect of SOA patterning on 100 Gbit/s
PAM4 and achievable dynamic range is reported, an important consideration
when proposing SOAs as preamplifiers at the PON OLT. Equalisation solutions
based on neural networks are then explored, and recurrent neural networks are
introduced as optimal equalisation solutions. The experimental results discussed
in this chapter are published in [A1].

In Chapter 4 the NNE solution developed for isolated SOA patterning in Chapter
3 is evaluated in a 100 Gbit/s PAM4 system which further incorporates fiber dis-
persion and bandwidth limitations. It is shown that the NNE allows the gain sat-
uration regime of the SOA to be exploited by compressing large optical dynamic
ranges and therefore reduce requirements in subsequent burst-mode receiver
electronics. Further, the NNE’s performance and complexity is benchmarked
against existing linear and non-linear equalisation solutions such as the Volterra
non-linear equaliser, as well as alternative advanced NN structures. In particular
multi-symbol output techniques are investigated to reduce equaliser complexity.
The results in this chapter are published in [A2], [A3].

The thesis culminates in Chapter 5 with the introduction of SkipNet, an original
adaptive NNE algorithm proposed by the author, and which is capable of rapidly
training on a packet-by-packet basis to deal with burst-mode signalling. First,
the requirements for adaptive equalisation in upstream PON are discussed in the
context of existing NNE training schemes, which are shown to be inappropriate
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for such a task. Then, the SkipNet NNE algorithm is introduced as a solution
for achieving adaptive neural network equaliser training, and its performance
evaluated for 100 Gbit/s PAM4 PON. As far as the author is aware, SkipNet is the
first demonstration of a truly adaptive NNE for PON, and has been published in
[A4], [A5].

Chapter 6 concludes with a summary of the thesis contributions, and discusses
possibilities for further research.
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Chapter 2

Future passive optical networks

This chapter details the structure, operation, and current standards of passive
optical networks, before discussing the potential of PAM4 to deliver next generation
100 Gbit/s PON. Challenges in terms of device and fiber impairments are outlined,
before equalisation is discussed as a key solution. Neural networks are introduced
as possible non-linear equalisers and initial simulation results given which evaluate
their performance on bandwidth limitations and fiber dispersion.

Figure 2.1 illustrates the three main subdivisions of a PON system: the OLT lo-
cated at the central office, the passive splitters and fiber cabling that comprise
the ODN, and the subscriber termination points known as ONUs. These sub-
systems and how they interact are responsible for PON’s cost-effectiveness, but
also impose challenges to realising 100 Gbit/s line-rates. The first half of this
chapter discusses the consequences of this design for component devices and
technologies.

The structure shown in Figure 2.1 is highly cost-effective for several reasons
related to the ODN. Importantly, the ODN is passive, and therefore no active
components are deployed here, meaning maintenance and energy costs are low.
Further, optical fiber attenuation is ≈ 0.2 dB/km which is extremely low relative
to lossy coaxial cables [43], meaning network subscribers can be geographically
distributed, and up to 20 km from the central office. Split ratios up to 1 : 64
in existing PON standards ensure that costs are distributed among many users,
and are economically viable for the service provider1. Time division multiplex-

1Ratios of up to 1 : 1024 have been proposed in “Super PON” systems [44], [45].
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2. Future passive optical networks 2.1 High-speed optical signalling

Figure 2.1: Schematic of PON system components.

ing (TDM) allows for the multiple network users to share the overall system
bandwidth [46].

However, this network structure also makes it challenging to continually increase
data rates in successive PON generations. Existing ODN infrastructure must con-
tinue to be supported between PON standards, since their installation represents
up to 70% of initial PON investment [47]. This means higher data rate systems
must adhere to the strict 29 dB optical loss budget that the existing fiber infras-
tructure imposes. Moreover, the burst-mode nature of upstream transmission
involves data packets from different ONUs and with unique transmission paths
arriving sequentially at the OLT receiver. This is a major challenge in OLT receiver
design, since each packet’s signal statistics and power levels can vary significantly,
which gives rise to PON’s challenging 19.5 dB dynamic range requirement.

Device bandwidth limitations and fiber dispersion are also bottlenecks to in-
creased PON bandwidth capacity. The mass deployment of ONUs means high-
volume, low cost devices must be used, which will result in the re-use of 25G
class optics for 50 Gbit/s HS-PON [19]. Meanwhile, increasingly severe fiber
dispersion impairments in IM/DD systems above 25 Gbit/s have already neces-
sitated the switch from the C- to O-band transmission window in order to be
closer to the zero-dispersion point and sustain the 20 km transmission reach [3].

2.1 High-speed optical signalling

Current PON standards, up to and including the latest 50 Gbit/s ITU-T HS-PON
recommendations, are based on IM/DD technology, and specifically the non-
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2. Future passive optical networks 2.1 High-speed optical signalling

return-to-zero on-off keying modulation (NRZ-OOK, shortened to NRZ hereafter)
[3]. This is a simple digital amplitude modulation format which uses two ampli-
tude values to neatly encode the binary digits ‘0’ and ‘1’. This can be achieved
using an optical amplitude modulator switching between two distinct power lev-
els P0, P1. An example of an NRZ data stream encoding binary information is
shown in Figure 2.2 (a).

The strengths of NRZ include its noise tolerance, and implementation simplicity.
Optical modulation is straightforward using low-cost directly modulated lasers
(DML) or electro-absorption modulaters (EAM), while simple direct-detection
methods can be used at the Rx. The sensitivity of avalanche photodiodes have
readily sustained the large PON optical loss budget for NRZ up to 25 Gbit/s, and
has meant optical amplification has not been needed in PON systems to date.
However, NRZ is spectrally inefficient compared to more advanced modulation
formats, and limited bandwidth PON devices will struggle to achieve beyond 50
Gbit/s line rates. The most recent 50 Gbit/s HS-PON standards are perhaps the
last generation of PON which will use it [17].

There are several alternatives which have been widely proposed for ≥ 100 Gbit/s
PON, including PAM4 and PAM8 [48], [49], quadrature phase-shift keying
(QPSK) [50]–[52], and discrete multi-tone, also known as orthogonal frequency
division multiplexing (OFDM) [53], [54]. Each of these can encode multiple
bits per modulation symbol and are therefore more spectrally efficient than NRZ,
however are typically more costly to implement.

The phase modulation of QPSK could offer significant increases in line-rate with
the added benefit of high coherent receiver sensitivities to help meet and exceed
the optical loss budget [55]. Dual-polarisation techniques could even further
increase bit-rates. However, its adoption would represent a large increase in
optical transceiver complexity and face significant challenges related to burst-
mode reception at the OLT [56]. Similar issues exist for OFDM, where high
peak-to-average-power ratios would further complicate transceiver design. Mass
produced coherent pluggables targeting data center interconnects and long-haul
communications could drive development of future 200 or 400 Gbit/s coherent
PON [57], but limited research exists on their application in PON systems, where
burst-mode transmission present unique challenges. As a result, it is unlikely
that coherent PON will be realised in time for 100G PON.

The continued use of IM/DD technology in PON therefore appears the most
cost-effective way to reach 100 Gbit/s line-rates. While no single format fully
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Figure 2.2: Comparison of (a) binary NRZ and (b) 4-level PAM4 modulation
formats.

addresses the challenges posed by the PON optical loss budget and dynamic range
requirements, multi-level pulse amplitude modulations such as PAM4 and PAM8
are attractive solutions when combined with advanced equalisation techniques.
There is a strong case for PAM4 in particular, which has been instrumental in
delivering 400G Ethernet standards [58] and for which a strong technological
base exists. This thesis builds on recent work by proposing neural network-based
equalisation as a solution for enabling spectrally efficient PAM4 with sufficient
flexibility to adapt to real-world PON impairments.

2.1.1 Multi-level amplitude modulation

More spectrally efficient pulse amplitude modulation can be realised by using
more than two amplitude levels to encode multiple bits per symbol. This allows
for the the low-cost benefits of IM/DD technology to be retained and increases
the bit rate while using the same bandwidth. In standard pulse amplitude mod-
ulation the number of symbols M required to encode N binary bits is given
by:

M = 2N

If two bits are to be encoded per symbol, i.e. N = 2, then a 4-level modulation
is required and the resulting modulation format is called PAM4. Similarly PAM8
corresponds to N = 3. Figure 2.2 (b) shows that for half the same symbol rate,
fs, PAM4 achieves the same bit-rate as NRZ, while PAM8 requires just fs/3. The
bit rate fb is calculated for a PAM-M signal using:
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Figure 2.3: A comparison of the spectral efficiency of NRZ, PAM4, and PAM8.

fb = fs · N = fs · log2 M. (2.1)

Figure 2.3 illustrates the increased spectral efficiency of multi-level PAM modu-
lations by plotting the power spectral density against that of NRZ. PAM4’s main
spectral lobe requires just half the spectrum bandwidth as NRZ to achieve the
same fb. Therefore switching to higher order PAM formats allows for data ca-
pacity to be increased in bandwidth limited scenarios, such as those expected
in future 100G PON which may reuse low-cost 25G class optics. While the 50
Gbaud NRZ signalling of the latest HS-PON corresponds to 50 Gbit/s, a 50 Gbaud
PAM4 signal would support 100 Gbit/s line-rates. It is worth noting however that
the bit-rate grows logarithmically with M as per equation 2.1, while the gain in
spectral efficiency decreases exponentially with M .

However, every modulator has a maximum achievable modulation amplitude, or
depth, which preserves signal linearity without the introduction of distortions.
Increasing the number of symbols in a PAM modulation means that more digital
amplitude levels need to be squeezed into this limited modulation depth pro-
vided by the modulator device. Given a device which can achieve a maximum
amplitude of A, the distance between symbol amplitude levels for a PAM-M
signal can be expressed as:

∆ = 2A

M − 1 (2.2)
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This reduced distance betweenmodulation symbols means that higher order PAM
formats are more susceptible to noise, and induce serious Rx sensitivity penalties
relative to NRZ which are discussed in the context of PON in the following
sections.

2.1.2 Performance metrics

The signal-to-noise ratio (SNR) and bit error rate (BER) quantitative performance
metrics are described below. Furthermore, eye diagrams can serve as helpful di-
agnostic tools to visualise impairments affecting an amplitude modulated signal.

Signal-to-noise ratio

Noise is unavoidable and effects digital communication signals by making it dif-
ficult to differentiate between signal symbols. The SNR performance metric
quantifies the signal power relative to that of noise, and different modulation
formats have higher SNR requirements to achieve the same transmission perfor-
mance. SNR is typically expressed in decibels.

For a PAM4 signal in an additive white Gaussian noise (AWGN) channel, and
with power levels Pi for i ∈ {0, 1, 2, 3}, the SNR can be calculated by dividing
the average symbol power by the average noise powers using:

SNR = P0 + P1 + P2 + P3

σ2
0 + σ2

1 + σ2
2 + σ2

3
, (2.3)

where σ2
i is the noise variance of the i-th symbol. The SNR can be calculated

similarly for any M -symbol PAM modulation format in an AWGN channel.

Bit error rate

The fundamental performance measure of a communication system is its ability
to transmit information without making errors. The BER of a system quantifies
this by measuring the number of errors ne accumulated during transmission
relative to the total number of bits transmitted nb:

BER = ne

nb

. (2.4)

In this thesis, the counting method is used to estimate BER from transmitted
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Figure 2.4: Plot of the error performances of NRZ, PAM4, and PAM8 for varying
ϵb/N0: clearly PAM4 requires more energy per bit to achieve the same error
performance as NRZ.

bits in simulation and experiments: errors are counted for a sufficiently large
number of bits, and the above equation is used. For higher order modulation for-
mats where each symbol encodes multiple bits of information, a related quantity
known as the symbol error rate (SER) can be calculated, from which the BER
can then be found by decoding the incorrectly received symbols.

In order to highlight the higher SNR requirements of PAM4 and PAM8 relative
to NRZ, it is possible to derive the SER performance of an M -level PAM format
in an additive white gaussian noise (AWGN) channel using equations 2.2 and a
general form of 2.3 [35]:

SER = M − 1
M

erfc
√3 log2 M

M2 − 1 · ϵb

N0

 , (2.5)

where ϵb is the energy per bit and N0 is the noise power spectral density, i.e. the
noise power per Hz bandwidth. The ratio ϵb/N0 is a normalised form of SNR
which does not take into account bandwidth limitations, and is therefore ideal
for comparing modulation formats. The SNR can be related to this normalised
value using:

SNR = ϵb

N0
· fb

B
, (2.6)

where fb is the channel bit rate as before, and B is the channel bandwidth.
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Table 2.1: Gray encoding ensures that mismeasurement of neighbouring symbols
leads to only a single bit error.

PAM4 Linear Gray
0 00 00
1 01 01
2 10 11
3 11 10

Combined, the ratio of these two is referred to as the gross spectral efficiency of
the channel, measured in (bits/s)/Hz.

Further, Gray encoding is a method for encoding binary bits to PAM symbols
such that neighbouring symbols differ by only a single bit value [59]. This
ensures minimal bit errors if a symbol is incorrectly received as one of its adjacent
neighbouring symbols. Table 2.1 gives the Gray encoding for PAM4.

If Gray encoding is used and SNR is sufficiently high, it is possible to approxi-
mately relate the BER and SER values for a PAM signal [60]:

BER ≈ 1
log2 (M)SER. (2.7)

Figure 2.4 combines this equation with 2.5 and plots the dependence of BER
on ϵb/N0 for NRZ, PAM4, and PAM8. It is clear that higher order PAM formats
require higher ϵb/N0, and therefore SNR to achieve the same BER performance.

Therefore, the trade-off between higher data rates and increased SNR require-
ments must be considered carefully in the context of future high-speed PON.
While PAM8 offers greater spectral efficiency and higher data rates than either of
NRZ or PAM4 for the same bandwidth, it requires the highest SNR to achieve the
same BER. For this reason, PAM4 appears the most suitable candidate. However,
its degraded noise tolerance relative to that of NRZ is still a concern, and PAM4
will require optical amplification to overcome the strict PON optical loss budget.

Eye diagrams

Eye diagrams are a qualitative performance metric, which allow for signal in-
tegrity to be evaluated visually. They are used extensively throughout this thesis.
An eye diagram is a statistical representation of a signal’s overall quality which
conveys information about the symbol transitions, eye heights and widths, as well
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Figure 2.5: Example eye diagrams of (a) NRZ, (b) PAM4, and (c) PAM8.

as skew [61]. They are constructed by superimposing captured signal segments
(typically 2 symbols in length) on top of each other, and plotting the result as a
heatmap or density estimation graph.

Example eye diagrams can be seen in Figure 2.5. Note that in the PAM4 eye
diagram there are 3 eye openings, and each of these has just 1/3 the height of
the single NRZ eye. If amplitude swing is constant, a rough calculation estimates
an SNR loss of 20 log10(1/3) ≈ −9.5 dB when switching from NRZ to PAM4.

Eye diagrams require long symbol sequences comprising an even distribution
of modulation symbols and symbol transitions. Pseudo-random binary (PRBS)
or quaternary (PRQS) sequences are ideal for this, and are discussed further in
Section 2.3.4.

2.1.3 System requirements

Prospective 100 Gbit/s PAM4 signalling in future PON will need to adhere to
the challenging minimum 29 dB optical loss budget, in addition to the 19.5 dB
dynamic range requirement imposed by legacy PON infrastructure. These system
metrics rely on BER measurements to determine the OLT receiver sensitivity
and overload points in relation to the chosen forward error correction (FEC)
threshold.

Forward error correction

An in-depth discussion of FEC requirements in future PON is beyond the scope of
this thesis, and therefore only general points relevant to the choice of FEC used
in this work are included below.

FEC methods introduce redundancy into a bit-stream at the transmitter, which
allows the receiver to recover errors introduced during transmission. Each FEC
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algorithm has an associated threshold, under which the FEC can ensure BER
values of 10−12 or 10−15, while FEC performance fails quite quickly above this
threshold [35]. Hardware implementations of FEC can contribute significantly to
overall DSP energy consumption [62], and reduce net data-rates by introducing
redundant parity bits.

In the latest HS-PON standards, soft-decision FEC (SD-FEC) which has a thresh-
old of 10−2 is proposed for 25 Gbit/s, and which involves a 20% bit-rate overhead,
while the FEC requirements for 50 Gbit/s line-rate is still under consideration
[12]. Meanwhile, the KP4 BER threshold of 10−4 is popular for PAM4 data cen-
ter interconnects. The hard decision (HD) FEC threshold of 3.8 × 10−3 BER is
used throughout this work, which has just 7% overhead. This FEC consumes less
power than SD-FEC, and gives a balanced view on the potential performance of
the neural network equalisers being considered.

Optical loss budget

A consequence of the branching structure of a PON ODN is that each OLT-ONU
link can have a different optical path loss. This loss is largely determined by the
number of passive splitters the optical signal needs to pass through, although fiber
attenuation, connectors, and fiber splices also contribute loss. PON standards
outline the minimum optical path loss that the optical signalling must be robust
to, and the maximum loss that an optical signalling scheme can support is often
referred to as its optical loss budget. A minimum optical loss budget of 29 dB is
required in the HS-PON standards, and this must be strictly adhered to in order
to guarantee service to all ONUs.

This is closely related to the employed receiver’s sensitivity, which is defined
as the minimum incident optical power for which a signal’s measured BER is
below the chosen FEC threshold. Once this is known, the optical loss budget for
a given transmitter power can be estimated by simply subtracting the difference
between the values. A Rx configuration involving a PIN photodiode integrated
with an SOA preamplifier has been widely proposed to boost receiver sensitivity
at the OLT [63], [64]. This is an attractive solution to meet the minimum PON
loss budget for 100 Gbit/s PAM4 due to its degraded noise tolerance [65]. This
is discussed further in Section 2.2.2.

While the dynamic range of such an SOA+PIN Rx is the primary focus of this
thesis, the optical loss budget is also reported for completed experiments. This is
estimated by assuming a mean optical launch power of +8 dBm, and subtracting
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Figure 2.6: This graph illustrates how the operating dynamic range of a Rx is
defined in terms of the Rx sensitivity and overload levels relative to a chosen
BER threshold.

the measured Rx sensitivity achieved during experiments.

Dynamic range

There can be large power differences among the burst packets received by the
OLT, due to the distinct optical paths each packet takes from its ONU, through the
ODN. The dynamic range (DR) of an OLT Rx is therefore an important system
metric, which specifies the difference between the lowest and highest packet
powers that a Rx can tolerate while staying below the chosen BER threshold.
Figure 2.6 shows how DR is defined in terms of Rx sensitivity and overload
values.

In the 50 Gbit/s HS-PON standards, a minimum DR of 19.5 dB is outlined, mean-
ing an OLT Rx must be capable of receiving packet powers ≈ 90× greater than the
lowest power packet. Typically burst-mode electronics are employed to deal with
the packet power differences after optical to electrical conversion has taken place,
and recent research has demonstrated linear burst-mode receivers (LBMRx) for
100 Gbit/s PAM4 [66], [67]. However, if an SOA preamplifier is used at the OLT
Rx, then there is the potential for loud packets to cause SOA gain-saturation
induced non-linear patterning effects, which can significantly impact the Rx over-
load point. Chapter 3 investigates such a scenario in detail.
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2.2 Photonic system impairments

The focus so far has been on the spectral efficiency and noise tolerance of PAM4
signalling in relation to PON system requirements. In this section, the bandwidth
limitations and noise mechanisms of relevant PON photonic device technology
are discussed in more detail. Optical amplifiers are introduced for boosting OLT
receiver sensitivity, and fiber dispersion is also introduced as a major limiting
factor to scaling IM/DD PON technology.

2.2.1 Bandwidth and noise limitations

Photonic devices, also known as opto-electronic devices, are devices which gen-
erate, manipulate, or detect optical waves. Examples of photonic devices include
laser diodes [68], semiconductor optical amplifiers [28], and photodiodes [1].
Every photonic device has a limited bandwidth, both electrical and optical, and
active devices can contribute noise to a system.

Bandwidth limitations

When speaking of opto-electronicmodulators and detectors, a device’s bandwidth
refers to the range of frequencies which it can support. This is determined from
the devices frequency response, which quantifies the magnitude and phase of
a device’s output for a range of input frequencies [69]. The 3 dB bandwidth is
reported as the point at which the magnitude of a device’s frequency response
drops by 3 dB.

At the time of writing, 25 GHz avalanche photodiodes are not yet produced in
sufficient quantities to be cost-effective in next-generation PON, and 50 GHz
devices are still under development. However, 25G class photodiode technology
is more readily available, and could be integrated with SOA devices to support
the required PON loss budget. Regardless, in future 100 Gbit/s PON, bandwidth
constraints will be a factor, with low-bandwidth transmitter technology at the
ONUs also a concern [48].

For a given bit-rate, PAM4’s main frequency content occupies a smaller range
of frequencies than that of NRZ (see Figure 2.3), and therefore PAM4 is less
impacted by bandwidth limitations than NRZ. This can be seen in Figure 2.7,
where the simulated 100 Gbaud NRZ signal is severely distorted in (a), while the
50 Gbaud PAM4 signal in (b) is less effected. Therefore, PAM4 is well-placed
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Figure 2.7: Simulated 100 Gbit/s (a) NRZ and (b) PAM4 eyes resulting from a
bandwidth-limited 25 GHz Rx, implemented using a 4th order Bessel filter.

to enable higher bit-rates than NRZ using available technology, although signal
equalisation may still be required to optimise signal transmission.

Noise mechanisms

Photodiodes convert optical signals into electrical ones. The photocurrent I

generated by a photodiode is directly proportional to the incident optical power
Pin:

I = R · Pin, (2.8)

where R is the photodiode responsivity, which is wavelength dependent and
measured in A·W−1. The photodiode, being a resistive element, will introduce
thermal noise to the receiver whose power will depend on the temperature T

and effective electrical bandwidth Beff of the device. The thermal noise power
σ2

th can be calculated using the equation:

σ2
th = 4KBT

RL

FnBeff , (2.9)

where kB is the Boltzmann constant, RL is the value of the load resistor, and Fn

is the amplifier noise figure [69]. It is standard practice for the noise equivalent
power (NEP) of a photodiode to be stated on a device’s datasheet, which is
defined as the minimum optical input power per unit electrical bandwidth which
will result in the output electrical signal having an SNR of 1 [69]. The thermal
noise power for a photodiode can be simply calculated using:
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σ2
th = R · NEP ·

√
Beff . (2.10)

The above expression is used to simulate the noise characteristics of the pho-
todiode device used in Section 2.4. A photodiode’s output photocurrent can
therefore be modelled as:

I = R · Pin + σ2
th. (2.11)

In contrast, APDs exploit an internal gain mechanism to greatly boost their sen-
sitivity [1].

2.2.2 Optical amplification

Optical amplifiers can improve Rx sensitvities and extend transmission distances
by mitigating system power losses. As a result, they are fundamental compo-
nents of modern optical communication systems. However, in the context of
PON, amplification has not been required due to the relatively short transmis-
sion distances, and the high Rx sensitivities of systems using NRZ signalling in
conjunction with APDs.

However, as discussed, APDs may not be an option for 100 Gbit/s PON, and bare
photodiodes are unable to support the PON optical loss budget for PAM4. Instead,
an alternative Rx design, which is based on integrated SOA and PIN photodiode
devices, has been proposed. Such a design could achieve sufficiently high Rx
sensitivity and bandwidth to support PAM4 signalling [65]. SOAs appear ideal,
since they are readily integrable on chip with PIN photodiodes, can operate
in both C- and O-bands, and are relatively low-cost. Alternative fiber-based
amplifiers, such as the Erbium Doped Fiber Amplifier (EDFA) [70], do exist,
and can offer greater optical gain and lower noise figures. However, these are
bulky devices with large energy footprints, making them inappropriate for OLT
deployment, and therefore SOAs are preferred.

Gain saturation

Optical amplification is achieved through the use of an active medium, which
in the case of an SOA is a semiconductor junction which is electrically pumped
to achieve a population inversion [28]. More details on the processes behind
SOA amplification are given in Chapter 3. The gain G of an optical amplifier is
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defined as the ratio between the output and input powers of the amplifier device,
and is typically expressed in units of decibels (dB):

GdB = 10 log10 (G) = 10 log10

(
Pout

Pin

)
. (2.12)

However, every amplifier possesses limited energy with which it can amplify sig-
nals. Therefore, for input optical powers above a certain threshold, an amplifier’s
gain will decrease. This relation can be derived as [1]:

G = G0 exp
[
−G − 1

G

Pout

PS

]
. (2.13)

Here, G0 is known as the small-signal gain, while G is the gain achieved to give
the output power Pout. The input saturation power PS is the input optical power
for which the gain G is 3 dB lower than G0. If Pin > PS then the amplifier is said
to be operating in the non-linear gain-saturated regime.

For a fiber amplifier this is not an issue, as its gain recovery operates on the
order of ms, and so does not noticeably effect signals modulated in the GHz
range. However, the gain recovery action in SOAs is much faster, with recovery
times ranging from a nanosecond to tens of picoseconds. For a high-speed optical
signal traversing a saturated SOA, this can lead to non-linear self-gain modulation
(SGM) effects, commonly known as patterning. Since PON systems require an
OLT receiver to have a large DR, high-power packets could induce SOA gain
saturation and therefore reduce the achievable DR of an SOA+PIN Rx. Extending
the input power dynamic ranges of SOAs in such a scenario is the basis of Chapter
3, and is discussed further there.

Amplified spontaneous emission

Amplified spontaneous emission (ASE) noise is a fundamental side effect of op-
tical amplification, and involves incoherent light being added to the amplified
optical signal [1]. ASE is generated across the entire gain spectrum of an optical
amplifier, due to it originating from the inverted active medium. This degrades
the optical signal to noise ratio (OSNR) and can be detrimental to a systems per-
formance. Since the gain spectrum of an SOA can be as wide as 50 nm, optical
filters must be used to remove this out-of-band noise.

When an optical signal is detected by a photodiode and undergoes square-law
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detection, both the signal and ASE terms will beat together and contribute to
the output photocurrent. A signal with degraded OSNR will therefore see a
significant ASE contribution to the final output:

Iout ∝
∣∣∣Esig + EASE

∣∣∣2 =
∣∣∣Esig

∣∣∣2 + 2 Re{Esig · E∗
ASE} + |EASE|2. (2.14)

Clearly the signal-noise beat term is linearly dependent on the signal power. A
feature of this is that higher power modulated symbols will suffer greater ASE
degradation, and this will be evident in eye diagrams in later sections.

2.2.3 Optical fiber channel effects

The optical fiber channel can induce linear and non-linear effects in optical com-
munication systems. However, in this thesis the focus will be on chromatic dis-
persion and fiber losses, which are most relevant to PON.

Fiber propagation losses

Optical fiber is manufactured using ultra-pure fused silica glass, which can act as
a waveguide for optical signals over a wide wavelength range [1], [71]. Signals
in optical fiber experience attenuation at certain wavelengths due to absorption
processes, which are related to the presence of silica and hydroxide molecules
[71]. Rayleigh scattering is another source of losses, and is caused by microscopic
fluctuations in the silica glass density leading to variations in the refractive in-
dex [1]. However, modern ‘dry’ fiber manufacturing technology minimises the
presence of water vapour impurities, and can guarantee less than 0.2 dB·km−1

across a wide range of frequencies.

Over a 20 km ODN transmission path, fiber losses can amount to as little as 2 to
3 dB. While fiber bending losses also contribute, passive splitter technology is
responsible for the majority of the PON optical loss budget2. The optical splitters
employed in PON are usually based on planar lightwave circuits (or photonic
integrated circuit) technology, which give high splitting efficiency while reducing
reflections [73].

2An interesting topic which is outside the scope of this thesis is fiber splicing. Deployed fiber
in an ODN can expect to be spliced many times over its lifetime due to accidental breaks, new
equipment installation, etc. The reflections that result from the multiple splices and connectors
can cause significant multi-path interference, which can degrade PAM4 performance in particular
[72].
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Chromatic dispersion

Chromatic dispersion (CD) is a major limiting factor to increasing PON bit-rates.
Because the refractive index of an optical fiber is frequency dependent, the spec-
tral components of an optical signal have different phase and group velocities as
they travel through the fiber. This leads to pulse broadening (or compression),
and the spectral components of an NRZ or PAM4 symbol will arrive at different
times at the receiver, which is observed as ISI. However, the dispersive effects
increase with the bandwidth of a signal, and therefore higher baud rates suffer
from greater dispersion impairments. This is another major reason why spectrally
inefficient NRZ is not favoured in the context of 100 Gbit/s PON. Further, while
CD is approximately linear and effects only the phase of a signal, during square-
law detection a signal’s phase information is lost. Therefore, the CD impairment
becomes a non-linear effect in a direct detection system which only recovers a
signal’s amplitude. For these reasons, non-linear signal equalisation techniques
have been proposed to counter extreme dispersion effects in high-speed PAM4
systems [74]–[76].

The propagation constant β(ω) and its derivatives determine how the phase of a
signal’s spectral components evolve while travelling through an optical fiber. The
most important of these for determining system performance limits is known as
the Group Velocity Dispersion parameter:

β2 = d2β

dω2 . (2.15)

In optical communications, this is typically expressed as a function of wavelength
λ, rather than frequency. It is then known as the dispersion parameter D (λ):

D = d2β

dλ2 = −2πc

λ2 β2. (2.16)

This quantity is measured in ps/[nm·km], and is more commonly quoted in
datasheets and technical documents. The temporal broadening ∆T of an optical
pulse over a given distance L can then be determined using the equation:

∆T = D (λ) L∆λ, (2.17)

where ∆λ is the spectral width of the pulse. From this, it follows that pulses
with large spectral widths and / or which travel over long distances experience
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Figure 2.8: Typical dispersion profile of a commercially available fiber, generated
using equation 6-1 in ITU-T G.652 [77], and parameters from Corning SMF-28+
product datasheet [78].

greater broadening effects, and thus ISI.

Figure 2.8 plots the dispersion parameter range in standard single mode fiber
for the O-band, which is the wavelength range 1260 to 1360 nm. As can be seen,
the zero-dispersion point occurs here, and as a result PON transmission windows
use the O-band in order to minimise the effects of dispersion. The worst case
dispersion scenarios in the 50 Gbit/s HS-PON standards occur for the 25 Gbit/s
upstream, and 50 Gbit/s downstream transmission windows, as indicated in
Figure 2.8.

However, even at the zero-dispersion point, dispersion cannot be eliminated
completely. A signal’s spectral content has a finite, non-zero bandwidth, and
there will always be residual dispersion either side of the zero-dispersion point.
Further, higher-order dispersive effects become relevant near this point, with the
differential dispersion parameter S being the most important of these:

S = dD

dλ
=
(

2πc

λ2

)2

β3 +
(

4πc

λ3

)
β2. (2.18)

Figure 2.9 shows the simulated effects of accumulated dispersion for up to 30
km on 100 Gbit/s PAM4 signals. The resulting ISI is severe, even after just 20
km transmission, and will significantly limit system performance at these baud
rates.
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Figure 2.9: Eye diagrams show the effect of dispersion on a simulated 100 Gbit/s
PAM4 signal at 1344 nm and using D and S parameters taken from Fig. 2.8.

Conventional equalisation techniques such as FFE and DFE have been proposed
to counter this [79], [80], and in Section 2.4.2 their performance is compared
with that of neural network techniques. The eye diagrams in Figure 2.9 were
generated using the non-linear Schrödinger equation and the split-step Fourier
method [1], and Section 2.4.2 includes more details of these simulations.

2.3 Signal equalisation and neural networks

Signal equalisation is a process used to mitigate the impact of ISI and distortion
on a signal travelling through a communication channel. The goal of equalisation
is for a received signal to match as closely as possible the transmitted signal, and
it can be carried out at either the Tx (pre-distortion, pre-emphasis), the Rx (post-
equalisation), or both [35].

Equalisation is set to become an important feature of future PON systems, with
the latest HS-PON standards the first to endorse its use [19]. Linear feed forward
equalisation (FFE) can compensate bandwidth limitations, and can be combined
with decision feedback equalisation (DFE) [35] to mitigate chromatic dispersion.
However, future 100 Gbit/s PAM4 systems will be more susceptible to non-linear
signal distortions, such as SOA patterning effects, than traditional NRZ signalling.
As a result, more advanced equalisers are being actively researched, including
those based on neural network algorithms [34].
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Figure 2.10: (a) The structure of an FFE; (b) shows a simulated 100 Gbit/s
PAM4 eye after a 10 GHz 4th order Bessel filter while (c) shows the same eye
after equalisation using an FFE-11T.

2.3.1 Conventional equalisation

The input to a digital equaliser3 is a sequence of captured signal samples, typically
originating from an analog-to-digital converter (ADC), and denoted here as the
vector x. An equaliser model, f , aims to return an equalised sample ŷ which
approximates closely the transmitted sample y, and is free of ISI and distortion.

In this thesis, a training (or test) sample pair refers to a vector of equaliser input
samples and their associated equaliser output: (x, y). Furthermore, a training
(or test) dataset refers to a collection of many such sample pairs.⁴

Feed forward equalisation

The linear FFE technique can increase signal quality at the receiver. It achieves
this by boosting the high-frequency components of a signal, leading to increased
eye width and amplitude, and so is ideal for overcoming linear bandwidth-
impairments, as well as limited chromatic dispersion effects. One of the dis-
advantages of an FFE, is that high-frequency noise is also amplified.

An FFE calculates the weighted sum of a series of signal samples x with a set of
tap weights, as shown in Figure 2.10 (a). It is described by the equation:

ŷ = w · x = w1x1 + w2x2 + · · · + wnxn, (2.19)

where w is the vector of FFE weight parameters, and ŷ is the equalised sample.
Its output can be fed to a decision circuit to recover the transmitted symbol.

3Note that FFE techniques can be implemented using analog, or mixed signal circuits, how-
ever the focus here is on digital implementations.

⁴The notation used here is not the traditional one used in DSP, but instead follows that more
generally associated with machine learning.
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In this thesis, the time delay between the input samples fed to an FFE and
other equalisers, is chosen to be 1 unit interval (UI), also referred to as a sym-
bol period (T). This means that the input sampling rate equals the modulation
symbol rate. Such an equaliser is referred to as a symbol-spaced FFE, and a 5
tap symbol-spaced FFE is denoted FFE-5T. Fractionally-spaced FFEs which use
multiple samples per symbol are less susceptible to timing errors (jitter) [81].
However this increases the required sampling rate of the Rx at significant expense,
while modern clock and data recovery circuits which can perform the same are
becoming more commonplace [82], [83]. Therefore, fractional sampling is not
considered further in this thesis.

Least mean squares and gradient descent

An FFE can be realised using least mean squares algorithms (LMS), which are
also known as adaptive filters. Gradient descent can train the FFE weights using
a known sequence of training sample pairs {(xi, yi)}n

i=1, called a training dataset.

Optimisation is directed by a cost function C, which quantifies the FFE perfor-
mance based on its predictions ŷ = f(x) and the actual target values y. The LMS
algorithm derives its name from the mean square error (MSE) cost function:

C(ŷ, y) = MSE(ŷ, y) = 1
2n

n∑
i=1

(ŷi − yi)2 .⁵ (2.20)

The above cost function defines an error surface in a (k + 1)-dimensional space,
where k = dim(w), i.e. the number of FFE taps. The goal of the LMS algorithm
is to find w such that MSE(ŷ, y) is minimised, i.e. at the minimum point of the
error surface.

This is achieved using the gradient descent method, which iteratively updates
the FFE weights using the gradient of the cost function with respect to the FFE
weights:

∇w C = 1
n

n∑
i=1

(ŷi − yi) xi. (2.21)

Note that the i term denotes the training sample index, and the gradient is k-
dimensional, as is w. Once the gradient has been estimated, the weights can be

⁵The factor of 2 is a subjective choice, and will cancel in the derivative: it does not effect
equaliser optimisation.
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adapted in the opposite direction to the gradient, and toward the cost function
minimum, using the following update equation:

wt+1 := wt − α∇wC, (2.22)

where the t index specifies the sequence of parameter updates, and α is an
important hyperparameter known as the learning rate. This learning rate greatly
effects the convergence properties of an FFE, and must be chosen carefully in
order to guarantee convergence at an optimal rate [35], [81].

Burst-packet adaptive training

Note that the cost function in equation 2.20 is calculated as an average over all
n samples in the training dataset for each parameter update. However, this is
impractical in the context of upstream PON transmission, where channel condi-
tions can vary rapidly from packet to packet, and equalisers must either adapt or
be robust to a wide range of impairments [48], [84].

Therefore, proposed adaptive equalisers use an alternative, more viable approach
to FFE optimisation known as stochastic gradient descent (SGD), where a sin-
gle training sample (xi, yi) is used per parameter update [85]. The sum over
training samples in the cost function in equation 2.20 is therefore dropped, and
the cost is no longer the MSE, but is effectively a quadratic cost function. A
natural consequence of this is the training process becomes more noisy. But
more importantly, SGD is implementable in hardware at the speeds necessary to
realise an adaptive FFE within extremely short PON packet preambles of ≈ 150
ns [12]. This requirement is discussed in more detail, and with respect to NNEs,
in Chapter 5.

2.3.2 Neural network theory

Neural networks (NN) are a collection of mathematical models which are highly
effective at solving problems which can be intractable using analytical techniques,
such as in computer vision [86] and natural language processing [87] tasks. They
consist of non-linear processing units, known as neurons, arranged into layers
to form a network structure, as shown in Figure 2.11 (a). Layer inputs can be
raw data, or the processed output of a previous layer. The performance of an
NN is effected by the number of layers and neurons it has, in addition to the
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types of neurons used (e.g. recurrent, convolution neurons), while novel network
structures can also contribute. Deep learning refers to the study of NNs which
have many layers [88].

Neural network equalisation (NNE) should use small, specially designed NNs
which are computationally efficient, meaning they can be implemented in exist-
ing digital hardware platforms, such as application specific integrated circuits
(ASICs) or field programmable gate arrays (FPGAs). The benefits of the non-
linear processing of an NNE should outweigh their associated implementation
cost.

Below, a simple neural network architecture is introduced, along with its training
process, before more sophisticated structures are discussed for equalisation.

Feedforward architectures

One of the most simple, general forms which neural networks take, are known
as fully-connected (FC) feedforward neural networks [89]. These networks are
made up of neurons which take a real-valued vector as input, and output a single
value, as shown in Figure 2.11 (b). A basic neuron calculates the dot product
of the input vector x with the neuron’s weight parameters w, and adds a bias
parameter b. The result of this calculation is then fed into a non-linear activation
function, φ:

z = w · x + b, (2.23)
a = φ (z) . (2.24)

Note that this basic neuron can be seen as an extension of the operation of an FFE
model, through the addition of a non-linear activation function and bias term
(compare Figure 2.10 (a) with Figure 2.11 (b)).

Network layers are described using the same equations, and they differ from
single neurons only in the dimensions of their output and parameter objects. For
a network layer consisting of multiple neurons, w is a matrix of weight parameters
constructed by stacking its neurons weight vectors and bias terms on top of each
other. As a result, the dot productw·x becomes amatrixmultiplication. In general
terms, a network layer with nd neurons, which takes ni real-valued inputs, will
have a weight matrix w ∈ Rni×nd and bias term b ∈ Rnd , and the output activation
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Figure 2.11: Schematics showing (a) conventional NN structure, (b) neuron
operation, (c) popular activation functions, and (d) the composition of an NNE.

will be a vector, a ∈ Rnd. Data passes through the layers of a neural network
sequentially, with the input layer being the first layer, where raw data is fed into
the network, and the NN output being the output of its final layer. Intermediate
layers are known as hidden layers (HL).

The choice of activation function is key to how multi-layer networks operate: if
φ is linear, then a multi-layer NN will reduce to the equivalent of a single lin-
ear layer, since it would simply be a sequence of linear matrix multiplications.
However, if the activation function is non-linear, a multi-layer NN has powerful
function approximation properties. The most popular activation functions in-
clude the sigmoid, tanh, and Rectified Linear Unit (ReLU) functions shown in
Figure 2.11 (c). The development of activation functions tracks closely innova-
tions in NN architectures, and each function is designed to overcome specific
challenges. While the sigmoid function was a popular choice in early NNs, its
range is bounded between 0 and +1. The tanh function can output negative
values between −1 and +1, while ReLU is designed to be less computationally
complex, and is widely used in CNNmodels designed to compete in the ImageNet
competition [90], [91].

Innovation in activation functions has continued within optical communications,
and the final activation function in Figure 2.11 (c) was proposed by the authors
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of [92] to optimise PAM4 NNE models. Further, the cross-entropy activation
function [89] has been proposed to carry out joint NNE and symbol decision
operations [93], but has high implementation complexity. In this thesis, proposed
NNEs use linear output activations, which allows for a continuous, unbounded
range for output samples from an NNE, which is equivalent to an FFE’s output
format.

Thanks to their structure, NNs are universal approximaters [41], [42], meaning
they can model a wide range of non-linear functions, and potential equalisation
tasks. However, training NNs to perform a specific task can be difficult, and there
is no guaranteed method to achieve good NNE performance.

Gradient descent and backpropagation

Themost popular algorithms used to train NNs and NNEs are based on extensions
of the gradient descent algorithm discussed in the context of FFEs in Section 2.3.1.
The backpropagation algorithm allows for error signals from a cost function to be
propagated backwards through the layers of a neural network, and was famously
popularised in [94], having previously been proposed elsewhere [95]. It achieves
this by adapting the chain rule of differentiation [89].

As in FFE training, an error signal is generated using an appropriate cost function,
C, which is again chosen to be the MSE calculated over the entire training dataset
D = {(xi, yi)}n

i=1, as described by:

C (y, ŷ) = MSE (y, ŷ) = 1
2n

∑
(x,y)∈D

∥y − ŷ∥2. (2.25)

Note that this definition of the MSE differs slightly from that of equation 2.20:
here the vector norm is used, since ŷ and y can be vectors. In order to train an NN
using gradient descent, the gradients of C with respect to each of the network’s
parameters must be calculated:

∂C
∂w

,
∂C
∂b

. (2.26)

However, for w or b located in HLs, backpropagation must be used to calculate
these derivatives. First, define the error of neuron j in layer l as:
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δl
j ≡ ∂C

∂zl
j

, (2.27)

where z is as defined in equation 2.24. Therefore, the error in the output layer
of an L layer network can be described by:

δL
j = ∂C

∂aL
j

∂aL
j

∂zL
j

= ∂C
∂aL

j

φ′
(
zL

j

)
. (2.28)

The chain rule can now be applied to calculate the layer error for any intermediate
HL, l:

δl =
((

wl+1
)T

δl+1
)

⊙ φ′
(
zl
)

, (2.29)

where ⊙ denotes the Hadamard product, or element-wise multiplication. It is
clear that by combining equation 2.28 and 2.29 the error δl for any layer l in a
neural network can be calculated.

Finally, it is then possible to calculate the partial derivative of the cost function
with respect to individual network weights, and bias terms, using the layer error
term as defined in equation 2.27:

∂C
∂bl

j

= ∂C
∂zl

j

∂zl
j

∂bl
j

= δl
j, (2.30)

∂C
∂wl

jk

= ∂C
∂zl

j

∂zl
j

∂wl
jk

= al−1
k δl

j. (2.31)

Together, the equations 2.28 to 2.31 describe the backpropagation algorithm,
and allow for each network parameter to be updated via gradient descent. It is
clear that any activation function φ must be differentiable for backpropagation
to work.

These equations reveal the additional complexity involved in training NNEs com-
pared to the adaptive LMS training of FFEs. In particular, the activations al and
summed weights zl need to be cached during the forward pass in order to subse-
quently calculate the layer error terms δl during the backward pass. This would
require large amounts of memory and computational resources to implement in
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real-time at the throughput speeds necessary for 100 Gbit/s PAM4, and it is not
obvious that this is viable, or recommended. The ramifications of these training
procedures for the application of NNE in upstream PON are explored in further
detail in Chapter 5.

Mini-batch training and Adam optimisation

As discussed, NN structures are significantly more complex than FFE models, and
this is further reflected in the optimisation strategies used to train them.

The large number of parameters in NNs mean that they are more susceptible
to noisy training, and therefore the SGD described for FFE training in Section
2.3.1 is inadequate. In order to counter this, mini-batch training⁶ is used, where
parameter updates are calculated using subsets of the training dataset, usually
some power of 2, such as 32, 64, 128, 256, etc. Further, NN training is carried out
for multiple epochs, where each epoch is a complete iteration of the entire train-
ing dataset. The order in which training samples are processed is randomised,
or shuffled, between epochs, in order to guarantee diversity in the calculated
error gradients and therefore optimal convergence.

The fixed learning rate in equation 2.22 is also an obstacle to optimal NN conver-
gence, and a range of more advanced algorithms which extend gradient descent
have been developed, such as Adam [96], RMSProp [97], and AdaGrad [98].
Adam stands for Adaptive Moment Estimation algorithm, and is the standard
optimisation algorithm for NNs. It has been shown to reliably converge for a
wide range of optimisation problems, which it achieves by computing individual
learning rates for each NN parameter, similar to AdaGrad, and combines this
with the adaptive learning rate technique of RMSProp.

During optimisation, Adam tracks the exponential moving averages of the gradi-
ent gt and squared gradient g2

t values, denoted at time step t by mt, vt respec-
tively:

mt = β1 · mt−1 + (1 − β1) · gt, (2.32)
vt = β2 · vt−1 + (1 − β2) · g2

t , (2.33)

where the β1, β2 terms are the exponential decay parameters, with default values

⁶Batch training is where every parameter update is calculated using the entire training
dataset, and is extremely computationally expensive; mini-batch training is a compromise solu-
tion between SGD and batch training.
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of 0.9 and 0.999. These moving averages are estimates of the mean, and the
uncentered variance of the gradient. Since these are initialised at 0, a further
step is introduced to counter any initialisation bias towards 0 in the early time
steps:

m̂t = mt

1 − βt
1
, (2.34)

v̂t = vt

1 − βt
2
. (2.35)

The bias-corrected estimates are therefore m̂t and v̂t. The parameter updates are
then calculated using these gradient estimates and the equation below:

θt = θt−1 − α · m̂t√
v̂t + ϵ

, (2.36)

where θ can be any network weight or bias parameter, α is the initial learning
rate. Furthermore, the variable ϵ is introduced to avoid division by 0, and has a
default value of 10−8.

Interestingly, Adam has been used to train more conventional equalisers, includ-
ing FFEs in PAM-based optical interconnects, and the resulting equalisers have
shown increased performance over those using standard LMS techniques [99].
However, while Adam remains the de facto optimisation algorithm for NNEs de-
veloped for optical communications, these NN optimisation processes involving
mini-batch training, backpropagation, and Adam are overly complex for training
equalisers within strict PON packet preamble times. Given that such solutions
would need to be implemented on FPGA or ASIC platforms with limited memory
and compute resources, and within the strict cost-benefit margins of PON, this
raises a serious question over the viability of adaptive NNE for PON, which is
addressed in Chapter 5.

2.3.3 State-of-the-art overview

The potential non-linear modelling power of NNEs is clear, but identifying ap-
propriate optical network scenarios which can benefit from this is an active topic
of research. Further, the multitude of algorithms and methods available from
machine learning must be evaluated in the context of these optical transmission
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scenarios, while taking into consideration their eventual deployment to high-
speed, low-power hardware.

High-speed IM/DD technology

The increased susceptibility of advanced PAM4 and PAM8 modulation formats
to non-linear effects has been a primary motivator for NNE research in next
generation DCI and PON systems [34].

Linear fiber dispersion effects become non-linear distortions in IM/DD systems
due to square-law detection, as discussed in Section 2.2.3. The resulting signal
impairments are the primary limitation to increasing the bit-rate and transmis-
sion of IM/DD technology in short-reach systems, such as PON. As such, NNE
has been widely investigated for compensating fiber dispersion [100]–[103]. In
[104], 212 Gbit/s PAM4 transmission was demonstrated over 1 km in C-band
using an NNE based on long short-term memory units (LSTMs), with notable
benefits over conventional equalisers. However, this can be seen as an extreme
dispersion case, and it is not clear from the literature whether NNEs would offer
significant performance gains that justify their cost for 100 Gbit/s PAM4 over just
20 km, while using O-band devices. Section 2.4.2 investigates through simula-
tions the potential benefits of NNEs for fiber dispersion compensation in the PON
scenario.

Fiber non-linearities such as the Kerr effect, and four wave mixing, are unlikely
to effect future PON systems thanks to their restricted distance and launch power
combinations: the 50 Gbit/s HS-PON recommendations outline a maximum ONU
launch power of +9 dBm [12]. However, high launch powers have been inves-
tigated in the context of PAM4 IM/DD systems and in conjunction with NNE
solutions in [101], where the authors investigated launch powers up to +19
dBm.

A more relevant application of NNEs in future PON systems is the compensation
of non-linear transceiver effects. Here, NNE solutions could enable lower-cost
modulators, such as EAMs and DMLs with non-ideal linearity characteristics, to
support advanced modulation formats [102], [105], [106]. In particular, these
NNE solutions could counter impairments caused by the interaction between
Tx-induced chirp, and fiber dispersion. Low-bandwidth, 10G class DMLs have
also been shown to support up to 54 Gbit/s PAM4 and PAM8 transmission with
the help of NNEs [107]. Further, non-linear effects could perhaps be exploited
for system-level benefits if an NNE can ensure the recovery of transmitted data.
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Chapter 4 investigates this concept further, in the context of the non-linear SOA
patterning effect.

The increased attention on SOAs to boost Rx sensitivities has come with the
caveat of potential gain-saturation induced non-linear effects. A range of equal-
isation solutions have been proposed, including those based on NNEs [108],
[109]. However, these analyses are limited in their investigation of the SOA
gain-saturation regime, and ‘loud’ burst-packets may be expected to induce more
severe patterning effects than those considered. Chapter 3 investigates the pat-
terning effect more closely for high-power PAM4 signals, and an NNE solution is
presented which can completely recover patterned data streams.

Algorithmic developments

A standardised approach to designing NNE solutions has yet to be proposed
within the optical communications community, and this is reflected in the multi-
tude of published algorithms to date.

Feedforward neural network architectures have been widely proposed [110],
and have the benefit of being readily pipelined when implemented on hardware
[93]. Included in this category are CNNs, whose convolutional layers have been
implemented as NNE input layers in order to reduce the number of NN parame-
ters needed to process large numbers of equaliser taps [103], [111]. However,
RNNs can also achieve this by using a feedback mechanism to reduce overall tap
numbers. They appear a more natural choice for equalisation than CNNmethods,
since they avoid the complex convolution computation. Advanced RNNs using
gated recurrent units (GRU) and LSTM units have been proposed as NNEs for
IM/DD systems [104], and the NNE solution in [109] in particular uses RNNs
to mitigate SOA non-linearities. However, while RNN algorithms are highly ef-
fective equalisers, their feedback mechanisms are a challenge to implement at
high-speeds in hardware, as discussed in the next section.

Alternative paradigms such as end-to-end learning using NN-based autoencoder
techniques are also being pursued, which use pre- and post- NNEs which are
jointly optimised [112]. However, this relies on the optical channel being known
sufficiently well to backpropagate error signals from the Rx to the Tx, and as
such, the multi-point to point architecture of PON would appear a serious obsta-
cle. However an initial attempt to to adapt this technique for coherent PON is
described in [113].

37



2. Future passive optical networks 2.3 Signal equalisation and neural networks

When choosing an activation function, the majority of NNE papers use the stan-
dard ReLU or tanh activations. A primary concern is the cost of implementing
these functions in hardware, making ReLU a popular solution for NNEs. This
is discussed further in [93], where the authors describe an activation function
specifically designed for PAM signals, and which is represented in Figure 2.11
(c).

However, more urgent in the context of PON is reconciling complex NNE train-
ing algorithms with the dynamic burst-packet conditions at the PON OLT. NNE
solutions will be costly to implement relative to conventional equalisation tech-
niques, and it would be most cost-effective to deploy NNEs at the OLT, where
their benefits can be shared amongst all ONUs. Universal style NNEs which learn
all possible combinations of ONU channel impairments have been investigated in
[114], but they require large neural network models, are difficult to train, and
fail to equalise impairments outside their training data. Adaptive FFE/DFE equal-
isation techniques do exist for dealing with burst-mode upstream transmission in
PON [84], [115], [116], but conventional NNE training is orders of magnitude
more complex. This is due to them having large dataset requirements, and us-
ing computationally intensive optimisation algorithms (Adam, backpropagation),
which are not viable for online packet-by-packet training of an NNE in upstream
PON transmission. Transfer learning techniques, which employ pre-trained NNEs,
could reduce training requirements on similar channel impairments, as has been
proposed for point-to-point IM/DD systems in [117]. However, existing transfer
learning techniques simply reduce the required number of training epochs, while
retaining the use of complex training algorithms, and are therefore not currently
suited for PON. Chapter 5 discusses these topics in more detail, and describes an
original adaptive NNE solution developed by the author, named SkipNet, which
can achieve realistic adaptive NNE for burst-mode reception in PON.

Hardware and complexity challenges

The viability, and implementation cost of NNEs in hardware have also been topics
of interest [118], and there have been several FPGA prototypes demonstrating
NNEs in real-time systems [93], [119], including those targeting PON systems
[120].

The costs in terms of hardware resources and energy consumption are key consid-
erations when deploying NNEs in hardware, and there exists extensive literature
comparing NNE complexity with that of conventional equalisation [121]. When
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determining the overall complexity of an NNE, the numbers of quantisation bits
required to represent its parameters and sample data, are key factors. If an
NNE’s parameters can be quantised without loss of model accuracy, then the
total hardware footprint of the model can be minimised. This is important, since
in order to achieve the required throughput for high-speed signals (e.g. 50 GHz
for 100 Gbit/s PAM4), parallelisation and pipelining techniques must be used to
compensate the limited DSP clock frequencies achievable [122]. In [123], the
authors carry out a detailed investigation into quantisation for a 50 Gbit/s PAM4
NNE, and find that memory savings of up to 80 % can be realised by quantising
a network, so that it relies on integer, rather than floating point arithmetic oper-
ations. The authors of [124] implement the pruning method from deep learning,
which reduces the number of NNE parameters by removing those which are be-
low a certain threshold value. They conclude that this is an effective way to
lower overall NNE footprint. In this thesis, NNE size is minimised by using as
few hidden layers and neurons as possible, while retaining optimal performance,
however pruning is not implemented.

The feedback mechanism in RNNs is a recognised challenge and obstacle to hard-
ware implementations of NNEs, since it cannot be easily parallelised in hardware,
as explained in [93]. In order to counter this, multi-symbol output methods have
been investigated in [125], [126]. This technique relies on equalising multiple
symbol values simultaneously, by increasing the number of NNE outputs. As
a result, the feedback mechanism need not operate at the throughput rate for
the equaliser, but can be implemented at a fractional rate. This technique is
implemented in Chapter 4 for GRU and LSTM NNEs to determine the tradeoffs
between model size and the number of symbol outputs.

Although outside the scope of this thesis, it is worth mentioning that significant
efforts are being made in the area of photonic neural networks, or neuromorphic
photonics [127], [128]. If an NNE could be implemented as part of a photonic
chip in the optical domain, it could avoid the energy costs and processing lim-
itations of current digital platforms [128]. Spiking neural networks are also a
novel technology that aims to achieve similar savings through analog computing
[129], [130].

2.3.4 Methodology for signal equalisation

This section introduces the methodology used to investigate NNE throughout
this thesis, including dataset generation, training and testing symbol sequences,
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as well as the practical implementation of these in experiments.

Dataset generation and packet structures

The results reported in this thesis are generated from physical experiments, which
are detailed in the experimental setup sections of Chapters 3, 4, and 5. Each
of these experiments were conducted in continuous mode, since an appropriate
burst-mode TIA was not available. However transmitted symbol sequences were
still arranged into packets, and these formed the basis of the NNE training and
performance analysis common to all experiments described throughout this work.

The limited memory of the Arbitrary Waveform Generator used, meant that
just 131072 symbols could be loaded for transmission at any given time. The
loaded sequence is referred to as a packet, and is divided between training,
validation, and test symbol sequences, and further incorporated a guard band of
20 ns. During experiments, the AWG would transmit continuously by repeatedly
looping over this packet structure. Large test datasets could be assembled by
combining multiple acquisitions of this packet structure. An advantage of this
was that the NNE training datasets were guaranteed to have the same signal
statistics as the test datasets, having been transmitted together. Furthermore,
this packet structure mirrored the burst-packet structures utilised for adaptive
equalisation, where known training symbols are included in the packet preamble
for the purposes of equaliser training.

Pseudo-random symbol sequences and overfitting

Pseudo-random binary sequences (PRBS) are traditionally used to evaluate the
performance of an optical communications link, as they appear statistically ran-
dom but can be generated efficiently in hardware using deterministic linear feed-
back shift registers [131]. Further, PRBS have near-zero DC offset, and provide
uniform coverage of a wide range of binary sequence permutations that a com-
munication channel would be expected to support. Pseudo-random quaternary
sequences (PRQS) are an extension of PRBS to 4-level modulation systems, such
as PAM4 [132], and have the same advantages. The length of a PRBS symbol
sequence depends on the size of its state register: a register of size n can give
rise to a sequence of 2n − 1 symbols before it starts to repeat.

It has been widely reported that training and testing an NNE on the same PRBS
/ PRQS pattern can lead to overestimating equaliser performance [133], [134].
This is encountered when the input taps of an NNE exceeds the register state
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Figure 2.12: Example NNE learning curves showing (a) no overfitting, and (b)
overfitting, where the model performance on the validation dataset diverges from
that of the training dataset.

length, allowing it to learn the PRBS generation rule. To avoid such overfitting,
random test patterns are used in Chapters 2 and 5, while in Chapter 3 and 4
a PRQS-14 training pattern is used in conjunction with limited NNE input taps,
and a PRQS-15 test dataset ensure overfitting cannot occur.

Furthermore, overfitting can be detected using a validation dataset with the
same characteristics as the training set. Validation sets are used to monitor a
model’s training, and to tune any optimisation hyperparameters [85]. A common
symptom of overfitting is when a model’s performance on a validation set stalls,
or starts to degrade, while its performance on the training dataset continues to
increase. In Figure 2.12 (a), the model performance on the validation dataset
matches that of the training dataset, meaning the model is learning the targeted
impairment equalisation. However, in (b) the validation MSE increases rapidly,
while the training MSE converges to close to zero. This is a clear indication that
overfitting has occurred. In this thesis, PRQS13 is used as a validation dataset
for the purposes of monitoring overfitting, since it is orthogonal to both PRQS14
and PRQS15.

41



2. Future passive optical networks 2.4 Initial simulation investigations

Figure 2.13: Simulation setup used for investigations into Rx bandwidth and
chromatic dispersion impairments on 100 Gbit/s PAM4.

Bit error rate evaluation

In order to obtain reasonable estimates for BER levels as low as 10−6, multiple
data packets are combined to build test datasets consisting of over 500k symbols.
The BER for a given experimental condition could then be calculated by counting
the errors in the test symbol patterns in each captured packet, and dividing the
aggregate number of errors by the total number of symbols considered. Equaliser
training could either be carried out for each packet considered, as an adaptive
equaliser might be expected to do in a real PON, or alternatively it could be
trained on a single packet, and applied unchanged to all test datasets.

2.4 Initial simulation investigations

This section includes an initial investigation into the effectiveness of NNE for
bandwidth limitations and chromatic dispersion: two major challenges facing
next-generation PAM4 PON. Of particular interest is whether NNE offers advan-
tages over linear FFE methods in these scenarios. These investigations are carried
out using the simulation setup shown in Figure 2.13, which was programmed
using Python.

2.4.1 Bandwidth compensation

A PIN photodiode is simulated with limited bandwidth using a 4th-order Bessel
filter implemented digitally. A Bessel filter has maximally flat phase response
[135], and so is appropriate for modelling the bandwidth behaviour of linear
devices. For each Rx bandwidth considered, the equalisers are trained on a
training dataset consisting of 15000 randomly generated PAM4 symbols, and
tested on repeated PRQS-15, comprising over 500k symbols. The sensitivity per-
formance penalties reported below are calculated relative to the HD-FEC, with
BER threshold of 3.8 × 10−3.
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Figure 2.14: The sensitivity penalty of a bandwidth-limited receiver simulated
using a 4th order digital Bessel filter.

For comparison, an FFE-11T (11 symbol spaced taps) is evaluated on the simu-
lated data. It is trained with the LMS algorithm, as described in Section 2.3.1.
An FC-NNE with 11 symbol-spaced taps (11T) is also evaluated, and consists of
3 fully-connected layers with structure (9FC, 4FC, 1FC). The two hidden layers
use the non-linear tanh activation function, while the output layer has a linear
activation with which to predict symbols.

The sensitivity penalties reported in Figure 2.14 show that the FFE and NNE
have similar performance for all considered Rx bandwidths. This agrees with
theory, since bandwidth limitations are linear impairments, and the FFE is not
at a disadvantage relative to the non-linear FC-NNE. Conversely, this confirms
that NNEs can be effective against severe bandwidth limitations, and therefore
can at least match the equalisation capabilities of FFEs.

2.4.2 Mitigating dispersion effects

The effect of chromatic dispersion can be simulated by including the optical fiber
channel response in the simulation setup [1]:

HCD(ω) = exp
−i

(
β2ω

2

2 + β3ω
3

6

)
· L

 , (2.37)

where only second and third order dispersion effects are taken into account using
β2, β3 introduced in Section 2.2.3, and L is the transmission distance. In this
simulation, the Rx bandwidth is set to 42 GHz, meaning dispersion impairments
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Figure 2.15: Simulated chromatic dispersion penalty at 3.8 × 10−3 BER at (a)
1344 nm and (b) 1260 nm wavelengths.

are being considered in isolation. Dispersion effects were simulated separately for
1344 nm and 1260 nm, which correspond to the worst case dispersion scenarios
outlined in 50G HS-PON, as shown in Figure 2.8, and the values for D and S are
taken from this graph. Figure 2.15 (a) and (b) show the Rx sensitivity penalty
versus transmission distance results using the 100 Gbit/s PAM4 simulation setup
in Figure 2.13 at these wavelengths.

In both cases, an FFE-11T is compared with the same FC-NNE considered for
the limited bandwidth simulations. It is clear that the FC-NNE largely matches
the performance of the linear FFE algorithm for both wavelengths. However,
for dispersion below −120 ps·nm−1, the FFE fails to achieve below the HD-FEC
threshold, while the FC-NNE does so but with > 3 dB sensitivity penalty. From

44



2. Future passive optical networks 2.5 Summary

this, we can conclude that for isolated chromatic dispersion impairment, an
FC-NNE provides no obvious performance benefit over that of an FFE at lower
dispersion values, but can extend transmission distance for extreme dispersion
cases. Both the FFE and FC-NNE give large performance benefits compared to
the no equaliser case.

2.5 Summary

This chapter introduces the critical challenges and system requirements facing
future 100 Gbit/s PON systems. In particular, a key focus is on the use of PAM4
modulation to achieve higher data rates while maintaining cost-effectiveness,
given the constraints of reusing 25G class optics. However, bandwidth limitations
and increased noise susceptibility in PAM4 present challenges to maintaining sig-
nal integrity, especially as the optical loss budget must adhere to strict standards.
Fiber dispersion is identified as a further potential obstacle to PAM4 due to its
relatively high linearity requirements.

Equalisation is a potential solution to ISI and signal distortions effecting PAM4
in future 100 Gbit/s PON systems. However, while the FFE technique is effective
against linear bandwidth impairments, it is ineffective at mitigating non-linear
distortions such as fiber dispersion or SOA gain saturation. Equalisation based on
neural networks is therefore introduced as a sophisticated non-linear extension
of the FFE technique, and which is capable of modelling non-linearities and time
dependencies in transmitted signals. Initial simulation results demonstrate the
potential of NNEs to significantly improve signal recovery in bandwidth-limited
and dispersion-impaired environments, and can match FFE performance, setting
the stage for further exploration in subsequent chapters.

In Chapter 3, the focus shifts toward a deeper exploration of neural network-
based equalisation techniques and their application in real-time signal recovery
for high-speed PON systems. The chapter delves into the architecture of GRUs,
and examines how their recurrent structure can effectively handle the mem-
ory effects and complex non-linearities introduced by SOA gain saturation. By
leveraging the ability of GRUs to adapt to time-varying impairments, Chapter 3
provides a more detailed analysis of how these advanced techniques can outper-
form traditional methods like FFE, leading to significant improvements in system
performance.
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Chapter 3

Extending SOA preamplifier
dynamic range with neural
networks

In this chapter, SOA gain saturation induced non-linear patterning is investigated
in the context of achievable PON dynamic range. The origin of the patterning effect
is explained, and the relation between SOA gain recovery and the severity of the
patterning effect is explored through simulation and experiment. Neural network
equalisers are then proposed as a solution to overcoming the patterning effect in
the context of burst-mode signalling in future 100 Gbit/s PAM4 PON. In particular,
recurrent neural networks which utilise gated recurrent units are shown to be both
effective and efficient, and these results are published in [A1].

Semiconductor optical amplifiers have been proposed as optical preamplifiers
at the OLT in order to achieve the 29 dB minimum optical loss budget of PON
while using noise susceptible modulation formats such as PAM4. However, the
19.5 dB DR requirement between high- (‘loud’) and low-power (‘soft’) burst pack-
ets in upstream PON transmission could lead to SOA gain saturation, and its
associated non-linear effects. In particular, self gain modulation (SGM), which is
commonly referred to as the patterning effect, can have a detrimental effect on
high-speed PAM4 signals. Neural network equalisation offers a potential solution
to overcome this non-linear effect.
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Figure 3.1: Challenges facing SOA preamplification due to burst-mode upstream
transmission at the OLT.

3.1 Context and research objective

The challenging 29 dB PON optical loss budget means optical amplification will
be required to compensate for PAM4’s reduced SNR performance in any future
100 Gbit/s PAM4 PON. SOAs offer a compelling solution as pre-amplification
units at the optical line terminal, being low cost, integrable, and operating in
both C- and O- wavelength bands. But this raises another concern, as the SOA
input power dynamic range may not meet the minimum required PON DR of
19.5 dB without equalisation, because of gain saturation induced patterning.

As shown in Figure 3.1, loud bursts received at the OLT could lead to SOA gain
saturation, and a form of non-linear self gain modulation, commonly known as
the patterning effect. This effect is a manifestation of the carrier dynamics in the
gain medium of the SOA.

Recently, NNEs have been suggested as Tx-side pre-equalisation, to overcome SOA
patterning effects in 50G PAM4 PON and extend system dynamic range [108].
Further, feedback-based RNNs have been proposed as efficient post-equalisers
for 100 Gb/s PAM4 PON in conjunction with O-band SOA preamplifiers, and
have been shown to achieve 30 dB optical loss budget [65]. However the impact
of SOA saturation, which is critical for high dynamic range operation, was not
considered.

3.2 Semiconductor optical amplifiers

An SOA device uses a semiconductor gain medium to achieve optical amplifica-
tion. An appropriate bandgap is engineered in the gain medium which overlaps
with a waveguide structure, and photons travelling through the SOA structure
induce stimulated emission and therefore optical amplification. These devices
operate in a similar way to a laser diode, although with anti-reflectivity coat-
ings at the coupling edges to ensure photons travel through the gain material
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Figure 3.2: SOA structure, bandgap and optical amplification mechanism.

only once. The major advantages an SOA has over a fiber-based amplifier are its
small form factor, and low drive currents, typically measured in hundreds of mA.
These factors make them ideal for realising high-power, low-cost ONU and OLT
transceivers, where they can act as booster or pre-amplifiers.

3.2.1 Basic principles

During operation, a drive current injects electrons into the active region of the
SOA, where these carriers occupy energy states in the conduction band (CB).
Once the drive current exceeds a certain threshold, the number of carriers in the
CB exceeds that of the valence band (VB) and a population inversion is achieved.
Under these conditions, an SOA is capable of amplifying optical signals traversing
the active region.

There are three radiative mechanisms by which carriers move between the CB
and VB, each of which involves the emission or absorption of a photon: stimulated
emission, stimulated absorption, and spontaneous emission. Stimulated emission
is responsible for optical amplification in SOAs. It involves a photon with energy
equal to, or greater than the semiconductor bandgap, stimulating a carrier in the
conduction band to transition to the VB. This results in the emission of an identical
photon, travelling in the same direction, and with identical phase, wavelength,
and polarisation. Conversely, stimulated absorption occurs when such an incident
photon is absorbed by a carrier in the VB, which then transitions to the CB. Optical
gain relies on the probability of stimulated emission being greater than that of
stimulated absorption, for which a population inversion is required.

Spontaneous emission is the third mechanism, and is unavoidable in SOAs. This is
because there will always exist a non-zero probability of CB carriers transitioning
to the lower VB energy states in order to fill the holes vacated by the excited CB
carriers. Photons which are emitted during spontaneous emission have random
phase, energy, and polarisation, and constitute an SOAs ASE.

Detailed analysis of SOA operating mechanisms can be found in [1], [28], [136].
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3.2.2 Gain dynamics

The gain of an SOA is directly related to the carrier density, N , in the CB. The
greater the CB carrier density, the greater the number of carrier-hole pairs which
are available for stimulated emission as an input optical signal travels through
the SOA device. The transparency carrier density Ntr can be thought of as a
threshold density: if the CB carrier density N is below this value, then an optical
signal travelling through the SOA will experience attenuation due to internal
loss processes, as well as spontaneous and non-radiative carrier-hole recombi-
nation mechanisms. When N = Ntr, then the active region will effectively be
transparent to the incident signal. However, if N > Ntr, then the signal will
instead experience optical gain. The SOA material gain coefficient gm can be
approximated at the input signal wavelength using this threshold:

gm (N) = a0 (N − Ntr) , (3.1)

where a0 = dgm/dN is the differential gain, which is assumed here to be constant.
Using this equation, it is possible to express the power of an optical signal P (z)
propagating through an SOA along the axis z as:

dP (z)
dz

=
[
Γgm(z) − αint

]
P (z) , (3.2)

where αint is the internal attenuation coefficient due to propagation losses, and Γ
is the confinement factor, which represents the overlap between the device active
region and the propagating signal mode. For an SOA of length L it is possible
to solve the above equation and obtain an expression for G, by considering
P (0) = Pin and P (L) = Pout:

G = exp
{∫ L

0

[
Γgm(z) − αint

]
dz

}
. (3.3)

But the material gain coefficient, gm, depends on N which can vary in time, since
the signal power P (z, t) can influence the carrier density through stimulated
emission and other mechanisms. Therefore, to realise a simple model of SOA
gain dynamics, a second differential equation to approximate the carrier density
behaviour must be introduced, which takes into account injected carriers as well
as the recombination mechanisms discussed above:
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∂N (z, t)
∂t

= I

eV

injected
carriers

− N (z, t)
τs

spontaneous
recombination

− gm (z, t) P (z, t)
ℏωAeff

stimulated
emission

. (3.4)

The first term on the right hand side represents the injected carrier density, where
I is the device drive current, e is the electron charge, and V is the active region
volume. The second term expresses losses due to spontaneous and non-radiative
recombination processes, where τs is the spontaneous carrier lifetime, which can
be approximated using:

τs = 1
A + BN + CN2 . (3.5)

Here, A is the defect recombination coefficient, B represents the radiative re-
combination coefficient, and C is the contribution from non-radiative Auger
recombination processes. These are described in more detail in [28], [137].

The third term in Equation 3.4 takes into account the decrease in N due to
stimulated emission, i.e. the mechanism which is directly responsible for the
SOA optical gain. Here, ℏ is the reduced Planck’s constant, and Aeff = A/Γ is
the effective amplifier mode cross-section area.

Gain saturation

An SOA deployed as a preamplifier at the OLT for upstream PON transmission
could undergo gain saturation for high-power packets, as shown in Figure 3.1.

In the small signal approximation where the input power Pin is small, the third
term in Equation 3.4 representing stimulated emission is much smaller than the
net contribution from the injected carriers and recombination due to sponta-
neous and non-radiative processes. This leads to steady state operation where
the overall gain G is high and constant, and is largely unaffected by the input
signal. In this small-signal regime, the SOA dynamics are dominated by the ASE
contribution of the gain medium and G is therefore determined by the ASE mech-
anisms. However, for high-power signals the stimulated emission term becomes
significant, resulting in an overall reduction in the carrier density N , leading
to a new steady state solution with a reduced value for G since there are less
carrier-hole pairs available for stimulated emission.

For a continuous wave (i.e. constant power) input signal, it is possible to solve
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Equation 3.4 to find the steady state value for the carrier density N . In this
scenario both the carrier density N(z) and power P (z) are now only dependent
on z, and are independent of time. Substituting in Equation 3.1, and setting
∂N/∂t = 0 it is possible to obtain:

0 = I

eV
− 1

τs

[
Ntr + gm(z)

a0

]
− gm(z)P (z)

ℏωAeff

. (3.6)

Moreover, substituting equation 3.1 into the above equation and solving for N

gives the unsaturated steady state carrier density Nst:

Nst = Iτs

eV
. (3.7)

The unsaturated gain coefficient g0 can then be defined as:

g0 = a0 (Nst − Ntr) . (3.8)

Using the above equations, it is possible to derive an expression for the material
gain coefficient as a function of z:

gm(z) = g0

a + P (z)
Psat

, (3.9)

where the saturation power of the SOA device with length L is given by:

Psat = ℏω

τs

Aeff

a0L
. (3.10)

If the input power to the SOA is too high, gain saturation may occur as in fiber-
based amplifiers. However, in contrast to fiber amplifiers whose gain recovery
operates on the order of milliseconds, an SOA’s gain is much more responsive,
with gain recovery times of just hundreds of picoseconds being typical.

3.2.3 Non-linear patterning effect

The fast gain recovery of SOAs gives rise to many of the non-linear effects of
these devices [136]. In particular, if an SOA’s gain recovery is similar to the
symbol interval of an amplitude modulated signal, then patterning can occur.
Patterning acts to distort high-power input signals to an SOA, and this distortion
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is non-linear in nature and leads to the gain experienced by a symbol depending
on the sequence of symbols directly prior to it [28]. The carrier rate equation in
equation 3.4 is sufficient for understanding and modelling the patterning effect
in SOAs.

For small signals, the stimulated emission term in equation 3.4 will not cause
a large perturbation in the carrier density, due to the input signal’s power P (z)
being small. However, for a sufficiently high-power signal, stimulated emission
can become the dominant term of the equation. For a continuous wave signal,
this can lead to a lower steady-state carrier density, resulting in reduced overall
gain of the SOA, as already discussed. However, if the signal is a high power pulse,
the carrier density will only be temporarily perturbed, after which it will recover
according to the interaction between the constant rate of injected carriers into
the gain medium and the rate of spontaneous recombination. The gain recovery
of an SOA is typically defined as the time taken for the gain to recover from 10
to 90 % of its steady-state value. Typical gain recovery values for a bulk SOA are
on the order of a nanosecond or hundreds of picoseconds.

A high power 100 Gbit/s PAM4 signal will be seen as a series of saturating pulses
by the SOA gain medium. The short 20 ps symbol periods involved, mean that
the carrier density is unable to reach a steady state, and the fluctuations in gain
are dependent on the symbol pattern. This is known as the patterning effect.
In general, the closer a modulated symbol period is to the SOA gain recovery
time, the worse the patterning effect will become [28]. However, if the symbol
period is much greater or less than the gain recovery time, a steady state can be
reached according to the average power of the signal, and the patterning effect
will be insignificant, as in the unsaturated case. This is what happens for fiber
amplifiers, which have gain recoveries on the order of milliseconds.

Modelling non-linear patterning

The rate equations 3.2 and 3.4 can be solved numerically to simulate an SOA de-
vice. The results of such a simple simulation are included in Figure 3.3 below for
a series of PAM4 symbols, i.e. pulses. This illustrate the interplay between pulse
power and carrier density in an SOA device, and shows the resulting patterning
effect for experienced by the PAM4 signal.

These simulations were carried out by dividing the SOA into 5 separate segments,
as described in [28], [136]. For each of these segments, the rate equations were
solved using the Dormand-Prince method [138]. The SOA device characteristics
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Figure 3.3: (a) The PAM4 sequence used as input to the simulated SOA device
above and below the saturation input power. The percentage change in carrier
density and resulting output power of the device in both scenarios are shown
for (b) a 50 Gbaud and (c) 12.5 Gbaud signal, with both showing clear signs of
patterning.

were taken from [28], since the objective is not to model a specific SOA, but to
demonstrate the general mechanism behind patterning. As such, the effects of
ASE have also been ignored for this simulation.

Figure 3.3 (a) shows the PAM4 symbol sequence that is input to the simulated
SOA device. The modulated signal is simulated for a small signal scenario (−14
dBm) indicated by a solid line, and a high-power (+4 dBm) one, labelled using a
dashed line, and which results in SOA saturation. In Figure 3.3 (b), the resulting
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% change in averaged carrier density ∆N over the 5 segments of the SOA is
plotted, alongside the resulting output power of the 50 Gbaud PAM4 symbols
for both saturated and unsaturated scenarios. It is clear that the high power
input signal causes significant deviations in the gain medium carrier density,
and this results directly in the observed patterning effects in the device output
power. Particularly noteworthy is that the sequence of 3 consecutive high-power
symbols (+3) results in carrier density degradation which persists for multiple
subsequent symbols. Meanwhile, for low input power below the saturation level,
a steady state N is reached and patterning is not observed.

Further, when the simulated baud rate is lowered from 50 to 12.5 Gbaud, Figure
3.3 (c) shows that the patterning effect becomes more severe. This is because the
saturating pulses are now longer in duration (100 ps), and therefore contain more
energy with which to degrade the CB carrier density, N . Conversely, longer low-
power symbols also allow more time for gain recovery, meaning N experiences
greater variations, both above and below its mean value.

Mitigation strategies

It is possible to mitigate the patterning effect for upstream PON transmission by
varying the gain recovery time of the SOA according to the received packet power.
This can be achieved using either electrical or optical methods on a packet-by-
packet basis, both of which have been investigated in [A6] for 100 Gbit/s PAM4
PON transmission.

Reducing the SOA drive current leads to a smaller steady-state carrier density in
the SOA active region, which means that the achievable gain G is also reduced.
However, a smaller drive current also leads to an increase in the gain recovery
time, since the rate at which carriers are injected into the active region is reduced,
and this can diminish the patterning effect, depending on the signal baud-rate.
For upstream traffic in PON, a trade-off must be made between reducing the
SOA drive current to alleviate patterning effects and providing sufficient gain
to achieve a good Rx sensitivity. At a certain input signal power, the drive cur-
rent cannot be reduced sufficiently to achieve signal equalisation, meaning the
achievable dynamic range of this method is limited.

An alternative method to increase the gain recovery time and reduce the SOA
patterning effects is to inject a continuous-wave holding beam of sufficient power
into the SOA at a wavelength offset from the data carrier signal. The holding
beam will deplete the available carriers in the active region, and reduce the gain
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recovery rate with a corresponding decrease in patterning as before. A benefit
of this method is that it induces less ASE noise compared to the reduced drive
current method, as shown in [A6]. However, as with the drive current method,
this will deplete the available gain of the amplifier for upstream data signals,
and further the holding-beam signal power required for equalisation cannot
be increased without limit to equalise the highest power data signals. These
combined factors mean that the achievable dynamic range of this method is also
limited.

Alternatively, equalisation techniques can avoid these issues, and support PAM4
transmission farther into an SOA’s gain saturated regime than the above methods.
In particular NNE-based solutions targeting SOA patterning are the focus of this
thesis, and will be discussed in the following sections and chapters.

3.2.4 Device under test

In this thesis, the same SOA device is used as the device under test in each
reported experiment. The graphs in figures 3.4 (a) and (b) show the continuous
wave gain characteristics of this SOA, which are typical of commercially available
SOAs. The SOA operates in the linear regime at 100 mA constant bias for input
powers less than −8 dBm, and offers up to 20 dB gain. The output saturation
power of the SOA is +13 dBm, and for input powers above −8 dBm it operates
in the non-linear regime where patterning effects becomes significant.

Further, the signal OSNR is plotted against SOA bias current in Figure 3.4 (b).
As mentioned, patterning can be mitigated by reducing the SOA bias current
and therefore increasing the gain recovery time, but this leads to an associated
decrease in the SOA’s output OSNR performance due to ASE.

Pump-probe experiment

A preliminary investigation of the SOA gain recovery was conducted using a
pump-probe experiment, as shown in Figure 3.5, and which was similar to the
experimental setup described in [139]. In place of a pulsed laser (which was
unavailable at the time), pulses with sufficient energy to saturate the SOA were
created using a high-speed DAC and MZM configuration as shown. This was
achieved by biasing the MZM at its null point, and driving it with an electrically
amplified 391 MHz pulse train, where individual pulses had a full width at half
maximum (FWHM) of 34 ps.
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Figure 3.4: The gain curve of the CIP SOA-S at a constant bias of 100 mA is
shown, with the linear and non-linear operating regimes delineated by the 3-dB
gain saturation point.

Figure 3.5: Experimental setup used to measure gain recovery time of SOA used.
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Figure 3.6: Results of pump-probe experiment to measure the SOA-S gain re-
covery for a constant bias of 100 mA and a 1550 nm probe wavelength

A continuous wave probe signal was combined with the pulsed pump signal
before being input into the SOA. The pump signal wavelength were tuneable,
and 1540, 1545, 1555, and 1560 nm wavelengths were tested. Each pulse acts to
saturate the SOA, but the repetition rate was chosen such that it allowed sufficient
time for the gain to fully recover before the next pulse arrived. After the SOA, an
optical filter was used to remove the pump signal, allowing for the gain recovery
of the probe signal to be detected by a suitably triggered digital communications
analyser.

The results of this experiment are shown in Figure 3.6 for a 1545 nm pump
signal, where the SOA is biased at a constant 100 mA. The gain recovery is
measured to be 412 ps after the recovery curve is deconvolved with the pulse
shape, which is in-line with expected gain recoveries of commercially available
bulk SOAs. However, the optical power at the MZM null point may still have had
a background saturating effect on the SOA, and the true recovery time may be
shorter than that measured. Regardless, the 412 ps time is a good indicator of
typical SOA performance.

From this result, we can predict that 100 Gbit/s PAM4 signals should suffer less
from the non-linear patterning effect than lower baud rates such as 12.5 Gbaud.
This is because the 412 ps SOA gain recovery time is closer to the 12.5 Gbaud
symbol period of 80 ps than it is to the 20 ps of the higher baud-rate. However,
while individual 50 Gbaud symbols are unlikely to induce severe carrier depletion,
long sequences of high-power, or low-power symbols are likely to significantly
effect the SOA carrier density, and distortions such as those modelled in Figure
3.3 (b) are probable. Conversely, 12.5 and 25 Gbaud signals, with 40 and 80 ps
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Figure 3.7: Frequency response of SOA for different input powers.

symbol intervals respectively, are expected to suffer greater patterning distortion
during a single symbol period, similar to that demonstrated in the simulations
in Figure 3.3 (c).

Frequency response

The SOA frequency response can be measured using the experimental testbed
outlined in Section 3.3.1, and the Schroeder pulse technique [140]. This involves
transmitting a chirped signal consisting of a defined series of sine waves through
a device, and measuring their amplitude at the device output. The SOA frequency
response is shown for input powers −12, −4, and +4 dBm in Figure 3.7.1

The SOA clearly acts as a high pass filter, with increased attenuation for frequen-
cies below 3 GHz associated with increasing signal input power. This is evidence
that the SOA is less able to sustain long sequences of high-power symbols the
deeper into saturation it is driven, since such sequences cause more severe de-
pletion of the carrier density and therefore gain. Further, the spectral content
of lower speed PAM signals is more concentrated at lower frequencies which are
the most effected by this high-pass filtering operation. Therefore, it would be
expected that lower baud-rate modulation will suffer more significant symbol
distortions than higher baud-rate modulation. This is in agreement with the
simulated patterning results in Figure 3.3 (c).

1The noise in the response above 30 GHz can be attributed to the limited system bandwidth
and resulting attenuation at high frequencies.
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Figure 3.8: Experimental setup used to emulate multi-rate upstream PAM4
transmission.

3.3 Patterning in future PAM4 PON systems

In this section, the severity of the non-linear SOA patterning effect on high-speed
PAM4 signals up to 128 Gbit/s is determined experimentally, and the system level
ramifications of the achievable SOA input DR are discussed.

3.3.1 High-speed PAM4 testbed

The experimental setup shown in Figure 3.8 allows for high bit-rate PAM4 signals
with 6-dB extinction ratio2 to be generated in the C-band using a 100 GSa/s DAC.
The differential output from the DAC drives an MZM in push-pull configuration,
and together with a booster EDFA, this emulates an ideal high-power Tx. The
system bandwidth is extended using linear digital pre-compensation based on
the system frequency response, measured using the Schroeder pulse technique
[140]. A photoreceiver with integrated TIA was unavailable for this study, and
so a 50 GHz photodiode combined with an EDFA was substituted. This Tx/Rx
combination allowed the performance of PAM4 signals to be investigated in both
saturated and unsaturated SOA conditions. A variable optical attenuator placed
before the SOA emulate the optical distribution network losses, as shown in
Figure 3.8. Signals were captured using a 200 GSa/s real time oscilloscope, and
a 25 GHz 4th-order Bessel filter was applied digitally to mimic the bandwidth
limitation that would arise from the use of 25G class opto-electronics. Figure 3.9
shows eye diagrams of the 100 Gbit/s PAM4 signals generated using this setup
for different input powers to the SOA. For low input powers the signals are noise
limited, while for higher SOA input powers patterning effects are clearly visible.

2The extinction ratio of a PAM4 signal is calculated by taking the ratio of the highest and
lowest power symbols, i.e. P+3/P−3 using the PAM4 alphabet described in Fig. 2.2 (b).
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Figure 3.9: Increasing severity of SOA non-linear patterning on 100 Gbit/s PAM4
transmission as seen in eye diagrams and sampled symbol distributions.

The HD-FEC threshold of 3.8 × 10−3 BER is used to determine both the Rx sensi-
tivity and Rx overshoot for a particular baud-rate. The SOA input dynamic range
can then be determined as shown in 2.6. For each input power to the SOA, the
equalisers are trained using a random symbol sequence, while BER values are
estimated using the counting method and ≈ 458000 captured PRQS15 symbols.

3.3.2 Achievable SOA input power dynamic range

The BER performance of PAM4 signals for a range of input powers to the SOA
and at various baud rates are shown in Figure 3.10 without any equalisation. In
this analysis, a Bessel filter is digitally applied to each captured signal with a
3-dB bandwidth equal to the baud rate under consideration, i.e. for a 12.5 Gbaud
signal, a 12.5 GHz filter is applied. This allows for isolated SOA patterning to be
considered across multiple baud rates without bandwidth limitations effecting
the results.

At input powers less than −14 dBm, the effect of thermal noise and ASE are
apparent, and the Rx can be said to be noise limited with a measured sensitivity
of−21.4 dBm for 100Gbit/s (50Gbaud) PAM4. Achievable SNR is higher for lower
baud rates using this setup, and they therefore achieve higher Rx sensitivities
than the high baud rate signals.

For powers above −14 dBm, the effects of non-linear SOA patterning become
apparent for all baud rates. However the Rx overshoots exhibit an inverted
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Figure 3.10: Performance of high-speed PAM4 signals for a range of SOA input
powers. Clearly above −8 dBm the signals undergo saturated SOA non-linear
patterning effect.

relationship with the signal baud rate, with the lower baud rate signals having
lower Rx overshoot values. Indeed, this apparent relation between achievable Rx
overshoot and baud rate agrees with the predictions based on simulations, SOA
gain recovery, and frequency response measurements, described earlier in this
chapter. Further, the susceptibility of PAM4 to SOA patterning appears a major
obstacle to achieving the 19.5 dB DR necessary for upstream PON transmission.

3.3.3 Analysis of FFE performance

In order to extend the input power DR of the SOA, an FFE-80T is applied to each
baud rate, and the results shown in Figure 3.11. The FFE does compensate some
of the patterning effect and extend the operating regime of the SOA beyond the
−8 dBm input saturation power of the SOA. The 50 Gbaud PAM4 signal with this
equalisation achieves 19.6 dB DR, which is just above the DR requirements for the
50 Gbit/s HS-PON standards. However this is only taking into account isolated
SOA patterning, and the lack of an error margin means this is impractical for a
real-world system. The highest DR achieved is by the 12.5 Gbaud signal, however
this is due to it having the best Rx sensitivity, which compensates for it having
the worst achievable Rx overshoot.

However, by comparing these achievable dynamic ranges with the minimum 19.5
dB DR required by 50G HS-PON, it is clear that an FFE is not powerful enough
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Figure 3.11: Transmission performance of various baud rate PAM4 signals using
an SOA+PIN Rx configuration, and FFE-80T post-equalisation.

Figure 3.12: (a) Trained FFE taps showing the majority contribution of past
symbols toward equalising the SOA patterning effect; (b) the strong dependence
of linear FFE equalisation on the number of input taps for different baud rates.

to compensate the SOA patterning effect completely. Therefore it is insufficient
to sustain high-DR 100 Gbit/s PAM4 upstream transmission.

Further, there is a strong correlation between the number of FFE input taps and
the achievable Rx overshoot, as shown in Figure 3.12 (b). For each baud rate
considered, the Rx overshoot for a given number of FFE input taps is plotted,
for up to 80 symbol spaced taps. Increasing the number of FFE taps leads to
saturation in achieved Rx overshoot after a certain point. This gives an indication
of the dependence of the patterning effect on past symbols, and FFEs with larger
input spans perform better since they take as input more past samples.
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Figure 3.12 (a) shows an example of converged FFE-60T tap weights after training
on a 100 Gbit/s PAM4 signal at SOA input power +4 dBm. An important feature
of these converged weights is that equalisation depends only on the prior-symbol
taps. The post-symbol tap weights are near zero, and therefore do not contribute
to the equalisation process.

3.4 Designing a neural network equaliser

Neural networks have been proposed and shown effective for mitigating limited
SOA non-linear impairments for PAM4 and PAM8 signals [108], [109], [141].
In particular, feedforward networks have been preferred, as they can be imple-
mented in a pipelined manner on existing DSP hardware platforms (ASIC, FPGA)
[93]. However, RNN structures appear as ideal solutions, as they can effectively
model the long-memory effects of gain saturation induced patterning in an SOA
preamplifier.

3.4.1 Recurrent neural networks

Recurrent neural networks incorporate a feedback loop into their operation,
which allows them to process long time series data efficiently by tracking relevant
signal features over time. Therefore, RNNs should not need large numbers of
input taps to mitigate long-memory impairments such as SOA patterning effects.
An RNN neuron is governed by the equation:

ht = φ (Wx · xt + Uh · ht−1 + b) , (3.11)

where ht is the unit output at time t, xt is the input at time t, and Wx, Uh are
the input and feedback weights, while the bias term is labelled b. The non-linear
activation is typically chosen to be either sigmoid or tanh(), and is denoted as
φ here. The feedback loop is realised by the Uh · ht−1 term, where ht−1 is the
neuron output at the previous time step (t − 1).

Gated recurrent units

However, within theML community standard RNNs are known to be unstable and
difficult to train for long-termmemory effects, due to issues such as vanishing and
exploding gradients [142]. This has led to the development of more sophisticated
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recurrent neurons such as GRUs [143], which can have superior training and
inference stabilities while mitigating severe SOA patterning effects.

GRU-RNN equalisers implement a “gated” version of feedback mechanism, which
is superior to that of standard recurrent units. GRU operation is defined by the
equations:

zt = σ (Wz · xt + Uz · ht−1 + bz) ,

rt = σ (Wr · xt + Ur · ht−1 + br) ,

ĥt = φ
(
Wh · xt + Uh · (rt ◦ ht−1) + bh

)
,

ht = zt ◦ ĥt + (1 − zt) ◦ ht−1,

(3.12)

where W ∈ Rnh×ni, U ∈ Rnh×nh, b ∈ Rnh are learned parameter matrices and
bias vectors, σ is the sigmoid function, ◦ is the Hadamard product, and non-linear
activation φ, which is set to tanh() in this work. The update and reset “gating”
operation outputs are zt, and rt, which are constrained to values between 0 and
1 due to the sigmoid activation. They control the flow of information from the
input xt and feedback ht−1 taps to the candidate state, ĥt, and final output ht, as
illustrated in Figure 3.13 (a). This enables a GRU-RNN to determine the relevant
feedback and input state information for the current symbol equalisation. A state
diagram of a GRU unit is also shown in Figure 3.13 (b).

Backpropagation-through-time

The ability of RNN-based equalisers to implement feedback effectively is achieved
using the backpropagation-through-time (BPtT) training algorithm [144], which
can be used in conjunction with Adam, just like standard backpropagation. BPtT
works by “unrolling” an RNN along its feedback connections, and then backprop-
agating the error along these feedback connections, effectively backwards in time.
The number of time steps the RNN is unrolled along its feedback connections is
therefore a training hyperparameter, which determines the RNN’s “memory”, i.e.
ability to address ISI outside its immediate input taps.

In the context of SOA patterning, as an SOA is driven further into saturation, the
memory dependence of the patterning effect increases, as seen in Figure 3.12 (b),
with a corresponding increase in required equaliser input taps. But a GRU-RNN
could be trained to overcome such varying levels of SOA patterning simply by
increasing the number of time steps it processes during training. Importantly,
the increased complexity of a large number of training time-steps is incurred
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Figure 3.13: (a) Shows a schematic of a GRU neuron with a gated feedback
mechanism, and (b) is the corresponding state diagram of a GRU; (c) shows the
backpropagation through time algorithm for training RNNs.

only once at training time, while the effect of using a large number of taps in an
FC-NNE is carried through to online inference, resulting in increased deployment
costs.

Conversely, the BPtT algorithm is especially memory intensive, and further com-
promises already long neural network training times. If an equaliser was required
to deal with varying SOA patterning impairment levels, such as in burst-mode
PON, it would not be feasible to implement the complex BPtT algorithm to adapt
the equaliser for each burst packet.

3.4.2 Performance and complexity analysis

Figure 3.14 shows the structure of the GRU-NNE with 3T taps under consider-
ation. The performance results of this GRU-NNE are shown in Figure 3.15 (a)
for each of the PAM4 baud-rates previously discussed. From this, it is clear that
the GRU-NNE is highly effective against the non-linear SOA patterning, and for
each baud rate considered, it achieves below the HD-FEC threshold up to and
beyond the +6 dBm SOA input power considered. In terms of the achievable DR,
this means that for 100 Gbit/s PAM4 signals, this GRU-NNE equaliser can sustain
> 27 dB input power DR to an SOA. Note however, that the NNEs considered
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Figure 3.14: Schematic diagram of a GRU-based RNN equaliser.

must be trained separately for each SOA input power considered, a challenge
which is tackled further in Chapter 5.

Figure 3.15 (b) focuses on the performance of the GRU-NNE for 100 Gbit/s PAM4
with a 25 GHz Rx bandwidth, emulated using a Bessel filter, and compares it
to that of an FC-NNE with varying input taps. From Figure 3.15 (a), a baseline
receiver sensitivity of −22 dBm is achieved at the HD-FEC threshold which would
meet the required 29 dB PON minimum optical loss budget assuming a +8 dBm
launch power. As the input power increases beyond −12 dBm the effect of SOA
gain saturation and non-linear ISI due to patterning become apparent, with only
12.5 dB maximum achievable input power dynamic range with no equaliser, and
19.1 dB with an FFE-80T. An FC-NNE is also able to achieve large DR, however
it requires 80T taps to have similar performance to the GRU-NNE. In contrast,
the GRU-based equaliser uses only 3T taps to achieve achieve a BER < 10−5 up
to +6 dBm input power to the SOA, which is well below the HD-FEC limit and
corresponds to > 28.2 dB SOA input power DR.

It is clear that the NNEs which are capable of non-linear equalisation are more
effective than the conventional FFE, and can almost completely overcome the
ISI due to SOA patterning over a large range of powers. However, the GRU-3T
outperforms the FC-NNE equalisers, and uses the least number of input taps
thanks to its gated feedback mechanism.

Feedback vs. feedforward networks

Similar to the FFE solutions in section 3.3.1, the performance of an FC-NNE
applied to SOA patterning will have a strong dependence on the number of input
taps used. However, the advantages of a non-linear FC-NNE are also clear, with
the FC-NNE-80T extending the achievable dynamic range by up to 27.6 dB, which
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Figure 3.15: BER results for (a) GRU-NNE (3T) at different baud-rates, and (b)
a comparison of results for GRU-, FC-NNE, and FFE equalisers for 100 Gbit/s
PAM4.

is 8.4 dB greater that that of the FFE-80T solution shown in Figure 3.15.

This dependence on large numbers of input taps has important implications for
an FC-NNE deployed to equalise upstream PAM4 transmission. Not all received
packets will drive an SOA preamplifier into saturation, and therefore an NNE
designed with 80T taps to overcome the worst possible patterning scenario will
be highly inefficient. For most received packets, the equalisation requirements
will be considerably less. The tap dependent performance of an FC-NNE is shown
in Figure 3.16 (a), where it is clear that more taps are required to equalise higher
SOA input powers. In particular, 80 taps are required at an SOA input power of
0 dBm to achieve the same performance as a 30 tap FC-NNE at the SOA input
saturation power of −8 dBm.
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Figure 3.16: The performance dependence of (a) an FC-NNE on tap numbers
is compared with that of a (b) GRU-NNE’s performance dependence on training
time steps, for varying SOA input powers.

The GRU-NNE overcomes this tap-dependence thanks to its feedback mechanism,
which can track relevant information from prior symbols, and therefore requires
only 3T to fully overcome the worst case patterning. Therefore, the cost overhead
for a GRU-NNE is confined to its training in the form of increased time-steps dur-
ing the BPtT algorithm, as shown in Figure 3.16 (b) which plots the performance
of the GRU-NNE with constant 3T input taps, versus the training time steps used
for the same SOA input powers. From this, the flexibility of a GRU-NNE is clear
as varying degrees of patterning impairments can be addressed by simply tuning
the equaliser training as opposed to its structure.

Complexity advantages of RNNs

The consequences of this tap dependence of an FC-NNE’s performance are shown
in Table 3.1, which compares the equaliser complexities according to the number
of parameters and real valued multiplications (RVMs) they use per equalised
symbol. Although a single GRU neuron is more complex than a standard neural
network neuron, the tap dependence of the FC-NNE’s performance leads to it
requiring significantly more input taps to mitigate the worst-case SOA patterning.
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Table 3.1: Comparison of NNE complexities in the context of total parameters,
RVMs, and achievable DR performance.

Equaliser Input
Taps Structure Parameters RVMs SOA Input Power

Dynamic Range (dB)
FC-NNE 40T (9FC, 4FC, 1FC) 414 400 27.8
FC-NNE 80T (9FC, 4FC, 1FC) 774 760 27.6
GRU-NNE 3T (6GRU, 1FC) 187 168 28.2

Therefore, the FC-NNE-80T which has similar performance to the 3 tap GRU-NNE
uses 4× the number of trainable parameters, while the GRU uses just 22% of the
RVMs to equalise a symbol. Even compared to the FC-NNE-40T, the GRU-NNE
uses < 50% of the parameters and RVMs while achieving greater overall BER
performance.

Since the level of SOA gain-saturation and patterning effecting a signal is dy-
namic, and would depend on the specific burst-packet under consideration, the
tap-dependence of an FC-NNE is a major disadvantage. In order to guarantee per-
formance for all levels of patterning, the number of taps required by an FC-NNE
for the most severe patterning effect would need to be incorporated. However
as seen above this corresponds to a large overall increase in equaliser cost and
complexity, to guarantee performance for a possibly low-probability high-power
burst. In such a case, the GRU-NNE has a clear advantage, as its complexity and
tap requirements are not linked to its performance: only its training procedure
needs to be adapted.

3.4.3 GRU gate mechanisms

In order to gain insight into the operation of the GRU-NNE, signal pulses are
simulated, and fed as input to GRU-NNE models which have been trained on
real experimental data taken at −14 and +6 dBm SOA input powers. The output
activation of the GRU neuron in the HL with the largest contribution3 to the NNE
output layer is plotted for this stimulated pulse input, and plotted in Figure 3.17
(b) and (c), with the simulated pulse shown in (a). This activation is the ht term
from equation 3.12.

For the GRU-NNE trained on data where SOA patterning is not present (i.e. −14
dBm input power), it is clear that the neuron activation plotted in Figure 3.17

3Largest contribution can be quantified by comparing the output layer weight parameters
assigned to each neuron, remembering the output layer is simply a weighted sum as in equation
2.24.
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Figure 3.17: Shows the simulated pulse fed to trained GRU-NNE models on
saturated and unsaturated SOA data, and the resulting output activation response
of the most significant GRU neuron.

(b) reacts to the simulated input pulse, but immediately returns to its original
value for the subsequent long sequence of low power symbols. Meanwhile, the
activation for the GRU-NNE trained on the +6 dBm data which involves high
levels of SOA saturation and patterning effect can be seen in Figure 3.17 (c), and
the difference in the activation response is marked. In this scenario, the GRU
activation reacts to the simulated high-power pulse as before, however the effect
of the pulse persists for > 20 time steps, or equivalently, > 20 symbol periods /
unit intervals.

Therefore, the effectiveness of the GRU-NNE at tracking the effects of a satu-
rating symbol over multiple subsequent time steps are clear. Unlike chromatic
dispersion, where the carrier phase information is lost, the SOA patterning effect
is predominantly manifested in the amplitude of the modulated signal it effects⁴.
Therefore the GRU-NNE can track the level of saturation experienced by each
symbol in a sequence once it has been trained using sufficient time steps. It can
then use this information to equalise and remove the saturation effects, in order

⁴The self-phase modulation due to SOA gain saturation is relatively much weaker than the
SGM effect [28].
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to recover the original signal.

3.5 Summary

In this chapter, the focus has been on the potential for NNE to overcome gain-
saturation induced SOA patterning effects and enhance the achievable dynamic
range of an SOA+PIN OLT-side Rx for PAM4 signals. Through experimental
investigations, it was found that the non-linear patterning effect does severely
limit PAM4 transmission, and in particular can severely limit the Rx overshoot
for baud-rates ranging from 12.5, to 64 Gbaud. Further, linear FFE solutions
are limited in their ability to recover PAM4 symbols from such distortions. Non-
linear FC-NNEs were found to effectively overcome the isolated SOA patterning
impairment, however their performance is highly dependent on the number of
taps used, due to patterning being a long-memory effect. As a consequence, the
required taps, and therefore complexity, of the FC-NNE solution increases with
the severity of the patterning distortion.

Recurrent neural networks which incorporate a feedback mechanism were in-
troduced as a solution to this, and in particular those based on GRU neurons.
Using an appropriate number of time steps with the BPtT training algorithm, the
required taps for a GRU-based equaliser is just 3 to mitigate the patterning effect
for all SOA input powers. Significantly, the complexity of this GRU-NNE is shown
to be less than that of a similarly capable FC-NNE. The proposed GRU-NNE is
therefore an efficient solution, which allows for > 28 dB dynamic range 100
Gbit/s PAM4 transmission using an SOA+PIN Rx. This is substantially greater
than the 19.5 dB required by the 50 Gbit/s HS-PON standards.
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Chapter 4

Neural network equalisation in
future 100G PON systems

This chapter expands the performance analysis of the proposed GRU-based equa-
liser in 100 Gbit/s/λ upstream PON transmission scenario by considering multiple
impairments, such as combined fiber dispersion and patterning effects. Alternative
non-linear equalisation techniques are considered and compared based on achiev-
able DR and complexity metrics. Further, it is shown that SOA preamplifier gain
compression can reduce burst-mode receiver requirements. Multi-symbol equalisa-
tion solutions are also explored to reduce RNN implementation challenges. The
analysis and results of this chapter are based on the published papers [A2], [A3].

4.1 Context and research objective

The effectiveness of the GRU-NNE equaliser proposed in Chapter 3 for overcom-
ing non-linear SOA patterning effects suggests an intriguing possibility: since
the GRU-NNE equaliser allows an SOA preamplifier to operate in gain satura-
tion and can recover severe patterning impairments, can the associated SOA
gain suppression be exploited to reduce the input optical DR to the following
photo-receiver? This could be particularly advantageous given the challenges of
designing 50 Gbaud-, high dynamic range-capable burst mode receivers (BMRx)
with sufficient linearity to support PAM4 modulation [84], [145], [146]. The
experimental system setup described in this chapter is designed with this in mind,
and the implications for future BMRx DR requirements outlined.
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However, to realise any potential gains in DR performance the GRU-NNE must
be robust to multiple system impairments, not just SOA patterning effects. Strin-
gent component budgets will likely see 25G optics being utilised in future PON
standards, and fiber dispersion will be a serious obstacle for 100 Gbit/s PAM4.
Therefore in this chapter the GRU-NNE’s performance is evaluated against a
combination of expected impairments in a future PON system, including SOA
patterning, fiber dispersion up to 91.8 ps·nm−1, 25G bandwidth limitation, and
electrical Rx saturation effects.

Alternative NNEs to the GRU-NNE model proposed in the previous chapter have
been explored for future IM/DD PON scenarios [108], [141], [147], as well as
non-ML based ones. For fiber dispersion, FFE+DFE solutions are favored due
to their simplicity, and have been widely researched in the context of burst-
mode reception at the PON OLT [22], [115]. Further, researchers using non-ML
equalisers have also investigated the challenging 19.5 dB PON DR requirement
with an SOA, such as in [148] where the authors investigate a look-up table pre-
compensation technique on the transmitter side, and [65] which implements
a Volterra non-linear equaliser (VNLE) to overcome SOA non-linearities and
achieve 18 dB DR for 100 Gbit/s PAM4. In this chapter, a VNLE will be used as
a performance and complexity benchmark, since it is a popular alternative to
ML-based equalisers in IM/DD systems and widely researched [149]–[151].

In the previous chapter, the proposed GRU-NNE was shown to be more efficient
than an FFE, or FC-NNE equalisers thanks to its feedback mechanism. How-
ever, there exists difficulties around the implementation of such an RNN-based
equaliser in hardware, specifically the timing requirements of the feedback mech-
anism, as noted in [92], [119]. Parallel multi-symbol output schemes for neural
network-based equalisers have been investigated in [104], and also implemented
on FPGA in [92], [93], [119], with the authors of [119] realising an NNE based
on LSTMs with competitive complexity for coherent transmission. Therefore,
these multi-symbol techniques are investigated for the proposed GRU-NNE in
the context of upstream PON DR and equaliser complexity.

4.2 Non-linear equalisation techniques

In this section, FFE/DFE and non-linear Volterra equalisers are introduced, along
with their underlying theory, as alternative equaliser solutions for 100 Gbit/s
PAM4 PON. Additionally, a more capable RNN neuron known as the long short-
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Figure 4.1: Schematics of (a) an FFE/DFE equaliser, and (b) a 2nd-order non-
linear Volterra equaliser.

term memory unit (LSTM) is described as an alternative to the GRU neurons
introduced in Section 3.4.1. The application of each of these equalisation solu-
tions to future high-speed PON is also reviewed, as well as complexity challenges
associated with their hardware implementations.

4.2.1 Conventional FFE/DFE solutions

The FFE has already been introduced as a means to mitigate bandwidth limita-
tions and limited fiber dispersion impairments, and is a favoured solution for
adaptive equalisation of burst-packets in upstream PON [22], [67], [116]. How-
ever, FFE performance is limited due to it being a linear equaliser, which may
be insufficient to guarantee PAM4 performance in future PON systems due to
its high-linearity requirements. However, an FFE can be integrated with a DFE
to extend its equalisation capabilities and tackle non-linear impairments. The
FFE/DFE solution is popular within the PON research community for compen-
sating more serious fiber dispersion impairments.

In a DFE, past symbol decisions are used as feedback to inform the current
equalisation calculation. Symbol decisions are based on the action of a decision
circuit, which takes as input the equaliser output sample ŷ, and returns a symbol
decision d̂ based on preset thresholds. For PAM4, the symbol decision d̂ must
represent one of the four modulation symbols in the PAM4 alphabet, i.e. d̂ ∈
{−3, −1, +1, +3}. The equation governing the DFE equaliser can therefore by
written as:

74



4. Neural network equalisation in
future 100G PON systems 4.2 Non-linear equalisation techniques

ŷ = w · xt + u ·
[
d̂t−1 . . . d̂t−m

]
,

= w · xt + u · Dt.
(4.1)

In this equation, xt are the raw equaliser input samples at time t, and wx is the
associated weight parameter vector associated with these input taps. The vector
Dt consists of the previous m symbol decision outputs d̂t−1, · · · , d̂t−m from the
decision circuit immediately prior to time t. These are combined in a weighted
sum with the vector wd which consists of the trainable weights for the m DFE
feedback taps. The FFE/DFE schematic in Figure 4.1 (a) illustrates the operation
of this equaliser for n sample inputs, and m decision feedback taps. DFE circuits
with 2 to 3 feedback taps are not uncommon within the PON research literature
[115], [116].

An FFE/DFE has low complexity in terms of RVMs and trainable parameters, with
only n + m parameters and associated multiplication operations per equalised
sample. However, the feedback mechanism involved in the DFE is challenging
to implement in hardware at sufficient speed for high-baud rate transmission,
much like the feedback in an RNN. Modern communications DSP is usually imple-
mented using techniques such as pipelining [122], which allows DSP algorithms
to operate at many times the clock speed of the chosen hardware platform.
However, feedback paths in DSP algorithms are difficult to pipeline, since each
subsequent equalisation (for example) depends on the output of the previous
equalisation operation in the case of a DFE. For this reason, mixed signal equa-
liser approaches are of recent interest [152]. This challenge is tackled in the
context of the proposed GRU-NNE in Section 4.4.3.

4.2.2 Volterra non-linear equalisation

The Volterra non-linear equaliser (VNLE) is widely seen as an alternative to
neural network based techniques. It can be thought of as a “super” polynomial fit
to an equalisation problem, where subsets of the input taps are combined in all
possible permutations, typically up to 2nd or 3rd order. The size of these subsets
is decided according to the equaliser memory depth, which for 3rd order can be
specified as (m1, m2, m3), where the first order memory depth m1 is the number
of VNLE input taps, m2 is the number of input taps from which 2nd order terms
are formed, and so on. These equalisers are normally restricted to order 3, due
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to the exponential scaling of VNLE kernels, i.e. trainable parameters, in practice.

Figure 4.1 (b) shows the schematic of a 2nd order VNLE, and conveys its essential
operating principles. The equation which defines a 3rd order VNLE with memory
depths mi = 2li + 1 is given below:

y (n) = b +
l1∑

j1=−l1

k1(j1)x(n − j1),

+
l2∑

j1=−l2

l2∑
j2=j1

k2(j1, j2)x(n − j1)x(n − j2),

+
l3∑

j1=−l3

l3∑
j2=j1

l3∑
j3=j2

k3(j1, j2, j3)x(n − j1)x(n − j2)x(n − j3),

(4.2)

where b is a constant bias term, k1, k2, k3 are the first, second, and third order
kernels (i.e. weight parameters) respectively, and x(n), y(n) represent the nth

input sample and equalised output of the VNLE respectively.

In the context of PON, Volterra-based equalisers have been proposed as an alter-
native to ML-based equalisers for compensating fiber non-linearities, such as in
[151]. Further, some authors have posited that VNLE’s can have lower complexity
than neural network based equalisation.

However, similar to the FFEs and FC-NNEs considered in Chapter 3, the tap
requirements of a VNLE strongly depends on the impairment it is applied to.
This issue is compounded for a VNLE, whose non-linear modelling ability is
based on second and third order combinations of its input taps, which means
its trainable parameters scale exponentially with the increased memory depth
required for worst case loud packets in PON. The number of parameters / kernels
and RVMs for a 3rd order VNLE can be calculated using the following equations:

Nkernels = m1 + m2(m2 + 1)
2 + m3(m3 + 1)(m3 + 2)

6 , (4.3)

NRV M = m1 + m2(m2 + 1) + m3(m3 + 1)(m3 + 2)
2 . (4.4)

From these, and the VNLE defining equation above, it is clear that the calcu-
lation of a single ith order term, requires i RVM operations. Also evident is the
exponential kernel scaling for 2nd and 3rd order terms. More details on VNLE
principles and operation can be found in [149], [150]. Pruning is a common
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Figure 4.2: Schematic of an LSTM recurrent unit with memory cell ct.

method employed in designing low-complexity VNLEs, as seen in [153].

4.2.3 Long short-term memory units

Recurrent neural networks which utilise feedback mechanisms to efficiently pro-
cess time series data were introduced in Section 3.4.1, along with the GRU
neurons on which the proposed GRU-NNE is based. However, another popular
RNN unit is the long short-term memory unit, or LSTM [154], which has been
investigated for equalising fiber dispersion in IM/DD systems [104], [147].

The GRU unit was originally designed as a less complex alternative to the LSTM
unit which would be less resource intensive to process. LSTMs also use “gated”
calculations but further incorporate a “cell” state, ct, which serves as an ex-
plicit form of network memory. This cell state can be selectively updated by the
network with each calculation step, using the input, output, and forget gates:
it, ot, ft, as well as a candidate cell state c̃t, as in Figure 4.2. The equations gov-
erning LSTM operation are similar to those of the GRU in equation 3.12, and are
given below:

c̃t = tanh (Wc · xt + Uc · ht−1 + bc) ,

ct = ft ◦ ct−1 + it ◦ c̃t,

ht = ot ◦ tanh (ct).

(4.5)

Here, the W , U matrices represent the trainable input and recurrent weights
resepectively, and the b vectors are the associated biases. The gating activation σ

is the sigmoid function, while ◦ represents the Hadamard operator. The three gat-
ing mechanisms operate in the same manner as that of the GRU units described
in Chapter 3:
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ft = σ
(
Wf · xt + Uf · ht−1 + bf

)
,

it = σ (Wi · xt + Ui · ht−1 + bi) ,

ot = σ (Wo · xt + Uo · ht−1 + bo) ,

(4.6)

where σ denotes the sigmoid activation function. The flow of information within
an LSTM is clear from equation 4.5. For each input a candidate cell state c̃t is
calculated. The LSTM cell memory is then updated as a linear combination of
the previous cell state ct−1 and the candidate cell state, whose contributions to
the new cell state ct are modulated via the forget and input gates: ft, it. The
LSTM output is then calculated as a combiation of ct and the output gate, ot.

In terms of complexity, LSTM units have a larger footprint than GRUs, and involve
more parameters and multiplication operations. The number of parameters and
RVMs for a neural network layer with nh LSTM units and ni input samples can
be calculated using:

NLST M, params = 4nh × (ni + nh + 1) , (4.7)
NLST M, RV M = nh × (4ni + 4nh + 3) , (4.8)

while similarly, for a GRU layer these can be calculated using the equations:

NGRU,params = 3nh × (ni + nh + 1) , (4.9)
NGRU,RV M = 3nh × (ni + nh + 1) . (4.10)

The next sections will investigate whether an LSTM-based NNE has an inherent
performance advantage over the simpler GRU-NNE in the context of 100Gbit/s
PAM4 PON scenario, where non-linear SOA patterning and fiber dispersion are
a concern.

4.3 Upstream 100 Gbit/s PAM4 transmission

This chapter extends the investigation of GRU-NNE performance for 100 Gbit/s
PAM4 by incorporating fiber dispersion and bandwidth limitation impairments
alongside the isolated SOA patterning impairment explored in Chapter 3. Further,
a novel optical DR compression scheme is investigated which could potentially
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relax the DR requirements for subsequent BMRx electronics at the OLT. This
scheme is based on exploiting the non-linear SOA gain saturation effect in con-
junction with GRU-NNE to recover the resulting patterned signals. This effect
is demonstrated here using an optical-electrical Rx configuration comprising an
SOA and PIN photodiode in conjunction with an electrical Rx with adjustable
gain is used.

4.3.1 Exploiting SOA gain saturation for DR compression

Due to the bursty nature of upstream PON transmission, a BMRx is typically used
at the OLT [115]. These incorporate burst-mode transimpedance amplifiers (BM-
TIA) which are designed to adapt their gain on a packet-by-packet basis to deal
with the varying packet powers of TDM upstream PON. In this way these devices
can achieve power leveling of packets with large incident power differences prior
to signal processing. However, the design of a high-speed BMRx must balance
large bandwidth, linearity, gain, and DR requirements. In the context of future
100 Gbit/s PAM4 transmission linearity is especially valued, while PON system
requirements place emphasis on the large 19.5 dB DR. The state of the art was
recently presented at ECOC’22, with the presentation of the first demonstration
of 100 Gbit/s PAM4 linear BMRx which achieves 15.4 dB dynamic range [66].
However, this is less than the minimum 19.5 dB DR specified in 50 Gbit/s HS-PON,
and the advantages of the proposed optical DR compression technique should be
clear.

The experiment in this chapter uses a photoreceiver with adjustable electrical
amplifier gain, in conjunction with an SOA preamplifier. It is demonstrated that
the SOA preamplifier can be used to reduce the large incident optical dynamic
range when driven into gain saturation, to such an extent that just two pho-
toreceiver gain settings are required to cover a large optical DR of 28 dB. The
GRU-NNE equalisation technique can then recover the transmitted signal from
the resulting non-linear SOA patterning effects for loud packets. However, the
use of just two electrical gain settings leads to non-linear Rx saturation effects
also being observed, which the GRU-NNE must additionally mitigate.

Figure 4.3 shows the optical and electrical operating characteristics of the Rx
configuration used in this chapter. In Figure 4.3 (a), the optical power incident
on the photoreceiver (i.e. after the SOA preamplifier and ASE filter) is plotted
with respect to the SOA input power when the SOA is kept at a constant bias
of 100 mA. The SOA input DR is 28 dB, and extends from −22 dBm to +6 dBm
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Figure 4.3: (a) The effect of SOA gain compression on input dynamic range to
the SOA due to gain saturation; (b) graph showing the differential output swing
from the photoreceiver amplifier with the gain-switch point indicated along with
3% Total Harmonic Distortion threshold.

optical power, while the photoreceiver input dynamic range after the SOA has
been reduced by 50% to just 14 dB. This significant reduction in the DR is thanks
to the non-linear SOA gain saturation, with no DR compression observed between
−22 dBm and −15 dBm SOA input power, while from −14 dBm to +6 dBm is
squeezed into just 7 dB photoreceiver input DR.

The degree of optical DR compression is such, that only two Rx gain settings at
the photoreceiver can cover the entire 28 dB system DR. The Rx gain is changed
from low to high setting at −15 dBm input to the SOA as shown in Figure 4.3 (b).
The photoreceiver differential electrical output is also shown, representing the
amplitude swing between the PAM4 outer symbols. The Rx has linear response
(< 3% THD - Total Harmonic Distortion) up to a differential output swing of
450 mV, however after receiver gain switch from 750 V/W to 125 V/W, the Rx is
again operating in its linear regime. However, as the SOA input power continues
to increase, the SOA enters its gain saturated operating regime which introduces
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Figure 4.4: Experimental setup emulating 100 Gbit/s upstream PON transmis-
sion, using SOA gain saturation and neural network equalisation to enable > 28
dB dynamic range using only two electrical gain settings in the photoreceiver.

non-linear patterning effects, in addition to the Rx once more crossing the 3%
THD threshold.

4.3.2 Experimental setup

Figure 4.4 shows the experimental setup used to emulate an upstream 100 Gbit/s
PAM4 PON scenario in continuous mode in order to evaluate non-linear equaliser
performances and the proposed DR compression technique. Although external
or directly modulated lasers are preferred for upstream PON transmission, an
ideal high-power Tx is realised in the C-band using an EDFA booster amplifier
in conjunction with an MZM, in order to isolate the SOA preamplifier and Rx
impairments for study. This is driven by a differential output DAC operating at
100 GSa/s, generating a 50 Gbaud PAM4 signal with 6 dB extinction ratio. Linear
pre-compensation corrects for system bandwidth limitations up to 33 GHz.

A VOA emulates variable ODN losses, allowing both loud and soft signal packets
to be simulated in continuous-mode, with SOA input power varying between −26
and +6 dBm. This experiment was carried out in the C-band using a 1550 nm
laser since appropriate O-band devices were unavailable, however SOA operating
principles are fundamentally unchanged between C- and O-band, and therefore
patterning effects could still be studied. Fiber dispersion up to and beyond
81.6 ps·nm−1 was emulated using standard single mode fiber with dispersion
parameter 17 ps/[nm · km] at 1550 nm. This exceeds the 77.1 ps·nm−1 dispersion
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expected for 20 km transmission in the O-band using the upper-bound dispersion
parameter value of 3.5 ps/[nm · km] calculated in Section 2.2.3, with the caveat
of disparate dispersion slope.

The OLT comprises an SOA preamplifier (Model: CIP SOA-S) kept at constant bias
and a commercial photoreceiver with integrated adjustable conversion gain. The
SOA preamplifier is characterised in Chapter 3, Section 3.4, while the photore-
ceiver characteristics are shown in Figure 4.3 (b) and described in the previous
section. In the context of the imagined OLT Rx configuration, to support the
19.5 dB dynamic range required the SOA will be driven into saturation by loud
packets. This is due to the sensitivity of the Rx configuration being −22 dBm,
while the SOA input saturation power is −8 dBm. But the non-linear SOA gain
saturation acts to compress the system optical power DR from 28 dB to 14 dB
at the SOA output, as shown in Fig 4.3 (a). The associated patterning effects
introduced above the SOA saturation input power of −8 dBm, can be seen in the
eye diagrams in Figure 4.5, eye 3, and these are later equalised using NNEs.

Waveforms are captured using a 100 GSa/s real time scope with 33 GHz band-
width, while a 4th-order Bessel filter imitates 25G class opto-electronics. Offline
processing is then carried out, before DSP using 1 sample per symbol is applied
and final error analysis occurs. In this chapter, equaliser training is carried out
with a single pseudo random quaternary sequence (PRQS14) waveform [155],
while multiple PRQS15 waveforms are used as test data and for BER estima-
tion. For each SOA input power considered, the NNE solutions investigated are
retrained with data captured for that specific input power, which guarantees
optimal equalisation performance. Overfitting and performance overestimation
as discussed in Section 2.3.4 is avoided by using independent PRQS-15, -14, and
-13, patterns to generate the PAM4 symbols for testing, training, and validation
respectively. Further, equaliser performance is monitored on these three datasets
for signs of performance divergence which would indicate overfitting, but which
were not observed. Each of the NNEs are trained using Adam optimisation for
1000 epochs using the early stopping method, meaning training is halted once
performance improvement on the validation dataset stalls. This ensures parity
among FC-NNE, GRU-RNN, and LSTM-RNN optimisation, while also ensuring
excessive training does not lead to overfitting to the training data.
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Figure 4.5: Eye diagrams of 100G PAM4 signals showing the effects of (1) Rx
electrical gain saturation, (2) 25 GHz bandwidth limitation, and (3) combination
of SOA patterning effect and Rx electrical gain saturation.

4.3.3 Identifying non-linear impairment regions

Figure 4.5 shows the BER performance without equalisation of the experimental
setup described in the previous section, and using the proposed optical DR com-
pression technique. The inset eye diagrams show the signal quality and various
impairments effecting the 100 Gbit/s PAM4 signals over a wide range of SOA
input powers.

The combined non-linearities of the SOA preamplifier and Rx electrical amplifier
result in the distinctive “W” performance curve seen in Figure 4.5. For low powers
below −18 dBm noise impairments related to SOA ASE and the Rx thermal noise
dominate, as shown in Eye 1 in Figure 4.5. As the SOA input power increases
beyond −18 dBm the effects of Rx saturation become apparent. At the gain
switch point of −15 dBm, the BER exceeds the HD-FEC limit due to Rx electrical
non-linearities for high gain setting, as the Rx is operating well above the 3%
Total Harmonic Distortion operating point, as seen in Figure 4.3 (b) and eye
diagram 2 in Figure 4.5. After the Rx gain switch to 125 V/W the effects of Rx
saturation are once again absent, as observed in Eye 3.

For high SOA input powers, the BER again exceeds the HD-FEC BER threshold.
This occurs for input powers above the SOA input saturation power of −8 dBm,
where the non-linear patterning effect begins to significantly distort the signal, as
shown in Eye 4. However, Rx gain saturation effects are also present to a certain
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degree, since the differential swing at the Rx exceeds the 3% THD threshold for
SOA input powers above −9 dBm, as seen in Figure 4.3 (b).

The DR without equalisation is discontinuous between the two gain regimes, and
clearly the proposed Rx configuration is unable to support the PON DR require-
ment. Further, non-linear equalisation is needed to support the DR compression
scheme due to the effects of SOA patterning. The GRU-NNE non-linear equa-
liser is compared with other NNEs and non-linear Volterra equaliser in the next
section.

4.3.4 Equalisation performance results

In this work, the HD-FEC limit of 3.8 × 10−3 BER is used to determine system
sensitivity and achievable DR. BER is calculated using the counting method, and
for each BER data point reported here, ∼130k symbols are used to estimate
the error rate. Each equalisation solution must be retrained for each SOA input
power considered, including the NNE.

The RNN equaliser structures evaluated here consist of a single hidden layer
of 6 GRU, or LSTM units, followed by an output layer of 1 FC unit with linear
activation which outputs the final equalised sample. The FC-NNE considered
has two hidden layers of 9 and 4 FC units respectively using tanh() activation
and single linearly activated FC as output, while its input taps are optimised for
severely impaired high input power packets in our setup. The VNLE has memory
depth structure (41T, 13, 7), where the 41T input taps were chosen to mirror that
of the FC-NNE, and the 2nd and 3rd order memory depths were optimised using
brute force search.

Figure 4.6 (a) shows the 100 Gbit/s PAM4 system back-to-back (BtB) perfor-
mance for FFE, NNE-FC, VNLE, GRU-RNN, and LSTM-RNN. The optical pream-
plified Rx sensitivity is measured to be −22 dBm at the HD-FEC BER threshold
when using equalisation. Assuming +8 dBm launch power at the ONU, this cor-
responds to a total system loss budget of 30 dB, which exceeds the 29 dB outlined
in 50 Gbit/s HS-PON.

The performances of the considered FFE and FC-NNE are also shown in Figure
4.6 (a), with each equaliser’s tap numbers chosen to maximise performance. The
maximum achievable BtB dynamic range of the linear FFE is measured to be 20.5
dB, which is greater than the target 19.5 dB, but with only 1 dB tolerance. Figure
4.6 (b) shows this achievable DR is reduced to only 11 dB when considering 81.6
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Figure 4.6: BER performance of feedforward (FFE, VNLE, FC-NNE), and feed-
back (FFE/DFE, GRU-RNN, LSTM-RNN) equalisation applied to 100 Gbit/s PAM4
(a) back-to-back, and (b) transmission experiments.

ps·nm−1 dispersion impairment, categorically ruling out linear equalisation as a
solution for 100 Gbit/s PAM4 in this context. The FC-NNE using 40-T (symbol
spaced) taps achieves 27 dB DR BtB, corresponding to a 6.5 dB increase in DR
over optimal FFE. This is shown in Figure 4.7 and reflects the non-linear nature
of the SOA patterning impairment, and corresponding equalisation capabilities
of FC-NNE.

Optimal FC-NNE input taps were determined using Figure 4.7, where FC-NNE
layer structure is kept constant while input taps are varied, and a strong correla-
tion between input taps and BtB DR performance for both FFE, and FC-NNE is
observed. This agrees with the results presented in Chapter 3, Section 3.4.2. Both
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Figure 4.7: The strong dependence of BtB FC-NNE performance on the equa-
liser’s number of input taps is shown, as well as the additional performance
advantage a non-linear FC-NNE has over the linear FFE, resulting in an observed
6.5 dB dynamic range improvement.

equalisers achieve the −22 dBm receiver sensitivity reported above regardless of
input tap number, and gains in DR due to increased input taps are achieved in
the non-linear SOA regime above Pin, sat = −8 dBm. As in Chapter 3, it can be
inferred that the increasing tap number requirements are due to the increasing
severity of SOA patterning distortion for high SOA input powers. Beyond 40 taps,
there is no improvement in FC-NNE performance, which approaches GRU-RNN
performance. This suggests 40 tap FC-NNE is sufficient for the maximum extent
of SOA patterning seen at +6 dBm SOA input power. Figure 4.6 (b) and 4.8 show
the 40 tap FC-NNE matches the GRU-RNN equaliser DR up to 81.6 ps·nm−1 dis-
persion, indicating that FC-NNE learning capacity matches that of the GRU-RNN,
but with the caveat of depending on a large number of input taps.

Also shown in Figure 4.6 (a) is an FFE combined with a DFE using 3 decision
feedback taps. It achieves 18.5 dB dynamic range BtB, which is reduced to 12 dB
with 81.6 ps·nm−1 dispersion impairment. No apparent performance advantage
is seen by including the 3 feedback taps, and simply increasing FFE tap number
to 40 outperforms the FFE/DFE BtB DR.

The VNLE considered in this work has 41T taps and structure (41T, 13, 7), for fair
comparison with the FC-NNE. Figure 4.6 (a) shows it matches the performance
of the FC-NNE, achieving ∼ 27 dB DR for BtB, and falls slightly short of the
GRU-RNN performance. In the transmission case shown in Figure 4.6 (b), the
VNLE has the same performance as the FC-NNE, while Figure 4.8 shows it also
follows closely the same performance trend as the proposed GRU-RNN. From
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Figure 4.8: Achievable dynamic range of the Volterra, FC-NNE, GRU-RNN, and
LSTM-RNN equalisers are shown to be similar when compared over a range of
dispersion values, with no equaliser showing clear performance advantage.

these results it is clear that the VNLE can emulate the non-linear modelling
capabilities of the different NNEs when applied to SOA patterning and dispersion
impairments, but does not exceed them in terms of performance.

The GRU-RNN equaliser using only 3 symbol spaced input taps and with struc-
ture (6GRU, 1FC) achieves an impressive > 28 dB BtB DR, and > 25 dB DR with
up to 81.6 ps·nm−1 dispersion, greatly exceeding the 19.5 dB outlined in HS-PON.
This clearly illustrates the power of the GRU-based feedback mechanism to over-
come SOA patterning impairment, while simultaneously avoiding the complexity
bottleneck of excessive input taps required by the FC-NNE solution to achieve
the same result. The proposed GRU-RNN is also clearly robust to multiple im-
pairments, as Figure 4.6 demonstrates it overcoming 25G bandwidth limitations,
fiber dispersion, and combinations of SOA patterning and Rx electrical satura-
tion. This suggest that GRU-RNN equalisers could be suitable to exploit SOA
gain suppression in a system setting, to achieve extremely large > 28 dB system
dynamic range. It is worth noting that in contrast to the results in Chapter 3,
the GRU-RNN equaliser does not fully recover optimum BER at high SOA input
powers, due to the fact that Rx electrical saturation impairment is also present
at these powers, as seen in Figure 4.3 (b).

The more complex LSTM-RNN can only match the GRU-RNN DR performance
in BtB and transmission experiments but cannot exceed it, as seen in Figure
4.8, which also shows the FC-NNE had similar performance over all dispersion
values considered. There appears to be no inherent advantage associated with
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the explicit memory “cell” state of LSTM units, and therefore LSTM-RNN does
not offer any advantage over the less complex GRU feedback mechanism in the
context of 100 Gbit/s PAM4 and the SOA patterning impairment considered here.
Figure 4.8 suggests that the equalisation capacities of each of FC-NNE, GRU-
RNN, and LSTM-RNN are similar, although the GRU-RNN is less complex, with
simpler feedback mechanism than LSTM-RNN, and requiring less input taps than
FC-NNE.

4.4 Complexity analysis

Table 4.1 compares equaliser DR performance for BtB and transmission experi-
ments in terms of the complexity metrics: trained parameters and RVM opera-
tions per symbol. The relevance of these metrics is described in the below section.
A brief discussion on pipelining and the challenges presented by high-speed im-
plementations of RNNs is also given.

4.4.1 Parameters, multiplications, and pipelining

In this thesis, offline software implementations of equaliser algorithms are inves-
tigated. However, the number of equaliser parameters, as well as the number of
arithmetic operations needed per equalised symbol are important considerations
for future hardware implementations.

Equaliser parameters can include the tap weights of an FFE, the weight and bias
terms of the neurons of an NNE, as well as the kernel parameters of a VNLE. In
hardware, these require memory resources to store, and must be transferred as
signals across a DSP chip to the necessary adders and multipliers sufficiently fast
so as to avoid timing delays in the digital circuit. These parameters and the raw
signal samples are typically represented in fixed point format using anywhere
from 6 to 12 bits for high speed DSP [156]. Proposed NNEs typically have many
more parameters than conventional FFE solutions and it is not uncommon for pro-
posed NNEs to comprise 1000s of parameters [104]. Therefore creating efficient
NNE solutions with reduced parameters is an important design consideration
when proposing solutions for eventual future real-time implementation. Further,
lowering the number of bits used in sample and parameter quantisation without
impacting an NNEs performance can significantly reduce arithmetic operation
complexity and resource requirements [93], however this is best investigated
through FPGA prototyping which is beyond the scope of this thesis.
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The basic operations of a digital equaliser include addition and multiplication
operations of fixed point numbers representing either input signal samples, or the
equaliser parameters. These operations cost energy to perform, and contribute
to the overall power usage of high-speed DSP chips implementing equalisation.
Equaliser algorithms are typically compared according to the number of RVMs
required per equalised output sample, since in terms of energy and resources
these operations are the most expensive to carry out in hardware [118]. The
lower the number of RVMs per equalised sample, the greater the computational
efficiency of an equaliser.

Further, the pipelining technique is commonly implemented in digital hardware
to obtain high frequency throughput [122]. This involves running multiple
pipelines of sequential operations in parallel, which can increase DSP throughput.
This is vital in achieving equalisation for 50 GHz signals such as 100 Gbit/s (50
Gbaud) PAM4, using lower frequency clock signals. However, the feedback mech-
anisms of RNN neurons such as GRUs are not susceptible to pipelining, since an
RNN requires its output on the previous timestep in order to begin equalising
input samples, meaning high bandwidth feedback channels are required. Multi-
symbol equalisation aims to alleviate this requirement and is described in more
detail below.
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4.4.2 Comparison of non-linear equaliser complexities

The implications of the FC-NNE dependence on large numbers of taps to com-
pensate the SOA preamplifer patterning effect can be clearly seen in Table 4.1.
The increase in FC-NNE input taps from 11 to 40 allows the equaliser to achieve
27 dB DR performance, and approach the performance of GRU-RNN, however
this comes at the cost of an 170% increase in trainable parameters, and 187%
increase in RVM operations per equalised symbol. Meanwhile, the VNLE 1st, 2nd,
and 3rd order terms contribute 41, 91, and 84 kernels (i.e. weight parameters) re-
spectively, for a total of 217 including bias term. This is appreciably less than the
FC-NNE but still greater than that of the GRU-RNN. However, the VNLE requires
475 RVMs, more than the FC-NNE, and significantly more than the GRU-RNN,
underlining the importance of the VNLE kernel equation in Section 4.2.2 which
exhibits exponential growth with respect to 2nd and 3rd order memory depths.

The GRU-RNN (small) uses only 3 symbol-spaced taps, and has reduced com-
plexity and thus increased efficiency compared to the 40 tap FC-NNE. It uses
just 187 parameters, and 186 RVM operations per equalised symbol to achieve
28 and 25 dB DR performance for BtB and 81.6 ps·nm−1 dispersion scenarios re-
spectively. Additionally, the LSTM-RNN equaliser offers no tangible benefit over
the GRU-RNN in terms of DR performance, while using ∼ 1.3 times the number
of trainable parameters and RVM operations.

4.4.3 Multi-symbol RNN equalisation

While RNN feedback structures remove the dependence of equaliser performance
on input taps, this advantage comes with difficulties related to hardware (ASIC,
FPGA) implementation. The feedback loops in RNN equalisers impose strict
timing requirements, with the output of an RNN network layer ht−1 required to
propagate around the feedback loop in time to act as input for the calculation
of ht in the next calculation cycle. As noted in [92], this limits DSP throughput,
unlike in feedforward based equalisers such as FC-NNEs and FFEs which can
exploit pipeline digital implementation [93].

Multi-symbol equalisation techniques, such as that investigated in [104], offer a
way of alleviating this issue. This technique involves altering an RNN equaliser’s
structure to carry out parallel equalisation of multiple symbols in the same calcu-
lation cycle, as shown in Figure 4.9. Whereas before, the output layer of such an
equaliser consisted of a single FC neuron with linear activation, we now increase
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Figure 4.9: Multi-output GRU-based equaliser.

the output layer size to n-FC neurons, so that each equaliser calculation cycle
will output n equalised samples. The feedback timing requirements are therefore
reduced by a factor of 1/n, thus potentially relaxing the hardware implementa-
tion requirements described in Section 4.4.1. Figure 4.9 shows the structure of
a GRU-RNN with 4 parallel outputs, referred to herein as GRU-PAR4. In future,
we will append -PARn to an equaliser’s name to indicate n parallel outputs.

Given an RNN-PARn equaliser, can it match the performance of the original single
output version of itself? If yes, then key complexity metrics such as RVM oper-
ations per equalised symbol can be improved thanks to this built-in parallelism.
Therefore, according to this metric RNN-PARn could have overall better compu-
tational efficiency than single-output RNN equalisers, and even more efficient
again than FC-NNE and VNLE. In the context of PON and variable impairment
levels amongst burst packets, this sharing of equalisation calculations among
symbols is even more persuasive, since less calculations per symbol corresponds
to less calculations “wasted” on less stressed, soft packets.

The results presented below compare the GRU- and LSTM-RNN equalisers per-
formance using the multi-symbol equalisation technique, and benchmark them
against the standard single symbol equalisation results already presented.

GRU versus LSTM multi-symbol equalisation

Figure 4.10 shows the achievable DR for BtB and 81.6 ps·nm−1 dispersion cases
for increasing numbers of parallel outputs. The equalisers considered are the
GRU-RNN and LSTM-RNN as before, in addition to a larger version of the GRU-
RNN which uses 16 GRU units in the hidden layer. As the number of parallel
outputs is increased to 6 for small GRU-RNN, DR performance drops off by 3 dB
for BtB case, and 8 dB with 81.6 ps·nm−1 dispersion. The LSTM-RNN does not
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Figure 4.10: Graph showing GRU-RNN high dynamic range performance can
be sustained when implementing multi-symbol output technique, at the cost of
larger network size.

improve upon the GRU-RNN parallel performance, and so we conclude that the
added complexity of LSTM feedback and cell state memory does not correspond
to increased parallel performance in the impairment scenarios considered.

Similarly, the larger GRU-RNN does not show significant performance gains in the
BtB equalisation task up to 6-parallel output symbols, despite having increased
learning capacity due to it having ∼ 5 times the number of parameters and RVMs
(see Table 4.1). However, in the transmission case the large GRU-RNN achieves
> 22 dB DR for up to 8 parallel outputs, outperforming the smaller GRU-RNN by
∼ 7 dB.

While 8 parallel outputs may not sufficiently lower the RNN feedback frequency
for real-time implementation on existing hardware, these results indicate that
the multi-symbol equalisation technique is viable even for relatively small RNN
equalisers compensating severe impairments such as SOA patterning and fiber
dispersion. Additionally, evidence here and in the literature suggests that the
technique can be extended beyond the 8 parallel outputs considered, with [119]
successfully implementing an LSTM based equaliser on FPGA with 61 parallel
outputs, and a 270 MHz clock frequency.

As discussed, the hardware implementation of RNN equalisers will be extremely
challenging at 100 Gbit/s PAM4 data rate due to issues related to recurrent
feedback mechanism latency. By implementing parallel outputs, we relax these
timing requirements, and Table 4.1 highlights the reduction in RVM operations
per symbol associated with this technique. There is an increase in total GRU-RNN
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parameters from the original value of 187 to 262 when implementing GRU-PAR4
equaliser, but the number of multiplication operations per equalised symbol drops
from 186 to just 64.5, a reduction of 65%. This represents a significant increase in
equalisation efficiency over that of FC-NNE, which would be especially important
for burst-mode PON where the majority of burst-packets will not require the full
equalisation capabilities of the GRU-RNN or FC-NNE which are designed around
the worst-case, loud burst-packet.

The large GRU-RNN with 16 GRU units in its hidden layer has increased learning
capacity over the smaller GRU-RNN considered, and as such can support > 22
dB DR for up to 8 parallel outputs. This would alleviate the latency issues faced
when trying to implement such a GRU-RNN equaliser in hardware, but comes
at the cost of significant increases in parameters and thus equaliser memory
footprint, with GRU-PAR8 using 1432 parameters and needing 178 multiplication
operations per equalised symbol.

4.5 Summary

In this chapter, the proposed GRU-RNN is shown to be robust to a combination
of device and fiber impairments, including up to 91.8 ps·nm−1 fiber dispersion,
SOA patterning, 25G bandwidth restriction, and electrical Rx saturation effects,
for 100 Gbit/s PAM4. In BtB this equaliser achieved a large 28 dB DR, and greater
than 25 dB DR for up to 81.6 ps·nm−1 accumulated fiber dispersion.

In particular, the experimental setup used emulated upstream PON transmission
in continuous mode, and allowed for an original DR compression technique to
be demonstrated which exploits the SOA gain saturation effect. The GRU-RNN
equaliser using only 3 symbol-spaced input taps allows the SOA to operate in
its non-linear gain saturated regime which was exploited at the system level to
reduce optical dynamic range from 28 dB at the SOA input, to just 14 dB incident
on the photoreceiver; which is within reach of current state of the art LBMRx
technology.

The computational complexity of any proposed neural network-based equalisa-
tion is a primary concern. Real-time operation requires low-latency processing,
but neural networks, particularly those with recurrent architectures like GRUs,
are computationally complex. This can increase power consumption and process-
ing delays in practical systems, especially for high bit-rate applications like 100
Gbit/s PON. The GRU-NNE was therefore compared against several alternative
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non-linear equalisers such as FC- and LSTM-based NNEs, as well as VNLE. It was
found to outperform or match the performance of these equalisers while having
lower overall complexity in terms of its total number of parameters and RVMs.

Further, multi-symbol equalisation techniques were investigated for GRU-, and
LSTM-RNN as a means to alleviate the strict timing requirements of RNN equalis-
ers for future hardware implementations. Both types of RNN achieve > 25 dB
BtB DR for 4 parallel symbol output, and no significant advantage is observed
using LSTM over GRU units, in spite of their increased complexity and more
sophisticated memory mechanism. However increasing the number of gated
units in the GRU-RNN from 6 to 16 allows for up to 8 parallel symbol outputs
with transmission performance approaching the BtB performance of a single out-
put GRU-RNN equaliser. Therefore, multi-symbol equalisation could be vital in
enabling real-time deployment in PON systems, on current hardware platforms.

Future work could focus on further optimising neural network architectures for
real-time signal processing, on top of those investigated here. Techniques like
network pruning or quantisation could help reduce the model size and infer-
ence time without sacrificing performance. However a more significant obstacle
is the issue of NNE training in the context of burst-mode upstream PON trans-
mission, where packet impairments can vary and the available time for NNE
reconfiguration is constrained.

Chapter 5 seeks to address this, and introduces the novel SkipNet architecture
as a solution. SkipNet is designed to allow for rapid, and low-complexity re-
training of an NNE for real-time operation in burst-mode PON systems. It relies
on a hybrid approach of fixed and adaptive components, SkipNet significantly
reduces the computational burden and latency, making it better suited for real-
time equalisation while maintaining high performance under challenging signal
conditions. This innovation represents a key advancement in adaptive neural
network-based equalisation for next-generation PON systems.
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Chapter 5

SkipNet: Adaptive Neural Network
Equalisation for PON

This chapter introduces SkipNet: an original algorithm, developed by the author,
which enables adaptive neural network equalisation for future 100 Gbit/s upstream
PON transmission without the need for complex training algorithms such as Adam
and backpropagation. It is based on novel skip connections which were first pro-
posed by the author to enable PON packet-by-packet equalisation in [A4]. The
algorithm’s theory is introduced in the context of NNE training regimes proposed to
date, and how these relate in turn to conventional adaptive equalisation methods
in PON. Its performance is evaluated using a continuous mode 100 Gbit/s PAM4
link with an SOA preamplifier, where the main non-linear signal impairments are
fiber dispersion and SOA patterning effects. This chapter is based on the expanded
journal publication [A5].

5.1 Context and research objective

Neural network equalisers have been widely proposed to achieve 100 Gbit/s and
greater line speeds in future IM/DD [34], [104], [157] and PON systems [101].
This is due to NNEs ability to overcome non-linear signal impairments [158],
and the expectation that such impairments will become more significant with
the shift towards more advanced modulation formats (e.g. PAM4) implemented
at ever higher baud rates. In the previous chapter, a GRU-NNE was demonstrated
to have better performance than a range of conventional and alternative NNE
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techniques, while having lower overall complexity in terms of parameters and
RVMs. However, while challenges related to NNE complexity and hardware
implementation have been addressed in the last chapter and received attention
in the literature [92], questions remain concerning the suitability of NNE training
complexity in the PON setting.

The most appropriate deployment of an NNE in PON is at the OLT, where its
benefits and costs can be shared among all ONUs, and where it can best influence
overall network design. However, burst-mode signalling at the OLT receiver
poses a unique challenge for any NNE scheme as the channel characteristics
change rapidly between packets. Although the types of linear and non-linear
impairments in PON are limited and well-understood, there are many possible
permutations of these among the 64 (or potentially 128) ONUs subscribed to
a single network. The fiber dispersion accumulated by a received packet can
vary, reaching up to 77 ps/nm depending on the distance to the OLT, while
individual ONUs can have distinct bandwidth and chirp induced impairments
due to transceiver vendor variability [159]. Further, as described in detail in
the past chapters: if an SOA preamplifier is used at the OLT, non-linear gain
saturation induced patterning effects will distort high-power “loud” bursts, while
“soft” bursts are unaffected. Considering channel variability and degradation due
to environmental factors cannot be disregarded either, it is clear that any NNE
to be deployed at the OLT must be robust and flexible to a wide range of channel
impairments.

Adaptive equalisation is a possible solution to ensure such equaliser flexibility at
the OLT and has been investigated for conventional DSP in both IM/DD [84] and
coherent [160] PON systems. Here, the equaliser parameters are adapted on a
packet-by-packet basis using training symbols embedded in each packet’s pream-
ble. But, as shown in Figure 5.1, the latest 50 Gbit/s HS-PON standards outline
only 150 ns packet preamble time for OLT reconfiguration [12], which must ac-
commodate BMRx settling time and clock and data recovery (CDR) alongside any
equaliser adaption. Because of this, adaptive equalisers typically use variants of
the simple LMS algorithm which can be implemented at high frequencies using
hundreds of training symbols. In comparison, NNEs appear incompatible with
such rapid adaption since their training algorithms are considerably slower and
more complex, and involve iterating multiple times (epochs) over large datasets
consisting of tens of thousands of samples. Therefore, while impressive results
have been reported for OLT-side NNE, such as in [A3], [92], [101], [141], [157],
these rely on retraining and testing static NNEs “offline” for each considered
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packet scenario and receiver power, which would be impossible to implement in
burst-mode.

Fixed or so-called “unified” equalisation [161] which avoids adaptive training
between packets also faces challenges. In theory, a sufficiently large NNE could
be trained offline to equalise multiple ONU scenarios, allowing it to be deployed
in a “fixed” state, such as in [162]. The authors of [114] propose such a “uni-
versal” NNE for 50 Gbit/s PAM4 PON which is pre-trained to compensate fiber
dispersion for varying ONU wavelengths and transmission distances. However,
they observe that such a universal NNE’s performance degrades when applied to
packet conditions it was not exposed to during training. Therefore, costly data
collection overheads are a feature of fixed NNE solutions, since training datasets
should be exhaustive representations of possible ONU packet conditions, which
can differ between network deployments. Further, fixed NNEs require larger
neural network structures to effectively equalise multiple ONU scenarios [114],
and so consume more hardware resources and power [93]. Consequently, the
cost of fixed NNE methods may be prohibitive given the numerous possible ONU
impairment permutations.

This chapter introduces SkipNet: a novel adaptive NNE framework which enables
the application of NNEs in PON, and which the author first proposed in [A4].
SkipNet is named for its characteristic skip connection structures, which allows it
to incorporate fixed, low-complexity NNE kernels targeting specific non-linear im-
pairments without compromising on equalisation performance elsewhere. These
NNE kernels are pre-trained and deployed in a fixed state while an online adapt-
able output layer processes the combined kernel outputs and raw sample inputs
from the skip connections, resulting in a rapidly re-configurable and flexible
equalisation solution which intrinsically promotes transfer learning [163]. This
hybrid approach combines the best of the adaptive and fixed / universal meth-
ods: being adaptable on a packet-by-packet basis without using conventional
NNE training methods, and having low-complexity by avoiding the model bloat
associated with fixed NNE solutions.

This chapter outlines the theory underpinning SkipNet and includes an investi-
gation of its performance in a 100 Gbit/s/λ PAM4 PON scenario in continuous
mode, with an SOA acting as an OLT preamplifier similar to Chapter 4. Packet
impairments investigated include permutations of non-linear SOA gain satura-
tion patterning effects, and accumulated fiber dispersion impairments of up
to 85 ps/nm. The DR performance of the SkipNet scheme is determined and
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Figure 5.1: The burst-packet structure of upstream PON transmission according
to the latest 50 Gibt/s HS-PON standards is shown. Only 150 ns preamble allo-
cated for 25 Gbit/s upstream transmission, and 610 ns in a worst case scenario
[12].

benchmarked against that of an “ideal” NNE which is trained using conventional
methods. This "ideal" NNE solution is equivalent to the GRU-NNEs in Chapters 3
and 4 which have already been shown to extend SOA DR. Analysis of SkipNet’s
operating mechanism and convergence properties is also provided.

5.2 Burst-Mode Equalisation at the OLT

Burst-mode signalling in high-speed PON presents a unique challenge for adap-
tive equalisation due to the extremely short packet preamble available for equa-
liser reconfiguration. The packet preamble length for 50 Gbit/s upstream trans-
mission outlined in the ITU-T’s Higher Speed (HS-) PON recommendations is
still under study, while the 25 Gbit/s objective preamble is only 150 ns [12],
which corresponds to 7500 symbols for 100 Gbit/s PAM4. But, as previously
mentioned, this preamble allocation must be shared among several OLT reconfig-
uration functions, as shown in Figure 5.1. Also, the frequency at which equaliser
parameter updates can be processed is unlikely to match the raw line-rate due to
DSP hardware limitations. This implies that only a fraction of assigned preamble
training symbols will be used during equaliser adaption (e.g. ½, ¼, ...), and so
the actual training symbols available for adaption could be significantly less than
that suggested by a 150 ns preamble. Therefore, a key metric when designing
adaptive equalisation for PON is the training convergence rate, i.e. how many
symbols it takes for the equaliser to converge. This must be balanced against the
training algorithm’s complexity, which is intimately linked to power consump-
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tion and clock cycles per parameter update. For example, an algorithm which
halves the required training symbols but whose hardware implementation overly
increases power consumption or requires more clock cycles per update may not
be advantageous.

5.2.1 Existing adaptive equalisation solutions

The restrictive preamble time available for training has meant that existing PON
adaptive equalisation research has focused on low-cost, low-complexity FFE/DFE
techniques [164]. The standard LMS training algorithm can require thousands
of training symbols to converge which can be considered too slow for use in
PON. An alternative is the Recursive Least Squares (RLS) algorithm, which has
shown FFE/DFE convergence in as little as 64 symbols for 10 Gbit/s signalling
[115]. However, RLS is considered overly complex for low-cost implementation,
and a preferred solution is Gear Shifted LMS (GS-LMS) where the LMS learning
rate is reduced one or more times during training to fine-tune convergence. The
authors of [116] achieve FFE/DFE convergence within 250 bits using GS-LMS at
10 Gbit/s, while in [84] a Rx sensitivity penalty of just 2 dB was demonstrated
at 50 Gbit/s using 200 training symbols. For comparison, studies have estimated
preamble requirements of just 72 ns for burst-mode 100G coherent signal de-
tection and its associated DSP [165], while in [166] the authors estimate up
to 416 training symbols to adapt coherent signal recovery algorithms for digital
subcarrier modulation.

The FFE/DFE is the most popular equalisation solution proposed for overcom-
ing bandwidth limitations and fiber dispersion in PON systems up to 50 Gbit/s
due to its low complexity and easy adaption using the LMS algorithm. For the
sake of clarity, the focus here is limited to the adaptive operation of an FFE
which is equivalent to that of an FFE/DFE. The FFE operating mechanism and
training process using the LMS algorithm are discussed at length in Chapter 2,
Section 2.3.1, but to clarify the discussion on adaptive NNE training the relevant
equations are repeated here again. An FFE can be expressed as:

ŷt = w · xt, (5.1)

where xt and ŷt represent the sampled signal input values and the equalised
sample output of the FFE at time t. The FFE tap weights w can then be adapted
packet-by-packet using the LMS algorithm in conjunction with an error signal
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E for each equalised training symbol, and adapts the FFE tap weights using the
gradient descent method:

wn+1 := wn − γ · dE
dw

, (5.2)

where n is an index term used to denote successive FFE parameter values. The
adaptive convergence rate can be tuned using the learning rate γ. However,
there is a trade-off to be made between convergence speed and performance /
stability. Alternative algorithms such as GS-LMS try to overcome this by changing
γ during equaliser adaption: a high γ is used to quickly converge toward the
optimal weights, and, after a set number of symbols, γ is lowered one or more
times to guarantee the best possible convergence. This has limited complexity
overhead compared to LMS, but can lead to a significant increase in convergence
speed [116].

5.2.2 Challenges facing upstream NNE

In contrast, neural network training is substantially more complex, and a de-
tailed technical discussion of this can be found in Chapter 2, Section 2.3.2. In the
context of PON, proposed NNE solutions require datasets which are considerably
larger than available packet preamble lengths: usually consisting of tens if not
hundreds of thousands of signal samples. During training, these large datasets
are divided into “mini-batches” which are processed separately using stochastic
optimisation algorithms such as Adam [96] or RMSProp [97]. While the LMS
algorithm can update an equaliser’s parameters for each training symbol, an
entire mini-batch must be processed for a single iteration of NNE parameter
updates, with the caveat of small mini-batch sizes leading to poor training per-
formance. Additionally, the backpropagation algorithm is required to update an
NNE’s hidden layer parameters [94], but this involves large numbers of multi-
plications, as discussed in [167], as well as being extremely memory intensive
due to the caching of layer activations and multi-dimensional error gradients.
For RNNs, these issues are exacerbated by the backpropagation-through-time
algorithm which further propagates error signals along equaliser feedback con-
nections [144]. Worse still, potentially hundreds of training iterations known as
“epochs” are required to achieve NNE convergence. Therefore, even disregarding
PON’s stringent cost imperative, it is unlikely that conventional NNE training
algorithms could be implemented on current available hardware at sufficient
speed for 100 Gbit/s PAM4 PON.
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Techniques to achieve adaptive NNE for short-reach and long-haul transmission
have been proposed but are similarly unsuitable for PON. In [167], the authors
propose ‘AdaNN’ which is an adaptable NNE based on an online semi-supervised
training method. However, it requires 105 symbols to converge. Meanwhile,
in [168] it is demonstrated how adaptive digital signal processing can be in-
corporated into a non-linear NNE, but the method still relies on the complex
backpropagation algorithm.

5.3 Adaptive NNE for burst-mode transmission

5.3.1 The neural network training barrier

Neural network training is covered in detail in Chapter 2 Section 2.3.2. The
discussion here is designed to put this in the context of adaptive equalisation re-
quirements for upstream PON, and the associated challenges facing NNE training
schemes in such a scenario.

The computational complexity of neural network training algorithms is a serious
barrier to adaptive NNE deployment in a burst-mode PON setting. Although con-
ventional NNE training schemes also rely on gradient descent, they require the
backpropagation algorithm to propagate error through their multi-layer struc-
ture and obtain the error gradients for each NNE parameter [94], which greatly
increases the computational and memory resources per parameter update com-
pared to the LMS algorithm.

To illustrate this, consider an FC-NNE composed of L layers of neurons, each of
which is governed by the equations:

z = w · x + b,

a = φ (z) ,
(5.3)

where a is the activation output of the neuron, z is the weighted sum of the inputs,
w, b are the trainable weight vector and bias parameters, and φ is a non-linear
activation function. In order to update a neuron’s weights in the lth hidden layer
of the FC-NNE, an error signal E generated from the forward pass of a training
symbol must be backpropagated from the NNE’s output layer, where the error
signal is calculated backwards through each intervening layer of the network
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using the chain rule of multi-variable calculus:

∂E
∂wl

= ∂E
∂aL

· ∂aL

∂zL
· ∂zL

∂aL−1 · . . . · ∂zl+1

∂al
· ∂al

∂zl
· ∂zl

∂wl
, (5.4)

where the ouput layer activation is labelled aL. While backpropagation can
be seen as an efficient implementation of equation 5.41, in practice this still
involves at least one matrix multiplication per network layer per training symbol
which costs resources and latency to calculate. Further, the backpropagation
calculations require the layer activations from the forward pass of the training
symbol, meaning significant memory resources must also be employed. Ref.
[167] contains a detailed discussion of backpropagation complexity and derives
the associated RVMs involved in parameter updates.

However, simple stochastic gradient descent with backpropagation is not gen-
erally sufficient for optimising neural networks. Instead, conventional neural
network training relies on mini-batch training in conjunction with advanced
parameter update algorithms such as Adam. The Adam algorithm calculates
individual learning rates for every parameter in an NNE (potentially hundreds or
thousands of parameters) using estimates of the first and second order statistical
moments of calculated parameter gradients. Mini-batch training is required to
do this: averaged error gradients are calculated for each NNE parameter using
the forward and backward pass calculations of a subset (mini-batch) of the train-
ing data, typically of size 32, 64, 128, etc. Therefore, if a mini-batch size of N

is used, each parameter update will require N forward and backward passes of
equaliser training inputs involving the backpropagation algorithm to achieve gra-
dient averaging, followed by the complex parameter update equations of Adam.
Implementing these methods in high-speed PON is untenable, since equaliser
adaption must be fast and hardware efficient.

5.3.2 SkipNet: Adaptive neural network equalisation

1See the backpropagation equations in Chapter 2.
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SkipNet is a hybrid adaptive NNE solution involving both fixed and adaptive
components. It crucially removes the need for mini-batches and the backprop-
agation and Adam algorithms during online equaliser adaption, and relies only
on LMS once deployed. This makes its adaption complexity equivalent to that of
previously studied FFE/DFE solutions.

Figure 5.2 (a) outlines the methodology involved in creating non-linear kernels
for use in an adaptive NNE using the SkipNet framework. In this case, SOA pat-
terning is identified as the target non-linearity, and an NNE with linear output
layer is trained offline on the desired worst-case patterning scenario using con-
ventional “ideal” methods, i.e. backpropagation algorithm in conjunction with
Adam optimisation and mini-batch training. The hidden layers of this ideally
trained NNE are responsible for its non-linear equalisation capabilities, and so are
extracted by removing and discarding the linear output layer. The parameters of
these hidden layers are then “frozen”, i.e. are kept fixed thereafter and are not
adapted, after which they are referred to as a non-linear kernel. This non-linear
kernel is denoted here as K (·), and takes as input raw signal samples just as the
ideally trained NNE did before:

aL−1
t = K (xt) , (5.5)

where the kernel output, aL−1
t , is the non-linear output activations of the final

extracted hidden layer when acting on input signal samples xt at time t. Note that
the proposed adaptive scheme is agnostic to the kernel hidden layer structures,
and so K (·) can represent fully-connected, convolutional, and recurrent layers,
or even combinations of these.

Once the kernel NNE has been trained, it can be integrated into the SkipNet
framework. This involves combining the kernel NNE with an adaptive output
layer which is chosen to be a single fully-connected neuron as described by
equation 5.3, with linear activation function φ (x) = x. Skip connections are also
added at this point, which feed the raw equaliser input samples to the adaptive
output layer by bypassing the NNE kernel, as seen in Figure 5.2 (b). Therefore,
the adaptive output layer takes as input K (xt), the pre-trained kernel’s output
activations, as well as the raw input samples xt via skip connections, as shown
in Figure 5.2 (b). SkipNet’s output layer can then be described by:

ŷt = wskip · xt + wk · K (xt) + b, (5.6)
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where ŷt are equalised samples, and wskip, wk are the adaptive parameters for the
raw signal samples xt and non-linear kernel output K (xt) respectively. Figure 5.2
(c) illustrates the operation of equation 5.6, and how this output layer can now
be adaptively trained using LMS optimisation method and preamble symbols.

The skip connections are vital for realising equalisation performance across a
wide range of packet conditions: non-linearly impaired or otherwise. The non-
linear NNE kernel K is trained to carry out non-linear processing for a specific
impairment, and if it is applied to a different type of impairment, or even a clean
signal, it will non-linearly scramble the signal rather than equalise it. In such
a scenario, skip connections allow clean signals to skip straight to the adaptive
output layer, thus bypassing K (·) and remaining unimpaired by the NNE opera-
tion. Further, skip connections can effectively act like an FFE, capable of dealing
with bandwidth limitations and even helping to mitigate fiber dispersion. These
benefits involve only a linear increase in the number of adaptive output layer
multiplication operations, equal to the number of skip connections, and there-
fore represent a small increase in overall SkipNet complexity. Skip connections
are inspired by residual networks [169], and have previously been proposed as
“cascade” connections to boost RNN equaliser performance for short-reach PAM4
transmission, and lower the number of epochs required during NNE training
[170]. The SkipNet structure shown in Figure 5.2 (b) is also similar to that
proposed in [121]. Crucially however, neither of these works exploit skip connec-
tions and the kernel approach to achieve adaptive NNE training using the LMS
algorithm over a single training epoch.

The SkipNet output layer described by equation 5.6 and adaptive FFE/DFE have
equivalent complexity, since both use LMS and stochastic gradient descent to
achieve fast adaption, as described in equation 5.2. Additionally, more sophisti-
cated variants of LMS such as GS-LMS can just as easily be employed, as well as
other methods developed to achieve faster LMS convergence such as in [164],
[171].

5.3.3 Multiple kernels for flexible non-linear equalisation

However, in future PON there could exist multiple non-linear impairments which
may be present in isolation or in combination for any given packet. For exam-
ple, Chapter 4 considered gain saturation induced SOA patterning which only
effects high-power packets, as well as scenarios where a packet suffers combined
SOA patterning and extreme dispersion effects. In this chapter, separate NNE
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kernels are trained for isolated non-linear SOA patterning effect, K1, and for the
combined patterning / dispersion scenario, K2. These are incorporated into the
adaptable output layer as:

ŷt = wskip · xt + wK1 · K1 (xt) + wK2 · K2 (xt) + b, (5.7)

where now there are two sets of adaptable parameters for the two non-linear
kernels: wK1 and wK2 . Significantly however, equation 5.7 is not fundamentally
changed from equation 5.6, and so the adaption mechanism remains unchanged
and the flexibility of the proposed adaptive NNE is clear. The modular nature
of the kernel NNEs avoids the exponential growth in parameters (model bloat)
experienced by large standalone or fixed NNE algorithms designed for multi-
impairment equalisation, since these kernels target specific, isolated impairments
which require only low-complexity NNE blocks. Each kernel is trained only once,
and is deployed in a fixed state, thereby removing NNE training overheads.

A note on transfer learning

Transfer learning is defined in [163] as follows:

Transfer learning aims at improving the performance of target learn-
ers on target domains by transferring the knowledge contained in
different but related source domains

As such, it could be said that transfer learning is intrinsic to equation 5.6 and 5.7,
since the adaptive output layer allows kernels to contribute to the equalisation
of channel impairments for which they may not have been specifically trained.
Transfer learning has previously been proposed for short reach PAM4 links in
order to reduce training symbol requirements when developing NNEs for varying
fiber length and bit-rate scenarios [117]. However, this work still relies on con-
ventional neural network training to update an NNEs hidden layer weights and
biases, and targets reconfigurable DCI technology, rather than rapid adaption for
upstream PON.

A full analysis of the potential of transfer learning between SkipNet kernels
trained on disparate non-linear impairments is unfortunately beyond the scope
of this work. However, results in the following sections support the idea that
the adaptive output layer mechanism promotes such knowledge sharing to the
benefit of equalisation performance.
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5.4 Evaluating SkipNet performance for 100 Gbit/s
PAM4 PON

As in previous chapters, the proposed algorithm’s performance is evaluated in
terms of system DR and receiver sensitivity, which are calculated with respect to
the SOA preamplifier input power and the HD-FEC BER threshold of 3.8 × 10−3.
Each reported BER value is estimated using the counting method applied to
∼ 520000 captured symbols.

The GRU-based NNEs explored in previous chapters form the base NNE structures
from which all reported ‘Ideal’, ‘Fixed’ and SkipNet kernel NNEs are derived, and
the proposed SkipNet equalisers can be seen as an evolution of the GRU-NNEs
presented thus far. This common NNE structure is composed of a single hidden
layer of 4 GRU units fed by 7 symbol-spaced (-T) input taps as shown in Figure 5.2.
The output layer of all the NNEs consists of a single neuron with linear activation
function, equivalent to equation 5.3 for the ‘Fixed’ and ‘Ideal’ NNEs φ(x) = x,
while the operation of the adaptive SkipNet equalisers are equivalent to equation
5.6 and 5.7. As discussed in Chapter 2 Section 2.3.4, all training datasets consist
of randomly generated symbol sequences in order to avoid overfitting, while test
datasets comprise repeated PRQS15 patterns.

5.4.1 Experimental setup

The 100 Gbit/s PAM4 experimental setup shown in Figure 5.3 (a) is used to eval-
uate the proposed SkipNet adaptive equalisation scheme in continuous mode.
This setup can produce a wide range of possible packet impairments, including
SOA gain saturation induced patterning effects, fiber dispersion, bandwidth lim-
itations, as well as combinations of these, as shown in Figure 5.3 (c). An ideal
high-power Tx is emulated using an MZM in conjunction with a high power EDFA
booster amplfier. This is driven by a differential output DAC operating at 100
GSa/s to generate a 50 Gbd PAM4 signal with 6 dB extinction ratio. The limited
bandwidth of the Tx opto-electronics are linearly compensated up to 40 GHz
prior to transmission.

A Variable Optical Attenuator (VOA) mimics the PON optical distribution net-
work losses to create loud and soft packets in continuous mode, and the input
power to the SOA+PIN Rx is swept from −26 dBm to +6 dBm. Due to a lack
of available O-band devices, this experiment is carried out at 1550 nm, and dis-

108



5. SkipNet: Adaptive Neural Network
Equalisation for PON

5.4 Evaluating SkipNet performance for 100
Gbit/s PAM4 PON

Figure 5.3: (a) Shows the experimental setup which incorporates an SOA pre-
amplifier whose gain characteristics are shown in (b). This setup allows for a
diverse range of packet impairment permutations to be investigated, as evidenced
by the eye diagrams in (c).

persion impairments up to 68 and 81.6 ps/nm were realised by changing the
fiber transmission distances to 4 and 4.8 km respectively. These were the closest
achievable dispersion values to the HS-PON upper limit value of 77 ps/nm while
using standard single mode fiber with a dispersion parameter of 17 ps/(nm·km).
Therefore similar dispersion impairments could be investigated, although the
dispersion slope will differ between the two transmission windows.

The OLT comprises an SOA preamplifier kept at constant bias followed by an
ideal Rx comprising an EDFA and 50 GHz PIN, with 25 GHz 4th order Bessel filter
digitally applied to emulate 25G class optics. The signals are captured using a 200
GSa/s real time scope and the measured Rx sensitivity is found to be −21.1 dBm.
The SOA preamplifier gain characteristics for constant 100 mA bias current are
shown in Figure 5.3 (b), and the SOA saturation input power is −8 dBm. Above
this power SOA gain-saturation induced patterning effects are clearly evident, as
shown in Figure 5.3 (c), eye diagrams 2 and 3. This poses a clear challenge to
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meeting the 19.5 dB dynamic range requirement outlined in the 50G HS-PON
standards [A1], before even the effects of fiber dispersion induced sensitivity
penalties have been considered. The severe effect of fiber dispersion can be seen
in Figure 5.3 (c) eye diagram 4, while eye diagram 9 shows the combined effect
of 68 ps/nm dispersion and SOA patterning effect induced by an input power of
+2 dBm. Further, the OSNR values of signals output by the SOA range from 26
dB at −26 dBm input SOA power, all the way up to 41 dB at −12 dBm SOA input
power, as seen in Figure 3.4 (b) in Chapter 3. This means that using this setup,
the SkipNet equaliser convergence performance can be tested over a wide variety
of signal and noise power levels, with thermal noise due to the Rx photodiode
also a factor at low powers.

5.4.2 Back-to-back and transmission performance

Figure 5.4 (a) shows the 100 Gbit/s PAM4 system BtB performance. For low
SOA input powers noise degradation is evident, while the effects of the SOA
gain saturation induced patterning are observed for powers greater than −12
dBm. Without signal equalisation the Rx sensitivity is −21.1 dBm with only 12.7
dB DR under the HD-FEC threshold. For comparison, a 7-T FFE/DFE equaliser
with two decision feedback taps (2-FB) is trained using the LMS algorithm and
15000 symbols, and achieves −22.6 dBm sensitivity and ∼ 16.0 dB DR. Both
of these results are below the minimum 19.5 dB DR recommended by the HS-
PON standards. The improved Rx sensitivity of the 7-T FFE compared to the no
equalisation case is due to the bandwidth limitations of the Rx setup used in this
experiment.

The performance of the proposed SkipNet scheme is benchmarked against that of
an ideally trained NNE with similar structure, as described above. For each data
point, the ideal NNE is trained using conventional neural network methods and a
training dataset of ∼ 16000 random training symbols grouped into mini-batches
of size 512. This dataset is iterated over between 50 and 400 times (epochs)
using the early-stopping method, which monitors performance on a separate
validation set (PRQS13). This ideal scheme achieves the best receiver sensitivity
reported here, of −23.1 dBm, with a total DR above 29.1 dB. This agrees with
results in [A1], [A3] which report that GRU-based equalisers can completely
overcome the non-linear SOA patterning effect for 100 Gbit/s PAM4. Assuming
a launch power of +8 dBm, this would imply a system optical loss budget of 31.1
dB, which exceeds the 29 dB requirement set out in HS-PON. For completeness,
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Figure 5.4: (a) Shows the BtB performance of the SkipNet(K1) equaliser with
and without skip connections, versus ideally trained and fixed (non-adaptive)
NNEs. In (b), the transmission performance of single (K1) and double (K1 + K2)
kernel SkipNet equalisers underlines the flexibility of the scheme to accommo-
date additional low-complexity kernels for greater non-linear capability.
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a version of the ideal NNE with skip connections is also evaluated. However as
shown in Figure 5.4 (a), the ideal NNE results overlap with and without skip
connections, meaning that there are no performance gains from including skip
connections in an ideally trained NNE. However, when used in conjunction with
an adaptive output layer, as in the SkipNet framework, skip connections are vital
for adaptive equalisation, as described below. Similarly, adding skip connections
did not improve on the ideal NNE performance reported in Figure 5.4 (b).

A SkipNet equaliser based on the kernel K1 and integrated skip connections is
also reported in Figure 5.4 (a). The kernel K1 is pre-trained offline using ideal
NNE training methods to overcome the severe SOA patterning effect at only
+4 dBm SOA input power with zero dispersion, after which its parameters are
fixed (i.e. not adapted). This adaptive scheme matches the performance of the
"ideally" trained NNE, achieving −22.7 dBm sensitivity and 28.7 dB DR using only
the LMS training algorithm with 15000 training symbols to adapt its linear output
layer for each distinct SOA input power. If the skip connections are removed the
adaptive SkipNet equaliser fails completely to equalise signals with input power
below −6 dBm, which includes unimpaired signals that previously required no
equalisation. This underlines the vital importance of the skip connections for
enabling true adaptive NNE, and this result can be understood by the argument
made in Section 5.3 5.3.2: that the linear output layer cannot undo the non-linear
processing of the kernel K1 for unimpaired, "clean" signals. Similarly, naively
applying a "fixed" NNE based on K1 without adapting the output layer also fails,
both with and without skip connections. These results agree with the similar
analysis carried out in [A4] where we first proposed using skip connections.

Figure 5.4 (b) shows that for dispersion up to 68 ps/nm the SkipNet(K1) equa-
liser achieves close to the ideal NNE performance and achieves 25.8 dB DR, well
above the HS-PON target despite the kernel K1 not being exposed to dispersion
effects during offline pre-training. However, the SkipNet(K1) equaliser strug-
gles to achieve below the HD-FEC limit for the combination of SOA patterning
and 81.6 ps/nm accumulated dispersion. To overcome this, a second kernel
K2 can be incorporated, which is ideally pre-trained on combined SOA pattern-
ing and extreme fiber dispersion (+4 dBm, 81.6 ps/nm). For 81.6 ps/nm this
SkipNet(K1 + K2) model achieves an impressive 22.9 dB dynamic range using
only linear adaption, underlining the modular flexibility of the proposed scheme.
This is in contrast to the single kernel SkipNet(K1) equaliser which achieves just
16.7 dB DR in the same scenario. It should be noted however that 81.6 ps/nm
dispersion at 100G is a significantly greater impairment than the 77 ps/nm at
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Table 5.1: Packet-by-packet training complexities

Equaliser Parameters Optimiser
Fixed Trainable

Ideal NNE 0 149 Adam*

SkipNet(K1) 144 12 LMS
SkipNet(K1 + K2) 288 17 LMS
* Adam + backpropagation-through-time + mini-batches +
early stopping

50G outlined in the HS-PON recommendations [12]. Therefore, while the 19.5
dB DR target is met, the associated sensitivity penalty may be impractical in a
real network setting.

Table 5.1 compares the per-packet training complexity of the Ideal NNE with
that of the SkipNet equalisers in terms of trainable parameters, and required
optimisation algorithm. Since K1 and K2 each comprise a single hidden layer of
4 GRU units, the number of fixed parameters N for each kernel can be calculated
using equation 4.9:

N = 3 · nGRU · (nin + nGRU + 1) , (5.8)

where nGRU is the number of GRU units in the kernel hidden layer, and nin is
the number of kernel input samples, which is equal to 7-T. The number of pa-
rameters in the SkipNet output layer is determined from equation 5.6 and 5.7,
and equals the number of kernel outputs plus the number of skip connections
and a bias term. Clearly the proposed SkipNet framework allows for reduced
training complexity, with the SkipNet(K1) equaliser having over 10× less train-
able parameters compared with the ideally trained NNE, while using the simple
LMS algorithm. The SkipNet(K1 + K2) has additional fixed parameters due to
integrating a second kernel, but still has only 17 trainable parameters.

5.4.3 Achieving low-complexity, targeted NNE

The heatmaps in Figure 5.5 (a) and (b) show how the once-off kernel pre-training
conditions for K1 and K2 were chosen. For each SOA input power between −14
and +6 dBm a SkipNet equaliser was created by pre-training kernel NNEs offline
and evaluating the equaliser’s adaptive performance over the same input power
range. Interestingly, if kernel K1 is pre-trained at any one SOA input power above
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Figure 5.5: These heatmaps in (a) and (b) show how K1 and K2’s training condi-
tions were chosen, by plotting kernel training power versus the BER performance
of the resulting SkipNet equalisers.

−6 dBm, i.e. in the non-linear operating regime of the SOA, then the resulting
SkipNet(K1) equaliser can achieve below the FEC threshold for all non-linear
SOA input powers considered. This can be understood by considering the results
in Chapter 3, where the GRU activations could be seen to have a relaxation time
in Figure 3.17 (c) which is related to the SOA gain recovery time. Therefore, at
the same bit-rate, the SkipNet equaliser must only modulate the GRU activations
for different SOA input powers, but importantly the GRU gating mechanism
which has learned the temporal characteristics of the patterning effect does not
need to change.

The final K1 training power was chosen to be +4 dBm due to its good perfor-
mance across the whole sweep. Similarly, an optimal training point for the K2

kernel in the SkipNet(K2) was found to be +4 dBm. However, in order to be
effective against combined SOA patterning and fiber dispersion the minimum
input training power for K2 was observed to be −5 dBm. Both kernels were then
integrated into a single adaptive equaliser SkipNet(K1 + K2) which is effective
in both of the kernel training scenarios. These results show that model bloat can
be avoided by pre-training small, low-complexity NNE kernels once on specific
non-linearities, which can then be integrated with skip connections to adaptively
equalise a wide range of packet impairments.

Figure 5.6 reveals how the SkipNet framework targets linear versus non-linear
impairments using the kernels and skip connections. It does this by plotting the
root mean squared (RMS) value of the converged weights wK1 , wK2 , wskip of the
SkipNet(K1 + K2) output layer for different SOA input powers and dispersion
values. If the RMS value of the converged weights is small, or close to zero, then
the output activations of the associated kernel or skip connections are suppressed
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Figure 5.6: The RMS values of the converged weight parameters in the SkipNet
output layer indicate kernel and skip connection relevance for (a) back-to-back
(0 ps/nm), (b) 68 ps/nm, and (c) 81.6 ps/nm transmission scenarios. The LMS
algorithm can clearly select between kernels and skip connections to target dif-
ferent packet impairments.

and have negligible effect on the SkipNet output. Similarly, a high RMS value
indicates that the kernel outputs / skip connections will dominate the SkipNet
output layer calculations. In the case of 0 ps/nm dispersion, Figure 5.6 (a) shows
that the skip connections dominate the equalisation process up to −8 dBm, above
which the non-linear kernel K1 which is pre-trained on SOA patterning (at +4
dBm) becomes the majority contributor to the SkipNet output. This aligns well
with theory, as above −8 dBm input power the SOA is known to be operating
in its non-linear regime, as shown in Figure 5.3 (b). For the transmission cases
of 68 and 81.6 ps/nm dispersion, Figure 5.6 (b) and (c) show K2’s growing
contribution towards the final equalisation outcome, and it is especially dominant
for the scenario of a highly dispersed packet having undergone non-linear SOA
patterning. Notice however that both kernels contribute to the equalisation of
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non-linear channel conditions for which they were not trained, which shows that
the SkipNet framework has the potential to exploit transfer learning for certain
impairments.

The RMS value, or energy, of both kernel’s converged weights are significantly
higher in the SOA patterning regions than the corresponding RMS value for the
skip connection weights in the unimpaired and pure dispersion signal regions
(below −8 dBm). A possible reason for this is that here the signal distributions of
the kernel outputs are diminished relative to those of the skip connections, and
therefore the LMS algorithm converges to higher energy weight parameters in
these regions to compensate. Such differences could have important implications
for the convergence properties of SkipNet equalisers, since the choice of learning
rate for LMS-type optimisation algorithms is strongly dependent on the target
signal distribution. Evidence of this can be seen in Figure 5.7.

Moreover, a major contributing factor to the observed discrepancies in signal
distributions between the skip connections and kernel outputs is the kernel’s
output activation function. In this work, the kernel outputs are constrained to
±1 by the tanh activation function characteristic of the GRU units, while the
distribution of values from the skip connections are not limited in such a way by
the data preprocessing used. Future work could jointly consider the effects of
varying packet power, analog-to-digital converter dynamic range, and fixed point
sample representation on skip connection distributions, and explore alternative
kernel activation functions to potentially further optimise LMS convergence.

5.4.4 Preamble training requirements

The results in Figure 5.7 show that the proposed adaptive SkipNet scheme can
achieve below the HD-FEC using as little as 200 training symbols, which matches
the performance of reported FFE/DFE adaptive equalisation and coherent PON
signal recovery preambles discussed in Section 5.2.

Figure 5.7 shows the minimum number of symbols required by the SkipNet(K1 +
K2) equaliser to achieve below the HD-FEC threshold with probability > 95%
(assuming a normal distribution), for both the LMS and GS-LMS training algo-
rithms. For each SOA input power and accumulated dispersion value considered,
8 acquisitions of the data “packet” comprising train, test, and validation sequence
were captured during experiments. The statistics used in Figure 5.7 were com-
piled by independently training and testing the SkipNet(K1 + K2) model 5 times
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Figure 5.7: This graph shows the minimum number of training symbols required
by SkipNet(K1+K2) to achieve BER under the HD-FEC threshold with probability
> 95% across a range of SOA input powers. Rapid adaption can be achieved using
the GS-LMS algorithm, comparable to that of existing FFE/DFE techniques [116].

for each of these 8 captured packets, resulting in 40 error rates with which to
estimate the true model error rate. For each training, the output layer weights of
the SkipNet model were initialised to zero, and random shuffling of the training
input ensured each repeated training operation was unique. After training, the
equaliser was applied to the associated packet payload comprised of ∼ 65000
PRQS symbols, and the mean number of errors accumulated for each input power,
dispersion value, and number of training symbols were recorded. This was re-
peated for various equaliser training lengths between 50 and 1000 symbols, and
the results used to estimate how reliably the equaliser achieved below the HD-
FEC BER threshold. The learning rate for the LMS algorithm was chosen to be
0.01, while two learning rates [0.05, 0.01] were used for the GS-LMS, with the
higher learning rate being applied for the first half of the training symbols, before
the switch to the lower rate being made.

The higher training requirements (> 200 symbols) for packets undergoing severe
SOA patterning and dispersion correspond to where the kernels K1 and K2 have
the greatest contribution according to Figure 5.6. As discussed in the previous
section, these longer training lengths may be required to boost the wK1 and wK2

to compensate for diminished kernel output distributions relative to the skip
connections. Interestingly however, less symbols are required in the transmission
case at high SOA input powers, with 240 less symbols needed to achieve under
the FEC threshold at +6 dBm input power and 68 ps/nm dispersion, than the
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BtB packet at the same power using LMS. This suggests a notable difference in
adaptive NNE training between these two impairments, which could possibly be
understood with a thorough investigation of the signal distributions involved but
which is outside the scope of this work.

The GS-LMS algorithm greatly reduces the training symbols required in such
scenarios where the kernels are guiding the equalisation, with only a small as-
sociated increase in training complexity. For BtB signals suffering high levels of
SOA patterning, the GS-LMS algorithm requires on average only 33% of the train-
ing length used by simple LMS for powers above 0 dBm, while at +6 dBm it uses
580 less symbols. A similar trend is observed in the transmission case, where a
25 dB DR under the FEC threshold can be supported using the SkipNet(K1 + K2)
equaliser in conjunction with GS-LMS and less than 250 symbols.

Optimisations previously proposed to accelerate convergence in adaptive FFE
and DFE solutions may also be applied to SkipNet, and further reduce training
lengths and thus required preamble overhead. In particular, techniques which
load pre-determined weights packet-by-packet and prior to adaption could lead
to significant convergence improvements.

5.4.5 Achievable system dynamic range

Figure 5.8 summarises the implications of adaptive NNE for PON by plotting the
achievable DR versus accumulated dispersion of the adaptive SkipNet(K1 + K2)
equaliser for 100G PAM4 using an SOA preamplifier at the OLT.

While the HS-PON standards call for 19.5 dB DR for up to 77 ps/nm in the O-
band, the 7-T tap SkipNet(K1 + K2) can support > 28 dB DR BtB, with > 25 and
22.9 dB DR for 68 ps/nm and 81.6 ps/nm respectively using 15000 symbols, as
seen in Figure 5.4 (a) and (b). This is in contrast to the conventional FFE/DFE
with 7-T taps and 2 decision feedbacks, which achieves 16.0 dB DR BtB, and can
only sustain 12.5 dB DR up to 48 ps/nm. Further, the proposed adaptive NNE
can sustain these dynamic ranges up to 68 ps/nm dispersion using as little as
250 training symbols in conjunction with the GS-LMS algorithm, and can meet
the 19.5 dB DR requirement up to 81.6 ps/nm using just 400 symbols. These
low training symbol requirements are equivalent to preamble lengths proposed
in recent FFE/DFE studies, and therefore SkipNet is an appropriate and viable
adaptive NNE solution for enabling future PON systems.

Figure 5.8 also shows how the DR values achieved by the adaptive SkipNet(K1 +
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Figure 5.8: The SkipNet equaliser achieves > 25 dB DR for up to 68 ps/nm accu-
mulated dispersion using just 250 symbols, clearly outperforming the adaptive
FFE/DFE equaliser which cannot even support 19.5 dB PON DR requirement in
the BtB scenario.

K2) equaliser using just 400 training symbols approach those of an ideally trained
NNE. The adaptive equaliser incurs a 0.5 dB DR penalty relative to the ideal NNE
in the BtB scenario, which increases to 2 dB penalty at 81.6 ps/nm dispersion. It is
expected that with further study of the SkipNet scheme’s convergence behaviour
it will be possible to close this gap to the ideal NNE performance using short
training preamble.

5.5 Summary

In this chapter, an original adaptive framework for NNEs is introduced which
is designed specifically for burst-mode PON systems. While previous chapters
explored GRU-based NNEs, which successfully mitigated non-linear SOA pattern-
ing effects in 100 Gbit/s PAM4 transmissions, these methods did not adequately
account for the complexities associated with neural network training in burst-
mode scenarios. SkipNet represents a significant advance, achieving comparable
dynamic range performance to GRU-NNEs while drastically simplifying the train-
ing process. The SkipNet architecture is the first of its kind to offer adaptive,
packet-by-packet equalisation for future 100 Gbit/s PON deployments. Its de-
sign avoids the computational overhead typically associated with neural network
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training methods by leveraging pre-trained kernel NNEs and a lightweight LMS
adaptation algorithm.

It avoids the extensive training demands of traditional neural network training
algorithms such as backpropagation and Adam optimisation, which often require
hundreds of thousands of symbols for to converge. Instead, SkipNet achieves
rapid convergence within as few as 250 symbols, even under varying signal im-
pairments and burst-mode transmission conditions. This result is on par with
conventional FFE/DFE training overheads. SkipNet therefore offers a more prac-
tical solution for real-time signal processing in optical communication systems.

The SkipNet equalisers presented here achieve similar large system DR without
complex training, and show only small performance penalties when compared to
the GRU-NNEs presented in the earlier chapters. As far as we are aware, SkipNet
is the first adaptive neural network-based equalisation scheme targeting future
100G PON which could potentially be trained on a packet-by-packet basis for
burst-mode reception at the OLT. Further, it is expected that SkipNet can find
use outside of PON applications where complex conventional neural network
training overheads are a barrier to the use of NNE. These could include scenarios
where varying channel characteristics due to environmental factors or device
degradation are a concern, or where plug-and-play capabilities are required.
The results presented in this chapter are summarised below.

The proposed SkipNet adaptive NNE framework achieves > 29 dB DR back-to-
back, as well as > 25 dB DR in transmission scenarios involving up to 68 ps/nm
dispersion impairment. Additionally, 22.9 dB DR is achieved for 81.6 ps/nm dis-
persion, which is above the 19.5 DR requirement outlined in the 50G HS-PON
standard. The SkipNet equaliser avoids complex neural network training since
it’s kernel NNEs undergo once-off pre-training prior to deployment. The simple
LMS algorithm is shown sufficient to adapt SkipNet equalisers to varying packet
powers, as well as combinations of non-linear SOA patterning and fiber disper-
sion impairments. Further, using the GS-LMS algorithm SkipNet is shown to
converge in as little as 250 symbols for a wide range of packet scenarios, which
is equivalent to conventional FFE/DFE training symbol requirements proposed
in the literature. In contrast, proposed NNE solutions to date rely on extremely
complex and resource heavy machine learning training algorithms which need
tens or even hundreds of thousands of training symbols, and are wholly unsuit-
able for adaptive equalisation in upstream burst-mode PON. It is expected that
SkipNet’s convergence can be made even faster using methods developed for
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LMS-like optimisation in FFE/DFE solutions.

In contrast to contemporary NNE solutions, which rely on complex, resource-
intensive training algorithms unsuitable for adaptive equalisation in upstream
burst-mode PON, SkipNet’s pre-training approach and rapid adaptability mark
a significant departure from existing methods. Furthermore, SkipNet’s adaptive
framework is not limited to PON systems; its potential extends to environments
characterised by dynamic channel conditions due to environmental variations or
system degradation, as well as applications demanding plug-and-play capabili-
ties.

In conclusion, SkipNet offers a breakthrough in adaptive neural network equal-
isation, combining high performance with computational efficiency. Its ability
to deliver rapid convergence with minimal computational overhead positions
it as a viable solution not only for next-generation PON systems but also for a
broader range of optical and wireless communication scenarios where real-time
adaptability and low power consumption are paramount.
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Chapter 6

Conclusion

In this final chapter, a brief summary of the novelty and original contributions of
this work is provided, before possible future directions are discussed.

Future > 100 Gbit/s PON systems will require advanced signal equalisation
techniques to meet challenging system metrics, such as the optical loss budget
and dynamic range requirements. Advanced modulation in the form of PAM4
is an attractive candidate to deliver such high bit-rates while reusing 25G class
optics, and SOAs can be integrated in order to compensate PAM4’s reduced signal-
to-noise performance. However, non-linearities in the form of fiber impairments
and pattern-dependent saturation effects pose serious obstacles to such systems.

Neural network-based equalisation techniques are popular within the wider op-
tical communications community due to their ability to model and compensate
highly non-linear system impairments. However, the burst-mode nature specific
to upstream PON transmission places severe restrictions on the size and training
of NNEs which are not present in point-to-point systems.

This thesis investigates NNE solutions for upstream 100 Gbit/s PAM4 transmis-
sion using an SOA preamplifier. It concludes with the development of the novel
SkipNet algorithm which enables low-complexity, adaptive neural network-based
equalisation. SkipNet is the first such NNE algorithm to the best of our knowledge
which could realistically be trained packet-by-packet in burst-mode PON systems
while preserving performance and having low-computational complexity.
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6.1 Summary of contributions

The research described in this thesis has led to the publication of 3 conference
papers and 2 major journal publications, including an invited paper in the Journal
of Lightwave Technology [A1]–[A5].

In Chapter 3, an analysis of potential 100 Gbit/s PAM4 PON is made in the context
of an SOA+PIN Rx configuration at the OLT, and which forms the basis of [A1].
From this, SOA gain-saturation induced patterning is identified as a limiting
factor in achieving the challenging minimum 19.5 dB dynamic range required by
the OLT-side Rx. In order to counter this, we proposed a novel equaliser based
on GRU neurons which achieves > 28 dB DR, far surpassing current 50 Gbit/s
HS-PON requirements. Further, we showed that because of the long-memory
effect of SOA patterning, this feedback based NNE requires less parameters and
real valued multiplications than alternatively proposed feedforward NNEs, and
is therefore less complex and more efficient [A1].

Chapter 4 extends this analysis by investigating the performance of such a GRU-
NNE on a range of non-linear impairments which might be expected in future
PON systems, including chromatic dispersion, bandwidth limitations, and electri-
cal Rx saturation. These results led to both a conference and journal publication
[A2], [A3]. It was shown that the GRU-NNE can sustain the impressive > 28
dB DR for 100 Gbit/s PAM4 in the presence of bandwidth limitation of 25 GHz.
Further, up to 81.6 ps/nm accumulated dispersion, this equaliser can achieve 25
dB DR. The performance of the GRU-NNE was compared to that of a non-linear
Volterra equaliser and FFE/DFE, and found to match or surpass all of these while
using less RVMs and parameters. The feedback mechanism is a major obstacle
to the digital implementation of a the GRU-NNE, and so the multi-symbol output
techniques was investigated, and up to 8 parallel symbol outputs were achieved
using the proposed GRU-NNE with no advantage seen in using the more complex
alternative LSTM neurons. Finally, it was noted that because of the effectiveness
of the GRU-NNE, the SOA non-linear gain compression could potentially be ex-
ploited to reduce the requirements on the electrical burst-mode Rx DR, which is
typically balanced against linearity and bandwidth.

Chapter 5 describes the original SkipNet algorithm, which is the first such NNE
which allows for adaptive equalisation on a packet-by-packet basis. SkipNet rep-
resents a significant step in realising low-complexity rapidly adaptive NNE for
real-time deployment in PONs, and was published at the 2023 European Confer-
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ence on Optical Communications [A4] as well as being accepted for publication in
the Journal of Optical Communications and Networking [A5]. This original NNE
solution is capable of being trained in just 250 symbols using the simple LMS
algorithm, which is used for existing adaptive FFE/DFE solutions. This represents
a significant decrease in the training requirements for NNEs in PON, and for the
first time allows for viable adaptive NNE solutions at the PON OLT. The mecha-
nism that allows our adaptive NNE solution to equalise such a wide variety of
linear and non-linear impairments is the skip connection. The addition of these
connections represents only a minor increase in equaliser complexity, while en-
abling true adaptive equalisation. Further, multiple low-complexity NNEs trained
on different non-linear impairments can be integrated into the SkipNet structure
to achieve a wide range of non-linear equalisation capability for 100 Gbit/s PAM4
transmission. It is expected that the SkipNet algorithm could prove an important
milestone toward realising low-complexity, low-latency, adaptive NNE solutions
outside of PON also, such as in the data center and long-haul transmission sce-
narios.

6.2 Future developments

There exists challenges to implementing RNN-based NNEs in hardware, and
the SkipNet framework should be investigated further against non-linear effects
other than those considered here. As such, there is broad scope to build on the
results presented in this thesis, and further obstacles must be overcome before
real-time implementations of the SkipNet equalisation algorithm can be realised
on hardware.

Throughout this work the focus has been on a single wavelength carrier system
with 100 Gbit/s PAM4 line-rate. However, the potential exists to extend this work
to include multiple wavelengths and the system complexities that accompany
this. Figure 6.1 (a) illustrates a potential 400 Gbit/s TWDMOLT Rx configuration,
where a high-gain SOA preamplifier is used prior to wavelength de-multiplexing
with an arrayed waveguide grating (AWG) and further single wavelength SOA
preamplification. In this case, complex gain-saturation induced patterning effects
linked to the combined burst-packet dynamics of the 4 carrier wavelengthsmay be
observed. The single carrier GRU-NNE explored in this thesis would be ineffective
in this scenario, since the level of SOA saturation per symbol could depend on
multiple data streams.
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Figure 6.1: (a) Possible 400 Gbit/s PAM4 WDM PON scenario, with (b) adaptive
SkipNet equaliser to mitigate SOA cross-channel patterning effects.

A potential solution to this is shown in Figure 6.1 (b), where a modified GRU-
based SkipNet structure is shown which combines information from each of the
sampled data-streams before splitting into 4 separate output equaliser stages.
Each of these output stages could be dynamically adapted using the LMS algo-
rithms. Such an equaliser scheme could extend the large DR benefits of the
SkipNet equaliser to > 200 Gbit/s WDM PON systems based on the shown Rx
configuration. WDM PAM4 PON systems are already of interest within the PON
research community [11], [49], [109]. The proposed experiment would be a
valuable contribution toward understanding the limits of SOA preamplifiers at
the OLT, as well as developing a novel NNE solution to overcome these limits.

Digital implementations of feedback-based GRU-NNEs clearly face significant
challenges related to available clock speeds, hardware resources, and energy
consumption, and ultimately limit the throughput of real-time implementations.
Therefore, within our research group there is an ongoing effort to be the first to
realise a SkipNet-like equaliser on a real-time FPGA platform for 100 Gbit/s PAM4
transmission [A7]. This will require the multi-symbol equalisation technique
explored in Chapter 4 to be integrated with the LMS adaption mechanism of
SkipNet. Additionally, hardware optimisations such as quantisation and network
pruning which lower NNE computational complexity are also a focus. These
should sufficiently reduce the equaliser hardware footprint and allow for a cost-
effective, real-time FPGA implementation at 100 Gbit/s, without compromising
on the excellent SkipNet performance reported in this thesis.

Finally, it is worth noting that alternative NNE hardware solutions exist based
on analog computing paradigms, such as neuromorphic photonics [127] and
photonic reservoir computing [128]. Photonic chips which can implement optical
equalisation and processing have been widely proposed, and there are a myriad
of approaches to realise neural network architectures. There would be many
benefits to such photonic solutions, which have been shown to offer significant
reductions in energy footprint while delivering the benefits of non-linear, neural
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network-like equalisation techniques [172]. Photonic implementations of NNEs
could be readily integrated on a PIC with a Rx’s optical frontend, and their
bandwidth / throughput would naturally scale with that of future PON optics,
since the electrical clock bottleneck could be avoided. Reservoir computing is
especially interesting: typically non-linear signal processing is carried out in
the optical domain on a PIC ”reservoir“, with a digital LMS filter equalising the
reservoir’s multiple output signals after direct detection using PDs [128]. An
intriguing opportunity might exist if a correspondence between the SkipNet
equaliser kernel structures and PIC-based optical reservoirs could be established,
with an adaptive digital LMS filter allowing for burst-packet equalisation.
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Acronyms

Adam Adaptive moment estimation

AI Artificial intelligence

APD Avalanche photodetector

ASE Amplified spontaneous emission

ASIC Application specific integrated circuit

AWG Arrayed waveguide grating

BER Bit error rate

BMRx Burst-mode receiver

BPON Broadband passive optical network

BPtT Backpropagation through time

BtB Back-to-back i.e. 0 km transmission

CB Conduction band

CDR Clock and data recovery

DCI Datacenter interconnect

DFE Decision feedback equaliser

DML Directly modulated laser

DSP Digital signal processing

EAM Electro-absorption modulator

FC fully-connected
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ACRONYMS

FEC Forward error correction

FFE Feedforward equaliser

FPGA Field programmable gate array

FWHM Full width at half maximum

GRU Gated recurrent unit

HD-FEC Hard decision forward error correction

HL Hidden layer

HS-PON Higher-speed passive optical network

ISI Inter-symbol interference

LBMRx Linear burst-mode receiver

LMS Least mean squared

LSTM Long short term memory unit

ML Machine learning

MSE Mean squared error

NBP National Broadband Plan

NEP Noise equivalent power

NN Neural network

NNE Neural network equaliser / equalisation

ODN Optical distribution network

OLT Optical line terminal

ONU Optical network unit

OSNR Optical signal-to-noise ratio

PON Passive optical network

RLS Recursive least squares

RMS Root mean squared

RNN Recurrent neural networks

RVM Real valued multiplications
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ACRONYMS

Rx Receiver

SD-FEC Soft decision forward error correction

SER Symbol error rate

SGD Stochastic gradient descent

SGM Self gain modulation

SNR Signal-to-noise ratio

SOA Semiconductor optical amplifier

TDM Time division multiplexing

VB Valence band

VNLE Volterra non-linear equaliser

VOA Variable optical attenuator

WDM Wavelength division multiplexing
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